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Abstract

In this study, the multi-label classification of manipulative techniques in Ukrainian and Russian social
media texts is investigated using transformer-based language models. A dataset comprising approximately
3,700 training posts, annotated with 10 distinct manipulation techniques per post, characterises a low-
resource, class-imbalanced setting. A pre-trained Ukrainian RoBERTa model (“youscan/ukr-roberta-base”)
is fine-tuned, and a range of performance enhancement strategies were evaluated, including advanced
tokenization, countermeasures for class imbalance: loss weighting, different loss functions, data
augmentation via back-translation, layer-wise learning rate decay for stable fine-tuning, and post-training
threshold optimization for prediction calibration. Experimental results indicate that the optimal model
achieves a macro-averaged F1 score of approximately 0.40 on the validation set — a marked improvement
over the presented by dataset publishers baseline of approximately 0.24. Detailed per-technique analysis
reveals that while frequently occurring techniques (e.g., Loaded Language, F1 ~ 0.70) are reliably detected,
performance declines for rarer techniques (e.g., Bandwagon and Straw Man, F1 < 0.25). Although data
augmentation and rebalancing strategies modestly enhance recall for under-represented techniques, they
also contribute to an increase in false positives. Common error patterns, such as the confusion between
related techniques, are discussed along with the limitations imposed by the small dataset. These findings
offer valuable insights into effective practices for multi-label classification in low-resource settings and
present the first results on the automated detection of manipulation techniques in Ukrainian texts, with
significant implications for disinformation monitoring.
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1. Introduction

The proliferation of propaganda and manipulative content on social media has spurred research
into automatic detection of specific manipulation techniques used to mislead or influence readers.
Given a text (e.g. a Telegram post), the task is to identify which rhetorical or stylistic manipulation
techniques (if any) are present — e.g. Loaded Language, Whataboutism, Straw Man, etc. This is
inherently a multi-label classification problem: a single post may employ multiple such techniques.
Prior work on propaganda detection has mostly focused on English news articles [1]. Notably, the
SemEval-2020 Task 11 defined an inventory of propaganda techniques and provided an English
dataset for identifying them. Top-performing systems there leveraged pre-trained Transformer
language models and ensemble methods. However, for Ukrainian — which has become a hotspot for
information warfare — there has been little to no existing data or models for this task. The UNLP
2025 Shared Task [2] addressed this gap by releasing a dataset of Ukrainian social media posts
annotated with 10 manipulation techniques, such as Appeal to Fear, FUD (Fear, Uncertainty,
Doubt), Glittering Generalities, etc. The language setting is particularly challenging: some posts are
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in Ukrainian and others in Russian (both written in Cyrillic), requiring models to handle
multilingual inputs.

In this paper, an approach to the multi-label classification of manipulation techniques in
Ukrainian/Russian dataset is presented. This small dataset (only 3,800 training examples) poses
significant challenges of low data regime and severe class imbalance — some techniques appear in
hundreds of posts while others in only a few dozen. These issues can cause standard fine-tuning of
large language models to overfit or to predict only the majority classes. Therefore several strategies
were explored to address these challenges:

*  Fine-tune a pre-trained Ukrainian RoBERTa transformer (125M parameters) as our base
model, taking advantage of prior language knowledge. Also, there were experiments with a
multilingual model to handle Russian text.

* Employ imbalance mitigation techniques, including algorithm-level methods like class-
weighted loss and other types of loss functions that focus learning on rare positive labels
by down-weighting easy negatives.

* Data augmentation was utilized to expand the effective training set. In particular,
paraphrases of minoritylclass examples were generated via back@translation, in which
posts were translated to another language and then back to Ukrainian/Russian [3].

* To fineAtune the transformer on limited data without overfitting, a layerBlwise learning
rate decay (LLRD) was applied [4], training higher layers more aggressively than lower
ones (thereby preserving general linguistic features in early layers).

*  Although experiments with perflabel threshold optimization were conducted—where
decision thresholds on the sigmoid outputs were tuned on a validation set in an attempt to
maximize macro@F1 — with grid search for best thresholds no significant improvements
were observed overusing a fixed threshold of 0.5; threshold optimization was therefore not
included in the final system.

An extensive set of experiments was conducted to quantify the impact of these techniques.
Results are reported in terms of macro@F1 (the official metric), as well as micro@F1, precision, and
recall. The best configuration achieved a macro@F1 of approximately 0.40, which—although
modest in absolute terms—is notable given the small size of the training data and the difficulty of
the task (a baseline with no special handling scored below 0.30 macro@F1). An analysis of the
techniques revealed which were most and least accurately detected and examples of typical errors
were provided.

Finally, we discuss the limitations of our approach and promising directions for future
improvements, such as leveraging unlabeled data or multi-task learning. In summary, our
contributions are:

1. an effective fine-tuning approach for multi-label propaganda technique classification in a

low-resource setting (Ukrainian/Russian).

2. an empirical study of imbalance mitigation, data augmentation, and thresholding
techniques for the multi-label classification of manipulation techniques task.

3. the reported results on the UNLP 2025 Shared Task data, provide a benchmark macro-F1 »
0.40.

We hope that our findings will inform future work in low-resource multi-label text

classification and aid the development of tools to automatically monitor manipulation in
information warfare contexts.

2. Related Work

2.1. Propaganda and Manipulation Detection.

Propaganda and manipulation detection in text have become increasingly important research
areas within Natural Language Processing (NLP), particularly in the context of political discourse,



fake news, and social media. Early approaches in this field primarily relied on hand-crafted
linguistic features and traditional machine learning classifiers such as Support Vector Machines
(SVM), Naive Bayes, and Decision Trees. These systems often utilize syntactic and stylistic features
like part-of-speech tags, sentiment polarity, and rhetorical structure to identify persuasive or
manipulative cues [5].

However, with the rise of deep learning and transformer-based language models, the paradigm
has shifted significantly. Pre-trained models such as BERT [19] and RoBERTa have demonstrated
superior performance in domain-specific classification tasks, outperforming traditional methods
[6]. For instance, in the SemEval 2023 Task 5 on clickbait spoiler classification, fine-tuned RoBERTa
models significantly outperformed classifiers trained on hand-crafted features, demonstrating the
capability of transformers in manipulation-related text classification [7].

Ensemble-based approaches have also been explored to further enhance performance by
combining multiple transformer models. For example, combining RoBERTa, Transformer-XL, and
XGBoost has been shown to outperform individual models in sentiment and manipulation-related
tasks such as tweet classification [8]. Similarly, BoostingBERT integrates multi-class boosting
techniques with BERT and RoBERTa to address difficult classification instances in NLP tasks,
achieving state-of-the-art performance in multiple benchmarks [9].

Other studies have addressed the application of domain-specific transformer models, such as
BERTweet and Bio_ClinicalBERT, in tasks involving informal or health-related language
manipulation. These domain-tuned models have shown improved results over general-purpose
models, highlighting the importance of language context and corpus similarity in manipulation
detection [10].

Furthermore, text classification tasks targeting misinformation and deception—closely tied to
propaganda—have benefited from fusion-based transformer architectures. For instance, fusion
models combining BERT, RoBERTa, and XLNet outperformed both traditional and earlier deep
learning models in detecting prescription medication abuse on Twitter, a context where language is
often manipulated to conceal intent [11].

In sum, while early systems for propaganda and manipulation detection in NLP leveraged
manual feature engineering, recent advancements have firmly established transformer-based and
ensemble methods as the new standard, significantly improving performance in detecting subtle
and complex forms of linguistic manipulation across diverse domains.

2.2. Transformer FineBTuning in Low-resource languages.

Fine-tuning pre-trained transformer models for classification tasks in the Ukrainian language is
a growing area within natural language processing (NLP). This trend is driven by the need to adapt
advanced methods to low-resource languages. Recent studies have focused on customizing
multilingual and general-purpose transformer models specifically for Ukrainian language tasks
through supervised fine-tuning.

A significant contribution includes fine-tuning the Gemma and Mistral large language models
(LLMs) using Ukrainian datasets. This approach has shown considerable improvements in various
classification and instruction-following tasks. Additionally, the development of the Ukrainian
Knowledge and Instruction Dataset (UKID) has significantly expanded available resources for
training and evaluating models for the Ukrainian language [12].

Transformer-based methods have also been effective in grammatical error classification tasks. A
two-stage fine-tuning approach, using synthetic data first and subsequently gold-standard data,
was successfully applied to multilingual models such as mT5 and smaller seq2seq transformers,
resulting in a strong performance on grammatical classification tasks [13].

For stance and argument classification, researchers have utilized adapter-based fine-tuning on
multilingual transformers. Coupled with few-shot learning, this method effectively handled
classification tasks related to political discussions about Ukraine, demonstrating its effectiveness
even with limited labelled data [14].



Question answering (QA) has similarly been approached as a classification problem for
Ukrainian. A multilingual BERT model was fine-tuned on a translated dataset similar to SQuAD,
effectively demonstrating the potential of transfer learning by accurately identifying answers
within Ukrainian Wikipedia articles, even in the absence of native QA datasets [15].

Further foundational research has improved technical text preprocessing methods for the
Ukrainian language. Techniques like Cyrillic normalization, abbreviation handling, and compound
word segmentation have been developed to significantly enhance the quality of input data for
transformer models in domain-specific tasks [16].

Overall, these research efforts illustrate that fine-tuning transformer models for Ukrainian
classification tasks is becoming increasingly practical. Strategies like synthetic data generation,
adapter tuning, and targeted linguistic preprocessing continue to contribute to improved model
performance.

3. Data overview

The experiments were conducted on a dataset of Ukrainian text samples annotated for
propaganda techniques, formulated as a multi-label classification task. Each text may employ one
or more of 10 distinct propaganda techniques (e.g., loaded language, bandwagon, whataboutism,
appeal to fear, straw man, etc.) [2], following a taxonomy similar to that used in propaganda
detection tasks in news articles [1]. The dataset consists of 3,822 samples in total (after filtering),
with an average of approximately 1.3 techniques labelled per sample. The class distribution is
highly imbalanced, which represents a common challenge in multi-label datasets [17]. For instance,
the most frequent label, loaded_language, appears in 1,973 samples (over 50% of all instances),
whereas the rarest technique, straw_man, is found in only 138 samples (~3.6%). Such imbalance
may bias models towards consistently predicting the majority class, resulting in neglect of minority
classes. To mitigate this, stratified data splitting and customized loss functions are employed, as
described below.

4. Model Development

4.1. Preparation

The dataset was split into training (80%) and validation (20%) subsets using a multilabel-
stratified shuffle split, ensuring that each propaganda technique was represented proportionally
across both subsets. This stratification prevented the exclusion of rare classes from the validation
set. Minimal text preprocessing was performed, given that the pre-trained model is capable of
handling raw text; only excessive whitespace and line breaks were removed. Emojis and other
symbols present in the texts were intentionally retained, as these could convey sentiment or
emphasis pertinent to specific propaganda techniques. Although the average text length was
relatively short— typically 256 tokens — a maximum sequence length of 512 tokens was set to
accommodate longer examples with maximum pre-trained model capacity. Labels for each sample
were binarized into a 10-dimensional vector for model training.

4.2. Pre-trained language model

As base model pre-trained RoBERTa-base transformer model, specifically the publicly available
youscan/ukr-roberta-base was chosen, originally trained on the Fill-Mask task, with an initial
dataset consisting of 85 million lines of Ukrainian texts from Wikipedia, social networks and
Ukrainian OSCAR deduplicated dataset [18]. The model architecture aligns with the RoBERTa base
model [20], featuring 12 transformer layers, 768 hidden units per layer, 12 attention heads, and
approximately 125 million parameters [18].

Initially, other pre-trained models were explored to compare performance, such as:



1. ukr-models/xIm-roberta-base-uk [21], a smaller version of XLM-RoBERTa [22], with only
Ukrainian and some English embeddings left.

2. ukr-models/uk-summarizer [23], compressed mT5-base model [24], with Ukrainian and
English left.

3. KoichiYasuoka/roberta-base-ukrainian [25], RoBERTa-based model, trained on UberText
dataset [26].

However, it was observed that the multilingual model’s tokenizer produced a significant
number of <unk> (unknown) tokens for Ukrainian/Russian texts, typically due to emojis or
informal vocabulary. In contrast, zero unknown tokens were generated by the monolingual
Ukrainian RoBERTa model on the same dataset. Results are shown in Table 1

Table 1
Unknown token ratio
Model Unknown token ratio
KoichiYasuoka/roberta-base-ukrainian 0.017
ukr-models/uk-summarizer 0.012
ukr-models/xlm-roberta-base-uk 0.013
youscan/ukr-roberta-base 0

The "unknown token ratio" was quantified for several models, resulting in values around 1-2%
for models such as XLM-RoBERTa, whereas the selected monolingual model had a ratio of 0.0%.
This result indicated vocabulary coverage by the youscan/ukr-roberta-base model, likely because
its pre-training data closely matched the domain, including informal social media language.
Consequently, and to maintain a relatively compact model size (125 million parameters), the
monolingual RoBERTa-base model was chosen for all subsequent experiments.

Transfer learning was leveraged by adding a classification head to the pre-trained model, which
consists of a feed-forward layer producing one logit per propaganda technique, with a sigmoid
activation applied to each logit to obtain independent probabilities for each label. This
configuration frames the task as 10 parallel binary classification problems, a standard approach in
multi-label text classification.

4.3. Training details

The HuggingFace Trainer API was utilized to manage the training loops [27], with
modifications introduced to incorporate various loss functions — namely, weighted Binary Cross-
Entropy (BCE) Loss, Focal Loss [28], and unboundF1 Loss [29] — as detailed in the experiments
section. A custom Trainer subclass was developed to implement weighted binary cross-entropy
that redefines the loss computation by employing a Binary Cross-Entropy Loss with logits loss
function, adjusted with a pre-computed weight tensor. Similarly, Focal Loss and unboundF1 Loss
were implemented as separate modules and integrated into the training process [2]. During
training, macro-F1 was adopted as the primary evaluation metric, reflecting the emphasis of the
UNLP Shard Task competition on treating all techniques with equal importance, in contrast to
micro-F1, which tends to be influenced by the majority class. Micro-F1 and per-class metrics were
also recorded for further analytical purposes, although they were not used in the model selection
process.

All layers of the RoBERTa model were fine-tuned on the training set. Training was conducted
for up to 5 epochs, more epochs give worse results on validation performance. Evaluation of the



validation set was performed at the end of each epoch, and the best model—defined as the model
with the highest validation macro-F1 — was saved. All experiments were carried out on a single
NVIDIA 2060 RTX GPU using mixed precision (fp16) and train batch size from 8 to 12 to accelerate
training and utilize all available memory (6 GB).

4.4. Experiments

4.4.1. Addressing class imbalance

To mitigate strong class imbalance, cost-sensitive learning and alternative loss functions were
experimented with. Initially, class-weighted Binary Cross-Entropy was implemented, in which each
label’s positive examples were assigned a weight inversely proportional to the label’s frequency.
Specifically, for each technique label a weight was computed as the ratio of the number of negative
samples to the number of positive samples, as shown in Equation 1.

.'\"neg,;- total_samples — count; (1)
W; = — —
" Npos,i count;
where:

Npos,: = count; is the number of positive examples for the i-th label,
Npee; = total_samples — count; is the number of negative examples for the i-th label.
Using these weights, the weighted Binary Cross-Entropy Loss for a given sample was defined as
shown in Equation 2
hywece (0 7) = —w(ylog(¥) + (1 — y) log(1 — ) ()

where:

* vy £{0,1} denotes the true label,

* v £ [0,1] is the predicted probability (typically obtained via a sigmoid function),

*  wis the weight assigned to the class, calculated by the Equation 1.

This computation resulted in large weights for rare classes (for example, the rarest class,
straw_man, received a weight of approximately 26.7) and a weight near 1.0 for the most common
class, loaded_language. These weights were supplied to the Binary Cross-Entropy Loss function as
the positive weight parameter. The rationale was that errors in minority classes should incur a
higher penalty, compelling the model to pay more attention to these classes. Such re-weighting is
recognized as an effective strategy for handling imbalanced data in deep learning [30].

Subsequently, Focal Loss was applied, a loss function designed to down-weight easy negatives
and focus training on harder, misclassified examples, originally proposed in computer vision tasks
[28]. The Equation 3 for Focal Loss is shown below.

{1FL (y,%) = —a (1 — p,)¥ log(p,) (3)

Pe=y¥+{1-y)(1-7)

where:

* vy £{0,1} is the true label,

* v £[0,1] is the predicted probability,

* «is abalancing factor,

* vy = 0 is the focusing parameter that attenuates the contribution of well-classified, high-
confidence examples to the overall loss.

Different values of tunable parameter, y were tested during trials, with y = 3.0 proved to be the

best in conducted experiments. The objective was for Focal Loss to prevent the model from being
overwhelmed by the abundant negative instances present for rare classes.



At last, the UnboundedF1 Loss was implemented, according to the Equation 4, as a custom loss
function to directly optimize macro-F1 in a differentiable manner.

TP=1y-%
FP=(1-y)-¥
FN=y-(1-7%) )
F1= 2-TP
—2-TP+FP+FN +¢€
LUuboundedFl =1—-F1
where:

* vy £{0,1} is the true label,

* v £[0,1] is the predicted probability,

While the true F1 score is non-differentiable due to its reliance on discrete predictions, this
approach uses a smooth approximation by treating the sigmoid-activated outputs as continuous
probabilities. For each class, it computes a rough surrogate of true positives, false positives, and
false negatives, enabling the calculation of a differentiable proxy for the F1 score as the harmonic
mean. This method is particularly useful in multi-label classification, where aligning the training
objective more closely with the evaluation metric can improve performance on underrepresented
classes. In prior literature, such approaches are often referred to as F1 surrogate losses or
soft/unbounded F1 objectives. [29].

Finally, Table 2 summarizes the loss function comparison results. All runs in this comparison
used the same base model (youscan/ukr-roberta-base) and hyperparameters (5s epochs, learning
rate equals 2e-5, max token length 256) varying only the loss function.

Table 2
Different loss function comparison
Loss Function Macro F1 on validation
BCE (no class weights) 0.25
Weighted BCE 0.38
Focal Loss (y=3.0) 0.27
UnboundedF1 Loss 0.34

As shown in Table 2, A macro-F1 score of only 0.25 was achieved by the baseline model trained
with standard binary cross-entropy, reflecting very poor performance on under-represented
techniques. In this run, the majority class was nearly always predicted, and an F1 score close to 0
was obtained on the rare classes. When class weights were incorporated, Macro F1 was
dramatically improved to 0.38, representing a substantial absolute gain of over 0.13. The weighted
loss enabled the recovery of some of the minority classes, as predictions for these classes were
increased, thereby improving recall. In contrast, the focal loss approach underperformed, given a
macro-F1 of approximately 0.27, only slightly above the baseline. Additional experiments were
conducted with y set to 0.5 and 1.5, and no improvements were observed. It is suspected that
further tuning of the focal loss hyperparameter, y, might be necessary to achieve better results,
given the sensitivity of y [28]. The UnboundedF1 loss achieved a macro-F1 of 0.34, outperforming

the plain baseline but not reaching the effectiveness of the simpler weighted binary cross-entropy.
Although the custom loss explicitly attempted to optimize macro-F1, it may have been more



difficult to optimize or required more epochs. Studies on differentiable F1 losses have reported
mixed results, sometimes necessitating careful calibration to outperform binary cross-entropy [29].
In this case, weighted binary cross-entropy proved to be the most reliable and effective approach
for addressing class imbalance, following common practice for imbalanced data. Based on these
results, weighted binary cross-entropy was adopted as the primary loss function for the remaining
experiments.

4.4.2. Hyperparameters tuning

Firstly, The effect of sequence length was examined. The RoBERTa tokenizer is capable of
truncating inputs that exceed a set maximum length, potentially resulting in the loss of important
information. In initial experiments, a maximum length of 256 tokens was employed, which covered
most of the data. It was found that approximately 16.46% of the samples exceeded 256 tokens, with
the longest cases reaching around 1468 tokens. Consequently, the maximum sequence length was
increased to 512 tokens (the maximum available length for the chosen model) and the model was
re-trained with the weighted loss. A slight improvement in validation performance was observed,
with macro-F1 increasing from approximately 0.38 to 0.396 and micro-F1 rising from roughly 0.47
to 0.474. These modest gains suggest that, for a few samples, retaining the full text rather than a
truncated 256-token segment aided in the correct identification of additional manipulation
techniques. A maximum length of 512 tokens was therefore adopted for subsequent experiments, as
the increase in computational cost was manageable.

After the best base loss function was identified, training hyperparameters were further tuned to
boost performance using detailed hyperparameters and architectural adjustments. Discriminative
fine-tuning was applied by assigning distinct learning rates to different layers of the model; a lower
learning rate of 1x10"-5 was allocated to the pre-trained Transformer layers, while a higher
learning rate of 1x10"-3 was assigned to the newly added classifier layer. This strategy, inspired
by fine-tuning practices such as those employed in ULMFIiT and BERT adaptations [31], enabled
the classifier to rapidly adapt to class-specific nuances while preventing excessive updates to the
sensitive lower layers. In parallel, the weight decay was increased from 0.01 to 0.1 to impose
stronger regularization on the model’s weights, thereby aiming to reduce overfitting. With the
weighted BCE and a maximum sequence length of 512 tokens in place, training was extended to 8
epochs, during which validation loss and macro-F1 scores were continuously monitored and early
stopping was implemented if performance deteriorated. Under these settings, training gives the
best validation macro-F1 of approximately 0.41 after 6 epochs, after which performance plateaued.
For comparison, training the same model with a uniform learning rate of 2x10"-5 for all layers
over 7 epochs resulted in a macro-F1 of around 0.40, indicating that the layer-wise learning rate
provided a measurable improvement.

4.4.3. Final Model

A final model was configured with weighted BCE, a maximum sequence length of 512 tokens,
discriminative learning rates, and a weight decay of 0.1, and a macro-F1 of approximately 0.41 was
achieved on the validation set, with the corresponding micro-F1 reaching around 0.48. The gap
between micro and macro F1 is attributed to class imbalance, as micro-F1 is influenced more by the
numerous easy negatives and the single frequent class, whereas macro-F1 is reduced by the poor
performance on rarer classes [32]. This final model was also evaluated on the held-out test set,
which exhibited a similar class distribution, and a macro-F1 of approximately 0.40 was obtained on
the test data. Precision-recall breakouts and further analysis are provided in the next section.
Overall, it is demonstrated by these results that, with appropriate handling of imbalance and
careful tuning of hyperparameters, a relatively compact monolingual transformer is capable of
achieving around 0.4 macro-F1 on this challenging multi-label task. For context, it should be noted
that this performance is competitive with systems from related manipulation detection
competitions; for instance, in a recent English-language propaganda detection task, macro-F1



scores in the range of 0.5-0.6 were achieved by the best systems through the use of significantly
more training data [1].

4.4.4. Additional experiments

Back-translation augmentation was applied by translating training examples from rare classes
into English language using Helsinki-NLP Opus MT translation models [33] and then back to
Ukrainian, thereby creating paraphrased variants of the original text, which potentially may lead to
better model results [34]. The five most under-represented classes (appeal_to_fear, bandwagon,
straw_man, whataboutism, and fud) were augmented by roughly doubling their positive samples
through back-translation, resulting in an augmented training set of slightly larger size. However,
when the model was fine-tuned on this augmented data using the same weighted loss setup, no
improvement was observed in the validation macro-F1; in one trial, a slight decrease to
approximately 0.36 was noted. It is believed that the additional synthetic examples did not enhance
the model’s ability to discriminate those techniques. A possible explanation is that while the back-
translated texts exhibited a range of vocabulary, they did not introduce new propaganda signals
and may have increased language variation among the under-represented classes, thereby making
it harder for the model to learn clear patterns. Additionally, inaccuracies in back-translation may
have led to a loss of meaning or the omission of important content, which can be critical for
detecting manipulation techniques. Examples of such mistranslations are provided in Table 3.

Table 3
Inaccurate back-translation examples
Original part Translated part Back-translated part
KopcTkuit cHapsIAHMIL TOION. A severe shell famine is OO60B'93KOBUM € CUJIbHUIL
required. TOJION.
Mpa, ciomiBaroch itoro 3Haitayts, Mda, I hope to find him, Mda, g criogiBarocd 3HANTH
a TO I[OCh JOBTO UEKaJIn)) or have waited a long i10T0, a60 YEeKaT! Ha HHOTO
time for him) IOBIUII Yac).
SIK1o peui pAMO Ha3MBaTH If you're going to call it ~ fkijo Bu 30mpaeTecss Ha3BaTU
CBOIMU iMEHaMN. your name 1ie BalluM iM'aM

Finally, although previous research found back-translation to be useful to be useful in certain
text classification scenarios [34], the experiments conducted with social media news in Ukrainian
and Russian using the Helsinki-NLP Opus MT translation models were not as effective.

Threshold tuning was also experimented with, since the default decision threshold of 0.5 on the
sigmoid outputs may not be optimal for each class. A grid search was performed to determine per-
label thresholds that maximised macro-F1 on the validation set. Although this process showed a
slight increase in validation F1, the application of these optimized thresholds to the test set resulted
in a decrease in macro-F1 by approximately 0.04. In other words, the threshold tuning with the grid
search approach was found to have overfit the validation idiosyncrasies. Consequently, a uniform
threshold of 0.5 was reinstated for final evaluation, as it proved to be more robust.

5. Results evaluation

To better understand the model’s behaviour, its performance on each propaganda technique
label was examined. In Table 4, the per-technique precision, recall, and F1 scores on the validation
set for the best model are provided.



A clear correlation between a label's frequency and the model's F1 score is observed from these
results. Best performance is recorded in frequent classes such as Loaded Language, which receives
the highest support. For loaded_language, an F1 of approximately 0.72 is achieved, with a precision
of about 0.79 and a recall of approximately 0.66. This indicates that both high sensitivity and
specificity in detecting loaded language are attained, likely due to the abundance of examples from
which the associated patterns—such as strong emotional or exaggerated wording—could be
learned. A decent F1, approximately 0.61, is also observed for another relatively frequent class,
glittering_generalities. In contrast, much lower F1 scores, roughly 0.20-0.35, are obtained for rare
techniques such as bandwagon, whataboutism, and straw_man. For instance, the bandwagon,
which accounts for only about 3-4% of samples, is recorded with an F1 of about 0.2, a precision of
0.14, and a recall of 0.35. Some bandwagon instances are identified, as evidenced by a recall of
nearly 35%, but this is achieved at the cost of a large number of false positives, resulting in a
precision of only 14%. A similar trend is observed for whataboutism (F1 ~0.24) and appeal_to_fear
(F1 ~0.29), where a moderate recall (in the range of 0.4-0.5) is accompanied by very low precision,
indicating that many segments are flagged as these techniques, albeit often incorrectly. This
behaviour is attributed directly to the Weighted BCE Loss strategy, in which high weight is
assigned to minority classes during training. Consequently, a recall-oriented approach is adopted
for these classes, with a preference for predicting a rare technique—even at the cost of triggering
some false alarms—in order to avoid missing true instances. From a macro-F1 perspective, this
trade-off is acceptable because a slight increase in recall can boost the F1 score as long as precision
is not drastically reduced; however, it does imply that further post-processing or human vetting
would be required in practical applications where false positives are of concern.

Table 4
Model evaluation results per-technique
Technique Precision Recall F1-score Number of instances
appeal_to_fear 0.2131 0.4333 0.2857 300
bandwagon 0.1447 0.3548 0.2056 157
cherry_picking 0.3801 0.6373 0.4762 512
cliche 0.2292 0.6237 0.3353 463
euphoria 0.3129 0.5543 0.4000 462
fud 0.3548 0.7143 0.4741 385
glittering_gene 0.5180 0.7423 0.6102 483
ralities
loaded_langua 0.7827 0.6658 0.7196 1973
ge
straw_man 0.2459 0.5357 0.3371 138
whataboutism 0.1685 0.4688 0.2479 158

Relatively strong performance on a few medium-frequency classes was achieved by the model.
For example, F1 scores of 0.47 were recorded for cherry_picking and fud (fear, uncertainty, doubt),



which, while not high, were superior to those of the rare classes. A few hundred training instances
were provided for these techniques, which appeared to be sufficient for the model to capture
distinguishing features In the case of cherry_picking (selective truth), which is often characterized
by numerical or factual claims, these patterns were captured, as demonstrated by a precision of 0.38
and a recall of 0.63. This high recall suggests that sensitivity to any pattern resembling a factual
claim or data point has been developed, although some non-cherry-picking content was also
mislabeled. Conversely, slightly lower F1 scores of approximately 0.33 for cliché and 0.4 for
euphoria were observed, despite similar representation, possibly because these classes are more
abstract or subjective, making consistent learning more difficult.

Overall, a macro-averaged precision of approximately 0.33 was obtained across classes, while a
macro-averaged recall of about 0.57 (resulting in a macro-F1 of roughly 0.40) was recorded. This
imbalance between precision and recall confirms that, under the influence of a weighted BCE loss,
an over-prediction of minority labels is favored to capture as many true instances as possible. In
contrast, different results are shown by the micro-averaged scores: a micro-precision of about 0.4
and a micro-recall of approximately 0.62 were observed, reflecting performance across all label
decisions collectively. The higher micro-precision compared to the precision of many individual
rare classes indicates that, when all negative examples are considered, the model is correct in most
cases by not predicting a rare label where it is not present. A micro-recall of 0.62 was recorded,
reflecting the overall proportion of true labels that were correctly predicted. This value was largely
influenced by the very high recall achieved on the fud, glittering_generalities and loaded_language
classes, which contributed a significant number of true labels.

In summary, these metrics indicate that high effectiveness is achieved for the majority class and
reasonable performance is obtained for several mid-frequency classes, while the rarest techniques
continue to pose challenges, with some instances being detected (non-zero recall) but many false
positives being produced, thereby resulting in low precision and F1.

6. Conclusion

In conclusion, it was demonstrated that fine-tuning a pre-trained transformer model, when
combined with strategies for addressing class imbalance and careful hyperparameter tuning, can
provide a strong baseline for multi-label propaganda technique classification in Ukrainian/Russian
languages. A macro-F1 score of approximately 0.41 was attained on the evaluation set and 0.4 on
test set, representing a significant improvement over baseline methods. It was shown that transfer
learning from a large unlabeled corpus can provide a solid foundation even in a low-resource
setting, while the implementation of a weighted BCE loss function was found to be essential for
mitigating the effects of extreme class imbalance.

Discriminative fine-tuning, in which different learning rates were applied to distinct layers, was
also found to help preserve the pre-trained language representations while allowing rapid
adaptation of the classifier. Conversely, data augmentation via back-translation did not produce the
expected gains, suggesting that further research is needed to generate synthetic training examples
that capture the nuanced patterns of propaganda language. Future work is recommended to
explore ensemble methods, cross-lingual transfer, and techniques aimed at improving precision for
minority classes without sacrificing recall. It is hoped that these findings will be used to refine
existing methods and inspire the development of new approaches for detecting propaganda and
misinformation, particularly in low-resource environments.
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