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Abstract

In this paper, we investigated the task of hate-
speech classification in the closely related Tur-
kic language pair, Turkish-Azerbaijani. Trans-
former models can achieve strong hate-speech
classification in Turkish, but their performance
does not reliably transfer to closely related
low-resource languages without careful eval-
uation. We study Turkish–Azerbaijani hate
speech detection and introduce the first manu-
ally annotated Azerbaijani benchmark, com-
prising 1,112 YouTube comments from ma-
jor news channels with severe class imbalance.
We compare XLM-RoBERTa and a compact
BERT-Tiny model against a TF–IDF + logistic
regression baseline under monolingual train-
ing, zero-shot Turkish→Azerbaijani transfer,
low-resource balanced subsampling, bilingual
mixed fine-tuning, and translation-based aug-
mentation using machine-translated Turkish
data. XLM-R attains high macro-F1 in Turk-
ish and achieves moderate zero-shot transfer to
Azerbaijani, but native Azerbaijani training is
fragile for the hate class. Mixed bilingual train-
ing improves robustness for both languages,
whereas TF–IDF generalizes poorly to Azerbai-
jani.

1 Introduction

The rapid growth of user-generated content on so-
cial media has intensified the need for scalable hate
speech detection systems. While transformer-based
models have achieved strong performance in high-
resource languages, progress in low-resource and
under-resourced languages remains constrained by
the scarcity of annotated data and language-specific
tooling.

This work focuses on hate speech detection in
Azerbaijani, a low-resource Turkic language for
which no publicly available annotated dataset pre-
viously existed. We study Azerbaijani in conjunc-
tion with Turkish, a closely related Oghuz Turkic
language with substantially richer resources, and

investigate the extent to which cross-lingual trans-
fer can compensate for limited native supervision.
Although Turkish has publicly available resources
(e.g., the Turkish Hate Speech Superset; Tonneau,
2022), Azerbaijani has lacked a manually anno-
tated benchmark.

We introduce the first manually annotated
Azerbaijani hate speech dataset, consisting of
1,112 YouTube comments collected from ma-
jor Azerbaijani news channels. Using this
dataset, we benchmark several modeling strate-
gies: (i) monolingual Azerbaijani training, (ii) zero-
shot Turkish→Azerbaijani transfer, (iii) bilingual
mixed training under low-resource constraints, and
(iv) translation-based augmentation via machine-
translated Turkish data. Our experiments compare
a multilingual transformer (XLM-RoBERTa), a
lightweight transformer (BERT-Tiny), and a classi-
cal TF–IDF + logistic regression baseline.

Empirically, we show that while XLM-
RoBERTa performs strongly on Turkish and
achieves reasonable zero-shot transfer to Azerbai-
jani, native Azerbaijani training remains fragile
under class imbalance. Mixed Turkish–Azerbaijani
training improves robustness for both languages.
In contrast, linear TF–IDF models that are com-
petitive in Turkish fail on Azerbaijani, highlight-
ing the importance of multilingual contextual
representations for morphologically rich, imbal-
anced settings. Overall, this study provides the
first empirical benchmarks for Azerbaijani hate
speech detection and practical guidance on cross-
lingual transfer for closely related low-resource
languages. The dataset, and documentation are
made publicly available at https://github.com/
alizadeht/azerbaijani-hate-speech.

2 Related Work

Hate speech detection has been widely studied in
NLP, with early systems relying on linear classi-
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fiers trained over surface features such as word
and character n-grams and TF–IDF representa-
tions (Schmidt and Wiegand, 2017; Davidson et al.,
2017). Despite their simplicity and interpretabil-
ity, bag-of-words approaches often degrade under
domain shift and struggle with phenomena that re-
quire context or compositional semantics, such as
implicit abuse, sarcasm, and figurative language–
challenges that are amplified in morphologically
rich languages.

Transformer architectures have become the dom-
inant paradigm for toxicity and hate speech classi-
fication due to their contextual encoding and trans-
ferability (Vaswani et al., 2017; Devlin et al., 2019).
Alongside large models, compact variants have
been proposed for efficiency-constrained settings
(Sanh et al., 2019; Turc et al., 2019), motivating
explicit comparisons between lightweight and mul-
tilingual transformers when compute and latency
constraints matter.

For low-resource languages, multilingual pre-
training enables cross-lingual transfer without re-
quiring large native corpora. Models such as multi-
lingual BERT and XLM-RoBERTa are pretrained
over many languages with shared subword vocab-
ularies and are widely used for zero-shot and few-
shot transfer (Devlin et al., 2019; Conneau et al.,
2020; Pires et al., 2019). However, transfer qual-
ity varies substantially across language pairs and
domains, and it can be fragile for morphologically
rich and underrepresented languages due to seg-
mentation effects, domain mismatch, and culturally
specific realizations of abuse (Lauscher et al., 2020;
Glavaš et al., 2021). This is directly relevant for
Turkish–Azerbaijani: while linguistic proximity
suggests transfer potential, sociolinguistic varia-
tion and culturally grounded insults can still limit
generalization.

Within Turkic languages, Turkish has compara-
tively stronger resources, including publicly avail-
able hate speech datasets such as the Turkish Hate
Speech Superset (Tonneau, 2022), and recent work
benchmarks multilingual transformers for Turkish
hate speech detection (Zehir and Koç, 2023). In
contrast, Azerbaijani has lacked a publicly avail-
able annotated hate speech benchmark, constrain-
ing systematic evaluation and comparisons across
transfer and augmentation strategies—a gap ad-
dressed by this paper’s dataset and experiments.
As an example, fine-tuning GPT-2 and RoBERTa
embeddings, Alizada et al. (2024) increased senti-
ment classification by 7-10 percent,and Zeynalov

(2022) trained GPT-2 on Azerbaijani Wikipedia,
but reported sparsity and token imbalance.

A complementary direction for low-resource
adaptation is translation-based augmentation,
where labeled data from a higher-resource language
is translated to the target language to increase super-
vision. Prior work reports that translation or back-
translation can help in some settings (Hu et al.,
2020), but gains are inconsistent and depend on
translation quality, the preservation of abusive prag-
matics, and the handling of idioms and culturally
specific expressions (Jiang et al., 2021). Because
Turkish and Azerbaijani are closely related yet cul-
turally distinct, translation-based augmentation is
plausible but not guaranteed to be beneficial, moti-
vating the controlled evaluation we include.

In summary, prior work motivates three design
choices evaluated here: (i) benchmarking strong
multilingual transformers against transparent linear
baselines, (ii) testing zero-shot and mixed bilin-
gual training for a related-language pair, and (iii)
assessing whether machine-translated Turkish data
can meaningfully supplement scarce Azerbaijani
supervision.

3 Methodology

3.1 Data

We use (i) a high-resource Turkish hate speech
dataset, (ii) a newly created Azerbaijani bench-
mark, and (iii) construct a translation-based syn-
thetic Azerbaijani corpus for augmentation.

Turkish. We use the Turkish Hate Speech Su-
perset (Tonneau, 2022), containing 41,423 labeled
social media comments (13,498 hate; 27,837 non-
hate), previously used for Turkish hate speech de-
tection (e.g., Zehir and Koç, 2023).

Azerbaijani (manual). We create the first man-
ually annotated Azerbaijani hate speech dataset
of 1,112 YouTube comments collected from ma-
jor Azerbaijani news channels. Labels are binary
(HATE vs. NON-HATE), with substantial class im-
balance (107 hate; 1,005 non-hate). Annotation
was done by a single native Azerbaijani speaker
with an academic background and prior experience
working with Azerbaijani language data and social
media text. Annotation guidelines were defined
prior to labeling based on widely used definitions
of hate speech in the literature. Hate speech was op-
erationalized as content that explicitly attacks, de-
humanizes, or incites hostility or violence against
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an individual or group based on protected char-
acteristics such as ethnicity, nationality, religion,
or gender. Content containing profanity, strong
opinions, or political criticism without a clearly
identifiable hateful target was labeled as non-hate.

Azerbaijani (translated from Turkish). To as-
sess translation-based supervision, we translate the
Turkish dataset into Azerbaijani with Google Trans-
late (Google) and manually spot-check a subset to
reduce obvious translation artifacts.

3.2 Models

We compare two transformer classifiers and a
sparse linear baseline.

XLM-RoBERTa. A multilingual transformer
pretrained on 100+ languages, including Turkish
and Azerbaijani (Conneau et al., 2020).

BERT-Tiny. A compact transformer intended for
efficiency-constrained settings (Turc et al., 2019).

TF–IDF + Logistic Regression. A standard bag-
of-words baseline using word-level TF–IDF fea-
tures (Salton and Buckley, 1988) and a logistic
regression classifier.

3.3 Preprocessing and Tokenization

We apply light text normalization (Unicode nor-
malization and punctuation standardization) and
remove duplicated content/emojis when present.
Emojis and non-standard symbols were removed
to reduce sparsity and noise in an extremely low-
resource setting and to focus the benchmark on lexi-
cal and contextual signals of hate speech rather than
affective markers. While emojis can convey prag-
matic or emotional cues in social media discourse,
their removal was intended to improve consistency
across samples and models, and to avoid overfit-
ting to platform-specific signals.x For transformer
models, we use the default tokenizers associated
with each pretrained checkpoint (SentencePiece
for XLM-R; WordPiece for BERT-based models)
(Kudo and Richardson, 2018; Devlin et al., 2019).

3.4 Training and Evaluation

Transformer models are fine-tuned for binary clas-
sification using AdamW and class-weighted cross-
entropy to mitigate label imbalance.

L = −
N∑

i=1

ωyi log p(yi | xi)

Where ωyi compensates class imbalance.
Unless stated otherwise, we use fixed hyperpa-

rameters across experiments to support compara-
bility: 10 epochs, batch size 64, and learning rates
of 3× 10−5 (BERT-Tiny) and 2× 10−5 (XLM-R).

We report accuracy and macro-F1, and addition-
ally analyze per-class precision/recall and confu-
sion matrices to characterize minority-class behav-
ior. Furthermore, Macro-F1 is used as the primary
evaluation metric because hate speech constitutes
a severe minority class in both languages, making
accuracy misleading in the presence of class im-
balance. Macro-F1 equally weights both classes
and better reflects a model’s ability to detect hate
speech without being dominated by majority-class
performance. We additionally report hate-class pre-
cision and recall to directly assess minority-class
behavior.

3.5 Experimental Setups

We evaluate monolingual learning, cross-lingual
transfer, mixed bilingual training, and translation-
based augmentation. Let TR and AZ denote Turk-
ish and Azerbaijani; “1K” denotes a 1,000-sample
subset. Across all experiments, configurations were
designed to explicitly test symmetry and asymme-
try in cross-lingual transfer, data scarcity effects,
and the trade-off between data efficiency and per-
formance.

(1) Full-data monolingual and transfer. (i)
TR→TR, (ii) TR→AZ (zero-shot transfer), (iii)
AZ→AZ, and (iv) AZ→TR (zero-shot transfer).
We explicitly evaluate AZ→TR transfer to as-
sess whether low-resource datasets can export use-
ful representations, rather than assuming one-way
transfer from high-resource to low-resource lan-
guages.

(2) Low-resource controlled setting (1K). We
create balanced 1,000-sample subsets per language
and evaluate TR1K →TR1K and AZ1K →AZ1K .
For Turkish, balance is achieved by downsampling
the majority class. For Azerbaijani, all available
hate instances are retained and the non-hate class
is downsampled accordingly, resulting in a maxi-
mally balanced subset under data constraints. This
controlled setting isolates the effect of data scarcity
from linguistic factors.

(3) Mixed bilingual training (1K+1K). We train
on a merged 2,000-sample dataset (TR1K + AZ1K)
and evaluate (i) on the mixed test set and (ii) sep-
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arately on each language (TR1K and AZ1K) to
assess whether bilingual fine-tuning benefits both
languages. Full-dataset merging was intentionally
avoided to prevent Turkish (41k samples) from
dominating Azerbaijani, which would obscure low-
resource effects.

(4) Translation-based augmentation. We train
and evaluate on the translated Azerbaijani cor-
pus to quantify the utility and limitations of
machine-translated supervision. This setup evalu-
ates whether synthetic Azerbaijani data can com-
pensate for annotation scarcity, while explicitly
acknowledging the risk of learning translation arte-
facts rather than natural Azerbaijani usage.

4 Results

In this section, performance results of XLM-
RoBERTa and BERT-Tiny in five experimental
settings, 10 experimental configurations are pre-
sented: (1) full-data monolingual baselines, (2)
cross-lingual transfer, (3) low- resource monolin-
gual scenarios, (4) mixed-language low- resource
training, and (5) machine-translated augmentation.

The results are presented in terms of accuracy,
macro- precision, macro-recall and macro-F1, with
macro-F1 being highlighted because it is more re-
sistant to class imbalance, which is a primary con-
cern in hate speech detection where positive exam-
ples are by far under-represented. Moreover, we
focus discussion on macro-F1 and hate recall; other
metrics are provided for completeness.

Table 1 aggregate models performance across all
experiments, and figures show confusion matrices,
heat maps and comparative bar plots, indicating
minority-class errors and transfer patterns.

In Table 1, Results are grouped by experimental
setting (A–E). Boldface indicates the best macro-F1
score within each block. TR and AZ denote Turk-
ish and Azerbaijani, respectively; “1K” indicates
balanced 1,000-sample subsets.

4.1 High-Resource Monolingual Baselines

The monolingual full-data results provide upper-
bound performance in each of the languages.

In Azerbaijani (XLM-RoBERTa) (Exp. 3), in-
domain training and testing resulted in accuracy =
0.91, macro-F1 = 0.72, hate recall = 0.39, non-hate
recall = 0.97. This baseline is good among a 221-
sample test set, but hate recall is 48 percent lower
than Turkish, a direct empirical demonstration of
the data scarcity penalty in Azerbaijani. Figure 1

Figure 1: Confusion matrix panel

Figure 2: Comparative Bar Plot (Macro-F1 & Hate
Recall: Turkish vs Azerbaijani)

reveals that the misclassifications concentrate in
the false-negative quadrant of hate speech, which
suggests a systematic bias in favor of the majority-
class predictions as opposed to random error.

The Turkish baseline (Exp.1) shows accuracy
= 0.94, macro-F1 = 0.93, and balanced hate and
non-hate recalls (0.87 and 0.97). The 21-point
macro-F1 difference between Turkish and Azerbai-
jani demonstrates that high-resource languages are
able to sustain more balanced decision boundaries.

BERT-Tiny reproduces this gap. On Azerbaijani
it attained macro-F1 = 0.47 (Exp. 13) where hate
recall collapsed to zero whereas on Turkish (Exp.
11) it attained macro-F1 = 0.86.

Figure 1 reveals the Azerbaijani-Azerbaijani con-
fusion matrix of BERT-Tiny a near-total inability to
recognize minority-class signals, replicating David-
son et al. (2017) who found shallow models revert-
ing to majority-class predictions in the event of
extreme imbalance.
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Table 1: Models performance across experiments (indices in parentheses)

Setup Model Acc. M-P M-R M-F1 Hate P
A. Full-data Monolingual Baselines
TR → TR (1) XLM-R 94.0 94.0 92.0 93.0 93.0
AZ → AZ (2) XLM-R 91.0 79.0 68.0 72.0 64.0
TR → TR (13) BERT-Tiny 86.0 85.0 50.0 86.0 86.0
AZ → AZ (13) BERT-Tiny 90.0 45.0 50.0 47.0 0.0
B. Cross-Lingual Transfer
TR → AZ (2) XLM-R 81.0 81.0 64.0 66.0 64.0
AZ → TR (6) XLM-R 68.0 66.0 55.0 46.0 65.0
TR → AZ (11) BERT-Tiny 79.0 56.0 60.0 44.0 21.0
AZ → TR (14) BERT-Tiny 67.0 30.0 50.0 40.0 0.0
C. Low-Resource Monolingual (1,000 samples)
TR → TR (5) XLM-R 81.0 80.0 75.0 67.0 70.0
AZ → AZ (4) XLM-R 86.0 45.0 55.0 44.0 0.0
TR → TR (15) BERT-Tiny 79.0 71.0 62.0 63.0 70.0
AZ → AZ (16) BERT-Tiny 61.0 40.0 50.0 40.0 0.0
D. Mixed Low-Resource (1,000+1,000)
TR → AZ → TR (8) XLM-R 83.0 78.0 75.0 76.0 70.0
TR+AZ → TR (8) XLM-R 95.0 95.0 95.0 95.0 95.0
TR+AZ → AZ (9) XLM-R 96.0 79.0 89.0 84.0 96.0
TR+AZ → AZ (17) BERT-Tiny 86.0 81.0 89.0 74.0 78.0
TR → AZ → TR (18) BERT-Tiny 86.0 87.0 82.0 84.0 88.0
TR → AZ → AZ (19) BERT-Tiny 91.0 95.0 55.0 53.0 100.0
E. Machine-Translated Augmentation
TR,MT_AZ → TR,MT_AZ (10) XLM-R 90.0 89.0 87.0 88.0 80.0
TR,MT_AZ → TR,MT_AZ (20) BERT-Tiny 85.0 83.0 50.0 82.0 80.0

Overall, these patterns do not only indicate the
lack of data but may reflect a focus on explicit hate:
only explicit hate was recorded, and the models
could not see more implicit hate, including sarcasm
or coded slurs (Fortuna et al., 2020).

4.2 Cross-Lingual Transfer Performance

Evidence for Turkish → Azerbaijani transfer are
found for XLM-RoBERTa (Exp. 2) that achieve
macro-F1 = 0.69 with hate recall = 0.30. Transfer
is also observed, although diminished, for BERT-
Tiny (Exp. 12), with macro-F1 = 0.57, including
hate precision = 0.21, which indicates a common
false labelling of non-hate as hate. The pattern is
observed also in figure 3.

Evidence for Azerbaijani → Turkish transfer are
much weaker. XLM-RoBERTa (Exp. 4) shows
macro-F1 = 0.44 and hate recall = 0.04, which
is a 95% reduction in recall compared to Turkish
monolingual training, while BERT-Tiny (Exp. 14)
defaulted nearly to the non- hate predictions as well
(hate recall = 0.00).

The asymmetry, which is represented graphically
in figure 3, is dramatic: transfering from Turkish
to Azerbaijani retains some discriminating power,
whereas the opposite direction, from Azerbaijani to
Turkish is disastrous. This trend reflects the one in
Lauscher et al. (2020) and Glavaš et al. (2021), and
indicates that the volume and variety of source data

Figure 3: Cross-Lingual Performance of Macro-F1
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are more significant than typological closeness in
transferring to low-resource languages.

Beyond linguistic factors, domain and discourse
differences likely contribute to the observed trans-
fer asymmetry. The Turkish dataset covers a
broader range of informal social media content,
whereas the Azerbaijani dataset is dominated by
news-related political commentary. As a result,
cross-lingual transfer performance reflects not only
syntactic or lexical proximity, but also mismatches
in topic distribution, discourse style, and pragmatic
conventions.

4.3 Restricted Low-Resource Monolingual
Scenarios

Here, we examine model resilience when the size
of data is restricted. To create resource-poor con-
ditions, the two models were trained on a lim-
ited number of samples per language (1,000), and
monolingually tested. Turkish-only (XLM-R, Exp.
5) had accuracy = 0.81, macro-F1 = 0.76 and a
significant decrease in hate recall compared to full-
data setting (0.58 vs. 0.87). This shows that there is
a significant negative effect on minority class gen-
eralisation when training size is reduced by >95%
even in high-resource languages.

Azerbaijani-only (XLM-R, Exp. 6) perform
worse, with macro-F1 = 0.46 and 0 in hate-class
recall. The model defaulted to non-hate even with
class weighting, which shows a class imbalance
vulnerability. This is indicative of a more de-
structive interaction between class imbalance and
small datasets than with smaller Turkish subsets,
highlighting structural disadvantages of truly low-
resource languages.

The same trends were observed on the BERT-
Tiny models, which had even lower macro-F1s
(Exp. 15: 0.63 on Turkish, Exp. 16: 0.48 on
Azerbaijani), which further validated the finding
that small models exacerbate the low-data problem.

Overall, Azerbaijani results support the need of
data augmentation or multilingual pretraining. In
their absence, the decision surface of the model
will fold to the majority class.

In several extreme low-resource Azerbaijani set-
tings, models default to majority-class predictions
despite class-weighted training. Rather than sup-
pressing or correcting these outcomes, we report
them explicitly, as they represent realistic failure
modes in low-resource hate speech detection. Ex-
posing such collapses is critical for understand-
ing the limits of current methods and for avoiding

Figure 4: Macro-F1 Summary (Low Resource, Mixed,
High- Resource)

overly optimistic conclusions based on accuracy
alone.

4.4 Mixed-Language Low-Resource Training

To explore the idea whether the joint concatenation
of small datasets of related languages can alleviate
the low-resource problem, we trained both models
on 1,000 Turkish + 1,000 Azerbaijani samples.

XLM-R (Exp. 7) shows macro-F1 of 0.77 on
the combined-language test set, better than low-
resource monolingual run. Applying the same
model to Turkish-only (Exp. 8) gave 0.95 macro-
F1, and to Azerbaijani-only (Exp. 9) 0.84 macro-
F1. BERT-Tiny experienced comparable relative
improvements (Exp. 17-19), yet were always 58
points behind XLM-R, indicating that although
data mixing is beneficial to both models, the in-
creased diversity is more useful to the larger ones.

Figure 4 summarizes Macro-F1 performance
across low-resource monolingual, mixed-language,
and high-resource training settings, and shows that
XLM-RoBERTa consistently outperforms BERT-
Tiny across all conditions, with the exception of
the monolingual low-resource Azerbaijani setting.

These findings verify the fact that a little injec-
tion of related-language data enhances generaliza-
tion. The enhancement is however not symmetri-
cal as the Turkish outweighs the Azerbaijani since
there is more morphological and pragmatic diver-
sity in the Turkish hate data. This asymmetry indi-
cates that Azerbaijani provides less unique signal,
acting rather as a beneficiary of Turkish diversity
than as an equal participant in transfer, which is
also described in donor-receiver asymmetries in
multilingual transfer by Pires et al. (2019).

4.5 Machine-Translated Augmentation

In experiment 10 and 20 we test whether translat-
ing the training set of Turkish to Azerbaijani would
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be able to contribute positively to a more compre-
hensive training data in Azerbaijani.

XLM-R (Exp. 10) reached 0.88 macro-F1, close
to the result of the full Turkish monolingual base-
line, and had equal precision and recall. BERT-
Tiny (Exp. 20) obtained 0.82 macro-F1, which is
6 points lower.

Although the majority of lexical meaning is pre-
served because of the typological proximity of
Turkish and Azerbaijani, syntactic and idiomatic
artefacts could be confirmed by manual review of
500 samples - e.g., unnatural order of words and
literal translation of culturally specific insults. This
is corroborated by Jiang et al. (2021) who warn
that the translation advantage plateaus when source
and target languages are too close to each other, as
models will tend to overfit on synthetic translation
artefacts instead of learning the patterns of natural
discourse.

Overall, the findings support the conclusion that
Azerbaijani-only training utterly fails because of
the lack of sufficient data, yet significant improve-
ment can be provided through a transfer of Turk-
ish → Azerbaijani, mixed low- resource training,
and MT augmentation. The asymmetry of transfer
(Turkish Azerbaijani vastly stronger than Azerbai-
jani Turkish) supports the importance of resource-
rich source data in generalizing minority-class de-
tection in morphologically rich and low-resource
languages.

4.6 Classical Baseline (TF-IDF + Logistic
Regression)

The sparse features on Turkish have a linear deci-
sion boundary and are competitive (macro-F1 0.85)
and achieve reasonable hate recall (0.68). Nonethe-
less, on native Azerbaijani (macro-F1 = 0.47; hate
recall = 0), performance fails as in the low-resource
minority-class setting with BERT- Tiny. The results
of training and testing on the translated Azerbai-
jani corpus provide high but overestimated scores
(macro-F1 0.80) compared to native Azerbaijani,
as expected due to translation smoothing artefacts
as observed in our transformer experiments. Alto-
gether, TF-IDF indicates that lexical overlap is not
enough to detect Azerbaijani hate speech; multilin-
gual pretraining in a contextual setting is needed to
restore minority-class sensitivity.

Table 2: TF-IDF + LR Results

Dataset Acc P R F1 HR
Full AZ 0.90 0.45 0.50 0.47 0.00
Full TR 0.88 0.89 0.83 0.85 0.68
TR→AZ (trans.) 0.84 0.85 0.78 0.80 0.60

5 Discussion

This study demonstrates that linguistic relatedness
may help but does not eliminate the need for target-
language supervision. Turkish→Azerbaijani zero-
shot transfer with XLM-R is substantially stronger
than classical baselines, indicating that multilingual
pretraining induces partially reusable representa-
tions across closely related languages (Conneau
et al., 2020; Pires et al., 2019). However, trans-
fer performance remains clearly below Turkish in-
language results, and minority-class behavior in
Azerbaijani is fragile, consistent with known limita-
tions of zero-shot transfer for morphologically rich
and underrepresented languages (Lauscher et al.,
2020). This directly supports a data-centric take-
away: even between close language pairs, trans-
fer is not a reliable substitute for curated target-
language benchmarks. This conclusion aligns with
recent low-resource work on polysemy emphasiz-
ing that model choice alone cannot compensate for
gaps in target-language data, and calls for “Democ-
ratizing AI” by investing and curating language
specific datasets (Goworek et al., 2025).

Bilingual mixed fine-tuning offers a prag-
matic way to improve robustness under low-
resource constraints. Training on balanced Turk-
ish+Azerbaijani subsets improves performance
compared to Azerbaijani-only training and stabi-
lizes behavior relative to pure zero-shot transfer.
The advantage of mixing high- and low-resource
languages was also observed in English-Hindi (Du-
bossarsky and Dairkee, 2024). Additionally, this
supports a view which is also suggested in cross-
lingual work, that bilingual or pair-focused super-
vision can be more effective than relying on mul-
tilingual pretraining alone, especially when prag-
matic conventions and culturally grounded insults
differ despite lexical overlap (Glavaš et al., 2021).
Practically, this means that modest target-language
annotation, when combined with a related high-
resource language, can deliver meaningful gains
without requiring large Azerbaijani corpora.

The translation-based augmentation is a useful
but limited substitute for native data. Translating
Turkish training data into Azerbaijani increases
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the amount of labeled text and can improve per-
formance over Azerbaijani-only baselines, but it
also risks encoding translation artifacts and under-
representing naturally occurring Azerbaijani dis-
course. This matches earlier findings that trans-
lation can help in low-resource toxicity detection,
yet benefits are inconsistent and sensitive to how
well pragmatic force and idiomatic expressions are
preserved (Hu et al., 2020; Jiang et al., 2021). In
our setting, the close relationship between Turk-
ish and Azerbaijani makes translation plausible,
but culturally specific and community-indexed hate
expressions may still be poorly captured.

Our results connect to a broader point about do-
main specificity that extends beyond low-resource
NLP (Xia et al., 2020; Toraman et al., 2022).
Even in high-resource languages such as English,
hate speech detection can be highly community-
and context-dependent: surface-form cues may
be misleading when language is used in-group
(e.g., reclaimed language) or when terms shift
meaning across communities. Recent work on re-
claimed language shows that models and datasets
that ignore this context can produce systematic
errors, including elevated false positives against
marginalized groups, and that reliable evaluation
requires datasets and protocols tailored to the rel-
evant communities and discourse settings (Zsisku
et al., 2024). Taken together, these considerations
motivate viewing dataset curation—domain cov-
erage, community context, and label design—as
a first-class component of hate speech detection
research, rather than a secondary step after model
selection.

6 Conclusion

This work is the first attempt to study the issue of
hate speech detection in Azerbaijani with the help
of the first annotated dataset of this language. The
study provides an empirical baseline on Azerbai-
jani and Turkish by benchmarking compact and
large transformer models in monolingual, cross-
lingual, bilingual and machine-translated tasks.

These results indicate three important lessons.
Model size is important: XLM-RoBERTa performs
significantly better than BERT-Tiny in recovery
of minority-class hate speech, indicating dangers
of using compact models in sensitive moderation
tasks. Second, cross-lingual transfer is non- sym-
metric: Turkish->Azerbaijani cross-lingual trans-
fer is reasonably successful, whereas Azerbaijani-

>Turkish transfer fails, highlighting the importance
of even modest native annotation. Third, transla-
tion is able to scale data but not nuance: whereas
machine-translated corpora give high scores, they
also induce artefacts that negatively affect cultural
validity.

The practical implication is direct: a low-
resource hate speech detector does not need to rely
on brute-force scaling as much as it needs a thought-
ful data design. When used with related-language
data and multilingual models, small but genuine
Azerbaijani annotations yield the greatest perfor-
mance improvements where they are most needed:
minimizing false negatives.

Furthermore, this work has threefold contribu-
tions:

1) The first publicly available Azerbaijani hate
speech dataset;

2) Comparative benchmarks between trans-
former models in five experimental set-ups;

3) Practical suggestions on how to expand hate
speech moderation to other under-represented lan-
guages.

Overall, this paper provides, through the open
release of the Azerbaijani dataset, not only a basis
on which future researchers can build, but also a
scalable and culturally sensitive template of moder-
ating in a low resource environment.

Ethics

All Azerbaijani comments were collected from pub-
lic YouTube channels. We remove personally iden-
tifying information (e.g., usernames/links) prior
analysis. Due to copyright issues, the released
dataset is limited to comment_id and binary hate-
speech labels, and does not include raw text or user
metadata. However, it is sufficient for reproduction
purposes.1 The dataset contains hateful content;
we restrict use to research and model evaluation
and report error patterns to highlight potential bias
and over-flagging risks.

Limitations

Our study establishes initial baselines for Azer-
baijani hate speech detection, but it has several
limitations.

First, the manually annotated Azerbaijani dataset
is relatively small and drawn from a single domain
(YouTube comments on news channels), which

1The dataset, necessary scripts and retrial dates will be
released if the paper is accepted.
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may limit generalization to other platforms, genres,
and dialectal variation. Expanding it by increas-
ing the number of instances and diversifying data
sources beyond YouTube (e.g., other social media
platforms or forums) would strengthen the the reli-
ability of the results.

Another limitation of the current benchmark is
that it adopts a binary label space (HATE vs. NON-
HATE). While this setting is appropriate for es-
tablishing initial baselines and enabling straightfor-
ward comparison across models, it does not capture
finer-grained distinctions that matter for analysis
and deployment. In particular, the dataset does
not differentiate hate speech types (e.g., insults vs.
threats), target groups, or severity/intensity, which
limit the applicability of the conclusions to deploy-
ment setup.

Third, the reliance on a single-annotator setup
may introduce subjective bias, which we explicitly
acknowledge. Nevertheless, the annotation crite-
ria were applied consistently across the corpus to
ensure internal coherence of labels.

Lastly, while we evaluate Turkish→Azerbaijani
transfer and translation-based augmentation, we do
not assess other Turkic transfer beyond Turkish.
Thus we may have missed broader transfer patterns
within this language group, and limit the scope of
our conclusions.
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