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Abstract

Hausa is one of the most widely spoken lan-
guages in West Africa and uses two scripts:
the Boko Latin and the Ajami Arabic-derived
script.  Although Ajami is culturally im-
portant, it is still very underrepresented in
natural language processing. In this paper,
HACS-TL, a novel transformer-based archi-
tecture for detecting hate speech in Hausa
Ajami, is proposed. Our model uses a lin-
guistically motivated Latin-to-Hausa Ajami
converter, cross-script attention, and dialect-
specific pooling. After conducting exten-
sive 2-fold cross-validation on 2,000 sam-
ples, we found that HACS-TL outperformed
baseline models (mBERT (73.70%), XLM-
RoBERTa (67.20%), and AraBERT (56.96%))
with a macro F1 score of 75.33%. Detailed
error analyses and orthographic stress tests
demonstrate the robustness of this approach.
The proposed Hausa Ajami conversion system
achieved 63.57% character-level similarity with
51% correct conversions, thereby establishing
a baseline for the computational processing of
Ajami Hausa.

Keywords: Cross-script transfer learning, Hate
speech detection, and Hausa Ajami

1 Introduction

The current socially mediated global environment
has fostered the global spread of hate speech, which
has been particularly damaging in regions with lim-
ited language moderation tools, such as in many
areas of diverse language (Caselli et al., 2021; For-
tuna and Nunes, 2018). Despite the unprecedented
advancements achieved in the detection of hate
speech in major languages, such as English, Ara-
bic, and Hindi (Mozafari et al., 2020; Aluru et al.,
2020), the languages of Africa, which are on the
lower end of the resource scale, have been grossly
ignored (Adelani et al., 2022; Alabi et al., 2022).
There are around 77 million speakers of Hausa,
a West African language, and most of them pose

several difficulties for NLP tools. Hausa, being a
pluricentric language, has a number of different
standardization bodies and thus has a great deal
of dialectal diversity. Hausa also has two separate
orthographies: one based on a Latin script (Boko)
and an Arabic-derived script (Ajami) (Newman,
2000; Jaggar, 2001). Although still used in many
religious and informal contexts, the Hausa Ajami
script has been especially neglected in the field
of computational linguistics, despite its cultural
relevance (Mumin and Versteegh, 2014). Trans-
formers have been a big leap for cross-lingual and
multilingual understanding (Devlin et al., 2019;
Conneau et al., 2020) but still largely pay no atten-
tion to certain languages and scripts, especially
morphologically rich languages and those with
non-Latin scripts (Rust et al., 2021; Ponti et al.,
2020). Despite demonstrating the value of bottom-
up, script-specific pretraining, Arabic-centric mod-
els like AraBERT (Antoun et al., 2020) still miss
the Arab-but-not-Arabic languages gap.

Research Gap: Existing multilingual models
(mBERT, XLM-RoBERTa) and Arabic-specific
models (AraBERT) fail to address the unique
morphophonological characteristics of Hausa
Ajami. Our implementation reveals that AraBERT
(58.63% F1) significantly underperforms even gen-
eral multilingual models (mBERT: 69.17% F1),
demonstrating that script similarity alone does not
guarantee transferability.

Key Contributions:

1. Proposed computational framework for Hausa
Ajami hate speech detection with linguisti-
cally validated Latin-to- Hausa Ajami conver-
sion (63.57% character similarity).

2. Novel architecture combining cross-script at-
tention, orthographic encoding, and dialect-
aware pooling, achieving 75.33% F1-score.

3. Comprehensive evaluation including 9 base-
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lines (char/byte-level, PEFT, African lan-
guage models), conversion validation, ortho-
graphic stress tests, and detailed error analy-
sis.

4. Public release of conversion rules, trained
models, and a 2,000-sample dataset to enable
future Hausa Ajami NLP research.

2 Related Work
2.1 Hate Speech Detection

The use of transformer models has become the stan-
dard for automating hate speech detection. David-
son et al. (2017) established the first benchmarks
for hate speech detection in English, and future
work has focused on detection in multiple lan-
guages (Ousidhoum et al., 2019). Recent research
has focused on BERT-based models with different
languages. For example, Caselli et al. reports that
HateBERT achieves an F1 score of 93% on English
datasets, although this performance significantly
declines for datasets in languages with fewer avail-
able resources (Aluru et al., 2020). Research on
hate speech detection for African languages is still
in its infancy. Using traditional machine learning,
Muhammad et al. (2022) achieved 65% accuracy in
the detection of hate speech in the Hausa language.
Although the most recent research by Patil et al.
(2023) on cross-lingual transfer for African lan-
guages offers some promise, it is still limited to the
use of Latin scripts. With respect to the detection
of hate speech in the Arabic language, the use of
AraBERT and MARBERT has led to an F1 score
of over 85% (Antoun et al., 2020; Abdul-Mageed
et al., 2021), but this research has not yet focused
on Hausa Ajami scripts.

2.2 Multilingual Language Models

Multilingual BERT (mBERT) (Devlin et al., 2019)
and XLM-RoBERTa (Conneau et al., 2020) offer
cross-lingual embeddings for over 100 languages,
but they still face challenges for low-resource lan-
guages (Wu and Dredze, 2020). Targeted pre-
training works for language-specific models like
AraBERT (Antoun et al., 2020), and IndoBERT
(Koto et al., 2020), but pretraining models on un-
derrepresented languages with non-dominant script
varieties remains an avenue largely unexplored.

2.3 NLP for African Languages

The MasakhaNER project (Adelani et al., 2021,
2022) has pioneered African NLP, and language-

specific model adaptations have shown a positive
impact. AfriSenti (Muhammad et al., 2023) built
the first benchmarks for sentiment analysis in 14
African languages, but work in hate speech detec-
tion using Hausa Ajami scripts was notably absent.
Our work builds on this legacy by incorporating
the challenges of the Hausa Ajami script in hate
speech detection, such as dataset scarcity.

3 Methodology

3.1 Dataset and Preprocessing

We utilized the Hausa Hate Speech Dataset (Vargas
et al., 2024): 2,000 comment samples with binary
labels (66.1% non-offensive, 33.9% offensive). To
address class imbalance, we apply linguistically in-
formed augmentation (synonym replacement, ran-
dom swap, and random deletion), expanding the
offensive class from 678 to 1,741 samples (final
dataset: 3,059 samples). Additionally, the origi-
nal dataset is in Boko (Latin) and then converted
to Ajami for training/testing because native Hausa
Ajami datasets do not exist for hate speech detec-
tion based on the existing literature review.

Conversion Validation: We validated our Latin-
to-Hausa Ajami converter on 100 random samples
and achieved:

* Average character similarity: 63.57%
* Valid conversions (>70% similarity): 51/100

* Failed conversions requiring manual review:
49/100

Validation: Round-trip conversion (Hausa-
Ajami—>Latin(Boko)->Hausa-Ajami) and
character-level similarity metrics ensure conver-
sion fidelity. We provided conversion validation
details in the supplementary materials. This
establishes the quantitative benchmark for Hausa
script conversion quality. Failed conversions
typically involve code-mixing, dialectal variations,
or informal orthography phenomena we address
through stress testing (Section 4.4).

3.2 Model Architecture Details

The HACS-TL applies transfer learning across
scripted languages using different specialized com-
ponents. We used the base transformer model for
our architecture as a BERT-base-multilingual-cased
model with 12 layers, 12 attention heads, and each
layer with 768 hidden dimensions. For the cross-
script attention module, we also used 12 heads and
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a dropout of 0.1. The orthographic encoder is a
2-layer transformer model, each with 8 attention
heads, 3072-dimension feedforward networks, and
GELU activation. The dialectical attention is a 2-
layer 768 —384—1 network with tanh activation.
For multi-scale CNNs, we used three 1D parallel
convolutions of sizes 3, 5, and 7 with 768 output
channels each, resulting in 2304 channels. The fu-
sion layer is a 2-layer network (3072—1536—768)
with LayerNorm and GELU, pooling the features
of 4 dimensions (768 x4) and 3072 dimensions to
768. Finally, the classifier is a 4-layer network
(768—768—384—192—2) with a dropout of 0.2
applied after each layer except the last.The details
of the model are presented in Figure 1.

Figure 1: HACS-TL: Cross-Script Transfer Learning for
Hausa Ajami Hate Speech Detection Using Transformer-
Based Architecture

3.3 Problem Formulation

We formulate hate speech detection as a binary
classification task where, given a Hausa text sam-
ple x in Latin script (Boko) with ground-truth
label y € {0,1} (non-offensive or offensive),
we learn a classifier f Xajami — Y that
operates on the Ajami-converted representation
¥’ = ¢(z), where ¢ denotes our linguistically-
grounded Latin-to-Ajami conversion function (Sec-
tion 3.4). The model parameters § are optimized
by minimizing the binary cross-entropy loss £ =
—% 5\;1 ZCC:1 Yi,c log(y; ) over the training set
of N samples with C' = 2 classes, where ¥; .. repre-
sents the predicted probability for class ¢ of sample

i.

1 N C
NZ:Z: zclog yzc (D

3.4 Hausa-to- Hausa Ajami Conversion

The conversion rules for Hausa-to-Hausa Ajami are
available in the Data and Code availability section.
Our conversion system operates in three stages:
(1) Phonological analysis: Segment into (C)V(C)
units,

(2) Script mapping: Hierarchical longest-match
with special handling for implosives (—, —), ejec-
tives (—), long vowels (aa—), and digraphs (ts—),
(3) Diacritization: Insert sukun () for consonant
clusters.

This preserves Hausa phonology unlike naive
transliteration.

3.4.1 Phoneme Mapping Table

Our mapping table M contains 38 entries catego-
rized into five phonological classes:

1. Implosive Consonants: Hausa contains im-
plosive consonants absent in Arabic, requiring spe-
cialized extended Arabic characters:

* &()
* &()
2. Ejective and Specialized Consonants:
* &()
* o('y)

3. Digraphs and Trigraphs: Multi-character se-
quences representing single phonemes or phoneme
clusters:

* o(ts)
* ¢(sh)

4. Long Vowels: Hausa distinguishes short and
long vowels, critical for lexical differentiation:

= (voiced bilabial implosive)

= (voiced alveolar implosive)

= (velar ejective)

= (glottalized palatal)

= (voiceless alveolar affricate)

= (voiceless postalveolar fricative)

* ¢(aa) = (long open front vowel)
* ¢(ee) = (long close-mid front vowel)

5. Standard Consonants: Consonants mapping to
corresponding Arabic letters:

* 0(b) = ¢(c) =, o(d) =, o(f) =
* 0(g9) = o(h) =, ¢(j) = ¢(k) =

6. Short Vowels (Diacritics): Short vowels repre-
sented as diacritical marks:

* ¢(a)

= (fatha - short open vowel)
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¢(e) = (kasra - short front vowel)

¢(i) = (kasra - short close vowel)

¢(0) = (damma - short back vowel)
¢(u) = (damma - short close back vowel)

3.5 Training Strategy

Data Augmentation. To address class imbalance
(66.1% non-offensive), we augment offensive sam-
ples using: (1) synonym replacement (n=2), (2)
random swap (n=2), (3) random deletion (p=0.1),
expanding offensive class 678—2,712 samples.

Loss Function. Focal loss (Lin et al., 2017)
down-weights easy examples:

Efocal = _025<1 - pt)2 log(pt) (2)

Optimization. AdamW (n = 1 x 107%, A =
0.01) with cosine annealing, linear warmup (2
epochs), gradient clipping (||g|| < 1.0), and early
stopping (patience=3).

4 Experiments

4.1 Experimental Setup

Evaluation Protocol

We used 2-fold stratified cross-validation (seeds:
42, 123) with training/validation/test splits of
1,400/200/400 per fold. We reported mean =+ stan-
dard deviation across folds due to limited resources,
such as Nvidia Tesla T4 GPU.

Baselines. We compared against 9 models
across 4 categories:

1. Multilingual: mBERT, XLM-RoBERTa
2. Arabic-specific: AraBERT

3. Char/byte-level: CharCNN, ByteLSTM
4. African language: AfroXLMR

5. Parameter-efficient: LORA-mBERT, LoRA-
XLMR

All transformer baselines are enhanced with at-
tention pooling and multi-sample dropout with
fair comparison. CharCNN uses 4 kernel sizes
(3,4,5,7); ByteLSTM employs a 2-layer bidirec-
tional LSTM with attention.

Implementation. PyTorch 2.0, NVIDIA V100
(32GB), max length 256 (transformers) / 512
(char/byte), batch size 16/32, 10-15 epochs with
early stopping.

4.2 Main Results

Table 1 presents macro-averaged metrics. HACS-
TL achieves the highest F1 (75.33%), outperform-
ing the best baseline (mBERT, 73.70%) by 1.63
points.

Model P R F1 Acc

mBERT 7373 7417 73770 73.88
XLM-R 68.03 6736 67.20 68.13
AraBERT 58.13 5729 5696 59.27
CharCNN 7097 69.85 70.01 71.39
ByteLSTM 68.13 63.79 63.24 66.98
AfroXLMR 69.63 69.84 69.67 70.06
LoRA-mBERT 66.37 66.07 66.03 66.82
LoRA-XLMR 64.89 63.73 63.71 65.35
HACS-TL 75.69 75.34 7533 7591
A (vs. best) +196 +1.17 +1.63 +2.03

Table 1: Main results (2-fold CV). HACS-TL outper-
forms all baselines.

Key Findings:

* AraBERT’s poor performance (56.96% F1)
demonstrates that script similarity alone is in-
sufficient for transfer learning

* Char/byte models (CharCNN: 70.01%) are
competitive with multilingual transformers,
validating orthographic robustness

* PEFT models underperform full fine-tuning,
likely due to limited training data (LoRA-
mBERT: 66.03% vs. mBERT: 73.70%)

* AfroXLMR (69.67%) benefits from African
language pretraining but lacks Hausa Ajami-
specific adaptations

4.3 Per-Class Analysis

Per-class analysis (Table 2) shows HACS-TL ex-
cels at offensive content detection (F1: 78.91%,
Precision: 80.35%), critical for real-world deploy-
ment.

Model Class P R F1
MBERT  Ofidve 7689 8776 8196
XIMR ol 9181 7491 9317
ARBERT o'l 238 4ls 6778
HACSTL gl 035 7951 7891

Table 2: Per-class performance (selected models).
HACS-TL achieves the highest offensive class metrics.
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4.4 Conversion Quality & Stress Tests

Orthographic Variation Robustness: We tested
model stability under three variants: (1) diacritic
removal, (2) alternative spellings, (3) mixed orthog-
raphy. HACS-TL maintains 62% original accuracy
with 32% prediction consistency across variants,
compared to mBERT (58% / 46%), but demon-
strates room for improvement.

Conversion Failure Analysis: Failed conver-
sions (49/100) exhibit: (1) Code-mixing (En-
glish/Arabic insertions): 28%, (2) Dialectal varia-
tions: 35%, and (3) Informal orthography: 37%.

These represent real-world challenges requiring
future work on multilingual Ajami models.

4.5 Error Analysis

Our comprehensive error analysis (Table 3) reveals
critical insights:

Model FP FN Impl. Code
(%) (%) Hate Mix

mBERT 20.1 25.8 108 52
XLM-R 25.1 241 501 65
AraBERT 257 172 527 69
CharCNN 253 183 393 69
HACS-TL 244 23.7 82 62

Table 3: Error distribution showing false posi-
tive/negative rates and counts for implicit hate and code-
mixing errors.

Implicit Hate Detection: HACS-TL reduces
implicit hate false negatives by 54% vs. AraBERT
(82 vs. 527), demonstrating cross-script attention’s
effectiveness for subtle hate speech.

Confidence Analysis: HACS-TL achieved the
highest confidence on true positives (0.86 4= 0.11)
while maintaining reasonable confidence on false
predictions (FP: 0.83 + 0.11, FN: 0.78 £+ 0.11),
indicating well-calibrated predictions.

Orthographic Robustness: Stress testing with
diacritic variations shows HACS-TL maintains
32% prediction consistency across variants (vs.
AraBERT’s 68%), suggesting sensitivity to ortho-
graphic variation—an area for future improvement.

4.6 Analysis of Confusion Matrices

Regarding the distribution of detected errors,
HACS-TL most evenly distributed the errors across
the board: 328 false negatives (19.0%) and 389
false positives (29.5%). In comparison, mBERT
represents the largest number of false positives at
44.8%, and AraBERT has the most extreme case
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of false negatives at 53.8%. The cross attention
mechanism seems to work especially well for fine-
grained hate speech. This diminished the number
of false positives by mBERT by 202. The Analysis
of Confusion Matrices of four models presented in
figure 2, 3,4, and 5
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Figure 2: mBERT Model Confusion Matrices

XLM-R (F1: 0.7320)

1200

425

Non-Off

1000

800

373

Off

600

400

Non-Off

Figure 3: XLM-R Model Confusion Matrices



AraBERT (F1: 0.5863)
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Figure 4: AraBERT Model Confusion Matrices

HACS-TL (F1: 0.7609)
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Figure 5: HACS-TL Model Confusion Matrices

4.7 Analysis of ROC

The ROC curves (averaged from cross-validation)
indicate distinct differences in performance for
each model. Of the evaluated models, mBERT
(AUC = 0.820) and HACS-TL (AUC = 0.818) were
the best at predicting classes, and for all false pos-
itive rates, they were the only models that were
able to maintain higher true positive rates. Char-
CNN (AUC = 0.770) and AfroXLMR (AUC =
0.759) were slightly lower, and yet still provided
competitive mid-range performance, while XLM-R
(AUC = 0.738) and LoRA-mBERT (AUC = 0.700)
were moderately effective. For ByteLSTM (AUC
=0.663) and LoRA-XLMR (AUC = 0.683), perfor-
mance was worse, and AraBERT (AUC = 0.590)
performed only slightly better than random guess-
ing. The noted results indicate that models based

on the transformer architecture, combined with ef-
fective transfer learning, achieved the best results
in classification tasks. The Analysis of ROC across
four models are presented in Figure 6

ROC Curves - Cross-Validation Average

True Positive Rate

—— MBERT (AUC=0.820)
—— XLM-R (AUC=0.738)
—— AraBERT (AUC=0.5%0)
—— CharCNN (AUC=0.770)
—— ByteLSTM (AUC=0.663)
AfTOXLMR (AUC=0.759)
—— LoRA-MBERT (AUC=0.700)
LORA-XLMR (AUC=0.683)
—— HACS-TL (AUC=0.818)

06 08 10

a
False Positive Rate

Figure 6: Analysis of ROC across four models

4.8 Ablation Study

Table 4 validates component contributions through
ablation analysis. Cross-script attention provides
the largest gain (1.88 points), confirming its critical
role in bridging Latin —> Hausa-Ajami representa-
tions. The orthographic encoder contributes 1.88
points, validating script-specific processing.

Configuration F1

Full HACS-TL 75.33
w/o Cross-Script Attention ~ 73.45
w/o Orthographic Encoder  74.21
w/o Dialectal Pooling 74.87
w/o CNN Features 75.12
w/o Multi-Sample Dropout ~ 75.03

Table 4: Ablation study showing contribution of archi-
tectural components.

5 Discussion

5.1 Linguistic Insights

Studies show that different generic multilingual
models do not capture Hausa-Ajami specific trends.
AraBERT’s performance is a testament that even
with a shared script, it is not an indicator of trans-
ferability; the type of script matters. Positive out-
comes from cross-script evidence show that models
learn meaningful relations of the Hausa Ajami or-
thography and phonology. Dialect-aware pooling is
critically important to Hausa's Ajami pluricentric

292



phenomenon that impacts meaning through varia-
tion in lexis and morphology.

5.2 Practical Implications

HACS-TL achieves a 75.33% F1 score, outperform-
ing mBERT by 1.63 points—a margin sufficient to
support a semi-automated moderation system with
human oversight. With 80.35% precision on offen-
sive content, the system reduces false positives to
13.3%, significantly lowering the manual review
workload. However, the 77.51% recall suggests
that 22.5% of hate speech remains undetected, ne-
cessitating its use as an initial filter rather than a
standalone solution

5.3 Limitations

This study acknowledges several noteworthy limi-
tations that warrant discussion:

Scarcity of Native Hausa Ajami Datasets. The
literature review revealed a critical absence of na-
tive Hausa Ajami datasets specifically designed
for hate speech detection tasks. This scarcity con-
strains the development and evaluation of robust
detection models.

Code-Mixing Phenomena. The current ap-
proach does not explicitly model English and Ara-
bic components, despite the prevalence of code-
mixing in Hausa discourse, where these languages
are frequently interwoven with the base language.

Cross-linguistic Generalization The proposed
methodology requires further validation across di-
verse geographical contexts to establish its applica-
bility to other languages utilizing the Ajami script.
The extent to which findings generalize beyond
Hausa remains an open question requiring empiri-
cal investigation.

6 Conclusion

This work introduces HACS-TL, a transformer-
based architecture for hate speech detection in
Hausa Ajami that addresses critical gaps in NLP
for low-resource, non-Latin script languages. Our
approach achieved 75.33% macro F1-score, outper-
forming multilingual baselines (mBERT: 73.70%)
through three key innovations: a linguistically val-
idated Latin-to-Hausa Ajami converter (63.57%
character similarity), cross-script attention mecha-
nisms, and dialect-aware pooling.

The findings demonstrate that script similar-
ity alone does not ensure effective transfer learn-
ing—AraBERT’s poor performance (56.96% F1)

despite shared Arabic script underscores the im-
portance of language-specific morphophonologi-
cal modeling. Ablation studies confirm that cross-
script attention contributes 1.88 F1 points, validat-
ing our architectural design. With 80.35% preci-
sion on offensive content, HACS-TL is viable for
semi-automated moderation systems requiring hu-
man oversight.

Three limitations warrant attention: reliance on
converted rather than native Ajami data, absence
of explicit code-mixing models for English and
Arabic, and unvalidated generalizability to other
Ajami-script languages. Future work should prior-
itize developing native Hausa Ajami datasets, in-
corporating multilingual code-mixing architectures,
and evaluating cross-lingual transfer to related lan-
guages.

By establishing computational baselines and
releasing conversion tools, trained models, and
datasets publicly, this work provides a foundation
for advancing NLP research on underrepresented
scripts and, contributes toward equitable language
technology development for African languages.

Data and Code Availability Statement

The Data and code supporting the findings of this
study is openly available at https://github.com/
asbichi362/AbjadNLP2026_HACS-TL
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