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INTRODUCTION

METHODS 
Dataset Expansion: We expanded the AfriSenti corpus from 63,685 

to 431,021 samples across 38 African languages spanning 4 

language families: Afro-Asiatic, Niger-Congo, Creole, and 

Indo-European.

METHODS 
Combined Approach: ETAP + DLFC applies language/family tokens 

throughout the full two-stage pipeline.

Modeling: All experiments use mmBERT-base (ModernBERT), a multilingual 

BERT model trained on several African languages. We evaluate two 

complementary approaches:

ETAP (Extended Task-Adaptive Pretraining)

Two-stage pipeline: initial training on expanded multilingual data followed by 

AfriSenti fine-tuning. Batch size 2,304; 10 epochs; AdamW optimizer 

(lr=5e-5). Gradient accumulation for stable training across low-resource 

languages.

DLFC (Direct Language & Family Conditioning)

Augments input with special tokens [LANG], [FAMILY], [TEXT] to explicitly 

encode language identity and genealogical information.

Example: "[LANG] Portuguese [FAMILY] Indo-European [TEXT] Esse produto e 

maravilhoso"
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Africa is home to more than 2,000 languages spoken by over 1.3 

billion people, making it one of the most linguistically diverse 

regions in the world. Despite this diversity, NLP research for African 

languages remains significantly underdeveloped compared to 

high-resource languages.

Sentiment analysis is a core NLP task with important applications in 

governance, public health, and social media, but its effectiveness 

depends heavily on labeled training data, which remains scarce for 

most African languages.

This work extends the AfriSenti benchmark with sentiment data 

from 38 additional African languages and examines how linguistic 

relatedness, captured through language family structure, can 

improve multilingual sentiment modeling.
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Overall Performance on Expanded Test Set: ETAP consistently outperforms DLFC across all 
sentiment classes, achieving a weighted F1-score of 0.5256 vs. 0.4374 for DLFC.

Performance on AfriSenti Benchmark: on the smaller, cleaner AfriSenti dataset, DLFC 
achieves the highest F1-score (0.63), outperforming ETAP (0.62) and the baseline (0.60)

This work demonstrates that linguistic relatedness, particularly 

language family information, can be effectively leveraged to improve 

sentiment analysis for underrepresented African languages.

Key findings:

1. ETAP is most effective in large, noisy multilingual settings, learning 

robust cross-lingual representations through task-adaptive pretraining.

2. DLFC yields stronger gains on smaller, cleaner benchmarks like 

AfriSenti, where explicit language/family metadata provides a strong 

inductive bias.


