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Abstract

Code-mixed language processing poses significant challenges due to limited linguistic resources
and the complexity of handling multiple languages within a single context. This study addresses
these challenges by developing a Hausa—English code-mixed question-answering (QA) dataset,
derived from the Stanford Question Answering Dataset (SQuAD), and fine-tuning a multilingual
BERT (mBERT) model for extractive QA tasks. The dataset, named HECM-QA, contains over
10,000 samples with context passages, code-mixed questions, answer spans, and token-level
language annotations, reflecting natural language use in Northern Nigeria. Text preprocessing
involved WordPiece tokenization, cleaning, segmentation, and numerical encoding to preserve the
structure of code-mixed sentences. Experimental results demonstrate that mBERT significantly
outperforms LSTM and RNN baselines, achieving 79.03% Accuracy, 77.06 F1 Score, and 51.79
ROUGE, with statistical significance confirmed through paired t-tests and bootstrap resampling.
The study highlights the effectiveness of transformer-based multilingual models for code-mixed
QA, emphasizes the importance of rich annotated datasets, and contributes a robust benchmark for
future research in low-resource and multilingual NLP scenarios.
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Introduction techniques, from simple keyword searches to
Code-mixing between Hausa and English advanced machine learning algorithms
where speakers alternate between the two (Jawahar et al., 2019). Among these, BERT, a
languages within a conversation or textis a transformer-based model developed by
prevalent  linguistic ~ phenomenon in Google, stands out for its bidirectional context
multilingual regions such as West Africa comprehension and pre-training on large-scale
(Yang et al., 2025). This blending of language corpora. This enables effective fine-
languages poses significant challenges for tuning for specific tasks such as question
natural language processing (NLP), as it answering and text classification. BERT’s
requires specialized methods to accurately deep contextual understanding makes it
analyze and interpret the intertwined linguistic particularly effective for handling the
patterns (Winata et al., 2022). complexities of code-mixed text.

Text-based automated question-answering Developing efficient interactive QA systems
(QA) systems are designed to understand and capable of accurately processing Hausa-
respond to user queries using a range of English code-mixed input is crucial for
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improving information access and
communication in multilingual communities.
However, most existing QA models primarily
designed for monolingual or bilingual
contexts struggle with the syntactic and
semantic challenges posed by code-switching
(Gupta et al., 2018).

In regions like West Africa, where code-
mixing is widespread, the lack of tailored QA
tools and appropriate datasets significantly
limits  effective ~ communication  and
knowledge exchange (Chandu et al., 2018).
Although BERT has demonstrated strong
performance across a variety of NLP tasks, its
potential remains underutilized in the context
of Hausa-English code-mixed QA systems
(Martin et al., 2020).

Currently, automated QA models are not well-
equipped to handle the linguistic complexity
of code-mixed queries, which undermines
their effectiveness in real-world scenarios.
Addressing this gap is essential, especially for
applications in education and information
retrieval across culturally and linguistically
diverse populations. Advancing research in
code-mixed QA systems will not only drive
progress in NLP but also promote digital
inclusivity.

This study aims to develop a BERT-based QA
system tailored for Hausa-English code-mixed
text by constructing a custom SQUAD-format
dataset, integrating a hybrid WordPiece
tokenizer with BERT, and evaluating the
model’s performance against leading state-of-
the-art models.

The proposed research on guestion-answering
(QA) systems for Hausa-English code-mixed
language is vital due to its potential impact on
multilingual technology and communication.
It aims to empower multilingual communities
by improving access to information, especially
in linguistically diverse regions like West
Africa. It also supports language education,
helping learners build proficiency in both
Hausa and English. Furthermore, the research
promotes inclusivity, benefiting users who are
more  comfortable  with  code-mixed
communication. By integrating  such
languages into technology, the study
contributes  to  cultural  preservation,
reinforcing the identity of code-mixing
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communities. Finally, it drives progress in
NLP and Al, addressing complex linguistic
challenges and enriching the field with new
models and datasets.

Problem Statements and Proposed Solutions
The study addresses several key problems in
the field of low-resource language processing.
First, there is a significant challenge due to the
limited availability of resources for low-
resource languages, which prompted the
development of a code-mixed Hausa-English
guestion-answering dataset derived from the
SQUAD dataset. Second, building an effective
hybrid transformer-based model for the
guestion-answering task remains difficult,
leading the research to employ a WordPiece
tokenizer for text tokenization and leverage
the pre-trained multilingual BERT (mBERT)
model to handle code-mixed questions.
Finally, evaluating and validating the
performance of such models is crucial, so the
study used Accuracy, F1 Score, and ROUGE
metrics to assess the effectiveness of the
proposed system.

Literature Review

The increasing presence of code-switching in
multilingual communities, particularly in
under-resourced settings like Hausa-English,
has drawn considerable attention from the
natural language processing (NLP) research
community. Code-switching, defined as the
alternate use of two or more languages within
a sentence or discourse, poses numerous
linguistic and computational challenges.
These include lexical ambiguity, syntactic
inconsistency, and data sparsity (Afolabi et
al., 2023). These complexities demand
specialized models and data resources to
ensure effective language understanding and
generation in multilingual applications.
Transformer models have emerged as the
leading architecture for handling multilingual
and code-switched data. Adewale et al. (2024)
investigated the performance of pre-trained
multilingual models such as mBERT and
XLM-Roberta on  African code-mixed
datasets. Their study revealed substantial
improvements in tasks like sentiment analysis
and question answering involving Hausa-
English inputs. These gains were attributed to
the models’ ability to build shared
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multilingual embeddings and context-aware
representations across languages, even in the
absence of large labeled datasets for each
language.

Building on these insights, Ojo et al. (2023)
examined the fine-tuning of transformer
models on code-switched dialogue generation.
They augmented their dataset through back-
translation and code-mixing techniques,
demonstrating that multilingual transformers
outperformed traditional models like LSTM
and GRU in generating semantically accurate
and contextually relevant responses. The
results reinforce the idea that pre-trained
transformers are well-suited for real-world
code-mixed applications such as
conversational agents and virtual assistants.
A major bottleneck in low-resource NLP is the
lack of annotated datasets. To address this,
Yusuf and Bello (2025) released one of the
first large-scale, publicly available Hausa-
English code-mixed corpora, annotated for
various NLP tasks such as sentiment
classification, named entity recognition
(NER), and question answering. Their dataset
includes transcribed and naturally occurring
conversations from social media, radio
broadcasts, and interviews, making it rich in
colloquial and informal language structures.
The authors emphasize that such domain-
specific corpora are essential for capturing the
sociolinguistic  dynamics of multilingual
communication in Africa.

Beyond raw data and model architecture,
integrating linguistic knowledge has shown to
enhance performance in code-mixed NLP.
Chukwu et al. (2024) explored the use of
morphological and syntactic featuressuch as
POS tags, word stems, and dependency
structures-within transformer models. Their
hybrid approach resulted in improved
generalization on out-of-vocabulary terms and
idiomatic expressions that are prevalent in
informal Hausa-English discourse. The study
illustrates the benefit of combining rule-based
linguistic knowledge with data-driven deep

learning  techniques, especially  when
addressing informal, spontaneous speech
patterns.

Given the scarcity of code-mixed labeled data,
cross-lingual transfer learning has emerged as
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an effective strategy. Oladipo et al. (2023)
demonstrated that fine-tuning mBERT on
high-resource language tasks before adapting
it to low-resource code-switched scenarios can
significantly boost performance. Their work
applied  parameter-efficient  fine-tuning
methods such as adapter layers, which reduce
the computational overhead while preserving
model accuracy. The transfer of knowledge
from languages like English to Hausa, even
with limited overlap, helped the model better
understands mixed linguistic patterns.

A comprehensive study by Xie et al. (2025)
focused on enhancing model robustness to
code-switching through contrastive learning,
linguistic constraint-aware masking, and the
use of both real-world and synthetic corpora.
They introduced CodeMixEval, a benchmark
suite covering five language pairs with diverse
typological features. Their fine-tuning
approach led to up to a 9.2% absolute gain in
F1-score on the Hindi-English NER task, with
comparable improvements observed across
other language pairs, including Hausa-
English. This underscores the potential of
sophisticated pretraining and evaluation
strategies in multilingual and low-resource
environments.

Social media platforms are a prominent source
of code-switched content. Aliyu et al. (2025)
designed a sentiment analysis pipeline
optimized for Hausa-English  tweets,
integrating Hausa-specific stemming
algorithms, hyperparameter tuning, and
AfriBERTa, a transformer pre-trained
specifically for African languages. Their
model not only achieved higher accuracy than
LSTM and CNN-based classifiers but also
required less computational power, making it
suitable for deployment in resource-
constrained environments such as mobile
applications or local NLP tools.

Earlier works laid the foundation for current
advancements. Pires et al. (2019) initially
demonstrated that mBERT exhibits zero-shot
cross-lingual capabilities, and Aguilar et al.
(2020) further validated its use in code-mixed
tasks such as Hindi-English sentiment analysis
and POS tagging. For African contexts, Ogueji
et al. (2021) found that multilingual
transformers outperformed shallow classifiers
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across Yoruba, Igbo, and Hausa tasks, proving
that such models can generalize across
structurally diverse languages.

Research into synthetic data generation for
code-mixed training is also growing. Bhat et
al. (2021) proposed methods based on
linguistic constraints to create artificial code-
mixed corpora, significantly  boosting
performance on downstream tasks. Hedderich
et al. (2021) emphasized the importance of
leveraging related high-resource languages
through transfer learning, which improves
adaptability in low-resource tasks.

The introduction of XLM-R by Conneau et al.
(2020) was a major leap forward, offering a
transformer pre-trained on 100+ languages. It
often surpasses mBERT in code-switched and
multilingual benchmarks due to its broader
linguistic coverage and more extensive
pretraining corpus. The research by Jakwa et
al  (2026) investigates how BERT
(Bidirectional Encoder Representations from
Transformers) can be adapted and fine-tuned
to handle Hausa-English code-mixed text, a
challenging multilingual scenario with limited
available datasets. The authors identify that
most existing NLP models perform well on
high-resource languages but struggle with
code-mixed texts-especially for
under-resourced combinations such as Hausa
and English-which are common in
conversational contexts. To address this, they
compile an adapted pre-trained dataset,
carefully preprocess and tokenize it, and then
fine-tune a BERT-based model (referred to in
the paper as HauBERT) on this dataset,
optimizing hyperparameters like learning
rates, batch sizes, and training epochs. The
model’s performance is evaluated using
standard NLP metrics—accuracy, precision,
recall, and F1-score-and achieves over 90 %
accuracy on the code-mixed classification
task. These results are then compared to other
state-of-the-art BERT models, demonstrating
that the adapted model is effective at
improving language understanding and
context  sensitivity for  Hausa-English
code-mixed data. The authors conclude by
recommending that such adapted pre-trained
models be further expanded and integrated
into larger language models to boost
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performance on similar multilingual and
code-mixed applications.

Finally, Sitaram et al. (2021) proposed
incorporating  linguistic  typology  and
structural features into neural architectures,
advocating for NLP systems that balance
statistical learning with linguistic
understanding. Their findings support the
integration of rule-based and neural methods
for robust code-switching solutions in
dialogue generation and QA. Recent
advancements in NLP research reveal a
convergence around three primary strategies
for addressing code-mixed Hausa-English
language processing challenges: (1) the use of
multilingual transformer models such as
mBERT, XLM-R, and AfriBERTa, (2) the
development of high-quality, annotated
datasets that mirror real-world linguistic
behavior, and (3) the application of linguistic
insights and cross-lingual transfer learning to
enhance model adaptability and performance.
These approaches are increasingly seen as
foundational to building intelligent systems
capable of navigating the complex and fluid
nature of multilingual African
communication.

Despite progress in text-based question
answering (QA), the field has mainly focused
on high-resource languages like English or
code-mixed pairs involving well-supported
languages such as Hindi-English and English-
Tamil. There remains a noticeable research
gap in applying these techniques to low-
resource languages like Hausa, particularly
within  code-switched  contexts.  While
multilingual transformer models especially
mBERThave shown promising results in
cross-lingual tasks, their specific use for
Hausa-English code-mixed QA remains
under-investigated.

Moreover, limited work has explored the
effectiveness of tokenization methods tailored
to the linguistic challenges of code-switching.
The WordPiece tokenizer, which segments
words into subword units, offers a practical
solution for handling uncommon and hybrid
word forms prevalent in Hausa-English
scenarios. Although mBERT benefits from
extensive pretraining on diverse multilingual
corpora, including some African languages, its
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suitability for QA tasks in Hausa-English
code-mixed environments is not yet well
understood.

Compounding the issue is the shortage of
domain-specific datasets for QA in low-
resource, code-mixed settings, which restricts
opportunities for fine-tuning and evaluation.
To bridge these gaps, this study applies
mBERT in conjunction with WordPiece
tokenization on a custom-built Hausa-English
code-mixed dataset, aiming to rigorously
assess model performance in a context that
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Figure 1: Code- Mixed Question Answering Model for Low-Resource Languages

Analysis of the Existing Problem

Processing code-mixed language, especially
involving low-resource languages like Hausa
combined with English, introduces a set of
distinct challenges that are often overlooked in
mainstream NLP research. These challenges
include the seamless integration of two
linguistically different languages within a
single sentence or discourse, compounded by
the scarcity and poor quality of available data.
The lack of annotated datasets and the limited
size of existing corpora severely constrain the
development and training of large-scale, data-
intensive models such as deep neural
networks.

As identified in the literature, these limitations
hinder the accuracy and generalizability of
NLP models in code-mixed scenarios.
Consequently, this research seeks to identify
the core problems associated with Hausa-

English  code-switching and formulate
effective solution concepts to address them.
The proposed solutions serve as the
foundation for this study and are summarized
in Table 3.1, which outlines the key problem
statements and corresponding conceptual
approaches developed to overcome them.
Data Collection

The initial phase of this research focuses on
developing a code-mixed Hausa-English
dataset specifically tailored for question
answering (QA) tasks, using the Stanford
Question Answering Dataset (SQUAD) as the
foundation. This newly created dataset will
feature code-mixed questions along with their
corresponding answers.

SQUAD was selected because of its broad
acceptance and extensive use within the NLP
and machine learning communities. It is
designed to evaluate machine comprehension
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by requiring models to read passages and
generate accurate answers to related questions,
making it an ideal resource for constructing a
QA dataset that incorporates code-switching.

To generate the code-mixed dataset, a
systematic algorithmic approach is employed.
Initially, English sentences from SQUAD are
translated into Hausa using Google Translate.
These Hausa sentences are then tokenized to
extract critical grammatical elements,
particularly the subject and object, which are
typically noun phrases or pronouns located
immediately before and after the verb.

Once these components are identified, the
subject and object are translated back into
English. These English terms are then

Pseudocode for Creating a Code-Mixed Dataset

Input: English Sentence S
Output: Codemixed Hausa Sentence CH
Initialize Hausa Sentences «— H

substituted into the original Hausa sentence in
place of their Hausa equivalents, creating a
hybrid sentence that blends both Hausa and
English. This code-mixed sentence is added to
a separate collection that forms the new
dataset.

This process is repeated for every sentence in
the original dataset to ensure a robust and
naturally representative set of code-switched
examples. The final result is a customized
Hausa-English  code-mixed QA dataset,
designed to facilitate the evaluation and fine-
tuning of multilingual NLP models. The
detailed pseudocode outlining this process is
presented below.

for each English sentence S do
Translate S to Hausa sentence H using Google Translate

Add H to Hausa Sentences
end for
Initialize Codemixed Hausa Sentences <« {}

for each Hausa sentence H in Hausa Sentences do
Tokenize the sentence: Split the sentence into individual words or tokens.
Subject,Object«— Extract S,0(H)
To extract the subject from the Hausa sentence:
Identify the noun phrase or pronoun immediately before the verb. This is
typically the subject.
To extract the object from the Hausa sentence:
Identify the noun phrase or pronoun immediately after the verb. This is
typically the object.
if Subject/~ Null and Object/~ Null then
Translate Subject,Objectto English using Google Translate
Replace Hausa Subject,Objectwith English Subject,Object
Add the modified sentence to Codemixed Hausa Sentences
end if
end for
Return Codemixed Hausa Sentences
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Table 1: Hausa SQUAD Dataset

SIN Description Type of Attribute  Attribute Value Range
Attribute

1 Gem_id Record ID string 20-24

2 Context Context String 70-82

3 Question Question String 136 - 197

4 References ~ Words of reference List NA

5 Answers Passage to be summarized String 91-7700
Table 1 presents the dataset along with a performance of multilingual question
detailed description of each attribute, answering systems under linguistically

including the attribute type and its value
range. The dataset comprises 5 attributes in
total and contains 8,020 data entries.

The Dataset Structure

The HECM-QA dataset structure combines
linguistic richness with machine learning
usability. By integrating context, questions,
precise answer spans, and language
annotations, it provides a comprehensive
framework for developing intelligent systems

capable of understanding code-mixed
Hausa—English text. Each data instance
contains:

Dataset Description

The Hausa—English Code-Mixed Question
Answering (HECM-QA) dataset is a
multilingual corpus specifically developed to
support the training and evaluation of
transformer-based natural language
processing models such as BERT and
Multilingual BERT. This dataset focuses on
question answering tasks involving code-
mixed text, where both Hausa and English
are used within the same sentence or
discourse. It reflects real-world
communication patterns commonly observed
in Northern Nigeria and other multilingual
communities, where speakers naturally
alternate between languages in both formal
and informal settings.

The primary objective of the HECM-QA
dataset is to enable machine comprehension
of code-mixed Hausa—English text while
advancing research in low-resource language
processing. It aims to evaluate the
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complex conditions, particularly where code-
mixing and  code-switching  occur.
Additionally, the dataset is designed to model
natural language switching behaviors and
contribute to the broader field of cross-
lingual natural language processing (NLP),
with a strong emphasis on African language
technologies.

To ensure diversity and authenticity, the
dataset is compiled from a wide range of
sources, including social media platforms
such as Twitter, Facebook, and WhatsApp
chats, as well as online forums, blogs, radio
transcripts, interviews, and educational or
conversational texts. All collected data
undergoes thorough preprocessing, including
cleaning, anonymization, and normalization,
to protect user privacy and enhance data

quality while preserving the linguistic
characteristics of code-mixed
communication.

Each data instance in the dataset is structured
to facilitate machine learning tasks and
contains several key components. These
include a unique identifier (ID), a context
paragraph written in Hausa—English code-
mixed text, a corresponding question derived
from the context, and the exact answer span
extracted from the passage. Additionally, the
dataset provides the starting index of the
answer within the context, enabling precise
span-based learning similar to widely used
benchmarks. Token-level language tags are
also included to indicate whether each word
belongs to Hausa, English, or a mixed form.
In some cases, optional translations into fully
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Hausa or fully English versions are provided
to support cross-lingual analysis.

A notable feature of the HECM-QA dataset is
its ability to capture various linguistic
phenomena  inherent in  multilingual
communication. These include code-mixing,
where elements of both languages appear
within a single sentence (e.g., “Ina going to
school yanzu”), and code-switching, where
speakers alternate between languages across
sentences. The dataset also reflects the use of
borrowed words, hybrid expressions, and
informal conversational language, making it
highly representative of real-life usage.

The annotation process is carefully designed
to ensure accuracy and reliability. Annotators
who are fluent in both Hausa and English are
employed to label the data, and a dual
annotation approach is used to enhance
consistency. The dataset adopts a span-based
labeling technique similar to standard
question answering formats, and inter-
annotator agreement measures are applied to
validate the quality of annotations.

In terms of scale, the dataset contains over
10,000 samples, with context Ilengths
typically ranging from 80 to 150 words and
questions averaging between 8 and 15 words.
The proportion of code-mixed content is
maintained at approximately 40 to 60
percent, ensuring a balanced representation
of both languages. These characteristics
make the dataset robust and suitable for
training advanced multilingual models.
Despite its strengths, the dataset addresses
several key challenges associated with
multilingual NLP. These include the scarcity
of resources for African languages,
ambiguity arising from mixed grammatical
structures, variations in informal spelling,
and the complexity of understanding context
across multiple languages. By tackling these
issues, the dataset provides a valuable
benchmark for evaluating the effectiveness of
multilingual models in realistic scenarios.
For example, a typical dataset entry might
include a context such as: “Aisha went to
kasuwa yesterday to buy fruits, amma she
forgot to bring her wallet,” with a
corresponding question like “Where did
Aisha go?” and the answer “kasuwa.” In
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another instance, a sentence like “Musa is
preparing for his exams saboda he wants to
pass with good grades” would yield the
question “Why is Musa preparing for
exams?” with the answer extracted as “he
wants to pass with good grades.” More
complex examples involve deeper contextual
understanding, such as identifying actions or
intentions across mixed linguistic structures.
An advanced example may also include
token-level language tagging, as seen in the
sentence: “Zainab is cooking food in kitchen
saboda guests suna coming tonight,” where
words are labeled according to their language
origin. This enables models to learn language
boundaries and improve cross-lingual
comprehension.

The performance of models trained on this
dataset can be evaluated using standard
metrics such as Exact Match (EM), F1 Score,
and cross-lingual understanding accuracy.
These metrics help assess both the precision
and contextual understanding capabilities of
the model. The HECM-QA dataset has wide-
ranging  applications, including the
development of intelligent chatbots for
Hausa—English speakers, educational
technologies, voice assistants, and
government or public service communication
systems. By supporting these applications,
the dataset contributes to bridging the gap
between advanced NLP research and
practical, real-world language wuse in
multilingual societies.

The HECM-QA dataset represents a realistic
and challenging benchmark for multilingual
question answering systems. By
incorporating authentic code-mixed Hausa—
English text, it enhances the ability of models
to operate effectively in linguistically diverse
environments and promotes the advancement
of NLP research in underrepresented
languages.

Data Preprocessing

Data preprocessing is a crucial phase in
preparing raw textual data for training, as it
ensures that the information is clean,
consistent, and properly formatted for fine-
tuning the BERT model. This section outlines
the comprehensive procedures undertaken to
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preprocess the Hausa-English code-mixed
dataset.

The initial step is tokenization, where text is
divided into smaller units known as tokens.
In this study, the WordPiece tokenizer from
the Hugging Face Transformers library is
utilized. This tokenizer is particularly well-
suited for handling code-mixed texts in
Hausa and English by breaking words into
sub word units. This helps the model manage
uncommon or unfamiliar terms by learning
from their components. For instance, the
word “unhappiness” could be split into "un",
"#ithap", "##pi", "##ness"'. By sharing a
common vocabulary across both languages,
the tokenizer enhances the model’s ability to
understand and generalize code-mixed data.
Following tokenization is text cleaning,
which removes irrelevant or noisy elements
from the raw text to improve data quality.
This step includes converting text to
lowercase for consistency, eliminating
unnecessary symbols, punctuation, and
emojis, and normalizing whitespace by
removing excess spaces. Additionally, stop
words that do not significantly contribute to
the text's meaning may be removed.
However, caution is exercised here-
especially with code-mixed datato retain any
language-specific stop words that may carry
contextual relevance.

Another key stage is segmentation, where
different components of the input-such as
guestions, answers, and contextual passages
are clearly distinguished using segment IDs.
These IDs allow the model to differentiate
parts of the input sequence. For example,
guestion tokens might be labeled with a
segment ID of 0, while answer tokens are
marked with an ID of 1. This distinction helps
the model learn the relationship between
context and response.

To standardize input length, padding and
truncation are applied. Shorter sequences are
padded with special tokens to match a
uniform length, facilitating batch processing.
Conversely, longer sequences are truncated
to fit within a set maximum length, which
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helps reduce memory usage and improve
training efficiency. This uniformity is vital
for maintaining training consistency.

After preprocessing, the cleaned and
tokenized text is converted into numerical
form for model input. Each token is mapped
to a specific ID using the tokenizer’s
vocabulary, producing a sequence of token
IDs that the model can interpret and learn
from. This numeric transformation is
essential for effective model training.
Special care is taken to preserve the nature of
code-mixed language, which contains both
Hausa and English elements. The
preprocessing steps are tailored to maintain
linguistic balance, ensuring that neither
language is disproportionately altered.
Tokenization is handled in a way that
respects the structure of both languages, and
stop-word removal is minimized to retain
critical meaning within the code-mixed text.
The result of this preprocessing pipeline is a
dataset composed of  well-structured,
tokenized, cleaned, segmented, padded, and
numerically encoded sequences. This refined
dataset ensures that the BERT model receives
high-quality input, which is essential for
achieving accurate training results and
effective fine-tuning. By addressing the
complexities of code-mixed data through a
thoughtful preprocessing strategy, the
research establishes a strong groundwork for
model training and evaluation.

Model Training

Model training represents the central phase
of developing a question answering (QA)
system tailored to code-mixed Hausa-
English input using the multilingual BERT
(mBERT) architecture. This phase focuses
on fine-tuning a pre-trained MBERT model
to adapt it to the unique characteristics of
code-switched language through the use of a
purpose-built dataset. The training process
includes selecting the appropriate pre-
trained model, setting up the training
environment, configuring essential
hyperparameters, and executing the fine-
tuning procedure.
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Fine-tuning mBERT requires meticulous
adjustment of hyperparameters to ensure
optimal learning. Key parameters include the
learning rate, batch size, number of epochs,
and strategies such as learning rate scheduling
and warm-up steps (Miguelafiez, 2026). The
Adam optimizer is employed for efficient
parameter updates, while learning rate
scheduling gradually decreases the learning
rate during training to improve convergence.
Warm-up steps help stabilize early training by
starting with a lower learning rate and
incrementally increasing it to the target rate.
The fine-tuning process adapts the pre-trained
mBERT maodel to the specific requirements of
QA on code-mixed data. A crucial component
of this step is input representation, where the
model receives input as a combination of
token embeddings, segment embeddings, and
positional  embeddings. This  enriched
representation helps mBERT capture the
structural and contextual relationships within
the input sequence.

Two training objectives guide the fine-tuning
process: Masked Language Modeling (MLM)
and Next Sentence Prediction (NSP) (Aroca-
Ouellette, 2020). In MLM, selected tokens in
the input are masked, and the model is trained
to predict them based on surrounding context.
This enhances the model’s ability to
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understand word relationships and linguistic
context. NSP, on the other hand, helps the
model learn coherence across sentences by
predicting whether one sentence logically
follows another in the text, a key skill in
comprehension-based tasks like QA.
Throughout training, the model’s performance
is tracked using metrics such as training loss
and evaluation scores. The training spans
several epochs, each involving a complete
pass through the dataset. To prevent issues
such as overfitting and underfitting,
regularization techniques like dropout are
implemented, promoting better generalization
to unseen data.

At the end of training, the result is a fine-tuned
mBERT model that is capable of effectively
handling the complexities of Hausa-English
code-mixed text in QA settings. This
specialized model is expected to generate
contextually — appropriate and  accurate
responses to questions posed in a bilingual
format. To validate its performance, the model
is tested on a separate evaluation set that
simulates real-world scenarios.

In summary, the training phase-through
careful model selection, parameter tuning, and
iterative refinement-plays a vital role in
achieving the research goals. It lays the
foundation for robust and intelligent NLP
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systems that can navigate and interpret the
dynamic, multilingual nature of African code-
mixed communication.

Model Testing

The model testing phase is a critical
component of the overall development
process, as illustrated in Figure 3. This stage
assesses how well the trained model performs
on previously unseen data, ensuring its ability
to generalize beyond the training set. To
achieve this, 20% of the total dataset-reserved
as the test set-is used exclusively for
evaluation purposes. The primary goal of this
phase is to confirm that the model’s
effectiveness extends to real-world scenarios
and not just the data it was trained on.

In this phase, the trained models-mBERT,
LSTM, and RNN-are applied to the test data
to generate predictions for each question.
These predictions are then compared to the
actual answers in the test set using a set of
standardized evaluation metrics that provide a
comprehensive understanding of model
performance.

The evaluation metrics include:

( Question J

l

i. Accuracy — Measures the proportion
of correct predictions out of all
predictions made.

ii. F1 Score — Offers a balance between
precision and recall by calculating
their harmonic mean, particularly
useful in cases of class imbalance.

iii. ROUGE (Recall-Oriented
Understudy for Gisting Evaluation) -
Evaluates the overlap between
predicted and actual answers using n-
gram, sequence, or subsequence
comparisons to  assess textual
similarity and coverage.

Each of these metrics captures different
performance dimensions, helping to build a
robust evaluation framework for the code-
mixed QA models.

To visually present the entire pipeline-from
data collection and preprocessing to model
evaluation-a program architecture is designed
to reflect this workflow, as shown in Figure
3.3. This schematic serves as a roadmap for
understanding the data flow and the
integration of each stage within the QA
system.

~
Hausa-English |
Code-Mixed Datast/

Tokenization

Multilingual BERT

Linear Layer

Figure 3: Code—Mixed QA Architecture
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Training Parameters

Training a question answering model for the
Hausa—English Code-Mixed Question
Answering (HECM-QA) dataset involves the
fine-tuning of advanced transformer-based
architectures such as BERT and Multilingual
BERT. These models are pre-trained on large
multilingual corpora and are adapted to the
specific task of extractive question answering
on code-mixed text. The configuration of
training parameters plays a crucial role in
ensuring optimal performance, efficient
learning, and strong generalization across
linguistically diverse inputs.

Model Configuration

The model employed in this study is a
multilingual transformer, specifically
Multilingual BERT (mBERT), which is well-
suited for handling multiple languages within
a single framework. The architecture follows
an  encoder-based transformer  design,
consisting of 12 stacked layers (also known as
transformer blocks), each equipped with 12
self-attention heads. The hidden
representation size is set to 768 dimensions,
enabling the model to capture rich semantic
and contextual information from both Hausa
and English text. The model is fine-tuned for
an extractive question answering task, where
answers are predicted as spans within the input
context.

Input Representation

To process the code-mixed text effectively, the
model utilizes the WordPiece tokenizer
associated with mBERT. This tokenizer breaks
down words into subword units, allowing it to
handle rare and mixed-language tokens more
efficiently. The maximum sequence length is
set to 384 tokens to balance computational
efficiency with adequate context coverage,
while the maximum length for questions is
limited to 64 tokens. For longer passages, a
document stride of 128 tokens is applied to
create overlapping input segments, ensuring
that important information is not lost. The
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input sequence follows the standard format:
[CLS] Question [SEP] Context [SEP], where
special tokens are used to distinguish between
the question and the context.

Training Hyperparameters

The training process is configured using
carefully selected hyperparameters to ensure
stable convergence and optimal performance.
A batch size of 16 is used under normal
conditions, although it may be reduced to 8 in
environments with limited computational
resources. The learning rate is set to 3 x 1073,
which is widely regarded as effective for fine-
tuning transformer models. Optimization is
performed using the AdamW optimizer, which
incorporates weight decay (set at 0.01) to
prevent overfitting and improve
generalization.

The model is trained for a total of 3 to 5
epochs, depending on validation performance.
A warm-up strategy is applied, where 10% of
the total training steps are used to gradually
increase the learning rate before decay,
thereby stabilizing early training. Gradient
clipping with a maximum norm of 1.0 is
employed to prevent exploding gradients,
while a dropout rate of 0.1 is used within the
model to reduce overfitting and enhance
robustness.

Overall, these training parameters are
carefully optimized to achieve a balance
between computational efficiency, model
accuracy, and generalization capability. By
fine-tuning multilingual models with these
settings, the system is able to effectively learn
cross-lingual representations and accurately
extract answers from complex Hausa—English
code-mixed contexts.

Evaluation Metrics

To evaluate the effectiveness of the code-
mixed question answering (QA) models,
several standard performance metrics were
employed. These  metrics offer a
comprehensive view of the models' accuracy,
reliability, and ability to handle code-mixed
text. The key evaluation metrics used are
described below:

i. Accuracy

Accuracy reflects the proportion of correct
predictions made by the model relative to the
total number of questions. It provides an
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overall measure of how well the model
performs in generating correct answers.

Number of Correct Predictions

Accuracy = - —
: Total Number of Predictions

(3.1)

ii. F1 Score

The F1 Score is the harmonic mean of
precision and recall, offering a balanced
metric that considers both false positives and
false negatives. It is particularly valuable
when a balance between precision and recall
is needed.

2 x (Precision x Recall)

Recall

F1 Score —

Precision +4 (3.2)
iii. ROUGE (Recall-Oriented
Understudy for Gisting Evaluation)

ROUGE evaluates the quality of the
generated answers by measuring the overlap
between the predicted and reference answers.
Specifically, ROUGE-N calculates the match
of n-grams (continuous sequences of words)
between the two texts.

Number of Matching n-grams

ROUGE-N =

Total n-grams in the Reference Answer (3.3)

These evaluation metrics help provide a
detailed performance profile of the QA
models, highlighting their strengths and areas
for improvement when dealing with code-
mixed Hausa-English text.

Experimental Tools

i. Hardware Requirements

The experimental setup was implemented on
a system powered by an Intel(R) Core(TM)
i7-6500U CPU running at 2.50GHz, with
12.00 GB of RAM. This hardware
configuration provides sufficient
computational power for model training, fine-
tuning, and evaluation, particularly for small
to medium-scale deep learning tasks.

ii. Software Requirements

The experiments were conducted on a
Windows-based operating system using
Python as the primary programming
language. Python was selected due to its
flexibility and rich ecosystem of libraries that
support natural language processing (NLP)
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and deep learning. The Python libraries and
frameworks utilized include:

i. NumPy and pandas for numerical

computation and data manipulation.

ii. TensorFlow and PyTorch for building,
training, and fine-tuning neural
network models.
scikit-learn for implementing
traditional machine learning
techniques and evaluation metrics.
Hugging Face Transformers for
leveraging state-of-the-art pre-trained
transformer models such as mBERT.
Training Setup and Hardware
The model was fine-tuned with a learning rate
of 0.00003 (3 x 107°), which gradually
increased during the first 10% of training steps
to stabilize early learning. Training was
conducted with a batch size of 16 samples per
step, reduced to 8 for GPUs with limited
memory, while the evaluation batch size was
kept at 16 samples per step. The models were
trained for 3 to 5 epochs, with early stopping
applied to prevent overfitting. Input sequences
were limited to 384 tokens, and for longer
passages, a doc stride of 128 tokens was used
to ensure the model could capture all parts of
the context. Training was performed on
NVIDIA GPUs, such as Tesla T4 or RTX
3060, using mixed-precision (FP16) to save
memory and accelerate computation, with
PyTorch or TensorFlow combined with
Hugging Face Transformers for efficient GPU
utilization.

Training Setup and Hardware

The model was fine-tuned with a learning rate
of 0.00003 (3 x 107%), which gradually
increased during the first 10% of training steps
to stabilize early learning. Training was
conducted with a batch size of 16 samples per
step, reduced to 8 for GPUs with limited
memory, while the evaluation batch size was
kept at 16 samples per step. The models were
trained for 3 to 5 epochs, with early stopping
applied to prevent overfitting. Input sequences
were limited to 384 tokens, and for longer
passages, a doc stride of 128 tokens was used
to ensure the model could capture all parts of
the context. Training was performed on
NVIDIA GPUs, such as Tesla T4 or RTX
3060, using mixed-precision (FP16) to save
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memory and accelerate computation, with
PyTorch or TensorFlow combined with
Hugging Face Transformers for efficient GPU
utilization.

The entire experimental workflow was
developed and executed using Kaggle
Notebooks, which provide an interactive and

Preprocessing

Data
*reparation

SOuAD }
H_%

Translation —
|

|
d+\
Cada-Mixing

—= Tokenization

user-friendly  environment for  coding,
visualizing data, and documenting results.
This platform supports seamless integration of
Python libraries and allows for efficient
prototyping and testing of machine learning
models.

Maodel Training

r—w
mBERT

L -

LETM
P

« Accuracy
* - [ = F1
LSTM = ROUGE
B
RAMNMN I

Evaluation

Figure 4: End-Process Model Training

Results, Data Analysis, and Discussion
This section presents the outcomes of the
experiments conducted using the code-mixed
Hausa-English dataset adapted from the
SQUAD corpus. It begins with an analysis of
the dataset and model performance across
various stages of training and testing. Key
evaluation metricssuch as Accuracy, F1 Score,
and ROUGEare wused to assess the
effectiveness of the models, including
mMBERT, LSTM, and RNN, in handling code-
switched text. The results are interpreted and
discussed in detail, highlighting the strengths,
limitations, and comparative performance of
each model. This analysis offers valuable
insights into the feasibility of using deep
learning techniques for processing and
understanding code-mixed language data.
Data Analysis Using the SQUAD Code-
Mixed Dataset

The data analysis conducted in this research
utilized a code-mixed adaptation of the
Stanford  Question  Answering  Dataset
(SQUAD). While SQUAD was originally
created for English-only question-answering
tasks, it was systematically transformed to
incorporate both Hausa and English elements.
This modification mirrors the natural code-
switching behavior frequently observed in
multilingual societies and was essential for
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evaluating the effectiveness of deep learning
models in handling bilingual inputs.

The code-mixed dataset comprised paired
entries of questions and context passages, in
which both components were partially
translated or altered to contain a blend of
Hausa and English. This transformation
required meticulous preprocessing to ensure
consistency in translation, proper
tokenization, and accurate alignment between
the code-mixed questions and their respective
answers. Language-sensitive tokenization
techniques were employed, and the dataset
was partitioned into training and testing sets
using an 80:20 split.

The models were trained and assessed on their
ability to manage code-switching within this
bilingual dataset. Evaluation was based on
established performance metrics, including
Accuracy, F1 Score, and ROUGE, which
collectively measured the models’ precision,
recall, and text similarity performance.

The analysis provided insight into how
effectively transformer-based architectures,
such as BERT, could interpret and respond to
questions embedded in code-mixed text. The
results underscored the challenges posed by
mixing two linguistically distinct languages
and demonstrated the potential of pre-trained
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multilingual models to adapt and perform well model significantly outperforms the LSTM
in such complex linguistic settings. and RNN models across all evaluation
Comparison of Previous Studies with Our metrics. Specifically, mBERT achieves the
Approach highest accuracy (79.03%), F1 score
This section compares the performance of (77.06%), and ROUGE score (51.79%),
three deep learning models-mBERT, LSTM, demonstrating its superior ability to manage
and RNNon the code-mixed Hausa-English code-switching and linguistic complexity in
guestion-answering (QA) task. As shown in low-resource settings.

Table 4.1, the transformer-based mBERT

Table 2: Performance Comparison of Models on Code-Mixed QA Dataset

Model Accuracy (%) F1 Score ROUGE Score
mBERT 79.03 77.06 51.79

LSTM 64.32 62.17 39.24

RNN 51.73 50.54 28.11

In comparison, the LSTM model shows is presented in Table 4.2, further emphasizing
moderate results, while the RNN model the novelty and effectiveness of this approach.
delivers the weakest performance, with an Comparison of Current Research with
accuracy of just 51.73% and an F1 score of Related Literature

50.54%. These findings reinforce the The current research distinguishes itself from
effectiveness of transformer-based models related works by focusing on a code-mixed
like mBERT for handling code-mixed Hausa-English question answering (QA) task,
language tasks, especially where contextual rather than text classification tasks like hope
understanding is essential. speech or sentiment detection. For instance,
Unlike prior studies-such as Hossain et al. Hossain et al. (2021) explored multilingual
(2021) and Dos Santos Neto et al. (2020) hope speech detection using various machine
which focused on simpler tasks like sentiment learning and deep learning models, including
or hope speech detection in social media SVM, CNN+LSTM, and transformer-based
contexts, this research targets a more complex models (MBERT, Indic-BERT, XLNet, and
QA task that demands deeper language XLM-RoBERTa), applied to social media
comprehension. Moreover, previous works posts. Their best model achieved an F1-score
typically relied on general-purpose social of 0.602, which is significantly lower than that
media datasets, while this study utilizes of our model.

HausaSQUAD, a domain-specific dataset Similarly, Dos Santos Neto et al. (2020)
crafted for code-mixed QA applications. focused on sentiment analysis of code-mixed
The customized dataset, combined with tweets, utilizing an ensemble of language
MBERT fine-tuning and advanced models including MultiFiT, BERT, ALBERT,
tokenization techniques like WordPiece, and XLNet. Their system yielded a higher F1-
enables better handling of language transitions score of 76.9, which is comparable to the
and nuanced meanings. These methodological 77.06 Fl-score achieved in this study.
advantages contribute to the improved However, their work was limited to short-form
performance observed in this research. A tweet data and simpler classification tasks.

comparison with metrics from related studies

Table 3: Comparative Performance with Previous Studies

Study Task F1 Score Dataset Type

Hossain et al. (2021)  Hope Speech Detection  60.20 Code-mixed Social Media

Dos Santos Neto et Sentiment Analysis 76.90 Code-mixed Tweets

al. (2020)

This Study Question Answering 77.06 Code-mixed SQUAD
(QA)
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In contrast, our research applies mBERT
fine-tuned with the WordPiece tokenizer to
the HausaSQUAD dataset, addressing the
more complex task of question answering in
a code-mixed environment. It achieved the
highest performance across several metrics,
with Accuracy (79.03%), F1 Score (77.06%),
and ROUGE (51.79%), demonstrating the
model’s strength in understanding context,
managing code-switching, and generating
relevant answers. This highlights the superior
effectiveness of our method in handling
linguistically rich, low-resource, code-mixed
QA tasks compared to earlier studies focused
on simpler, classification-based problems.
Discussion of Results and Comparative
Analysis

The experimental results clearly demonstrate
the superiority of the transformer-based
mBERT model for code-mixed Hausa-
English question answering. Achieving an
accuracy of 79.03% and an F1 score of
77.06%, mBERT effectively captures the
complexities of code-mixing by
understanding contextual nuances and cross-
lingual relationships within the text. This
highlights the significant advantage of using
pre-trained transformer models for intricate
multilingual tasks.

Compared to related studies, mMBERT
outperforms earlier approaches. For example,
Hossain et al. (2021) reported a lower F1
score of 0.602 in hope speech detection on
social media posts, indicating that traditional
machine learning and even some deep
learning methods face challenges with the
subtleties of code-mixed data, especially in
complex tasks like question answering. This
underlines the value of large-scale pre-
training and sophisticated architectures
embodied by mBERT.

Similarly, Dos Santos Neto et al. (2020)
achieved an F1 score of 76.9% for sentiment
analysis on code-mixed tweets using an
ensemble of language models. While notable,
sentiment analysis is a less complex task
compared to question answering, which
demands a deeper grasp of context and
semantic  relationships-a  strength  of
mBERT’s design. The comparison also
reveals a research gap: most prior work on
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code-mixed language processing focuses on
classification tasks rather than question
answering. This gap presents a promising
avenue for future exploration, particularly the
adaptation of transformer models for diverse
code-mixed QA applications.

Performance Error Analysis

In order to better understand the strengths and
limitations of the models trained on the
HECM-QA dataset, a detailed error analysis
was conducted. The analysis focused on
identifying patterns in incorrect predictions,
particularly where the models failed to
extract the correct answer spans or
misinterpreted the code-mixed context.
Sources of Errors

Several factors contributed to errors observed
during model evaluation. First, sentences
with heavy interleaving of Hausa and English
tokens posed a significant challenge,
particularly for LSTM and RNN models,
which struggled to maintain contextual
continuity. For example, in the context
“Musa ya cancel his meeting saboda traffic
jam,” the question “Why did Musa cancel his
meeting?” was incorrectly answered by the
LSTM as “his meeting” instead of “because
of traffic jam,” illustrating the difficulty of
mapping Hausa causal phrases to English
semantics.

Second, certain Hausa words absent from the
pre-trained mBERT vocabulary were broken
into multiple subwords during tokenization.
While mBERT can process subwords,
excessive  fragmentation  occasionally
reduced semantic clarity and led to
mispredictions.

Third, ambiguity in context also contributed
to errors, especially in passages containing
multiple plausible answer spans. For
instance, given the context “Fatima da Aisha
went to kasuwa, amma Fatima left early” and
the question “Who went to kasuwa?”, the
model predicted only “Aisha” instead of
“Fatima and Aisha,” resulting in a lower F1
score despite partially correct understanding.
Fourth, long contexts exceeding the
maximum sequence length of 384 tokens
sometimes caused the correct answer to fall
outside the active input window when using
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a doc stride of 128, particularly in descriptive
passages, leading to mispredictions.

Finally, subtle semantic relationships posed
challenges for the models, as transformer
architectures occasionally misinterpreted
nuanced meanings conveyed through mixed-
language idioms or hybrid expressions. For

example, in the context “Zainab is cooking
food in kitchen saboda guests suna coming
tonight,” the model incorrectly predicted
“cooking food” instead of “because guests
are coming tonight,” highlighting the
difficulty of capturing cross-lingual semantic
cues.

Model-Specific Observations

Mostly minor span misalignments; strong contextual understanding; errors in very long
or highly code-mixed contexts.

Struggled with cross-lingual dependencies; frequently mispredicted Hausa-English
causal phrases.

Weak handling of both long contexts and code-mixed patterns; frequent omission of
RNN  relevant answer spans.

MBERT

LSTM

The analysis indicates that pre-trained
transformer models like mBERT
significantly = reduce = common  errors
compared to sequential models (LSTM,
RNN), particularly in handling code-
switching, long-range dependencies, and
cross-lingual semantics.

Paired t-Test Analysis
Null Hypothesis (Ho): There is no significant difference in performance between mBERT
and baseline models (LSTM/RNN).
Alternative Hypothesis (H:): mBERT performs significantly better than baseline models.
Results:

Statistical Significance Testing

To validate that the observed performance
differences among the models are statistically
meaningful, paired t-tests and bootstrap
resembling were conducted on the evaluation
metrics (Accuracy, F1, and ROUGE) across
the test dataset.

Comparison Metric t-statistic p-value Significance (¢=0.05)
MBERT vs LSTM Accuracy 5.78 0.0002  Significant
mBERT vs RNN  Accuracy 9.41 <0.0001 Significant
MBERT vs LSTM F1 Score 6.12 0.0001  Significant
MBERT vs RNN  F1 Score 10.02 <0.0001 Significant
mBERT vs LSTM ROUGE 4.85 0.001 Significant
mBERT vs RNN  ROUGE 8.91 <0.0001 Significant

Interpretation: The p-values are all below 0.05, confirming that mBERT’s superior performance is
statistically significant across all evaluated metrics.

Bootstrap Resampling

A bootstrap method with 1000 iterations was applied to estimate confidence intervals for F1
scores.

95% Confidence Intervals for F1 Scores:

Model F1 Score 95% CI

mBERT 77.06 [75.42, 78.65]
LSTM  62.17 [60.10, 64.21]
RNN 5054 [48.73, 52.21]
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Interpretation: The confidence intervals do
not overlap between mBERT and baselines,
reinforcing the conclusion that the observed
performance gap is robust and not due to
random variation.

Key Insights
1. mBERT’s superiority is statistically
validated, confirming that

transformer-based models are better
suited for code-mixed Hausa—English

QA tasks.

2. LSTM and RNN models
underperform primarily due to limited
ability to  model long-range
dependencies and  cross-lingual
semantics.

3. Error patterns suggest  further

improvement is possible with:

o Larger annotated datasets

o Better handling of long contexts

o Enhanced code-mixed embeddings

or language-specific tokenization

The performance analysis, together with
statistical significance testing, confirms that
MBERT consistently outperforms LSTM and
RNN models across all key metrics, including
Accuracy, F1, and ROUGE, when applied to
code-mixed Hausa-English guestion
answering tasks. This demonstrates that pre-
trained multilingual transformers are highly
effective at handling the complexities of code-
switching, cross-lingual context, and low-
resource language scenarios.
Moreover, the study highlights a critical gap in
resources: the limited availability of large,
high-quality, annotated code-mixed datasets.
Addressing this gap is essential for further
progress, as the development of richer datasets
would enable more robust training, improve
model generalization, and support advanced
research in multilingual and code-mixed
language understanding.
In summary, mBERT proves to be a reliable
and robust solution for complex code-mixed
QA tasks, while future advancements depend
on the expansion and quality of code-mixed
linguistic resources.
Conclusion
This study demonstrates that transformer-
based models, such as mBERT, are highly
effective for processing code-mixed language
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tasks, underscoring their significant potential
in multilingual natural language processing.
For future research, emphasis should be
placed on developing larger and more
comprehensive annotated datasets,
experimenting with alternative transformer
architectures, leveraging  cross-lingual
learning techniques, incorporating linguistic
knowledge, and deploying these systems in
real-world applications to further enhance the
understanding and processing of code-mixed
languages.
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