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Abstract: Code-switching, which is the mixing of words or phrases from multiple, grammatically distinct languages,
introduces semantic and syntactic complexities to sentences which complicate automated text classification. Despite
code-switching being a common occurrence in informal text-based communication among most bilingual or
multilingual users of digital spaces, its use to spread misinformation is relatively less explored. In Kenya, for instance,
the use of code-switched Swahili-English is prevalent on social media. Our main objective in this paper was to
systematically re- view code-switching, particularly the use of Swahili-English code-switching to spread
misinformation on social media in the Kenyan context. Additionally, we aimed at pre-processing a Swahili-English
code-switched dataset and developing a misinformation classification model trained on this dataset. We discuss the
process we took to develop the code- switched Swahili-English misinformation classification model. The model was
trained and tested using the PolitikKweli dataset which is the first Swahili-English code-switched dataset curated for
misinformation classification. The dataset was collected from Twitter (now X) social media platform, focusing on text
posted during the electioneering period of the 2022 general elections in Kenya. The study experimented with two types
of word embeddings - GloVe and FastText. FastText uses character n-gram representations that help generate
meaningful vectors for rare and unseen words in the code-switched dataset. We experimented with both the classical
machine learning algorithms and deep learning algo- rithms. Bidirectional Long Short-Term Memory Networks
(BiLSTM) algorithm showed the best performance with an f-score of 0.89. The model was able to classify code-
switched Swahili-English political misinformation text as fake, fact or neutral. This study contributes to recent research
efforts in developing language models for low-resource languages.

Index Terms: Code-switching, Swahili, Low-resource Languages, Misinformation, Text Classification.

1. Introduction

Social media platforms such as Twitter (how X) offer uncensored channels for information dissemination which
em- boldens users to share unverified news or misinformation. In the review of misinformation, the study by [1]
concluded that the two most popular definitions of misinformation are ‘false and misleading information” and ‘false and
misleading information spread unintentionally’. Despite social media platforms” strict policies against misinformation
amplification and penalisation of misinformation spreaders, cases of false news and misinformation are still being
flagged on the plat- forms. In the instance of the 2022 general elections in Kenya, misinformation in the form of fake
polls, unverified electoral results, and unsubstantiated statements from political parties [2] were common on Twitter
(now X). The major challenge has always been how cases of misinformation can be automatically flagged, especially on
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these platforms. There have been several works on misinformation detection and fake news detection in the recent past
as discussed in section 2.

However, there are still open questions about not only the unavailability or quality of available training data but
also the efficiency of existing models [3], especially for languages that are considered low-resource.

The main issue with this classification task is availability of high-quality, labelled datasets. Misinformation
classification depends on labelled datasets for the particular language. However, low-resource languages do not have
adequate labelled data [4-6]. Furthermore, the multilingual nature of communities leads to the use of code-switching
while communicating on social media, which complicates automated text classification. Code-switching is the shift
from one language to another within a single utterance [7] that introduces complexity to a phrase or sentence’s
semantics. This grammatical complexity not only necessitates that the human annotators be conversant with both
languages used during data annotation but also complicates the word embedding process which generates vector
representation of words. The lack of data problems hinders efforts to build robust code-switching models since the
available monolingual data do not follow the same patterns as code-switching [8].

Since the accuracy of misinformation detection classifiers is dependent on the training dataset used, there is a need
to use a high-quality, task-specific dataset. For this study, we used the PolitiKweli! dataset created by [9], which is the
first code-switched Swahili-English dataset curated from posts from Twitter on the electioneering period in Kenya. The
dataset contains 6,345 code-switched Swahili-English texts manually annotated in three categories: fake, fact and
neutral. The dataset was processed by data cleaning to remove missing values, detailed anonymization, removal of
stopwords, tokenization and feature extraction.

Handling code-switching is challenging as the nuances of the two or more languages in the text should be captured
should be captured in order to flag a text as either fake or factual accurately. Previous researchers working on code-
switching have experimented with different word embeddings to capture the code-switching [10-12], as shown in
section 2.2. In this paper, we explore the use of an ensemble of word embedding models for a code-switched dataset to
be able to handle the semantic complexities of code-switching due to semantic variations of words. We used a
combination of two embeddings, Global Vectors (GloVe) [13] which provides accurate contextual embedding by
emphasising the co-occurrence probabilities of words within a corpus of texts [14] and FastText [15] which represents
words by a sum of its character n-grams [16] considering sub-word information (morphology) thus is able to accurately
represent out-of- vocabulary words which exist in a code-switched dataset such as the one used in this study.

In order to build baseline models, we experimented with both traditional machine learning models and transformer-
based models. For traditional machine learning models, we utilized Logistic Regression (LR) and the Multilayer
Perceptron (MLP). For transformer-based model, we utilized the Bidirectional Encoder Representations from
Transformers (BERT) [17] and Text-to-Text Transfer Transformer (T5) [18]. We got best results using Bidirectional
Long Short-Term Memory Networks (BiLSTM) that showed improved precision in classifying the text.

Our contributions in this study are therefore:

. A systematic review of existing datasets and models for classification of code-switched data in low-resource
languages.

. Generation of word embeddings for a Swahili-English code-switched dataset which capture semantic and
syntactic nuances of code-switching.

« A BiLSTM-based code-switched Swahili-English misinformation classification model trained using a high-
quality code-switched dataset.

. Validation of the code-switched dataset using both traditional and deep learning models.

The rest of the paper is structured as follows: section 2 discusses related work while section 3 outlines the dataset
used. Section 4 describes the methodology; section 5 illustrates the model design while section 6 discusses results from
experiments. We offer ethical considerations, conclusions and recommendations for future work in sections 7 and 8
respectively.

2. Related Works

A number of previous studies [10-12, 16, 19-23] have developed machine learning datasets and models for
classification tasks such as misinformation, fake news, sentiment and hate speech classification. Despite most of them
being for high-resource languages, mostly English, there has been increased effort in development of language
resources for low-resource languages such as Swahili and other indigenous African languages [4, 24-30]. This section
reviews different approaches to the task of misinformation classification, the challenge of bilingual or multilingual
communities including the art of code-switching and its influence on informal text-based communication. It also
highlights some of the models developed for classification tasks involving code-switching and existing datasets,
especially code-switched datasets in low-resource languages.

1 https://github.com/jayneamol/kweli
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Table 1. Example Datasets on misinformation detection and corresponding labels

Study Task Label
[9] Misinformation classification *fake’, *fact’, *neutral’
[11] Misinformation classification ’misinformation’, *no misinformation’
[19] Misinformation classification ’misinformation spreaders’, ‘real news spreaders’
[20] Fake news detection *fake news’, "not fake news’
[31] Fake news detection *fake’, ’real’
[32] Fake news detection *fake’, real’
[33] Fake news detection *fake news’, ’real news’

2.1. Misinformation Classification

Dissemination of unverified news is often described broadly as fake news detection or misinformation
classification. Fake news is defined by [34] as news reports that are untrue or exaggerated. The study proposes the use
of machine learning, deep learning and pre-trained models to identify linguistic and user features in data for fake news
detection. Misinformation, on the other hand, is defined by [35] as inaccurate information that is deliberately created,
intentionally or unintentionally spread. [36] points out that misinformation is any kind of false or misleading
information. Despite this subtle difference in definition, the key characteristics that define both fake news and
misinformation are authenticity of the information and the intent of the spreader [37].

Studies such as [11, 19, 38] examine misinformation classification. The study by [11] explores the use of deep
learning models in binary classification by classifying posts on Facebook and Twitter as either ‘misinformation’ or ‘no
misinformation’. In the study [19], users are classified as misinformation or real-news spreaders based on posted web
links and posting history on the social media platform Reddit. In their modelling of a framework for fact verification,
the study [39] uses a T5 model to create the *LisT5’ framework.

In [20, 31-33, 40-42], fake news detection is discussed. Using both deep learning and transformer-based models
such as Hindi-BERT, Hindi-TPU-Electra, mBERT and DistilBERT, [41] models a propaganda detection model in the
low-resource language, Hindi. The study [14] uses deep learning models to detect fake news detection in mainstream
news channels. On the other hand, [31] uses a combination of both traditional and deep learning methods to detect fake
news on Twitter. The study by [32] experiments with BERT and LSTM models to classify news as either real or fake.
[20], using the dataset ‘FakeNewsNet’, built a diffusion graph of news spreaders and used Graph Attention Network to
do binary classification of the resulting diffusion tree while [33] used domain reputations and content characteristics to
classify fake and real news. These recent studies achieved the best performances using either deep learning or
transformer- based classification models demonstrating their ability to classify text better compared to traditional
models

The output classes of classification models depend on the labels assigned to texts during annotation. Most
misinformation and fake news classification models use data labelled in binary, fake or false. As shown in Table 1, the
most used labels are fake or real/fact.

A. Use of Code-Switching in Misinformation Dissemination on Social Media

Social media platforms such as Twitter are channels for social commentary and political engagement [43]. Most of
the discussions can impact the agenda of mainstream media and offline political life [44]. During such discussions,
speakers, especially those from multilingual communities, often mix languages as they converse. Mixing languages is a
common occurrence among speakers of more than one language, especially among peers who are fluent in each
language [45]. Similar to the use of Spanglish (Spanish-English) in the Americas and Hinglish (Hindi-English) in India,
Swahili-English is used among some speakers of Swahili in East and Central Africa due to colonial influence [46].

The alteration between two or more languages in the same sentence is considered code-switching (CS) [47] and is
common in speech and casual text as found in social media. CS is a common consequence of multilingualism [48].
Among multilinguals, a degree of CS is expected to occur in almost every scenario [45]. [49] argue that 3.5% of tweets
are code-switched. This is a significant percentage considering the massive number of tweets shared on a daily basis.
CS has variations - from intra-sentential to inter-sentential to emblematic [50, 51] make social media text challenging to
process [47]. Table 2 shows some of the common code-switching variations in textual data.

Code-switching is often employed to express ethnic identity and convey various emotions [52]. In mostly bilingual
countries such as Kenya, users of social media use code-switching to express their views. Despite the increased use of
code-switching, this field is relatively unexplored, especially in its use to spread misinformation. Table 3 shows some of
the existing code-switched datasets.

Misinformation can be spread in social media and the use of code-switching makes it even harder to detect. In the
case of the 2022 general elections in Kenya, the social media platform Twitter (now X) flagged and labelled multiple
posts relating to misleading news like fake polls, unverified electoral results and unsubstantiated statements from
individuals or organisations. These cases can potentially fuel more chaos and distrust online and spiral into violence
offline [2, 9]. Despite cybercrime mitigation efforts such as the signing of the Computer Misuse and Cybercrimes Act
2018 that exposes internet users who publish false or misleading information to stiff penalties [43], the anonymity
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offered by social media emboldens users [53] to share unverified news.

With the increased use of code-switching among bilingual and multilingual communities in casual text-based
communication such as social media [45], the development of more accurate language models trained using code-
switched data will contribute immensely to research into more inclusive language technologies.

Table 2. Code-switching variations

Language Text Type

len |swa |en |swa |voting |ni[is] |jukumu[responsibility] |of |wananchi[citizens] Intra-sentential
|swa |eng [tunapenda nchi yetu [we love our country] |maintain peace Inter-sentential
leng |swa |your candidate won |ama [right] Emblematic

Table 3. Example Code-switched datasets and feature extraction for various classification tasks

Study Feature extraction Classification model
Hindi-English hate speech classification [10] FastText, word2vec, GloVe, BERT LSTM, CNN
Luganda-English misinformation classifi-cation [11] TweetToSparseFeatureVector filter DMNB, SVM
Swahili-English hate speech detection [12] TD-IDF and GloVe NB, SVM, KNN, DT, RF, CNN

English-Yoruba, and Nigerian Pidgin abu- Twitter-RoBERTa Twitter-RoBERTa-base
sive language and hate speech detection [54]
BERT, ROBERTa,

BERT, DeBERTa

Urdu-English propaganda detection [55] mBERT,

B. Existing Datasets on Misinformation Detection

Previous studies [19, 56] have developed datasets for misinformation classification in languages that are
considered high-resource. In this study, we focus on languages that are considered to be low-resource such as
indigenous languages in parts of Africa.

Increased communication in digital and social media in a continent like Africa with over 2,000 languages [27] has
sparked interest in computational linguistics, steadily increasing research efforts into low-resource language resources
and by extension code-switching. Despite the small-scale size of these datasets and their task-specific nature [57],
curation of these datasets is a crucial step towards language inclusion. Some the existing code-switched datasets for
misinformation classification were curated by [9] and [11].

Politikweli by [9] is a dataset for misinformation classification. The dataset, sourced from the social media
platform Twitter, contains 29,510 texts: 6,345 in code-switched Swahili-English, 22,954 in Kenyan English and 211 in
Swahili. The data was labelled as fake, fact or neutral by a group of human annotators. The dataset built by [11] is a
Luganda- English code-mixed COVID-19 misinformation classification dataset consisting of 12,049 tweets and
430,000 Facebook posts collected from Twitter and Facebook respectively using APIs. The text was annotated as either
“misinformation” or “no-misinformation”.

C. Existing Code-switched Datasets for other Classification Tasks

Despite the increasing research into misinformation classification, there are few datasets curated for this task. In
this section, we review some of the code-switched datasets for other classification tasks including propaganda and hate
speech detection which follow a similar methodology as misinformation classification.

Studies such as [10, 12, 54, 55] focus on classification tasks for code-switched English-Yoruba, English-Urdu,
Hindi- English, and Swahili-English language pairs respectively. EkoHate by [54] is a code-switched English, Yoruba,
and Nigerian Pidgin (Naija) abusive language and hate speech dataset consisting of 3,398 annotated tweets posted
during the 2023 general elections in Nigeria. The text was annotated by human annotators in two categories: normal or
offensive. The study by [55] curated a propaganda detection dataset comprising of 1,030 texts code-switching between
English and Roman Urdu. The text is annotated using 20 propaganda techniques.

The study by [12] resulted in a code-switched Swahili-English hate speech dataset of 260,000 tweets collected
from Twitter using Twitter API. The data is then pre-processed by removal of unusable tweets. Annotation was done by
a team of human annotators. Indian Political Memes (IPM) by [10] is a code-switched dataset Hinglish (Hindi-English)
for hate speech classification sourced from social media. The memes (satirical images with text) were collected by
identifying keywords and downloading images based on them, resulting in a corpus of images containing 5,000 images.
The data was processed by removing blurry images and images with no text. The clean data was then annotated as hate-
inducing or not by human annotators.

2.2. Feature Extraction

The accuracy of language models in Natural Language Processing (NLP) is anchored on the quality of the dense
word representations of text in the training data. Several word embeddings, including Word2Vec [58], FastText [15],
GloVe [13], BERT (Bidirectional Encoder Representations from Transformers) [17] and ELMo (Embeddings from
Language Models) [59] have been developed over the years.
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Feature extraction, in this case, embedding, is the process of generating numerical data from textual data. Word
embedding helps understand semantics and find contextual clues [34] which is essential in NLP. During embedding,
words and phrases are mapped into n-dimensional dense vectors of real numbers that effectively capture the semantic
and syntactic relationship with neighbouring words in a geometric way [60].

We reviewed studies on classification tasks involving code-switching and the choice of various embedding to
represent the features in the text or images in the datasets used. The study [12] that used GloVe embeddings and Term
Frequency- Inverse Document Frequency (TF-IDF) vectorizers noted that the use of a single embedding, especially in a
code-switched Swahili-English set-up, impacts model accuracy negatively.

The study [10] experimenting with FastText, Word2Vec, GloVe and BERT embeddings with a code-switched
Hindi- English dataset concluded that a combination of word embeddings (FastText and GloVe) yields better results
and improves precision [16].

GloVe, pre-trained embeddings trained on large sets Common Crawl, Wikipedia and Twitter data, emphasises the
co-occurrence probabilities of words within a corpus of texts in order to embed them in meaningful vectors making it
better at contextual embedding [14]. FastText, on the other hand, represents words by a sum of its character n-grams
considering sub-word information (morphology), allowing for sharing the representations across words, thus the ability
to learn reliable representations for rare words. A combination of the two is able to capture unique datasets such as
code-switched datasets.

Table 3 shows the feature extraction techniques used by some of the code-switched datasets for misinformation
classification tasks. Studies that use transformer-based models [54, 55] utilise the self-attention mechanisms [61] of
these transformer models for feature extraction. However, models implemented using deep learning algorithms [10-12]
have an embedding layer that uses mostly GloVe and FastText as the models are pre-trained on social media data.

2.3. Classification Models

Classification tasks involving code-switched datasets have experimented with both traditional machine learning
mod- els such as Support Vector Machine (SVM), Random Forest (RF), Decision Trees (DT), deep learning models
such as Recurrent Neural Networks (RNNs) and pre-trained language models such as transformer-based BERT. Due to
the semantic complexity of text in code-switched texts, RNNs ability to learn from training input sequentially enables
better learning of semantic features of text thus more accurate classification

Traditional machine learning algorithms have limitations in text classification and representation of semantic
features. Deep learning methods overcome these limitations [62]. RNNs such as Bidirectional Long Short-Term
Memory Network (BiLSTM) offers better predictions for sequential data because of additional training by traversing
the input data twice (i.e., left-to-right, and right-to-left) [63].

The study [14] experimented with SVM, RF, DT, Long Short-Term Memory Network (LSTM) and Gated
Recurrent Unit (GRU) sequential deep learning models using the dataset ‘ISOT’. The results of the study show that
LSTM and GRU maodels performed better than machine learning models SVM, RF and Decision Trees for performance
evaluation done for accuracy, recall, precision, and f-score. An accuracy of 98.9% was achieved by the model compared
to 77.5% by Random Forest, 76.3% by Decision Trees and 78.1% by SVM. This showed that deep learning methods
outperform traditional machine learning models.

The studies by [12, 64] discuss hate speech detection. [64] utilise Bidirectional Auto-Regressive Transformers
(BART) large model and few-shot prompting using Generative Pre-trained Transformer- 3 (ChatGPT-3) to classify
misogyny in code-mixed Hindi-English (Hinglish). This study noted better results with the zero-shot learning approach.
In the study, [10] used the code-switched dataset ‘IPM’ with LSTM and CNN models for multi-modal data
classification. The performance metrics used are precision, recall and f-1 score. This study notes that deep learning
techniques, with an accuracy of 82% compared to Random Forest’s 72%, perform better. Additionally, the use of a
combination of word embeddings is noted to have improved precision to up to 84%.

3. Dataset

As explained earlier, the development of models for misinformation detection relies on the availability of
annotated datasets to train such models. For this study, we used the PolitiKweli dataset? [9]. The Politikweli dataset is
the first Swahili-English code-switched dataset for misinformation classification curated from texts on the
electioneering process posted during the 2022 general elections in Kenya on the social media platform X (formerly
Twitter)®.

The dataset curation process involved the data collection and pre-processing steps:

. Collection of textual data using Twitter APl (now X API v2).4
. Manual language identification to eliminate any non-Swahili-English code-switched sentences.
. Data cleaning to remove non-alphanumeric characters, obscenities and non-textual data.

2 This dataset is publicly available at https://zenodo.org/records/10228602
3 https://twitter.com/
4 https://developer.x.com/en/docs/x-api
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. Data anonymisation to remove all personal identifiers of individuals to protect their identities.

. Data annotation into three categories: fake, fact or neutral by teams of human annotators.

. Data normalisation by removal of punctuation marks and stop-words, lower-casing and removal of missing
values.

3.1. Dataset Analysis

The dataset has a total of 29,510 texts in code-switched Swahili-English (swa-en), Kenyan English (en-ke) and
Swahili (swa) labelled as fake, fact or neutral. The code-switched Swahili-English (swa-en) dataset, which was the main
focus of the study, has 6,345 texts whose label distribution is as shown in Table 4. The M-index [65] of the dataset is
0.48 indicating moderate code-switching (an almost equal number of Swahili and English words in each sentence). This
points to a highly diverse dataset.

Table 4. Distribution of texts

Label Number of texts
Fake 1,030
Neutral 4,064
Fact 1,221

3.2. Data Sampling

There was a substantial class imbalance in the distribution of text in the fake, neutral and fact classes which could
skew classification [66]. The majority class (neutral) had more data points compared to the minority classes (fake and
neutral), requiring the use of resampling techniques to avoid the model classifying instances of the minority class in the
majority class [67]. According to the review of sampling techniques for imbalanced datasets by [68], standard
classification algorithms’ performance is negatively affected by imbalanced datasets necessitating the use of sampling
procedures. These algorithms assume that the number of samples is equal, with equal cost of misclassification during
training [69]. The use of hybrid techniques, unlike single techniques such as Condensed Nearest Neighbours (CNN) and
Neighborhood Cleaning Rule (NC) [68] boosts the quality of the resulting dataset, increasing model performance [66].
This is because hybrid techniques achieve optimal data balance by minimizing the loss of data that often represent
important features while ensuring proper generalization of the model.

We used a hybrid of Synthetic Minority Oversampling Technique (SMOTE) algorithm to oversample the minor-
ity class and Random Under-sampling (RUS) techniques to undersample the majority class [69]. RUS combined with
SMOTE ensures valuable information from the minority class is retained. This hybrid technique effectively captures
nuances in the data without over-generating synthetic data points.

4. Methodology

We used an experimental research design in this study. This section explains the methodology we used, starting
from dataset preparation, feature extraction and model development as depicted in Figure 1.

Annotated data |

(fact, fake or neutral)

Data preparation

l

Feature extraction

I

Model development

Fig.1. Experimental research design

4.1. Dataset Preparation

The textual data in the dataset was already pre-processed by [9] where any unusable texts or characters were
removed and anonymised to protect the identity of users mentioned. For the data preparation step, we removed
stopwords, split the dataset and tokenized the text.
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A. Removal of Stopwords

We removed English stopwords using the Python Gensim library® version 4.3.2 and Swahili stopwords using the
Python NoelNLP® package. Stopwords are frequently occurring words in a corpus that might only be included for
syntactic purposes [70]. We removed English words like *the’, ’in’, *they’, why’ and Swabhili words like *hii’ (this), 'na’
(and), ni’ (it is), among others. For Swahili, we relied on the Swahili stopword list by [71] and the Swahili stopwords
for NLP generated using the Python NoeINLP package.

B. Data Tokenization

The code-switched Swahili-English tweets were already in phrases and sentences. We used the Python Gensim
library to split the sentences and phrases into sub-words. This word-level tokenization process generated sequences of
sub- words tokens from the sentences. A sentence such as ‘lazima citizens kuwa responsible piga kura’ (citizens need to
be responsible vote) was broken down to [’lazima’, ‘citizens’, ‘kuwa’, ’responsible’, *piga’, ’kura’]. The tokenization
process resulted in a total of 89,290 tokens from the phrases or sentences. This tokenization process is necessary as the
sub-word tokens (morphemes or groups of morphemes) allow language models to build stronger representations with
less data. The representations of complex words can be computed from the representations of the sub-words [72].

4.2. Feature Extraction

In order to convert the tokens to meaningful vectors, we used a concatenation of two embeddings: GloVe [13] and
FastText [15]. GloVe contains pre-trained embeddings trained on large sets of Common Crawl, Wikipedia and Twitter
data. This study used the 100-dimensional GloVe vectors trained on 2 billion tweets. FastText contains word vectors
pre-trained on Webcrawl and Wikipedia data. We experimented with two versions of FastText: continuous bag of words
(CBoW) and skip-gram based. The CBoW version generated more accurate vector representations of words. For a
morphologically rich language such as Swabhili, FastText’s ability to break down individual words to respective n-grams
resulted in better representation of the words in the vector space.

The combined data frame had a vocabulary size (number of unique tokens) of 18,083. This large vocabulary size
included the number of out-of-vocabulary words such as misspellings, abbreviations, slang which is commonly used in
social media messaging and hybrid words resulting from Swahili-English conjugation. Some of the words
include "msee’ (person)- slang, tenje (phone) - slang and uda (abbreviation of a popular political party’s name).

4.3. Model Development

We implemented the model using Keras framework with a Tensorflow backend on Google Colaboratory (Colab)
with T4 GPU. For model evaluation, we used the confusion matrix for assessing multi-class classification tasks [73]
such as this study. We used the confusion matrix’s standard metrics of accuracy, precision, recall and f-score for model
evaluation. In addition, we set up experiments using classical machine learning algorithm Logistic Regression (LR),
Artificial Neural Network (ANN) algorithm Multilayer Perceptron (MLP) and the transformer-based Bidirectional
Encoder Representations from Transformers (BERT) as baselines. The model design is explained in Section 5 while the
experimental results are discussed in Section 6.

5. Model Design

The model design had four components: the input (embedding layer), regularisation, BiLSTM and output (dense)
layers.

Embedding layer: The embedding layer contained dense vectors generated by using a concatenation of two pre-
trained embeddings generated from the feature extraction step (see Section 4.2). These dense vectors captured the
semantic and syntactic meanings of the code-switched texts in the dataset for accurate text classification.

Regularisation layers: We implemented a dropout layer of size 0.4 to control weights during feature selection and
experimented with both L1 (Lasso) and L2 (Ridge) regularisation techniques during training. Due to the imbalanced
nature of the dataset, regularisation of weights was essential in preventing overfitting. Regularisation layers also
increased the generalisability of the model, ensuring that the model performed well with unseen data.

BiLSTM layers: A BiLSTM model is a Bidirectional Recurrent Neural Network (RNN) [74] with three gates:
forget, input and output. The forget gate determines whether to forget or keep information in the previous state by
looking at the values of input xt and hidden state ht—1and output value while the input gate decides how much
information in the input text and hidden state should pass through to update the cell state [75].

BiLSTM consists of two LSTM layers, forward and backward therefore representing the full context of the input
data.

The forward LSTM can be represented as:

hforward _ LSTM forward (Xt , h:grward ) (1)

® https://pypi.org/project/gensim/
& https://pypi.org/project/NoelNLP/
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The backwards LSTM can be represented as:
htbackward — LSTM backward (Xt , htllalckward) (2)

A combination of the two reads input reviews in both directions, forward and backwards and can represented as:

ht — (h[forward , htbackword ) (3)

The BIiLSTM layer has two aspects that determine a model’s complexity: the number of units (hidden states) and
the number of layers. We used three BiLSTM layers, each sized 64 to balance the model’s ability to learn dependencies
from the dataset while avoiding overfitting and computational implications of complex models. Given the complex
nature of the Swahili-English code-switched dataset that was used, we experimented with one layer initially and then
gradually increased the layers to three where the highest value of accuracy was achieved This was to ensure that the
model learnt representations of the phrases optimally.

Output layer: The output layer consisted of two dense layers for both feature extraction and classification. The first
dense layer of size 64 aggregated features from the BiLSTM layers while the second dense layer of size 3 and Softmax
activation function served as the misinformation classification (output) layer for the three classes: fake, fact and neutral.

The model architecture is represented in Figure 2. In Figure 2, the labelled data in the dataset is embedded to
convert the words to dense vectors. The three BiLSTM layers capture dependencies and contextual information from
the word representations, while the dense layers classified text in the three classes defined in the labels (fake, fact or
neutral).

s embedding dropout BiLSTM BIiLSTM BILSTM
layer layer layer layer layer
o —» —> —»| —>
~ (Glove + (0.4) (64) 64) 64)
O FastText)
labelled text
fake 5 -
< dense dense
AN layer layer
L
N @) (64)
neutral <

Fig.2. Model architecture
6. Experimentation and Results

We set up a number of experiments: to test the efficiency of the word embeddings, to demonstrate initial and final
performance of the model before and after fine-tuning and to set a baseline for model evaluation with traditional
Machine Learning models. This section first discusses the different experiments, then the model performance across the
different experiments, and later discusses qualitative error analysis.

6.1. Experiments
A. Efficiency of Word Embeddings

In order to establish a baseline with different embeddings, we set up two experiments with individual embedding
models (GloVe only and FastText only) to test the effectiveness of using an ensemble of word embeddings compared to
using only one embedding. The results are shown in Table 5.

Table 5. Model Performance: GloVe (G), BILSTM (B) and FastText (F)

Model Accuracy Precision Recall F-score

G+B 0.63 0.81 0.97 0.88

F+B 0.64 0.80 0.97 0.88
G+F+B 0.66 0.82 0.99 0.89

The experiments done using GloVe and FastText embeddings independently draw a comparison to their
effectiveness in the generation of meaningful vectors to low-resource languages. GloVe vectors and FastText vectors
both used with a BiLSTM model resulted in an F-Score of 0.88. When the vectors are combined by concatenation, the
F-score slightly improved to 0.89 showing the usefulness of using an ensemble of word embeddings compared to a
single one.
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B. Results before and after Fine-tuning

Afterwards, we used the combined embeddings and a BiLSTM model with default configurations of a fixed
embedding layer, one BiLSTM layer (size 32), one dense layer (size 3) as the output layer, learning rate of 0.0001, no
regularisation layer, Adam’s optimizer and sparse categorical cross-entropy. This basic configuration helps the model
learn slowly and steadily, making it less likely to overlook important patterns. The initial configuration resulted in an
accuracy of 0.65.

We then fine-tuned the model to achieve optimal performance. The final dimensions were based on gradual
experimentation. The final model had two BiLSTM layers (size 64), two dense layers (size 64 and 3), learning rate of
0.0004, L2 regularisation layers on every layer to prevent overfitting and Adam’s optimizer with a Softmax activation
function for the multi-class classification task. The additional BiLSTM layer helped the model recognize more detailed
patterns in the data thus classify the data accurately while the added layer size boosted the model’s feature selection
capability. The first dense layer (with 64 units) processed the features better before the final classification, helping the
model differentiate between classes while the second dense layer acted as the output layer for the three classes. By
increasing the learning rate gradually from 0.0001 to 0.0004, the model was able improve performance. The L2
regulariser helps prevent overfitting, enabling the model to generalise unseen data better.

The model was trained over 20 epochs with early stopping. The results of model performance after fine-tuning is
as shown in Table 5. The fine-tuning process marginally improved accuracy to 0.66. Despite the simplicity of the model
and the fewer data points due to the size of the dataset available, the model was able to learn the data features and
classify the data in the three classes: fake, fact or neutral.

C. Baseline Models

We evaluated the model in comparison to other traditional machine learning models such as Logistic Regression
(LR), Multilayer Perceptron (MLP), transformer-based monolingual Bidirectional Encoder Representations from
Transformers (BERT) and Text-to-Text Transfer Transformer (T5). The results of the model performance against the
baseline models are shown in Table 6.

Table 6. Comparison of model performance

Model Accuracy Precision Recall F-score
MLP 0.62 0.60 0.62 0.61
LR 0.66 0.62 0.67 0.58
BERT 0.53 0.52 0.76 0.62
T5 0.80 0.64 0.79 0.71
BiLSTM 0.66 0.82 0.99 0.89

. Logistic Regression (LR): LR is a statistical model that can be modified for multi-class classification tasks
using the ‘multinomial’ strategy. It yields less discriminative and generalisable models in label classification
[76] and is simpler to implement. As a baseline model, LR provides a reference base for more complex deep
learning models. The LR model used in this experiment had a layer size of 100, L2 regulariser, multinomial
class and was trained in 100 epochs until convergence.

. Multilayer Perceptron (MLP): MLP is a class of feed-forward artificial neural networks that consists of fully
connected hundreds of thousands of neurons that can be used for NLP [77]. For the baseline model in this
study, MLP offers a middle-ground comparison, performance-wise, between a simple LR to a more complex
RNN such as the BiLSTM. The MLP model’s embedding layer generates meaningful vectors to represent the
textual data. Additionally, the multiple hidden layers capture complex patterns in the data for misinformation
classification. The configuration of the model used by this study was an input layer consisting of TF-IDF
vectors, hidden layer size 100, L2 regulariser to prevent over-fitting and rectified linear unit ‘relu’ activation
function. The model was trained over 300 epochs until convergence.

. Bidirectional Encoder Representations from Transformers (BERT): BERT model [17] is a state-of-the-art
transformer- based model that is pre-trained on Wikipedia data. It has a self-attention mechanism that enables
it to observe relationships between words making it appropriate for a semantically complex dataset such as the
one in this study. The BERT model used by this study had one dense layer, 0.1 dropout, Adam’s optimizer,
categorical cross-entropy, trained in 5 epochs initially, then 10 epochs with early stopping [9].

«  Text-to-Text Transfer Transformer (T5): T5 [18] is a full encoder-decoder transformer-based model pre-
trained on The Colossal Clean Crawled Corpus, which is a cleaned version of Common Crawl’s text. As this
was a text-based task, the T5 model’s ’text-to-text” approach in input/output generation, generalisability and
pre-training on natural language corpora made it a viable baseline for model evaluation. For experimentation,
we used the ’t5-small’ version of the T5 model, and trained batch sizes of 8 in 10 epochs at a learning rate of
0.00002.
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6.2. Model Evaluation

The model performance comparison is plotted in the histogram in Figure 3. As shown in Figure 3, the BiLSTM-
based model shows improved performance compared to the baseline models (LR, MLP, BERT and T5). This can be
attributed to the feature extraction process, which utilised an ensemble of word embeddings pre-trained on social media
data. The BiLSTM model was also fine-tuned to achieve optimal values of accuracy, precision, recall and f-score. From
the scores, it is evident that for a code-switched dataset with a morphologically rich language such as Swahili, accurate
representation of out-of-vocabulary words through the use of pre-trained embeddings improves the model classification
accuracy.

Comparison of Model Performance

0.8
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0.4
02

0

Accuracy Precision Recall F-score

Scores

Metrics

OMLP OLR HEBERT ET5 EBILSTM
Fig.3. Comparison of model performance

This work can be compared to previous studies by [10] and [16] which experimented with an ensemble of word
embeddings and a code-switched dataset with deep learning models, respectively. [16] achieved an f-sore of 0.81 using
a combination of GloVe and FastText embeddings with an English dataset while [10] achieved an f-score of 0.76 using
a code-switched Hindi-English hate speech classification dataset and ensemble of word embeddings with deep learning
models. The model developed by this study performed at per with notable improvements in performance. Given the
complexity of the model architecture and the diversity of the dictionary for a code-switched dataset, the model
presented in this study performs comparatively better.

6.3. Error Analysis

We conducted an error analysis by examining the false positives (FP) (incorrectly predicted as misinformation) and
false negatives (FN) (incorrectly predicted as not misinformation). The number of FP and FN cases determines the
classification model’s ability to make predictions. We went further to interrogate possible reasons for incorrect
predictions and identify patterns in the errors with the aim of offering insights into improving the model’s performance.
Table 7 shows sample text with its correct label against the model’s prediction.

As shown in Table 7, we randomly selected 10 sentences to ensure a non-biased sample of the model’s predictions
for analysis. The model was able to accurately classify 6 out of the 10 classes correctly indicating moderate accuracy.
While the model demonstrates good performance overall, especially in classifying neutral texts, there are specific areas
where the model struggles. The model accurately classifies data as neutral due to the larger number of training data
labelled as neutral compared to the rest of the classes. Despite the resampling techniques employed to counter model
bias towards the majority class, neutral, the model still showed elements of bias towards predicting neutral labels,
making it less effective at distinguishing between fact and misinformation.

Table 7. Error analysis

S.No. Sample text True label Predicted label
1 winner including nyinyi wote ni wetu na tunawapenda neutral neutral
2 independent mps joined kenya kwanza government coalition makofi fact neutral
3 user remember thou promises kazi ni kazi neutral neutral
4 vote peacefully usisahau yeye ni jirani yako fact fact
5 ukiwa unregistered allowed vote any polling station uchaguzi fake fake
6 primary data iko iebc portal media tallying determine winner iebc fact neutral
7 sasa mbona ulikubali kufuata losing team neutral neutral
8 siasa ni kujipanga friend user neutral fact
9 iebc summons user mp wednesday vote rigging claims fact fact
10 hakuna mtu kirinyaga who voted baba fake neutral
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For instance, examples 2 and 6 are labelled as fact, yet the model classifies them as neutral. This is likely because
the content of these texts contains neutral language, even though the underlying information is factual. This suggests
that the model struggles to detect more subtle factual cues and relies heavily on surface-level patterns, such as tone or
phrasing. Moreover, in example 8, the model incorrectly predicts a neutral text as fact. This highlights the difficulty the
model has in distinguishing between fact and neutral, suggesting that there is a fine line between these two categories in
the current dataset. The close similarity between neutral and factual statements can be attributed to the overlap in the
linguistic features of both classes, making it harder for the model to make accurate distinctions.

Such issues arising from an originally imbalanced dataset such as the one used in this study can be resolved by
developing large-scale, properly balanced datasets to be able to expose the model to varied classes of data and prevent
over- fitting or under-fitting. This can help the model learn more robust patterns. The use of more advanced model
architectures with more accurate vector representation of words in embeddings may also reduce error rates of this
misinformation classification model.

7. Ethical Considerations

The curation process of the dataset used in our study followed the strict data privacy policy by the collection
platform X (formerly Twitter)”. The data was stored securely, access restricted until authorisation and was only shared
according to the terms of the policy. This ensured the safety of the data against unethical access and manipulation.
Moreover, the data was thoroughly anonymised to protect the identities of both users whose posts were collected and
usernames mentioned by posts.

8. Conclusions and Future Work

This study set out to achieve two major tasks. First, systematically review code-switching, highlighting existing
datasets and models developed for classification in low-resource languages. Second, develop a Swahili-English code-
switched misinformation classification model. In the literature review, we discuss some of the advancements in the
creation of language technologies (datasets and models) for low-resource languages for classification tasks including
misinformation classification, hate speech detection and sentiment analysis. This systematic review provides the back-
ground to the unique problem of inadequate datasets and accurate models to classify text, in this case, misinformation in
code-switched Swahili-English, which is considered low-resource. Code-switching is identified as a major setback in
classification tasks as it introduces both syntactic and semantic complexities to text, limiting the accuracy of models
trained on monolingual data to classify code-switched text.

Through experimentation, we demonstrated that using an ensemble of word embeddings, in this case, GloVe and
FastText, generates a more accurate vector representation of text resulting in better accuracies compared to a single
embedding. With an f-score of 0.89, it is evident that the dataset is valuable in this misinformation classification task.
The misinformation classification model resulting from this study can be applied to label text on social media of
political nature as fake, fact or neutral. Automated flagging of fake texts on social media helps with reporting and
removal of these texts to mitigate the spread of misinformation. We, however, recognise the error rate of the
classification model, which might lead to the mislabelling of text towards the neutral class. Continuous training with
larger, high-quality code-switched datasets will improve the model performance substantially. Moreover, the creation
and use of embeddings models pre-trained on large datasets in code-switched Swahili-English will enable the model
capture nuances in the data more accurately.

Further work involving the use of both foundation models and fine-tuned Large Language Models (LLMS) is
expected to show improved model performance. LLMs are trained on big data and may represent a broader view of the
world. We also will look at zero-shot learning (ZSL) in training of future models. Additionally, we will look into
experimentation with larger, high quality datasets to increase generalisability of the model.
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