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Abstract: Sentiment analysis is a crucial tool for measuring public opinion and understanding human
communication across digital social media platforms. However, due to linguistic complexities and
limited data or computational resources, it is under-represented in many African languages. While
state-of-the-art Afrocentric pre-trained language models (PLMs) have been developed for various
natural language processing (NLP) tasks, their applications in eXplainable Artificial Intelligence (XAI)
remain largely unexplored. In this study, we propose a novel approach that combines Afrocentric
PLMs with XAI techniques for sentiment analysis. We demonstrate the effectiveness of incorporating
attention mechanisms and visualization techniques in improving the transparency, trustworthiness,
and decision-making capabilities of transformer-based models when making sentiment predictions.
To validate our approach, we employ the SAfriSenti corpus, a multilingual sentiment dataset for
South African under-resourced languages, and perform a series of sentiment analysis experiments.
These experiments enable comprehensive evaluations, comparing the performance of Afrocentric
models against mainstream PLMs. Our results show that the Afro-XLMR model outperforms all other
models, achieving an average F1-score of 71.04% across five tested languages, and the lowest error
rate among the evaluated models. Additionally, we enhance the interpretability and explainability of
the Afro-XLMR model using Local Interpretable Model-Agnostic Explanations (LIME) and Shapley
Additive Explanations (SHAP). These XAI techniques ensure that sentiment predictions are not only
accurate and interpretable but also understandable, fostering trust and reliability in AI-driven NLP
technologies, particularly in the context of African languages.

Keywords: explainable AI; sentiment analysis; African languages; Afrocentric models; pre-trained
models; transformer models

1. Introduction

Artificial intelligence (AI) has become increasingly popular, and, if used wisely and
effectively, it has the potential to surpass our most optimistic expectations in a variety of
practical applications. AI is seen as a facilitator in achieving the United Nations’ Sustain-
able Development Goals (SDGs) by automating economic sectors [1,2]. A major challenge
in AI development is the lack of explainability in many powerful techniques, especially
those that have emerged recently. This includes large language models (LLMs) based on
transformer models, ensemble methods, and deep neural networks (DNNs) [3,4]. XAI is
an emerging field that focuses on introducing transparency and interpretability to com-
plex DNNs or transformer-based LLMs. These models are often referred to as black-box
models due to their inability to provide insight into their decision-making processes or
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to offer explanations for their predictions and biases [5]. As illustrated in Figure 1, XAI
refers to a collection of processes and methods that empower human users to understand
and trust the outputs generated by machine learning algorithms [5,6]. This is essential
to ensure transparent decision-making in AI applications and align with the SDGs [7,8].
XAI has demonstrated its value in medical imaging research [9], human–computer interac-
tions, stock price prediction [10], and NLP tasks, providing insights into machine learning
models’ application processes and human-centered approaches [6,11,12]. Despite these
advancements, a significant gap remains in integrating human factors into AI-generated
explanations to make them more understandable and enhance performance in NLP for
41 African languages. XAI enables users to develop trust in NLP applications such as
sentiment analysis, creating a positive feedback loop that continually improves the NLP
model’s performance.

Figure 1. A step-by-step general-purpose framework for XAI systems.

Sentiment analysis is a crucial task in NLP that involves determining the emotional
tone or attitude expressed in a piece of textual content [13]. It holds immense importance
in numerous domains, such as marketing, customer service, and public opinion analy-
sis on social challenges [14]. By automatically classifying text as positive, negative, or
neutral, sentiment analysis provides valuable insights into customer feedback and helps
businesses make informed decisions [13,14]. Recently, sentiment analysis research has
expanded its focus from high-resourced languages to low-resourced languages, including
over 2000 African languages [15]. Many researchers have concentrated on creating datasets
and transformer-based NLP models to tackle the difficulties in African languages [16–19].
However, the interpretability and explainability of these models have not been explored.
These languages are classified as low-resourced since they often lack sufficient labeled data
and resources, thus presenting unique challenges for existing sentiment analysis. models.
Moreover, due to the increased use of social media, particularly Twitter (now X), the use
of multiple languages in multilingual communities is seen as a common practice, which
further presents challenges in current models [19]. To address these issues, researchers have
proposed various methods, such as transfer learning and multilingual and cross-lingual
approaches [14], leveraging machine learning and DNN techniques [20]. Lately, we have
witnessed the development of sentiment datasets for low-resourced languages, together
with multilingual pre-trained language models (PLMs). These models are fine-tuned for
specific NLP tasks, contributing to the improvement of these less privileged languages.

Established PLMs like BERT [21], RoBERTa [22], and XLM-R [23] have achieved im-
pressive results (including state-of-the-art performance in some cases) on various NLP tasks,
including sentiment analysis. Despite these PLMs being pre-trained in over 100+ languages,
many African languages are still not well represented in the model pre-training process.
Inspired by the success of mainstream PLMs, researchers have developed similar models
specifically for African languages. Examples include AfriBERTa [24], Afro-XLMR [17],
and AfroLM [18]. These Afrocentric PLMs are trained on massive datasets of African text
data and can handle multiple African languages, promoting NLP advancements within
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the continent. AfriBERTa, a pioneering African language model for transfer learning and
fine-tuning in various NLP tasks, does not currently include South African languages [24].
This transfer learning approach allows us to adapt the model’s knowledge to our target
languages and improve its performance for sentiment analysis. Furthermore, a recent
development is SERENGETI [16], a massively multilingual language model designed to
cover a remarkable 517 African languages. This model holds promise for our sentiment
analysis tasks, and we will investigate its suitability for our specific language set. Unlike
mainstream PLMs, which often struggle with intricate tonal systems, complex morphology,
and code-switching in African languages, Afrocentric models demonstrate promise for
accurate sentiment analysis. However, a significant gap exists in understanding the internal
workings of these models, specifically, how they represent and utilize features to classify
text into sentiment categories. This lack of transparency hinders our ability to trust and
interpret their decisions. Despite the growing advancements in NLP for high-resourced
languages, sentiment analysis for low-resourced African languages remains largely under-
explored. The scarcity of large, annotated datasets and the linguistic diversity of African
languages pose significant challenges for developing robust sentiment analysis models.
Furthermore, explainability in AI has not been extensively studied for these languages,
limiting the trust and transparency of AI systems used in African contexts. This study
was motivated by the need to bridge the digital divide in AI technologies for African lan-
guages. By developing explainable AI models for sentiment analysis, we aimed to improve
transparency, trust, and adoption of AI systems in the African context. Our integration of
Afrocentric PLMs with explainability techniques, such as LIME and SHAP, was intended to
provide both effective sentiment analysis and insights into model decision-making, thereby
fostering user confidence in AI applications.

Fortunately, XAI methods offer a solution to uncover how the black-box model makes
a decision [25]. Using XAI techniques, we can better understand how multilingual PLMs
work and how they figure out sentiment predictions. This improved understanding fosters
trust and allows for targeted improvements in future model development for African
languages [12]. To achieve this understanding, we applied XAI techniques such as Local
Interpretable Model-Agnostic Explanations (LIME) and Shapley Additive Explanations
(SHAP), including their adaptation for transformer-based models. These techniques pro-
vide valuable insight into how Afrocentric PLMs make sentiment predictions. For instance,
LIME can highlight specific words or phrases that significantly influence the model’s sen-
timent classification. Similarly, SHAP can explain the contribution of each feature (word,
n-gram, etc.) to the final sentiment score, allowing us to understand the reasoning be-
hind the model’s decisions [3]. We believe that this is the first investigation into XAI for
sentiment analysis using Afrocentric PLMs adapted specifically for low-resourced South
African languages. Additionally, by incorporating XAI techniques, we aim to unlock a
deeper understanding of these models’ decision-making for sentiment classification in the
under-represented language group.

The significance of this study lies in its integration of Afrocentric pre-trained language
models with XAI techniques (LIME, SHAP) specifically for low-resourced African lan-
guages. The study is the first to explore explainability in multilingual contexts, leveraging
local linguistic features for improved sentiment analysis. Additionally, it demonstrates
how these explainable models foster trust and interpretability in real-world applications
across South African languages, such as Sepedi, Setswana, Sesotho, isiZulu, and isiXhosa.
These languages are widely spoken in South Africa and extend to neighboring countries
such as Botswana, Lesotho, Eswatini (formerly Swaziland), Mozambique, and Zimbabwe.
SAfriSenti corpus is crucial for fine-tuning our models and evaluating their performance
on sentiment analysis tasks. The use of the SAfriSenti corpus is crucial for fine-tuning our
models and evaluating their performance on sentiment analysis tasks.

The main contributions of our study are summarized as follows:

• Our study is the first to integrate Afrocentric pre-trained language models (such
as Afro-XLMR) with XAI techniques (LIME and SHAP) for sentiment analysis in
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low-resourced African languages. While these models have been developed, their
application in explainable sentiment analysis is novel and has not been explored
extensively, especially in the context of African languages.

• We focus on South African languages (Sepedi, Setswana, Sesotho, isiZulu, and isiX-
hosa), which are significantly under-represented in the current NLP landscape. The
study contributes to the field by addressing the unique linguistic challenges posed by
these languages, and the results demonstrate how explainability can enhance AI mod-
els for these languages. This combination of explainability with Afrocentric models
has not been explored before.

• We show how XAI methods like LIME and SHAP can provide insights into the
decision-making process of models trained on multilingual datasets. This contributes
to the growing field of interpretable AI for languages that lack linguistic resources.

• Our study also demonstrates real-world applicability by including human-centered
evaluation of the explainability methods through participant feedback. This aspect of
involving users to assess trust and transparency is unique, as it brings the study closer
to practical use in African communities.

This study is structured as follows: In the next section, we provide a thorough literature
review, discussing relevant research and recent developments in XAI methods for sentiment
analysis, with a particular emphasis on explainability in transformer-based PLMs. Section 3
details the SAfriSenti corpus, the sentiment datasets used in our experiments. In Section 4,
we explore the research conducted on XAI techniques and highlight the adaptation of
Afrocentric PLMs for sentiment analysis. Section 5 outlines the experimental setup of the
study, followed by the presentation and discussion of results. The limitations of the study
are addressed in Section 6, and finally, Section 7 concludes the work, suggesting potential
areas for future research.

2. Literature Review

In this literature review, we present the related work in the areas of XAI methods, XAI
for sentiment analysis, and PLMs for sentiment analysis.

2.1. Sentiment Analysis Approaches

Sentiment analysis is a valuable tool for understanding public opinions using machine
learning and NLP models [13,20]. Sentiment analysis has seen rapid growth and has been
extensively explored across various domains, including text-based and multimodal senti-
ment analysis using diverse data formats such as text, audio, and video [13,26]. Several
sentiment analysis approaches have been studied [13,27]. Ref. [28] employed capsule net-
works in conjunction with dependency-based concept-level analysis to effectively capture
contextual relationships between words, resulting in enhanced sentiment classification per-
formance. This study shares a similar goal of improving sentiment prediction accuracy, but
we also focus on the interpretability of the predictions in low-resourced African languages.
The study by [29] developed a framework that utilized various classifiers, including Bayes
Net, KNN, C4.5 Decision tree, Support Vector Machine (SVM), and SVM with Particle
Swarm Optimization (SVM-PSO), to extract opinions from comments in telemedicine
videos. The SVM-PSO classifier demonstrated superior performance in assessing medical
video reviews, achieving an accuracy of over 80% and outperforming other classifiers.

Recent research on sentiment analysis for low-resourced languages highlights the
growing interest in developing effective approaches for these understudied languages.
Transfer learning, word embedding, and machine translation are commonly used tech-
niques [27]. Deep learning frameworks, particularly pre-trained transformers, have shown
significant performance improvements [30]. Combining neural network architectures like
Convolution Neural Networks (CNNs) and Bidirectional Long Short-term Memory (Bi-
LSTM) with clustering techniques such as Gaussian mixture models (GMMs) and SVMs
has demonstrated promising results for African languages [31]. However, challenges per-
sist, including the scarcity of annotated datasets and standardized corpora [27,31]. Social
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media platforms and product reviews are common data sources [30]. Various approaches,
including machine learning, lexicon-based, and hybrid methods, have been proposed
for multilingual sentiment analysis [32]. However, recent advances have leveraged deep
learning architectures, such as Recurrent Neural Networks (RNNs) and transformer-based
models like BERT, RoBERTa and GPT-2 [21]. These models, while significantly improving
performance across multiple languages, are primarily trained on high-resource languages,
posing challenges for under-resourced languages.

Since the introduction of the BERT model [21], XLM-R, and RoBERTa [23], PLMs
built on the transformer architecture dominate the development of downstream NLP tasks
such as sentiment analysis [22]. Compared to models that use deep learning architectures,
PLMs have shown exceptional performance, consistently achieving state-of-the-art (SOTA)
results [23]. Even though these models have demonstrated remarkable performance on
sentiment analysis in high-resourced languages, their effectiveness in low-resourced lan-
guages has been a topic of research [17]. This has sparked interest in adapting PLMs to
these low-resourced languages. In the domain of Afrocentric PLMs, several models have
been developed for sentiment analysis and other NLP tasks, including AfriBERTa [16–18],
to mitigate the lack of African languages in mainstream PLMs [22]. Ref. [24] developed
the AfriBERTa model for 11 African languages. Ref. [17] presented an AfroXLMR pre-
trained model for 17 African languages. Meanwhile, [18] investigated the AfroLM model
for 23 African languages in NLP tasks. This current study introduces a novel approach
that leverages the recently developed SERENGETI model [16], a powerful PLM designed
specifically for 517 African languages. While recent advancements such as the Afro-XLMR
and SERENGETI model [16] hold promise for broad applicability across African languages
due to their massive language coverage, their effectiveness and the explainability of their
predictions using XAI techniques remain unexplored.

2.2. Explainable AI Methods

The “explainable” aspect involves improving the transparency in how these models
arrive at sentiment predictions [7]. This is crucial for understanding and validating model
decisions, especially in critical applications such as social studies, market research, and
policy analysis [33]. The human interpretation aspect of the explanation holds significant
value. If the end-user of the application fails to understand it, its applicability to the
end-user loses its purpose. Therefore, XAI methods are intended to assist domain experts
in creating technically sound and human-interpretable explanations. They aim to make
models intrinsically interpretable and transparent for black-box models [34]. To deal with
black-box models, particularly transformer-based models, XAI methods were introduced
to make the models interpretable.

XAI techniques like attention mechanisms and visualization are employed to provide
insights into which parts of the input text contribute most to the sentiment analysis [12,35].
Ref. [36] introduced an attention-based explanation method for sentiment analysis using the
BERT model. They demonstrated how attention scores reveal which parts of the input text
contributed to the model’s sentiment prediction. Ref. [37] extended the LIME framework
to interpret the sentiment predictions of pre-trained models. Their approach highlighted
keywords and phrases in the input text, making the predictions more transparent. Ref. [3]
employed a TransSHAP that adapts SHAP to transformer models to understand BERT-
based sentiment classifiers. They revealed the importance of individual words in the input
text and provided insights into how the model makes its decisions. Ref. [38] proposed a
novel approach that combines attention scores, integrated gradients, and LIME explanations
to create a more comprehensive explanation framework for sentiment analysis using the
BERT-like models. They used attention layers to extract explanation scores about model
predictions and explore the internal behavior of the model.

Ref. [39] introduced LIME, a model-agnostic method for generating locally faithful
explanations applied to sentiment analysis. Researchers have used LIME to perturb input
text instances and build surrogate models that highlight the influential words affecting sen-
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timent predictions [4]. LIME has proven effective in explaining the decisions of sentiment
analysis models such as BERT and LSTM. Ref. [40] introduced SHAP values, a technique
for explaining individual predictions in complex models. SHAP values have been applied
to pre-trained models for sentiment analysis, quantifying the contribution of each word to
sentiment prediction. Researchers have extended SHAP to consider both global and local
explanations, providing a comprehensive understanding of model behavior [12,35]. Com-
bining LIME and SHAP is a hybrid approach that leverages the strengths of both methods
for interpreting sentiment predictions. This study emphasizes the value of cross-method
validation to ensure robust explanations [7,41].

In [3]’s study, three visualization methods for explaining sentiment analysis were
compared based on user feedback. LIME was favoured the most, receiving high ratings
from 63.1% of respondents (with 39.1% giving it the top two scores). SHAP performed the
least well, with an average score of 2.42 and 81.5% of the respondents giving it the lowest
two scores [3]. When asked if they would use each method, 44.7% favored LIME, 42.1%
favored TransSHAP, and only 34.2% favored SHAP. Overall, the results showed LIME
as the most preferred method, with 54.3% of votes, followed by TransSHAP with 40.0%,
while SHAP received the lowest preference at 5.7%. Hence, for this study, we explore a
combination of these XAI methods to achieve the objectives of our study. Additionally, to
ensure that model output aligns with human values, we incorporated a feedback process
involving human input through a survey.

3. Datasets

Table 1 illustrates the statistical distribution of tweets across five South African lan-
guages. These datasets are categorized into two sections: The SAfriSenti corpus and the
newly built dataset for two additional languages. These datasets were collected between
September 2021 and May 2022. This dataset was collected before the Twitter/X platform
was changed to its official name, X. In this study, we still refer to the textual information of
the platform as tweets. In this study, we use ISO 639 codes for our languages. The ISO 639
standard provides codes for the representation of names of languages, including Sepedi,
Setswana, Sesotho, isiXhosa, and isiZulu as illustrated in Table 1 [42].

Table 1. Distribution of positive, negative, and neutral sentiments across South African languages.

Language Positive Negative Neutral Total
(ISO 639) Pos % Neg % Neu %

Sepedi (nso) 5153 48% 3270 30% 2355 22% 10,778
Setswana (tsn) 3932 51% 2150 28% 1590 21% 7672
Sesotho (sot) 3050 48% 2024 32% 1241 20% 6314
isiXhosa (xho) 6657 26% 12,125 48% 6421 26% 25,203
isiZulu (zul) 19,252 43% 22,400 49% 3378 8% 45,303

First, we describe the collection of texts used for training and fine-tuning multilingual
transformer-based models developed for sentiment classification tasks. Then, we provide
information about the sentiment dataset used to address the different cases of explainable
sentiment analysis. These datasets are the gold standard with labels of three classes
(positive, negative, and neutral), as shown in Figure 2. These sentiment datasets are further
described below:

• SAfriSenti Corpus—a Twitter-based sentiment corpus developed for South African
low-resourced languages in a multilingual context [19]. It is to date the largest sen-
timent corpus (i.e., over 40,000 tweets) for South African languages such as Sepedi,
Setswana, and Sesotho, including English. The SAfriSenti corpus was manually anno-
tated by experts and native speakers. Annotators were carefully selected based on their
demonstrated proficiency in the native language and relevant technical skills required
for the annotation process. Each tweet in the corpus underwent data cleaning and
preprocessing steps where noise, URLs, and meaningless tweets were removed [43].
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We replaced all @mentions by @user for data protection purposes [44]. Furthermore,
the corpus consists of 64% monolingual tweets and 36% multilingual tweets, including
code-switched tweets. We used Krippendorff’s Alpha method to obtain an acceptable
annotator reliability score.

• Additional Dataset—We used the Twitter/X API to collect this dataset, following
the approach presented in [43]. This sentiment dataset was collected from Twitter
and contains over 50,000 tweets in the isiZulu and isiXhosa languages. To automate
sentiment labeling for our dataset, we leveraged a semi-automatic distant supervision
approach. This method utilizes sentiment-bearing emojis and word-based sentiment
lexicons, as detailed in [19]. However, we employed three native speakers to manually
double-check and annotate only less than a 24% portion of the dataset in each language,
as proven in [19]. In this corpus, the isiXhosa comprises 35.74% of the total tweets.
Meanwhile, the isiZulu contains 64.25% of the total tweets. The dataset also includes
code-switched English words.

Figure 2. Distribution of tweets across languages. We show the graphical comparison of the various
tweets across the all languages for sentiment analysis.

4. Proposed Methods for Explainable Sentiment Analysis

In this section, we describe our proposed approaches for this study. Figure 3 illustrates
the workflow of the proposed approach for sentiment analysis using XAI techniques
and fine-tuned models for low-resource African languages, specifically leveraging the
SAfriSenti corpus. The process begins with a pre-trained language model that has been
trained on a large-scale text corpus. This provides the initial general knowledge that the
model has learned from vast amounts of text data. The pre-trained model is fine-tuned
on the SAfriSenti corpus. This fine-tuning process produces the best model for sentiment
analysis on African language datasets. The fine-tuned model is then used to generate
sentiment predictions for the input text. Alongside this, XAI techniques are employed
to provide transparency into how the model made its predictions. The goal of XAI is to
make the decision-making process interpretable and understandable. The XAI outputs (i.e.,
explanations for the sentiment predictions) are presented through a visual interface. These
explanations allow for human-centered decision-making, where users can interpret the
model’s reasoning and provide feedback. This interaction improves user trust and facilitates
a better understanding of how AI models operate, particularly in African language contexts.
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Figure 3. Overview of explainable AI framework for sentiment analysis.

4.1. Fine-Tuning of the PLMs

Figure 3 provides an overview of the system framework dedicated to leveraging PLMs
for XAI methods in sentiment analysis. Fine-tuning PLMs for a specific downstream task,
such as sentiment classification, is a common approach in NLP research [21]. To achieve this,
we used a labeled portion of our sentiment dataset. An equation presented for fine-tuning
a pre-trained model was considered:

θ∗ = arg min
θ

1
n

n

∑
i=1

L( fM(x′i ; θ), yi)

where:

• θ: The parameters of the model that are updated during training.
• θ∗: The optimal parameters found after minimizing the loss function.
• n: The number of training examples in the dataset.
• L: The loss function, which measures the difference between the predicted and

true labels.
• fM(x′i ; θ): The output of the model M when applied to the input x′i , parameterized

by θ.
• x′i : The preprocessed input text (e.g., tokenized tweet).
• yi: The true label corresponding to the input x′i .

Thereafter, we use XAI techniques to provide a clear and understandable explanation of
how Africa-centric models achieve sentiment predictions in low-resourced African languages.

4.2. Explainability Methods

Explanation can be global (structure-based) or local (prediction-based). In this study,
our objective is to help end-users understand the individual sentiment predictions made
by Afrocentric PLMs [45]. Hence, we utilize XAI methods for local explainability, which
specialize in explaining individual predictions. Furthermore, this research work demon-
strates how the model pays attention to various word tokens or phrases in the tweets
by using explainability methods that reveal attention visualization [34]. We need the
weights for the encoder–decoder attention layers to calculate the attention per token.
However, attention serves a purpose beyond just optimization; it also plays an essen-
tial role in expanding the context of the transformer-based language model [46]. We use
LIME (https://github.com/shap/shap (accessed on 17 October 2024)) and TransSHAP
(https://github.com/enjakokalj/TransSHAP (accessed on 17 October 2024)) (i.e., a version
for transformer-based models) together with tools such as Bertviz to generate visualiza-
tions for further explanations [40]. The most widely used perturbation-based explanation

https://github.com/shap/shap
https://github.com/enjakokalj/TransSHAP
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methods are LIME with a wrapper function to support the transformer-based model,
and SHAP [5,41]. For SHAP to work effectively with BERT-like models, particularly Ker-
nel SHAP, a function classifier that returns probabilities is used [3]. However, since the
model-agnostic Kernel SHAP method does not support BERT-like models, we address this
limitation by following the approach of developing a custom function to preprocess the
input data and obtain predictions from the PLM model [3]. Thereafter, we prepare data
for visualization within the TransSHAP framework based on the game theory optimal
Shapley values [47]. The SHAP value of a particular feature for a data point is described by
Equations (1) and (2):

Φi = ∑
S⊆{1,...,p}\{i}

|S|!(p − |S| − 1)!
p!

[ fx(S ∪ {i})− fx(S)] (1)

fx(S) = E[ f (x)|xS] (2)

• fx(S) is the expected model prediction given the subset of features S.
• E[ f (x)|xS] is the expected value of the model’s prediction conditioned on the feature

subset S.
• x is the vector of feature values of a tweet (which needs to be explained).
• S denotes a subset of input features, and Shapley values can be obtained through a

value function ( fx).
• p is the number of features.
• E[ f (x)|xS] is the expected value of the function on subset S.

The LIME method makes individual tweet classification predictions more understand-
able [39]. LIME achieves this by generating perturbed versions of the original tweet and
evaluating their impact on the model’s prediction [47]. The process of creating local surro-
gate models with interpretability constraints can be expressed as follows (Equation (3)):

Explanation(x) = arg min
g∈G

L( f , g, πx) + Ω(g) (3)

• Explanation(x): the LIME explanation for the model’s prediction on input x (e.g.,
a tweet).

• g ∈ G: a simple interpretable model that approximates the original model f locally
around the input x.

• L( f , g, πx): a loss function that measures how well the simple model g approximates
the original model f near x. πx is a proximity measure that weights the importance of
different points in the neighborhood of x.

• Ω(g): a complexity penalty that discourages overly complex explanations (e.g., the
use of too many features).

An interpretable model f can be considered for a tweet sample x that decreases the
loss (L) and computes how close the explanation is to the predictions provided by the
model f . The complexity of the model Ω(g) is therefore maintained at a minimum level.
The collection of realizable interpretations is denoted by G. The closeness measure πx
expresses the extent of the locality around the tweet sample x.

In this study, we used both LIME and TransSHAP visualizations, since they are useful
in sentiment explanations. However, we take a different research direction in evaluating the
trust, transparency, reliability, and interpretability of the explanations provided by LIME
and TransSHAP.

4.3. Pre-Trained Models Description

Fine-tuning involves further training of the models in our labeled dataset. This process
updates the model parameters and weights to suit the downstream task. Furthermore, the
model learns from the given labeled dataset and adjusts its parameters to make sentiment
predictions. We conducted fine-tuning and adaptation processes on XLM-R, mBERT,
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AfroLM, Afro-XLMR, and SERENGETI for the task of sentiment classification. Further
elaborations on these models are presented below:

• mBERTis a multilingual version of BERT pre-trained in the top 104 languages with the
largest Wikipedia dataset using a masked language modeling (MLM) objective and
the next-sentence prediction (NSP) task [21]. We fine-tune the multilingual-based
model with 172M model parameters by adding a linear classification layer on top of
the pre-trained transformer model.

• XLM-R (XLM-RoBERTa) is a powerful multilingual model trained on a massive dataset
of crawled text from hundreds of languages [23]. The XLM-R model is created by
distilling knowledge from the DistilRoBERTa model into the XLM-R model using
more than parallel data points from 50+ languages. The model was trained with
the multilingual MLM objective [21]. XLM-R has 12 layers, a hidden size of 768,
12 attention heads, and a total of 270M parameters.

• AfroLM is a multilingual language model that has been pre-trained from scratch on
African languages using a novel self-active learning framework [18]. Afro-XLMR is a
state-of-the-art Transformer model pre-trained with 23 African languages, including
Setswana, isiXhosa, and isiZulu. AfroLM uses a shared SentencePiece vocabulary with
250,000 byte pair encoders across the 23 languages. The model is trained primarily
using the MLM objective. Trained on a considerably smaller dataset than existing
models, it still surpasses many multilingual PLMs in various NLP tasks.

• Afro-XLMR was developed by adapting the XLM-R large model using the MLM ob-
jective on 17 African languages. This covers major language families such as Sesotho,
isiXhosa, and isiZulu, along with three high-resource languages including English [17].
Afro-XLMR utalize multilingual adaptive fine-tuning that allows multilingual adap-
tation and preserves downstream performance on both high- and low-resourced
languages. Afro-XLMR comes in different configurations such as base and large,
with the large version having 278M parameters. We are motivated to use this model
because the authors are confident that it can be easily adapted to a wide range of other
African languages, including those with limited linguistic resources.

• SERENGETI is the largest African MPLM that was pre-trained using 42 GB of data com-
prising multiple domains from religious, news, government documents, health docu-
ments, and existing Wikipedia corpora [16]. The pre-training data cover 517 African
languages and the 10 most spoken languages globally. This model was pre-trained on
both Electra style [48] and XLM-R-style architecture. Electra utilizes the multilingual
replaced token detection (MRTD) objective during training. The model uses 12 layers
and 12 attention heads, with a sequence length of 512 and 277 M parameters. We used
the version with a vocabulary size of 250K (SERENGETI-E250) WordPiece tokens. The
SERENGETI model has significantly outperformed AfriBERTa, XLMR, mBERT, and
Afro-XLMR on some NLP tasks.

5. Results and Discussion

This section outlines our experimental setup for fine-tuning models and evaluating
sentiment analysis systems. We present and discuss the performance metrics, discuss
attention mechanisms, and visualize the outcomes of XAI techniques.

5.1. Experimental Setup

We used the SAfriSenti corpus for evaluating our sentiment analysis models. The
dataset for each of the five languages used in the experiments was divided into 80% for
training and 20% for testing. The total number of training tweet samples is 36,023, with
isiZulu having the largest portion at 15,496 tweet samples, followed by isiXhosa with 5281,
Sepedi with 7168, Setswana with 2874, and Sesotho with 2289. The testing dataset consists
of 9007 tweet samples, with isiZulu again having the largest share at 3756 tweet samples,
followed by Xhosa with 1376, Sepedi with 1793, Setswana with 707, and Sesotho with
298 tweet samples. This split reflects a significant size difference between the training and
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testing sets, ensuring a sufficient number of tweet samples for both training and evaluation.
We performed model fine-tuning by considering the final hidden vectors of the first special
token as the aggregate input sentence representation and then passed them onto the softmax
classification layer to obtain the predictions. We fine-tuned our multilingual PLMs with
the hyperparameters specified in Table 2. All training experiments were performed using
the HuggingFace Transformers library. We conducted our experiments using the Google
Colab Pro service, which provides access to high-performance GPUs. Specifically, we were
assigned an NVIDIA Tesla T4 GPU with 15 GB memory. Google Colab Pro also offers
enhanced computational resources, including increased CPU and RAM, which supported
the efficiency of our experiments. We verified the GPU configuration at the beginning of
each session to ensure consistency in computational resources across our experiments.

Table 2. Hyperparameters used for fine-tuning the PLMs.

Model Hyper-Parameters Values

Our PLMs

sequence maximum length 256

hidden size 768

attention heads 6

hidden layers 10

learning rate 1 × 10−4

batch size 16/32

AdamW optimizer -

Epochs 10

Dropout rate 0.2

In the fine-tuning process, we froze the transformer layers for models like AfroLM,
SERENGETI and AfroXLMR. Only the task-specific sentiment classification layers were
fine-tuned, allowing the model to leverage the pre-trained knowledge while reducing the
risk of overfitting on the subsets with smaller datasets. Similarly, for models like mBERT
and XLM-R, we froze the lower layers to maintain the generalization power of the pre-
trained embeddings. To efficiently fine-tune a PLM with limited annotated data, freezing
specific layers can substantially reduce the number of parameters, making the process
more feasible in constrained environments [49]. To optimize the model performance, we
performed hyperparameter tuning using a grid search over learning rates (ranging from
1 × 10−5 to 1 × 10−3), batch sizes (16, 32), and dropout rates (0.1 to 0.5). The learning rate
for each model was carefully selected based on a grid search, with batch sizes ranging from
16 to 32 depending on model size and dataset characteristics. Only XML-R models perform
well with a batch size of 16 and learning rate of 2 × 10−4.

Moreover, we applied the Synthetic Minority Over-sampling Technique (SMOTE) to
oversample the minority classes in each sentiment dataset [50]. This technique generates
synthetic samples by interpolating existing samples, thus balancing the class distributions.
Additionally, we employed class weighting during model fine-tuning, allowing the model
to assign more importance to the minority classes and mitigate the risk of the model
favoring the majority class. We utilized several strategies to prevent overfitting: (i) we
applied k-fold cross-validation (k = 5), ensuring the model’s generalization across different
data partitions and reducing the likelihood of overfitting; (ii) we introduced early stopping
by monitoring the validation loss and halting training when no further improvement was
observed; and (iii) we incorporated dropout layers in models, which is a regularization
technique used to prevent overfitting.

5.2. Evaluation Metrics

To evaluate the performance of the models, we used the F1-score. Given the class
imbalance, the F1-score was the primary metric for assessing the model’s performance, as it
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balances precision and recall [20]. The F1-score is a metric used to evaluate the performance
of machine learning models, particularly in classification tasks [30]. It summarizes a
model’s accuracy in a way that balances the trade-off between precision and recall. The
F1-score can be calculated using the following formula:

• True Positives (TPs): the number of tweets correctly labeled as having a positive sentiment.
• True Negatives (TNs): the number of tweets correctly labeled as not having a positive sen-

timent.
• False Positives (FPs): the number of items incorrectly labeled as positive sentiment.
• False Negatives (FNs): the number of items incorrectly labeled as not having a posi-

tive sentiment.

Precision =
TP

TP + FP
(4)

Recall =
TP

TP + FN
(5)

F1-score =
2 · precision · recall
precision + recall

(6)

where precision is the ability of a model to avoid labeling negative instances as positive
and recall is the ability of a model to find all positive instances. We reported the F1-score
for each of our models, individually for each language.

5.3. Performance Results

Table 3 presents a comparative analysis of the F1-score performance of five language
models (mBERT, XLM-R, AfroLM, Afro-XLMR, and SERENGETI) across five African
languages: Sepedi (nso), Setswana (tso), Sesotho (sot), isiXhosa (xho), and isiZulu (zul).
The F1-score is used as a balanced metric that considers both precision and recall and
offers a reliable measure of the effectiveness of each model in sentiment analysis for these
under-resourced languages.

Table 3. Language model F1-score performance comparison.

Language mBERT XLM-R AfroLM Afro-XLMR SERENGETI

nso 57.69% 48.20% 76.69% 54.54% 51.75%
tso 61.54% 54.44% 64.23% 55.23% 58.01%
sot 65.21% 55.31% 58.32% 65.49% 61.20%
xho 85.78% 72.31% 75.32% 89.17% 80.01%
zul 86.46% 74.60% 82.77% 90.74% 79.39%

With the use of the languages isiZulu and isiXhosa, as well as Sepedi, Setswana, and
Sesotho, which share linguistic similarities and characteristics, Afro-XLMR also performs
extremely well, demonstrating its adaptability to multiple African languages. This is
more likely due to fine-tuning language-specific data (in-domain dataset) and linguistic
features. Also, this is due to Afro-XLMR being initially pre-trained in some of these
languages (Sesotho, isiXhosa, and isiZulu). Furthermore, the superior performance of
Afro-XLMR in isiXhosa and isiZulu can be attributed not only to its pre-training on these
languages but also to its ability to better capture the syntactic and semantic properties
specific to Bantu languages. Additionally, the mBERT model also performs better on
isiZulu and isiXhosa languages that share linguistic similarities and characteristics. The
pre-training phase of the mBERT model involved these two languages, which contributed
to the notable performance improvement of over 80%. Furthermore, the highest quantity
and quality of training data for each language also affect performance in the isiXhosa and
isiZulu languages. Furthermore, future research and model fine-tuning may be necessary
to improve sentiment analysis performance in some languages, especially those with
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lower sentiment scores, such as Setswana and Sesotho. The relatively lower performance
in Setswana and Sesotho suggests that these languages may require additional model
fine-tuning. One possible solution is the use of transfer learning from better-performing
languages within the same family, or implementing data augmentation techniques to
increase the quantity and diversity of the training data.

Figure 4 compares the performance of five different language models (mBERT, XLM-R,
AfroLM, Afro-XLMR, and SERENGETI) in five different languages (nso, tso, sot, xho, and
zul). Performance is measured using the F1-score. Afro-XLMR generally performs the best
in all languages, followed closely by XLM-R. mBERT and SERENGETI show comparable
performance, while AfroLM tends to lag behind the others. XLM-R performs the best,
followed closely by Afro-XLMR and mBERT in Sepedi. Afro-XLMR performs the best,
with XLM-R and mBERT not far behind in Setswana. Afro-XLMR again takes the lead,
followed by XLM-R and SERENGETI in Sesotho. In isiXhosa, Afro-XLMR and XLM-R
are the top performers, with SERENGETI and AfroLM close behind. AfroLM performs
best in isiZulu but still falls short of Afro-XLMR. XLM-R and SERENGETI also perform
well. The results suggest that models specifically trained in African languages, such as
Afro-XLMR, tend to perform better than more models trained on monolingual datasets.
This highlights the importance of developing language models that are specific to under-
represented languages. Our results are comparable to those of previous work [18,44]. The
relatively strong performance of SERENGETI, AfroLM and Afro-XMLR across different
languages suggests that it might be a good choice for general-purpose sentiment analysis
tasks for African languages.

Figure 4. Language model performance comparison. The F1-score is measured as a percentage (%).

Our proposed Afro-XLMR model outperformed existing models like mBERT, XLM-R,
and AfroLM on sentiment analysis across all five languages (Sepedi, Setswana, Sesotho,
isiXhosa, and isiZulu). As shown in Figure 4 above, Afro-XLMR achieved the highest
F1-scores in isiXhosa and isiZulu, surpassing mBERT by up to 15% and XLM-R by 7%
for these languages. However, it is also noted that Afro-XLMR achieved an average
F1-score of 71.04%, outperforming mBERT and XLM-R by 5% and 4%, respectively, across
five tested languages. SERENGETI, another Afrocentric model, also demonstrated strong
performances with an F1-score close to Afro-XLMR, especially in isiZulu. The superior
performance of Afro-XLMR can be attributed to its fine-tuning of in-domain African
language datasets. Compared to mainstream models like mBERT and XLM-R, Afrocentric
models, when fine-tuned with the African language dataset, better adapt to the unique
linguistic features prevalent in these languages. This highlights the need for tailored
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language-specific models in low-resourced African language settings; it also highlights the
effectiveness of our approach.

5.4. Attention Explanations

In this section, we visualize the attention of the model used for the explanations.
Attention allows the model to weigh the importance of different words in a sentence when
understanding the meaning of a particular word. It can be equated with the model focusing
its “attention” on certain parts of the sentence. Let us consider the two sentences: sentence
A: “Ke rata go bona dilo tsa batho”/I like to look at other people’s belongings/and sentence
B: “O rata di taba tsa batho kudu”/You like other people’s business/affairs a lot/.

Figure 5a demonstrates “self-attention” where a sentence is compared to itself. This
helps the model understand the internal relationships within the sentence. The visualization
illustrates self-attention, where a sentence attends to itself. Each word in the sentence is
assessing its relationship with every other word. The words of sentence A are vertically
listed on both sides. Each line connects a word on the left with a word on the right. The
opacity (thickness) of each line indicates the strength of the attention relationship between
the connected words. The most opaque lines reveal the strongest attention relationships
within the sentence. In this visualization, there is a high degree of self-attention. Each word
seems to focus heavily on itself, indicating a strong sense of individual importance.

There are also notable connections between words like “bona” (see) and “dilo” (things),
suggesting that the model recognizes the semantic relationship between these words. The
faintest lines represent the weakest attention relationships. These words may be considered
less relevant to each other in the context of the sentence. The strong pattern of self-attention
indicates that the model has learned to emphasize individual words, possibly because of the
importance of each word in conveying meaning in this specific sentence. The connections
between words like “bona” and “dilo” show the model’s ability to capture semantic
relationships within the sentence, contributing to a richer understanding of the text.

Figure 5b shows the visualization of the attention mechanism in layer 4 of a trans-
former model, specifically illustrating the attention between two sentences (sentence A
and sentence B). The words of both sentences are listed, A on the left and B on the right.
Each line connects a word in A to one in B. Thicker lines mean stronger attention between
the connected words. In this case, all lines seem equally faint. This suggests a uniform
attention distribution, where each word in sentence A is paying roughly equal attention to
all words in sentence B. This could indicate that the model is struggling to identify clear
relationships between the two sentences in this layer.

(a) (b)
Figure 5. Comparison of attention visualizations. (a) Self-attention, (b) attention between two sentences.
The intensity (brightness) of the color indicates the strength of the attention weight. Different colors are
used to visually distinguish between different attention weights, making it easier to see the pattern of
attention.



Big Data Cogn. Comput. 2024, 8, 160 15 of 25

5.5. XAI Explanations

We generated all XAI visualizations using the Afro-XMLR model due to its superior
performance. The visualization techniques employed in the explanation methods LIME
and SHAP are primarily designed for interpreting tabular data. We used the LIME method
to create visualizations, such as the one in Figure 6, to help us understand which words in
parts of the tweets have the greatest influence on the model’s final prediction. The model
analyzed the text and determined a 57% probability of being negative and a 43% probability
of being positive. From the example “Ke dula ke lapile and I am annoyed” (I am always
tired and I am annoyed), we observe that the model successfully identifies the negative
sentiment in the tweet.

Figure 6. The LIME visualizations of a negative tweet in Sepedi mixed with English.

The model is paying attention to words that are negative in this context. The fact that
words receiving the most attention can form a plausible explanation is due to the model’s
focus on relevant words, such as “lapile”, “tired”, and “annoyed” (orange), which indicate
the negative sentiment of this tweet. Furthermore, the model also highlights words that are
not negative, like “ke” and “I am” (blue). LIME focuses on the words that most influenced
the model’s decision. In this case, the words “lapile” (tired) and “ke” (I) are highlighted as
the most influential for a negative prediction. The numbers next to each word (e.g., 0.01 for
“lapile”) represent the weight or importance assigned to that word by the simpler, local
model in determining the sentiment. Here, the model seems to associate “lapile” and “ke”
with negative sentiment, even though “ke” might not be inherently negative in all contexts.

The LIME results in Figure 7 show the prediction probabilities for the text “kodwa
kukhulakala kuni lokhu ngempela” (but this really makes sense to you), the model predicts
a negative sentiment with a probability of 0.63 and a positive sentiment with a probability
of 0.37. The words contributing the most to the negative prediction are “kukhohlakala” and
“ngempela”, while “lokhu” and “kodwa” contribute the most to the positive prediction. The
overall prediction is negative, suggesting that the model interprets the text as expressing a
negative sentiment. Moreover, the LIME results in Figure 8 show the prediction probabili-
ties for the text “mpilo bani ngempela lena” as negative (0.60) and positive (0.40). The word
contributing the most to the negative prediction is “ngempela”, while “mpilo” contributes
the most to the positive prediction. The words “bani” and “lena” have a lower impact on
the overall prediction. Despite contributions to the positive class, the overall prediction
remains negative.

Figure 7. The LIME visualizations of a negative tweet in the isiZulu language.
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Figure 8. The LIME visualizations of the tweet in isiZulu with negative words highlighted.

The model incorrectly classified the tweet in Figure 9 as “negative”, despite the
original tweet expressing positive sentiment about going home. This discrepancy indicates
a potential error in the model’s understanding of the text. LIME highlights the words it
believes contributed most to the prediction. Surprisingly, none of the words have a strong
influence towards either positive or negative sentiment, as indicated by their low values
close to 0. The word “rata” (like) has the highest value but it is still only 0.01. This suggests
that the model might be struggling to interpret the overall meaning of the sentence due to
context or nuances it does not fully grasp. The prediction probabilities are split evenly at
0.50 for both positive and negative, reflecting the model’s uncertainty in classifying this
particular tweet.

Figure 9. The LIME visualizations of an incorrect prediction in the Setswana language.

The SHAP visualization for the same sentence in Figure 10 shows that features with
the strongest impact on the prediction correspond to longer arrows pointing towards the
predicted class, which is negative. This suggests that a model with higher accuracy tends
to generate more reliable explanations, as accurate predictions make the explanations
more likely to be reliable and meaningful. The base value here leans slightly towards
negative sentiment (0.697), representing the model’s average prediction across the dataset.
For the input text “ke dula ke lapile and I am annoyed”, the output value is nearly 1.0,
indicating a strong negative sentiment prediction. Each word in the input is a feature, and
the plot shows the impact of each word on the model’s prediction, moving it from the base
value to the output value. Red bars indicate features that push the prediction towards
negative sentiment, while blue bars push towards positive sentiment. The length of each
bar represents the magnitude of its impact.

Figure 10. The SHAP visualizations of a tweet with a negative sentiment.

The SHAP results for the text “mpilo bani ngempela lena” in Figure 11 indicate a
higher probability of negative sentiment (0.64) compared to positive (0.36). The words
“lena” and ”mpilo” contribute slightly towards the positive sentiment, while “ngempela”
strongly pushes the prediction towards negative sentiment. Although there are some
positive influences, the overall sentiment leans towards negative due to the significant
impact of the word “ngempela.” The base value of 0.5 represents the average prediction in
the absence of any input features.
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Figure 11. The SHAP visualizations of a tweet with negative sentiment.

In Figure 12, SHAP results for the Sepedi text “ke dula ke dumedisa le batho kudu”
(I am always greeting people) indicate a high probability of a positive outcome with an
output value of 0.6914. The base value of 0.34094 represents the average outcome across
the entire dataset. The words “batho” and “kudu” contribute the most to this positive
prediction, with “batho” having the highest impact. The other words in the sentence, such
as “ke”, “dula”, “dumedisa”, and “le,“ also have a positive impact but to a lesser extent.
The words ”ke,“ ”dula,“ and ”le” are colored red, indicating they are pushing the prediction
towards a negative sentiment, but their impact is outweighed by the stronger positive
influence of other words.

Figure 12. The SHAP visualizations of a tweet with a positive sentiment.

In conclusion, our XAI methods effectively interpret the sentiments of isiZulu and
Xhosa tweets, outperforming those in Sepedi, Sesotho, and Setswana. This could be in-
fluenced by the linguistic similarities between isiZulu and isiXhosa, as well as model
performance in these languages. While our results show a general trend that higher model
performance may lead to more accurate explanations, further analysis is required to confirm
the existence of a direct correlation between model performance and explanation accuracy.
Moreover, challenges arise when explaining less certain predictions, especially in languages
where the model struggles. In particular, our approach identifies the keywords that in-
fluence sentiment, providing valuable insights into model decisions. Additionally, the
effectiveness of our XAI methods extends to code-switched tweets, showcasing their poten-
tial in diverse linguistic environments. Lastly, XAI methods utilizing PLMs can be applied
to any low-resourced African language that has been fine-tuned for sentiment analysis.

5.6. Human Assessment

One of the main goals in the XAI research field is to assist end-users in becoming
more effective in the use of AI decision-support systems. The effectiveness of the human–
AI interface can be measured by the AI’s ability to support the human in achieving the
task. This is also the case in the context of NLP systems. To evaluate the methods used
for XAI in our sentiment analysis for low-resourced languages, we used an interactive
human-centered feedback strategy to further assess the XAI methods. Each participant
provided informed consent before taking part in the research. The results and explanations
of two sets of participants are presented in the subsections below. The participants included
experienced individuals with technical expertise who often use AI models (56.7%) and
users who are familiar with AI models but do not use them (38.3%). A small group of
participants (5%) opted not to participate in this study.

The feedback strategy used online questionnaires, with each question rated on a scale
of 1 to 5 or as a binary choice of [Yes, No]. Participants were allowed to use the online
sentiment analysis system, which generates sentiment predictions and explanations. They
visualized their examples from the sentiment analysis system before completing the online
questionnaires to rate the level of interpretation and explanation of the decision. The
participants were asked to evaluate trust, transparency, reliability, and interpretability. The
questions used in the study were built using Google Forms (The survey questions can be
found here: https://forms.gle/oHHUw5ECwqjK1E66A (accessed on 12 November 2024).
The results of 57 completed questionnaires are presented in Figures 13–16. These results

https://forms.gle/oHHUw5ECwqjK1E66A
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focused on answering questions based on the explanations generated by the LIME and
SHAP methods.

5.6.1. Trustworthiness

Trust is a crucial factor in the context of XAI, especially in sentiment analysis applica-
tions, as users often want to understand and trust the decisions made by AI models. Four
key questions were considered when asking participants to assess trust in XAI methods for
sentiment analysis. The following questions were considered:

1. How confident do you feel in the accuracy of the sentiment analysis results provided
by the XAI system?

2. How valuable did you find the explanations in helping you to trust the interpretations
of the sentiment analysis results?

3. Did the XAI system’s explanations positively influence any changes in your decision-
making based on the sentiment analysis results?

4. How likely are you to use the XAI system for future sentiment analysis tasks, consid-
ering the explanations it provides?

The results that evaluated the trust factor are presented in Figure 13. The scale results
indicate the distribution of responses regarding confidence in the accuracy of explanations
provided by the XAI system. Each numerical value from 1 to 5 represents different levels of
confidence (1—not confident; 2—slightly confident; 3—somewhat confident; 4—moderately
confident; and 5—highly confident) or likelihood (1—not likely; 2—slightly likely; 3—
somewhat likely; 4—moderately likely; and 5—highly likely).

Figure 13. Results of the trustworthy factor of the XAI methods.

None of the participants indicated they had no confidence in the accuracy of the
explanations provided by the XAI system. This suggests that no one dismissed the accuracy
outright, which can be viewed as a positive sign. A substantial majority of participants
(66%) displayed high confidence in the accuracy of explanations provided by the XAI
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system. This reflects a generally positive outlook and a high level of trust in the system’s
performance. Although a significant portion expressed high confidence, there were still
some participants (18%) who showed moderate confidence levels. Many of the participants
had an understanding of AI models but did not use them.

The results of the scale indicate that a significant proportion of participants (68%) feel
very confident in the value of explanations to trust and interpret the results of the sentiment
analysis. A gradual increase in confidence levels is evident across the scale, with only
5% expressing slight confidence, indicating a strong overall positive sentiment towards
the explanatory value of the XAI method. The distribution suggests that a majority of
participants rely on and value these explanations for establishing trust in the sentiment
analysis outcomes.

Furthermore, the results indicate a high level of influence from the XAI system’s
explanations on decision-making, with 90% of the participants reporting that the system’s
explanations did impact their decisions. This strong positive response suggests that the ability
of the XAI system to provide transparent and interpretable explanations played a significant
role in influencing participants’ decision-making processes, highlighting the importance of
effective XAI in enhancing trust and usability in sentiment analysis applications.

The scale results indicate a clear inclination towards using the XAI system for future
sentiment analysis tasks, as 71% of participants expressed a high likelihood. A substantial
majority of the participants, totaling 94%, expressed the likelihood of using the XAI meth-
ods for explanations (rating 4 or 5), suggesting strong potential adoption. However, there
remains a smaller percentage of 6% (ratings 1 to 3) who could require further investigation
regarding the explanations of the XAI system for general acceptance. Despite a minority
expressing lower inclinations (2% in ‘not likely’), the overall trend shows favorable accep-
tance and significant potential for adoption due to the perceived value of the explanations
provided by the XAI system.

5.6.2. Transparency

Transparency promotes trust in the model. Trust is an emotional and cognitive com-
ponent that determines how a system is perceived, either positively or negatively. Thus,
when the decision-making process in the XAI model is thoroughly understood, the model
becomes transparent. For this case, we evaluated the transparency based on two key
questions:

1. Did the explanations provided by the XAI system help you understand why certain
sentiments were identified in the text?

2. Did you encounter any challenges or difficulties while trying to understand the XAI
system’s generated explanations?

The results of the participants for the above-mentioned questions are presented in
Figure 14.

Figure 14. Results of the transparency factor of the XAI methods.

A significant majority, representing 79.03% of the participants, reported not facing any
challenges or difficulties in interpreting the explanations of the XAI system for sentiment.
This overwhelming result suggests that the explanations of the system may have been clear
and easily understood by a large percentage of users. Nonetheless, the 20.97% of users who
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experienced issues could suggest that the system’s interpretability needs to be improved
to accommodate a smaller but significant portion of users who found the explanations
difficult to understand. Further enhancements to the XAI’s explanation methods could be
beneficial to address the concerns raised by this minority.

Lastly, the substantial 94% positive response to the question concerning whether the
explanations provided by the XAI system helped to understand why certain sentiments
were identified in the text indicates a high level of effectiveness and clarity in the system’s
explanations. This significant majority suggests that the interpretability features of XAI
were successful in clarifying the reasoning behind the sentiment predictions of the vast
majority of participants, highlighting a strong positive impact on comprehension and
trust in the AI decision-making process. However, the relatively low 6% unfavorable
reaction calls for further examination to identify specific areas of the visualization that need
improvement or to address the requirements of users who may have experienced difficulties
or found the explanations unsatisfactory, ultimately improving overall transparency and
customer satisfaction.

5.6.3. Reliability

This section focused on evaluating the effectiveness and reliability of the XAI methods.
For this, we evaluated the following two key questions:

1. How confident do you feel in the accuracy of the sentiment analysis results provided
by the XAI system?

2. Were there any specific instances where you disagreed with the sentiment assigned by
the XAI system, despite its explanations?

As indicated in Figure 15, the results for the reliability of the model provided by the
XAI explanation methods show a range of confidence levels among participants.

Figure 15. Results of the reliability factor of the XAI methods (based on LIME and SHAP visualization).

Most of the participants (65%) expressed high confidence in the precision of the
sentiment analysis. However, a significant portion, 18%, also exhibited a fairly high level
of confidence. A lower percentage, 16%, indicated moderate confidence, while only 2%
showed slight confidence. None of the participants expressed no confidence in the accuracy
of the XAI system sentiment analysis results.

The answers to the second question show that 76% of the respondents agreed with the
sentiment that the XAI system assigned and the justifications that followed. However, 24%
disagreed with the sentiment despite the explanations provided. This suggests a substantial
level of trust, yet a notable portion of participants still encountered instances where they
disagreed with the sentiment assigned by the XAI system, despite the explanations offered.
Further explorations into these disagreements may provide valuable insights concerning
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improving the reliability and accuracy of the XAI system for sentiment analysis in a low-
resourced language context.

5.6.4. Interpretability

Interpretability is defined as the ability to explain to a human being the decision made
by an AI model [5]. In this case, we further evaluated interpretability in the XAI methods
by asking the participants three questions:

1. Did the explanations provided by the XAI system help you understand why certain
sentiments were identified in the text?

2. Were there any instances where the XAI system’s explanation of sentiment did not
align with your interpretation?

3. Are there any challenges or difficulties you encountered while trying to interpret the
XAI system’s explanations of sentiment?

Figure 16 shows the results obtained.

Figure 16. Results of the interpretability factor of the LIME and TransSHAP methods.

The results indicate a high level of agreement, with 92% of the participants answering
‘Yes’ and only 8% responding ‘No’ to the question about the effectiveness of the explanations
provided by the XAI system in understanding the identified sentiments in the text. This
substantial majority of positive responses suggests that the explanations provided by
the XAI system significantly enhanced the participants’ understanding of why specific
sentiments were identified within the tweets. These findings strongly support the idea
that the explanations generated by the XAI system played a crucial role in helping users
understand the results of the sentiment analysis.

Additionally, the results indicate that 74% of participants reported instances where the
XAI system’s explanation of sentiment did not match their interpretation, while 26% stated
otherwise. These results suggest that a significant majority found discrepancies between
their understanding of sentiments and the explanations provided by the XAI system. Such
disparities may indicate potential limitations in the system’s ability to align with human
interpretation, raising concerns about its reliability in accurately explaining sentiments.
More research is required on the nature of these discrepancies to improve the reliability of
the XAI system and bridge the gap between human and AI sentiment interpretations.

Finally, the findings show that a majority (79%) of participants did not encounter chal-
lenges when interpreting the explanations provided by the XAI system regarding sentiment
analysis. However, 21% of participants acknowledged facing difficulties or obstacles when
trying to understand the explanations of the XAI system. This distribution highlights a pre-
dominant ease in understanding the system’s explanations for sentiment analysis, although
a notable minority encountered challenges with certain aspects, indicating a need for
potential improvements in explanation clarity or user guidance to enhance comprehension.

6. Limitations of the Study

We acknowledge a few limitations of this study. First, the availability of large, high-
quality datasets for sentiment analysis in under-resourced African languages remains a



Big Data Cogn. Comput. 2024, 8, 160 22 of 25

challenge. While the SAfriSenti corpus provided a valuable foundation, expanding the
dataset to include more languages and domain-specific data would improve model robust-
ness. Secondly, our approach did not fully address issues such as code-switching, which is
common in African social media texts. Handling this phenomenon requires more advanced
and specialized techniques for multilingual text processing. Thirdly, explainability meth-
ods such as LIME and SHAP may have limitations in fully capturing the complexities of
transformer models, especially when dealing with complex linguistic structures or subtle
sentiment expressions. Fourthly, the high computational cost of fine-tuning large PLMs like
Afro-XLMR and SERENGETI can limit their accessibility in resource-constrained settings.
Finally, limitations in the handling of sarcastic phrases and idiomatic expressions may lead
to incorrect sentiment results in tweets processed by MPLM models.

7. Conclusions

This work presents a novel approach to sentiment analysis for resource-constrained
African languages by integrating Afrocentric PLMs with XAI techniques. This integration
not only improves sentiment prediction but also enhances the explainability of model
decisions, providing more reliable and transparent AI systems. Although sentiment anal-
ysis tools and techniques are available in English, it is essential to extend coverage to
other low-resourced African languages as well, ensuring that the models make informed
decisions. We used the SAfriSenti corpus to perform model fine-tuning and sentiment
classification on five low-resourced African languages. We modified LIME and TransSHAP
to be suitable for transformer-based Afrocentric models. Although the models performed
relatively well across the languages, in this sentiment analysis task the Afro-XLMR model
outperformed them all, showing its adaptability to low-resourced languages. We used XAI
tools to visualize the attention in the texts. We then used LIME and TransSHAP to visualize
the tweets and their interpretations. While the Afro-XMLR model effectively interprets
words conveying the sentiment, it provides inaccurate explanations in languages with
lower sentiment performance. Furthermore, a feedback survey included a quantitative
comparison of the explanations provided by TransSHAP and LIME, in addition to evaluat-
ing trustworthiness, reliability, transparency, and interoperability. The results of the survey
pointed out that a significant majority of participants agreed with the decisions made by the
XAI methods combined with the Afrocentric PLM model. Based on the outcomes generated
by these XAI methods, we can conclude that they not only enhance the accuracy and
interpretability of sentiment predictions but also promote understandability. This, in turn,
cultivates trust and credibility in the decision-making process facilitated by Afro-XLMR as
a sentiment analysis classifier. The use of XAI methods for sentiment explanations can be
easily extended to other African languages.

In future work, we plan to extend our methods to handle challenges such as code-
switching, dialect variations, and more complex explanation techniques, such as counter-
factual visualizations to further improve model interpretability. Future work will explore
handling code-switching in African languages and enhancing XAI techniques to address
multilingual input. We also plan to address problems concerning the perturbation-based
explanation process when dealing with textual data. Furthermore, we intend to investigate
counter-factual visualizations, in which we alter various elements to assess the impact of
the explanations. By extending the features of explanations from single words to longer
textual units composed of words that are grammatically and semantically related, the
explanations could be further improved. Finally, to make our approach more accessible
and scalable in low-resourced settings, we will prioritize reducing computational costs
through techniques such as model pruning, quantization, and knowledge distillation.
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