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Abstract—Mobile application (app) reviews provide valuable
information that facilitates understanding of users’ needs, leading
to better design of developed products. They have abundant
data that can be utilized by different models to explain the
prediction results to stakeholders. This will lead mobile app
developers to trust and rely on the models that are used to
develop their apps and satisfy the users’ needs. To leverage
this information, outstanding improvements in complex learning
algorithms have led to the development of transformer-based
models that are used for natural language processing (NLP) and
to exploit rating predictions. However, such models are complex
and lack explainability, especially for Arabic reviews. Most studies
have applied explainability models for transformer-based models
to the English language and various other languages but not the
Arabic language. This study presents a rating prediction explain-
ability (RPE) framework that combines transformer-based and
explainability models for review rating predictions from mobile
government (m-government) apps. The transformer-based models
predict the ratings for reviews written in English or Arabic. Then,
local explainability models, such as SHapley Additive exPlana-
tion (SHAP) and local interpretable model-agnostic explanations
(LIME), explain and visualize the results. In RPE, not only
high prediction accuracy was achieved for both English and
Arabic reviews, but the resulted predictions were also justified
with consistency between the different explainability models. The
transformer-based model ELECTRA yielded the highest accuracy
and F1 score of 96% for the rating prediction of English reviews,
whereas the transformer-based model AraBERTv2 had 95%
accuracy and F1 score for the rating prediction of Arabic reviews.
The results of both explainability models provided equivalent
explanations and emphasized the same words that affected the
predicted ratings.
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I. INTRODUCTION

In recent years, an increasing number of user reviews
have been posted on various internet services. These services
include social media, e-commerce, and microblogs [1]. User
reviews are comments and opinions provided by consumers
about a product, business, or application (app) [2]. They consist
of essential information that can capture the users’ preferences
over multiple items [3]. They provide pivotal information
regarding the quality of the item being reviewed to help others
decide whether to buy the product, deal with the business, or
download the app [4]. This has prompted recent studies in
this field on complementing item representation and improving
recommendation performance [3].

One source of these reviews is mobile apps. They are a
convenient way for users to share their opinions and thoughts.
The interaction between users and mobile apps under several

usage contexts have made the need for better app design
a crucial issue. This presents a considerable challenge for
app developers and marketers in developing suitable apps for
users on the basis of their needs. Constructive and timely
user reviews help developers become aware of user needs,
creating opportunities for innovation [5]. The star ratings and
the users’ written reviews that is provided by the apps create
an understanding of the consumers’ needs and preferences,
which leads to enhancements in the apps’ features or the
development of more advanced apps [6].Furthermore, one
of the most important types of reviews that require careful
analysis is related to mobile government (m-government) apps.
The evolution of information and communication technology
(ICT) has led governments worldwide to digitize their ser-
vices using mobile technology, creating the concept of m-
government. M-government allows for better communication
with citizens/residents and provides them with better access to
services [7]. The number of mobile phone users worldwide has
reached 6.378 billion [8], and in Saudi Arabia, the number of
smartphone users is expected to increase to 36.17 million in
2025 [7]. An evaluation of the current usage of m-government
apps will help determine their effectiveness [6].

Turning this unstructured feedback into actionable insights
requires natural-language models that are both accurate and
linguistically inclusive. Numerous approaches have leveraged
user reviews to extract knowledge related to their content or
semantics in several languages [9]. To extract and work within
user reviews, studies have utilized the features provided by
deep learning (DL) in natural language processing (NLP).
Among DL architectures, transformer-based models are con-
sidered important landscapes for NLP. On many tasks, they
outperform many other state-of-the-art DL models [10] [9].
This is because, with traditional models, training incurs a high
computational cost, which limits the volume of tuning that
could be done on a model [11]. Furthermore, the size of the
dataset used to train a model limits the ability to measure
how the model is advancing. However, since transformer-based
models are already trained on enormous datasets, this reduces
the computations needed for the training process. In addition,
they eliminate the need for an enormous dataset to obtain
significant results [12].

On the other hand, the black-box nature of these models is
considered a shortcoming. This means that the internal oper-
ations of the classifiers are unknown to humans [13]. Under-
standing the reasons behind the predictions made by a model is
quite important for taking action based on these reasons [14].
Explainability is the ability of humans to understand a model
and its behavior. In some cases, explainability is considered
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a prerequisite for accepting the results of the model [15];
for example, the use of the model in medical applications or
terrorist recognition cannot be based on blind faith, considering
the consequences. Furthermore, any predictions related to a
text should be linked with an explanation that indicates how
and why the predictions were made. This type of understanding
can be achieved by tracing each decision made by a model
back to individual words [16].

Studies have shown that explainability models, such as
SHapley Additive exPlanation (SHAP) and local interpretable
model-agnostic explanations (LIME), are useful for adding
explanations when incorporated into model workflows [17].
Recently, various studies have used SHAP as an explainability
model. For example, it was used to measure the contributions
of specific tokens toward specific predictions of material prop-
erties [18]. In addition, it was used as an explanation method
for text classification developed by the BERT transformer-
based model [19]. LIME was used as a basic explainability
model for detecting patients with specific diseases on the basis
of the predictions of several transformer-based models [20].
Additionally, it was used to explain the reasons behind the
identification of harmful content in tweets [21].

The intersection of highly rated apps and public services
makes m-government apps an ideal, high-impact test bed for
such explainable techniques. The use of m-government in
Saudi Arabia began to take shape in different sectors of the
country [22]. Predicting the reviews’ ratings and providing
an explanation for the predicted ratings will enrich the Saudi
Arabian app development market to develop apps based on
users’ demands. However, these reviews frequently mix mod-
ern standard Arabic with colloquial dialects which are un-
derrepresented in standard corpora. Arabic language presents
unique challenges that are not present in English-based NLP
pipelines. This is due to the language’s rich morphology, com-
plex grammar, data scarcity, and variety of dialects [23], that
result in inconsistent predictions and inaccurate and unreliable
models. Even with the growing number of advancements and
improvements in transformers and explainability models, there
is still a lack of studies that have used such models in Arabic
NLP tasks, especially in the field of predicting review ratings.

Consequently, this study aims to provide the Rating-
Prediction-Explainability (RPE) framework, which combines
various transformer models with SHAP and LIME to deliver
both accuracy and transparency in predicting the ratings of m-
government apps in Saudi Arabia based on written reviews in
English and Arabic.

The main objectives of this study are as follows:

• Creating a dataset for m-government apps for both
English and Arabic language.

• Developing a review rating prediction framework for
English and Arabic reviews from m-government apps
using Transformer-based models.

• Providing explainability for the resulting prediction
from the transformer-based models using explainabil-
ity models.

• Proving the consistency in the explainability between
the different explainability models used in the frame-
work.

The remainder of this study will discuss the related works
to this study from the literature, as well as highlight the
research gap. Next, it discusses the details of the methodology
used for the proposed model, the data, and the experiment
and evaluation of the model. Then it presents the results and
discusses them. Finally, the study ends with a conclusion and
provides limitations and future work.

II. RELATED WORK

Given the importance of user-generated reviews, developers
and academic researchers have conducted several studies to
determine the best method for predicting ratings based on
the review content and the language of the review. This has
resulted in a high demand for understanding the predicted
results [24]. This section highlights the different studies that
have focused on rating prediction on the basis of users’ reviews
and their language, transformer-based models, and different
explainability models

A. Rating Prediction

Because reviews and their associated ratings are valuable
and not always available, rating prediction has been devel-
oped to generate ratings for non-rated items [25]. However,
discovering and extracting the users’ needs is a nontrivial
task because only one-third of app reviews contain objective
statements. Moreover, processing many unstructured reviews
to extract possible user needs can be tedious. Therefore,
automatic extraction is more efficient [5].

Consequently, developers and academic researchers are
working on improving the performance of prediction models
by extracting diverse features, such as lexical patterns, words,
semantic topics, and syntactic structure, from the contents of
reviews [26].

Current technical innovations in the field of machine
learning (ML) have led to its utilization in various scenarios,
including rating prediction [27]. Moreover, DL-based models
are effective not only in improving performance but also in
learning feature representations from scratch [4], such as Qiao
et al. [5] who proposed a domain-oriented approach based on
DL that combines a convolutional neural network (CNN) and
a recurrent neural network (RNN). The model classifies user
feedback to identify the type of information within the user
reviews of mobile apps. The results of the study revealed that
the proposed model yielded more valuable information, such
as essential key-words and more consistent topics. In addition,
this DL approach outperformed the traditional classification
methods because it captures more contextual and semantic
relationships between words.

Moreover, Ahmed and Ghabayen [28] proposed a DL
bidirectional gated recurrent unit (Bi-GRU) architecture model
for rating prediction. It consists of two phases: the first phase
involves polarity prediction, whereas the second phase involves
the prediction of review ratings from the text of a review.
The results of their experiment indicate that the proposed
framework can significantly improve rating prediction com-
pared with the baseline methods. Another study that used a
CNN to predict ratings for mobile apps was [29] by Aslam et
al. The classifier extracts textual and non-textual information
from each app review. Textual information is preprocessed
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for each review, and a digital path is created. Finally, a
prediction is generated for the app review. The results of
the proposed approach revealed a significant improvement in
rating prediction for reviews.

However, the rating is not entirely determined by the con-
tent of the review because the user may give a low rating but
write a positive review. Consequently, different approaches and
models have been proposed for rating prediction [26]. Sadiq
et al. [30] proposed a DL-based framework for predicting the
contradictions between rating predictions in Google Apps. The
polarity of reviews is predicted using sentiment analysis to
determine the ground truth. Next, DL models are trained on
the ground truth to predict star ratings from text reviews. The
results of their experiment showed that unbiased star ratings
could be predicted based on actual reviews written by users
[30]. Table I provides a summary of the proposed models along
with their strengths and limitations.

B. Transformer-Based Models

The effectiveness of DL models when a large amount of
data is used has been demonstrated; however, there are many
limitations related to them. This caused the researchers to focus
increasingly on much more sophisticated models that capture
the dynamics of the used language. For example, RNN can
effectively capture the contextual information and long-term
dependencies in the text, however, there are several challenges
related to long sequences which makes it difficult to figure
out the correlations between the words. Moreover, CNN is
known to be used for text classification by extracting local
features from the provided input. This allow easy detection of
text patterns. However, it provided low accuracy in some of
the cases [31]. Additionally, there are some cases in which
the available data are not sufficient to train a classifier to
obtain justifiable results [32], and training incurs a high
computational cost, which limits the model training process
[12]. Consequently, transformer-based models were introduced
with pretrained models that provide a vast amount of data and
reduce the computational cost needed for training DL models
[15].

Given the vast amount of information available in users’
reviews available online, Kaur and Kaur [33] classified app
reviews as relevant, feature requests, or bug reports. They used
BERT to extract the contextual connections between written
reviews. To assess the efficiency of their proposed model, five
datasets were tested, and the model outperformed state-of-the-
art models.

Additionally, Shiju and He [34] built a classification model
via BERT, XLNet, RoBERTa, ELECTRA, BioBERT, and
ALBERT transformer-based models. The models classified
drug ratings based on the written textual reviews. This study
identified reviews that are inconsistent with the given ratings.
Moreover, BioBERT outperformed the other models because it
specializes in medical data, which was the focus of this study.

Moreover, Chowdhury et al. [35] investigated the effect of
BERT on Arabic text classification by incorporating formal and
informal text in the training process. The goal was to classify
text into categories such as ‘sports’, ‘human rights’, and
‘politics’, among others using BERT. The study revealed that
training with formal text was more generalizable than training

with informal text while enabling the correct classification
of text. The formal text dataset consisted of social media
posts from popular Arabic news channels that cover YouTube,
Facebook, and Twitter, whereas the informal text was from
Arabic tweets from popular accounts. The study revealed an
overall improvement in text classification effectiveness.

In terms of rating prediction, Liu [9] predicted restaurant
ratings based on textual reviews from the Yelp dataset via ML
models such as Naive Bayes (NB), Logistic Regression (LR),
Random Forest (RF), and Linear Support Vector Machine
(SVM) and transformer-based models such as RoBERTa, Dis-
tilBERT, BERT, and XLNet. Finally, the authors compared the
different models in terms of computational resources, speed,
and evaluation metrics. The study showed that transformer-
based models had higher accuracy than ML models did. One
of the reasons for this result is that transformer-based models
are pretrained on very diverse data. This diversity improves
the generalizability and robustness of these models [36]. Table
II provides a summary of the transfromer-based models along
with their strengths and limitations.

C. Explainability Models

Recently, breakthroughs in the use of DL models have led
to improvements in their accuracy and utilization in several
scenarios [27]. However, these models are still considered
black-box models [16], and their growing complexity makes
reliable, fair, and safe models mandatory [37]. To address this
concern, explainability models have been developed. They can
be applied to any classification task [19]. In prediction-based
models, understanding decisions is relevant for evaluating the
reliability of the resulting predictions and detecting possible
biases in the models [38].

Owing to the increasing complexity of DL models, reliable,
fair, and safe models are needed [37]. Explainability models
aim to increase trust by ensuring the transparency, dependabil-
ity, and stability of the model used [13].

Research have shown that SHAP and LIME explainability
models can be added to the workflow of a model used to
explain the resulting predictions [17]. As a result, these models
have been applied in different domains to enhance explainabil-
ity. Ahmed et al. [39] developed a model that integrates LIME
and BiLSTM to detect fake news. In this model, BiLSTM
serves as the classification model for fake news detection, and
LIME is used as the explainability model. The model achieved
high accuracy and outperformed other ML models.

In the medical domain, Ilias and Askounis [20] used LIME
to explain the ability of a BERT transformer-based model to
predict whether a patient is suffering from Alzheimer’s disease
(AD) on the basis of the patients’ words used while speaking in
English. This study re-vealed significant language differences
between patients with and without AD. These differences were
explained visually, revealing the diverse patterns of words,
expres-sions, and verb tenses used by patients.

Similarly, Rao et al. [40] predicted the incidence of heart
failure using the BEHRT transformer-based model. This model
was applied to data from patients’ electronic health records in
the UK. The authors provided explanations for the resulting
predictions. BEHRT worked robustly with large-scale, sequen-
tial data and outperformed other traditional DL models. The
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TABLE I. SUMMARY OF RATING PREDICTION RELATED WORK

Ref Model Strengths Limitations
[5] CNN and RNN Capturing more semantic and contextual relation-

ship between the words
The use of one public data source and one method
of analysis

[28] Bi-GRU for rating prediction based on
DL

Evaluate the framework on real-world datasets The large number of unique words causes ineffi-
cient encoding for them

[29] App review classification approach
based on CNN

Works on textual and non-textual information Considering a limited number of reviews

[30] Neural network–based method for un-
derstanding and predicting users’ rating
behaviors

Unify aspect rating with the review content Detecting fake reviews

TABLE II. SUMMARY OF TRANSFORMER-BASED MODELS RELATED WORK

Ref Model Text Type Strengths Limitations
[33] BERT App reviews The model achieved high perfor-

mance in prediction for both long and
short datasets

The used dataset had some internal validity issues

[34] BERT, XLNet, RoBERTa, ELECTRA,
BioBERT, and ALBERT

Drugs reviews Identifying the inconsistent reviews
with given ratings

Relying on the drug name for the classification.

[35] BERT Social media
posts

The classification into multiple labels Collecting and pre-training a large set of data is
impractical

[9] ML models (NB, LR, RF, and Linear
SVM) and transforrmer-based models
(RoBERTa, DistilBERT, BERT, and XL-
Net)

Restaurant
reviews

The experiment with several
transformer-based models

No much difference in the accuracy between the
ML models and the transformer-based models.

authors used the perturbation concept as a local surrogate
method to explain the resulting predictions. They quantified
the contribution of selected patient encounters and tested how
the combination of the diagnosis and the medications affected
the model’s predictions.

Although transformer-based models have achieved very
promising results in several areas, understanding their results is
still an area to explore [39]. Korangi et al. [41] proposed an in-
novative model representation leveraging a BERT transformer-
based model for predicting credit risk for mid-cap companies.
They referred to this approach as the transformer encoder
for panel-data classification (TEP). The authors incorporated
differential training with a multichannel architecture, leading to
superior performance and improvement over traditional models
by efficiently training with all the data. SHAP was applied to
express the importance of ranking the different sources of data
and their relationships.

As stated in the previous literature, the explainability of
a model is an important factor for its reliability. Different
types of text were used under different classification and
interpretation models, as shown in Table III, which provides a
summary of the explainability models.

III. RESEARCH GAP

To the best of our knowledge, even with many transformer-
based models that have been used for review rating prediction
and a respectable number of scientific studies that have focused
on explainability in different fields, there is a lack of studies
that combine these models with explainability to justify the
predicted ratings. There is still a need to conduct more research
in the field of review rating prediction, especially for mobile
apps. They have abundant data that can be utilized by different
models to explain the prediction results to stakeholders. This
will lead mobile app developers to trust and rely on the models
used to develop their apps and satisfy the users’ needs. In

addition, most studies have applied explainability models for
transformer-based models to the English language and various
other languages but not the Arabic language. Consequently,
this study applies transformer-based models for review rating
prediction in both the English and Arabic languages and then
applies explainability models to justify the predicted ratings
to help the app developers recognize the users’ needs for the
apps and understand the difficulties they face.

IV. RPE FRAMEWORK

In this study, the RPE framework is proposed to explain
the predictions of the review rating of mobile applications
generated using transformer-based models. The model consists
of three modules: 1) a dataset creation module, where the
dataset is collected, cleaned, split, and balanced; 2) a rating
prediction module, where the input sequences are processed
through three different layers to predict ratings via transformer-
based models; and 3) an explainability module, where the
resulting predictions are justified via visualization techniques
of explainability models. The high-level architecture of the
model is shown in Fig. 1.

A. Dataset Creation

The initial dataset consisted of user reviews collected from
m-government apps. Reviews were collected from a set of apps
based on their purpose. The dataset was then cleaned and split
based on the detected language. Dataset Description Section
discusses the details of this process. The reviews from the
resulted datasets are then passed through the prediction layer
to perform the rating prediction.

B. Prediction

The prediction module consists of three different layers: an
embedding layer, a transformer layer, and a prediction layer.
The rating is predicted for an app review by passing the input
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TABLE III. SUMMARY OF EXPLAINABILITY MODELS RELATED WORK

Ref Classification Technique Explainability
Model

Aim Type of Text

[39] BiLSTM LIME Analyzing and comparing the computational over-
head

Covid-19 news

[20] TEP SHAP The use of two explainability models to confirm
their results

Market or pricing data

[40] BERT, ALBERT, BioBERT, RoBERTa, XLNet,
ConvBERT, and BioClinicalBERT

LIME Detecting AD in patients based on the used words
when speaking English

English spoken words

[41] MatBERT LIME and SHAP predictions of material properties Material properties written in
English

Dataset Creation

Embedding Layer

Transformer Layer

Prediction Layer

Explainability

Prediction

Fig. 1. RPE high-level architecture.

through these layers, which convert the app review into a
format that is understandable by the machine and prepares
it for the training process. In the following subsections, we
provide detailed explanations of these layers.

1) Embedding layer: The transformer-based model re-
ceives the user review as discrete input tokens (sentence). The
review cannot be processed directly as raw text; therefore,
it passes through an embedding layer. The embedding layer
converts the input into continuous, high-dimensional vector
representations where each token is assigned a unique vector.
Next, the model generates contextual embeddings by making
some adjustments to the vector where tokens with similar
meaning are brought together, allowing the model to capture
the semantic relationship between them. As a result, embed-
dings are generated for each word within different contexts.
The self-attention mechanism in the transformer-based models
starts with the embedding vector. Then it refines the initial
representation based on the context of the entire input [42],
[43].

This layer considers text through three different embed-
dings: token embedding, sentence embedding, and positional
embedding. In token embedding, the input is tokenized using
the WordPiece tokenization method. The text input is converted
into a numerical representation that is understandable by the
machine (e x1, e x2, e x3..., e xL). In addition, additional
tokens are added to each input sequence, such as <CLS>,
which indicates the beginning of the input, and <SEP>,
which separates sentences. The resulting tokens are then passed
through the sentence embedding, where the words of each sen-
tence are assigned the same embedding. This is accomplished
by adding a learned embedding to each word to indicate the

sentence to which the word belongs. Ultimately, an input
sequence consisting of multiple sentences is packed together
as a single sentence and passes through positional embedding.
Each word in positional embedding is assigned a number that
represents its position within the entire input (e 1, e 2, e 3,
. . . , e L). If a word is repeated within the input, the same
number is assigned. Finally, the sum of the three embeddings
generates a representation of a single shape that is passed as an
input for the transformer layer. These embeddings contain the
meaning and characteristics of the input word, which enables
the model to understand their relation to the corresponding
rating to perform the rating prediction on the testing dataset
[42], [43]. A detailed view of this layer is shown in Fig. 2. We
refer the readers to [42], [43] for a comprehensive explanation.

Context Vectors

Sentence Embedding 

ex2 ex3ex1Token Embedding e<SEP>e<CLS>

eA eA eA eA eA

+ ++ ++

Positional Embedding e0 e1 e2 e3 e4

+ ++ ++

E0 E1Transformer Input

Embedding 
Layer

E2 E3 E4

best service

Input Sequence x

Transformer Encoder

Transformer Encoder 

Transformer Encoder

…Transformer 
Layer

Transformer Model

Output

everUser Review

Fig. 2. Embedding and transformer layers (inspired by [43]) showing the
flow of the user review as the input sequence into the output context vector.

2) Transformer layer: In the transformer layer, the input
passes through the attention mechanism, normalization, and
feed-forward layers, where the actual classification of the text
occurs to extract the key characteristics [44]. First, the model
takes the ¡CLS¿ token, which is considered the classification
token, as the first input, followed by the remaining words in
the input sequence. The input is then passed through the above
layers. Each layer applies self-attention and passes the results
through a feedforward network that passes the input again to
the next layer above [11]. The final output of this layer, which
represents the context vector of the input sequence, is then
passed to the prediction layer.
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3) Prediction layer: The output vectors of the transformer
layer represent the important features provided by the input
sequence. These features are then passed through a dense
neural network to produce the logits. The logits are the
output of the last neural network layer in raw unnormalized
form before they are converted into probabilities. These raw
scores are essential, as they encapsulate the model’s initial
predictions. Logits are then converted into probabilities by
passing them through the Softmax functions in the Softmax
layer. This transformation is crucial for making the model’s
output actionable and explainable. The softmax function maps
the logits from the range of (-infty) to (+infty) to a range of 0
to 1, to ensure that the output values sum up to 1 and can be
interpreted as probabilities. Lastly, these probabilities produce
the predicted rating, as shown in Fig. 3 and passed through
to the explainability layer along with the transformer-based
model used for rating prediction.

Softm
ax Layer

Rating 
Prediction

Context 
Vectors

Dense 
Neural 

Network
Logits

Fig. 3. Workflow of rating prediction layer.

C. Explainability

In the RPE framework, the SHAP and LIME explainability
models are used to explain the predicted ratings.

1) SHAP: SHAP is a model-agnostic method used to
explain the behavior of a model across all instances [45].
It identifies and prioritizes features that define classifications
and predictions of any model by assigning a SHAP value to
each feature [38]. In this work, the goal of using the Shapley
value is to distribute the contributions between the features
because they result in a certain prediction. The Shapley value
of a feature (represented by a token) is the contribution of the
feature to the model prediction [17].

In the RPE framework, SHAP receives the user review
and transformer-based model as input and then creates N new
samples from the same review via perturbation. The perturbed
samples are created by masking random words from the
original user review. These samples are fed into the model to
generate their prediction. The difference between the predicted
rating of each perturbed sample and the predicted rating of
the original sample represents the contribution of the masked
word to the prediction. The SHAP value of a feature reflects the
strength of the impact of the feature on the resulting prediction
via the model. Thus, it can be used as an importance score for
features [17].

2) LIME: LIME is a model-agnostic explanation method
that generates a local explanation for a complex model by
justifying its decision for a specific observation. This approach
implements a linear explainability model trained to estimate
the prediction of a black-box model [46]. It works via a
direct approach of training the model locally on specially
generated representations that are different from the original
input sequence of the model and observing the changes that
occur in the prediction [47].

In RPE, LIME creates N new perturbed samples from
the input review, similar to SHAP. These samples are fed
to the transformer-based model to generate the predictions.
Moreover, LIME weights these perturbed samples based on
their closeness to the original sample to indicate their relative
importance. Then, a linear regression model is trained on
the perturbed samples and the weighted samples to explain
a specific prediction. The coefficients are extracted from the
linear model and used to explain the local behavior of the
model. If the coefficient is positive for a specific word, this
word positively affects the model’s prediction, whereas a
negative coefficient indicates the opposite. The degree of the
effect on the prediction depends on the value of the coefficient
[16].

V. DATASET DESCRIPTION

In this section, all the processes that the data underwent are
described, from collection to cleaning, balancing, and splitting
to create the final datasets. The dataset creation process is
illustrated in Fig. 4.

Review 
Collection

App 
Selection

Initial 
Dataset

Cleaning 
Dataset

Splitting
Dataset

Fig. 4. Initial dataset creation.

A. Data Collection

The data needed for this study was users’ reviews and
ratings from m-government mobile apps. And since the govern-
ment of Saudi Arabia is moving towards providing citizens and
residents with additional access to governmental information
and services through the m-government apps [22], its certified
m-government apps platform was used to collect the data and
create the dataset for the study. This certified platform is called
the Saudi Unified National Platform. It includes the services
related to healthcare, Hajj and Umrah, education and training,
tourism,culture, and entertainment, safety and environment,
Islamic affairs, business and entrepreneurship, and others. In
the end, the dataset consisted of real-world data of users’
reviews and ratings of m-government apps that provide social
services for citizens and residents in Saudi Arabia.

B. Data Cleaning

Since rating prediction in this study is done using
transformer-based models, the usual text preprocessing is not
needed, such as removing null values, stop words, white
spaces, punctuation marks, ASCII, duplicate letters, contrac-
tions, hashtags, emojis, and URLs. This comes from the fact
that the transfer learning techniques are feature independent,
which means that their power to understand natural language
comes from their ability to contextually model the language.
When they are applied to textual data that is heavily cleaned,
they become worse because of the loss of contextual infor-
mation needed by the model [48]. The dataset was cleaned
by removing unnecessary attributes, that is, the time of the
review, name of the user, title of the review, and version of
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the app, from each review which were collected by the data
collection tool. Afterward, reviews were examined manually
and all repeated reviews by the same user were deleted, as well
as were reviews that were not in Arabic or English. Moreover,
reviews that did not provide useful information for the study
were eliminated. Furthermore, the reviews that were written
in multiple languages were revised, and only one language for
the review was retained either English or Arabic. In addition,
words written in a language different from the review are
translated or deleted if they are not necessary. Table IV lists
examples of the cleaning processes.

TABLE IV. TESTING REVIEWS BEFORE AND AFTER CLEANING

Review Before Cleaning Review After Cleaning Problem
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C. Data Splitting

The RPE framework explains rating predictions for both
English and Arabic reviews. Consequently, the initial dataset,
which contains reviews in both languages, was split into two
datasets based on the language of the reviews to produce the
final datasets. The English and Arabic datasets consisted of
4381 and 6509 reviews, respectively, which were distributed
among different class ratings from 1 to 5, as shown in Table V.

TABLE V. ACTUAL RATING DISTRIBUTION OF M-GOVERNMENT APPS
REVIEWS THAT PROVIDE SOCIAL SERVICES FOR CITIZENS AND

RESIDENTS IN SAUDI ARABIA

Dataset Rating Class
1 2 3 4 5

English 2581 320 254 224 1002
Arabic 4410 508 390 259 942

D. Data Balancing

In classification problems, the performance of the DL
model becomes worse when dealing with imbalanced data
because the model tends to learn more towards the majority
class than the minority class. This degrades the performance
of the model and reduces the ability to generalize the results
because of the difficulty in accurately predicting the minority
class in the presence of the majority classes. To address the
imbalanced numbers of reviews among the rating classes,
as shown in the previous table, the datasets were examined
manually, and the main observations for minority classes 2, 3,
and 4 were related to the quality of the written reviews:

• Some of the reviews in these rating classes were mean-
ingless and included only emojis, unknown words,
reviewer names, etc., as shown in Table VI. These
reviews do not highlight the features in the review to
distinguish between them and know which of them
has a stronger impact on the given rating than others.

• Users tended to write long reviews when they were
completely satisfied or completely disappointed with
an app. Consequently, the review lengths of these
minority rating classes were noticeably shorter than
those of classes 1 and 5. Fig. 5 shows the difference
in sentence length across the rating classes.

• Because users could not provide a star rating unless
they also provided a written review, they sometimes
wrote non-useful reviews only to reach the point of a
star rating, as mentioned by some of the users.

TABLE VI. DATA SAMPLE OF M-GOVERNMENT APPS REVIEWS THAT
PROVIDE SOCIAL SERVICES FOR CITIZENS AND RESIDENTS IN SAUDI

ARABIA

Source Content Rating
NWC Thx 3

Sehhaty Gd r go bjy zoo zlay e ej tzzzI eeu h 2

Tawakkalna Õ
�
æJ
ë ñK.



@ 4

Bader Saeed1234 1

Citizen Account ♡ 5

Fig. 5. Sentence length of m-government app reviews that provide social
services for citizens and residents in Saudi Arabia.

All of the above may affect the model during the training
process, as these factors may prevent understanding of various
aspects of reviews in the minority rating classes, thus resulting
in the failure to predict their ratings correctly. This led to the
removal of the reviews that belonged to class 2, 3, and 4, and
only the reviews from class 1 and 5 were used in the study
to train the rating prediction model. Thus, this study focused
on the polarity of reviews to measure the satisfaction of app
users and to understand their needs for app development.

However, these two rating classes were also unbalanced.
Therefore, a text augmentation technique was used to add data
to the minority class. Additional data was added to the minority
class from the unused collected data. Additional reviews were
collected from other apps on the platform, such as health and
education apps. Reviews of rating classes 1 and 5 were added
to the English dataset to increase the amount of data and
balance the two rating classes. For the Arabic dataset, only
reviews of rating class 5 were added, and rating class 1 was
down-sampled to balance the two classes. The final datasets
consisted of 5430 reviews from 67 applications for the English
dataset and 5470 reviews from 82 apps for the Arabic dataset.
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Table VII shows the distribution of the reviews among the
rating classes.

TABLE VII. FINAL DATASET

Dataset Rating Class
1 5

English 2709 2723
Arabic 2791 2690

VI. EXPERIMENT AND EVALUATION

In this section, all the experimental settings used for the
transformer-based models and the explainability models are
listed. In addition, the evaluation metrics for both types of
models are highlighted.

A. Experimental Settings

Details regarding the implementation of the transformer-
based models used in this experiment, training strategy, hy-
perparameters, and model performance for each dataset are
provided below:

1) Implementation details: Transformer-based models were
implemented in the same manner, as indicated in [43]. To
use the models in text classification, the problem was consid-
ered a rating prediction problem in which only the encoder
part was used. The dataset was split into 80/10/10 train-
ing/testing/validation data.

2) Training strategy: This study used the same training
strategy, as in [43]. The model iterated through different
hyperparameters and transformer-based models to find the
best performing model for each dataset in the classification
task. The hyperparameters used for both datasets are listed in
Table VIII.

3) Prediction models: Several transformer-based models,
namely, BERT, XLNet, RoBERTa, ELECTRA, ALBERT,
XLM RoBERTa, MARBERT, QARiB, and AraBERT, were
fine-tuned on both datasets in this experiment to obtain the
highest accuracy and F1 score.

4) Explainability models: SHAP and LIME were applied to
the testing datasets using the transformer-based models, which
resulted in the highest accuracy and F1 score.

TABLE VIII. MODEL HYPERPARAMETERS

Training Argument Value
Training Batch Size 16

Evaluation Batch Size 16
Number of Epochs 4
Evaluation Steps 300

Learning Rate 5e-5
Output Shape (768, 2)

B. Evaluation Metrics

Two types of evaluations were conducted, namely, predic-
tion model and explainability model evaluations, as follows:

1) Prediction model evaluation metrics: The classifica-
tion metrics used to measure the overall performance of the
transformer-based prediction models were accuracy and the F1
score.

• Accuracy: the ratio of the number of correctly pre-
dicted ratings to the total number of predicted ratings
[49]. It is calculated by Eq. (1):

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

where, TP is true positive which is the number of outcomes
where the model correctly predicts the positive class, TN is
true negative which is the number of outcomes where the
model correctly predicts the negative class, FP is false positive
which is the number of outcomes where the model incorrectly
predicts the positive class, and FN is false negative which is
the number of outcomes where the model incorrectly predicts
the negative class.

• F1 score: the average rate between the recall and
precision [49]. It is calculated by Eq. (2):

F1 =
2× precision× recall

precision+ recall
(2)

where, precision is the proportion of correct positive iden-
tifications out of all positive identifications and recall is the
proportion of correct positive identifications out of all true
positive instances. They are calculated via Eq. (3) and Eq. (4):

precision =
TP

TP + FP
(3)

recall =
TP

TP + FN
(4)

2) Explainability model evaluation metrics: Despite the
massive amount of knowledge established around explainabil-
ity models, there is no general agreement in the literature on
how they should be defined or evaluated [50]. The literature
suggests different evaluation metrics, such as comprehensi-
bility, accessibility, fidelity [37], robustness [51], effective-
ness, stability, and understandability [50]. However, there are
no theoretical concerns that prompt favoring certain metrics
over others [37]. Moreover, the literature lacks systematic
approaches for assessing different explainability models in a
comprehensive and balanced manner [51].

Consequently, the explainability of the RPE framework de-
pends on evaluating the consistency between the visualizations
produced by SHAP and LIME. Moreover, the SHAP and LIME
values for the different words in the dataset were compared
to prove the regularity of the impact of those words on the
predicted rating class.

VII. RESULTS

The results of the transformer-based model experiments
and the experiments conducted on the explainability models
are presented in this section.
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A. Rating Prediction Model Results

The results of applying the transformer-based models to
both the English and Arabic datasets are presented in Table IX
and Fig. 6. It shows that ELECTRA and AraBERTv2 achieved
the best performance with respect to accuracy and F1 score.

Fig. 6. Prediction performance.

In addition, the wilcoxon signed-rank test was applied
to compare the performance of ELECTRA and AraBERTv2
against other baseline models in the same evaluation folds.
The tests were conducted using paired accuracy and F1 score
obtained from identical evaluation settings. The results indicate
that these two models achieved significant improvements over
the other baseline models with p < 0.05 for accuracy and
F1 score. This confirms the effectiveness of the proposed
transformer-based models configurations. Table X presents the
statistical significance of test results.

B. Explainability Model Results

The transformer-based models that achieved the best per-
formance, ELECTRA, and AraBERTv2, were used with the
explainability models SHAP and LIME to justify the resulting
predictions. Understanding the decisions made by a model is
relevant for assessing the consistency of the resulting predic-
tions and detecting possible biases in the model [38].

Two input sequences were used to visualize the explana-
tions from each dataset. The selected reviews, along with their
actual and predicted ratings, are listed in Table XI.

1) SHAP: A representation of the visualized explanations
for reviews 1 and 2 from the English dataset is shown in Fig. 7.
For review 1, all the words contributed to the prediction of
rating class 1, with a total contribution of 0.46. For review 2,
all the words contributed to the prediction of rating class 5,
with a total contribution of 0.26, except for the words “to” and
“and”, which contributed negatively, with a total contribution
of 0.15.
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Fig. 7. SHAP visualization for English reviews where the Red bars mean
positive contribution towards the predicted output and blue bars mean

negative contribution towards the predicted output.

The visualized explanations for reviews 3 and 4 from the
Arabic dataset are shown in Fig. 8. For review 3, the words

“É �
�A

	
¯”, which means “failure”; “



A¢

	
k”, which means “error”;

and “ éJ

	
Jª
�
K”, which means “means”, contributed positively to

the prediction of rating class 1, with a total contribution of
0.38, whereas all the other words contributed negatively to the
predicted rating, with a total contribution of 0.20. For review 4,
all the words contributed positively to the prediction of rating
class 5, with a total contribution of 0.64, except for “Zú



æ�ð”,

which means “and bad”, which contributed negatively, with a
total contribution of 0.14.
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Fig. 8. SHAP visualization for Arabic Reviews where the Red bars mean
positive contribution towards the predicted output and blue bars mean

negative contribution towards the predicted output.

2) LIME: Each rating class in the LIME visualization is
displayed with the probability of being the predicted class for a
given input. For review 1 from the English dataset, the highest
probability of 0.98 was for rating class 1. This probability
occurred because of the contribution of all the words toward
rating class 1, with a total of 0.75, except for the word “to”,
which contributed positively to the prediction of rating class
5. On the other hand, review 2 from the same dataset had the
highest probability of being of rating class 5, with a value
of 0.99. All the words in the given review contributed to the
prediction of rating class 5, with a total contribution of 0.33.
Fig. 9 shows the LIME visualizations of these reviews.

Prediction Probabilities

Rating 1

Rating 5

Prediction Probabilities

Rating 1

Rating 5

Rating 5 Rating 1
Bad

0.64
need

0.05
improve

0.04
to

0.02
app

0.02

0.00
it

Text with highlighted words

Bad app need to improve it

0.98

0.02

0.01

0.99

Rating 5Rating 1

Text with highlighted words

Excellent application and easy to use,

Excellent
0.10

easy
0.10

application
0.06

and
0.03

use
0.02

to
0.02

Fig. 9. LIME visualization for English Reviews where the orange bars
represent the contribution towards rating 5 and the blue bars represent the

contribution towards rating 1.

For the Arabic dataset, as shown in Fig. 10, review 3
had the highest probability of being of rating class 1, with
a value of 0.91. The words that contributed positively to
this rating class were “É �

�A
	
¯”, which means “failure”; “



A¢

	
k“,

which means “error”; “ éJ

	
Jª
�
K”, which means “mean”; and “ AÓ“,

which means “what,” with a total contribution of 0.40. All
other words contributed negatively to the predicted class rating.
Furthermore, review 4 achieved the highest probability, with
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TABLE IX. RATING PREDICTION RESULTS FROM APPLYING DIFFERENT TRANSFORMER-BASED MODELS

Dataset Model Accuracy F1 Precision Recall

English

BERT 0.956204 0.956162 0.956530 0.956204
XLNet 0.954380 0.954314 0.955024 0.954380
RoBERTa 0.950675 0.951136 0.951136 0.950730
ELECTRA 0.963504 0.963457 0.964057 0.963504
ALBERT 0.956204 0.956149 0.956734 0.956204
XLM-RoBERTa 0.948905 0.948895 0.948910 0.948905

Arabic

BERT 0.944838 0.944838 0.945462 0.944853
MARBERTv2 0.941176 0.941167 0.941387 0.941176
AraBERTv2 0.950368 0.950367 0.950373 0.950368
XLM-RoBERTa 0.944853 0.944853 0.944853 0.944853
ALBERT 0.924632 0.924629 0.924681 0.924632
QARiB 0.944853 0.944853 0.944853 0.944853

TABLE X. STATISTICAL SIGNIFICANCE OF TEST RESULTS

Model Comparison Test p-value
ELECTRA vs BERT Wilcoxon < 0.05

AraBERTv2 vs MARBERTv2 Wilcoxon < 0.05

TABLE XI. TESTING REVIEWS FOR EXPLAINABILITY MODELS

# Review Actual Rating Predicted
Rating
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2 Excellent application and Easy to use 5 5
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a value of 0.98 for rating class 5. The words “YJ
k. ”, which

means “good”; “
	
YJ


	
®
	
J
�
J»”, which means “as execution”; “ @Yg. ”,

which means “very”; “ �
IJ
k”, which means “whereat”; and

“ 	áÓ”, which means “from,” are the words that contributed
positively toward the prediction of rating class 5, with a
total contribution of 0.47. Conversely, the remaining words
contributed negatively to the prediction of the rating class.
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Fig. 10. LIME visualization for Arabic Reviews where the orange bars
represent the contribution towards rating 5 and the blue bars represent the

contribution towards rating 1.

In addition, as a proof of consistency between the ex-
plainability models used in the RPE framework, the average
SHAP and LIME values were calculated for all the words that

appeared in the reviews for apps related to social services for
citizens/residents. The top ten words affecting each rating class
are presented in Table XII and Table XIII.

TABLE XII. TOP 10 WORDS IMPACTED RATING CLASS 1 FROM REVIEWS
OF SOCIAL SERVICES FOR CITIZENS/RESIDENTS APPS

Dataset Word SHAP
Value

Word LIME
Value

English

crashing 0.34 slowly 0.75
useless 0.30 awful 0.59
slowly 0.19 stop 0.57
outdated 0.16 outdated 0.43
charges 0.15 denied 0.42
negative 0.15 cannot 0.35
errors 0.11 asking 0.34
frequently 0.11 pathetic 0.34
feedback 0.09 hangs 0.33
sorry 0.09 crashing 0.32

Arabic

I. �
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®K
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­J
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�
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0.41 Y
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ðA¾

�
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¯ (failure) 0.36 ÉÒª

�
K B (do not
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0.17

As seen in the tables, across both rating classes (1 and
5) and both languages (English and Arabic) SHAP and
LIME show moderate-to-high consistency in identifying in-
fluential words, but with systematic differences in emphasis
and ranking. SHAP tends to highlight words with strong
global contribution to the model’s prediction. Whereas LIME
emphasizes locally influential features which may sometimes
introduce context-specific words that do not appear among
SHAP. This difference is expected given that SHAP is based
on additive feature attribution, and LIME approximates the
decision boundary locally around a single instance.

To measure how often both models identify the same
words, Top-K Overlap Ratio is calculated as follows [see
Eq. (5)]:
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TABLE XIII. TOP 10 WORDS IMPACTED RATING CLASS 5 FROM
REVIEWS OF SOCIAL SERVICES FOR CITIZENS/RESIDENTS APPS

Dataset Word SHAP
Value

Word LIME
Value

English

responsive 0.70 worth 0.65
worth 0.63 enhancements 0.51
great 0.55 solved 0.50
nice 0.54 saves 0.43
excellent 0.53 unbelievable 0.37
reliable 0.53 accessible 0.34
amazing 0.50 favourite 0.31
well 0.49 finish 0.30
valuable 0.48 great 0.30
perfect 0.46 perfect 0.29

Arabic

��
ñ» (good) 0.81 �
é«ðP (magnificent) 0.91

¨@YK. @

(creativity) 0.40 ��
ñ» (good) 0.87
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Pñ¢
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�m�

�
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A �Ü
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ù


ÖÏA« (global) 0.12 Y«A� (helped) 0.20

Overlap@K =

∣∣WK
SHAP ∩WK

LIME

∣∣
K

(5)

where, WK
SHAP is the top-K words according to SHAP and

WK
LIME is the top-K words according to LIME.

Since each table reports top 10 words, K=10.

Rating Class 1: Common words in English are violation,
abuse, and invading [see Eq. (6)]:

Overlap@10 =
3

10
= 0.30 (6)

This means that there is a 30% overlap between both
models [see Eq. (7)].

As for the Arabic, the common words are ¼Aî
�
D
	
K @, i. «

	QÓ,

Zù


¢�. ,

�
�@Q

�
�
	
g@ and, Q�
¢

	
k

Overlap@10 =
5

10
= 0.50 (7)

This means that there is a higher agreement in the Arabic
reviews where there is a 50% overlap between both models.

Rating Class 5: Common words in English are perfect,
useful, smooth, assist, served, and helpful [see Eq. (8)]:

Overlap@10 =
6

10
= 0.60 (8)

This means that there is a 60% overlap between both
models. This iddicates that both SHAP and LIME consistenly
identify usability and performance as key drivers for high
ratings.

As for the Arabic, the common words are Q
	
m
	
¯, ÉîD�, and

ú



	
æ
	
«, �

è
	Q�
ÜØ

Overlap@10 =
4

10
= 0.40 (9)

This means that there is a moderate agreement in the Arabic
reviews where there is a 40% overlap between both models
[see Eq. (9)].

Moreover, to help the app developers assess their apps and
improve them based on the users’ needs, they need to test the
models on reasonable amounts of their own data (app reviews)
to obtain a clear view of the features that affect users’ opinions
most strongly. In this study, the RPE framework was tested via
reviews from the “Tawakalna” app, which belongs to the health
sector and is an m-government app developed in Saudi Arabia.
Table XIV and Table XV show the top ten words affecting each
rating class.

TABLE XIV. TOP 10 WORDS IMPACTED RATING CLASS 1 IN
“TAWAKKALNA” APP

Dataset Word SHAP
Value

Word LIME
Value

English

violation 0.92 abuse 0.64
invading 0.90 hack 0.58
complicated 0.85 restricted 0.53
abuse 0.81 invading 0.51
destroy 0.58 spying 0.38
hanging 0.58 violation 0.30
disgusting 0.50 steals 0.24
lame 0.40 illegal 0.24
crashes 0.40 invasion 0.23
batteries 0.36 slow 0.21

Arabic
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K (heavy) 0.94 Q
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A
�
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 (delayed) 0.62

¼Aî
�
D
	
K @ (violation) 0.60 ¼Aî
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VIII. DISCUSSION

The goal of the RPE framework is to predict a rating
for each review and justify the prediction using explainability
models. However, the RPE framework focused on predicting
the ratings for the reviews associated with rating classes 1
and 5 only. This came as a result of the non-benchmark
data used in the study where there was a lack of reviews
of rating classes 2, 3, and 4. The reasons behind that are
reasons listed in Section V-D. Moreover, similar words were
used in reviews with different rating classes; for example, the
word “good” was used in reviews associated with the rating
classes 3, 4, and 5; the words “problem,” “fix,” and “bad”
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TABLE XV. TOP 10 WORDS IMPACTED RATING CLASS 5 IN
“TAWAKKALNA” APP

Dataset Word SHAP
Value

Word LIME
Value

English

perfect 0.25 useful 0.42
privacy 0.22 perfect 0.26
useful 0.17 smooth 0.26
served 0.17 assist 0.21
smooth 0.16 easy 0.18
rewarded 0.15 solution 0.18
helpful 0.14 compatible 0.16
assist 0.13 served 0.15
intelligent 0.13 helps 0.15
guide 0.08 effective 0.13

Arabic

�
èQ

	
j
	
®Ó (pride) 0.28 	Q�
Ò

�
JÓ (distinct) 0.62

	Q�
Ò
�
JÓ (distinct) 0.23 �

èQ
	
j
	
®Ó (pride) 0.45

PAJ.k. (huge) 0.18 ú



	
æ
	
« (rich) 0.33

ú



	
æ
	
« (rich) 0.12 �

HAJ
�ñ�
	
mÌ'@ (priva-

cies)
0.21

ù


ÖÏA« (global) 0.12 Y«A� (helped) 0.20

ÉîD� (easy) 0.05 @ñÊg (solved) 0.19
	á
�
®
�
JÓ (perfect) 0.04 �

IÊîD� ( made easy) 0.17

Pñ¢
�
�

(development)
0.04 Qå�

�
J
	
k@ (cut short) 0.16

ø


ñ
�
¯ (strong) 0.03 ÉîD� ( easy) 0.12

ú



	
¯ @Q

�
�g@

(professional)
0.03 �

èYK
Q
	
¯ ( unique) 0.12

were used in reviews associated with rating classes 1 and 2;
“problem” was also used in reviews associated with rating class
3; and “fix” was used in reviews associated with rating class
4. Furthermore, the words “ 	PA�JÜØ” which means “excellent,”

and “©
K@P”, which means “amazing,” were used in reviews

associated with rating classes 4 and 5, although “ 	PA
�
JÜØ” was

used in reviews associated with rating class 3 as well. The
words “ 	

­�


CË”, which means “sadly”, and “ �éÊ¾ �

�ÖÏ @”, which
means “the problem”, were used in in reviews associated with
rating classes 1 and 2, whereas “ �éÊ¾ �

�ÖÏ @”, which means “the
problem”, was also used in reviews associated with rating
classes 3 and 4.

As a result, the RPE framework focused on predicting
the ratings for reviews associated with rating classes 1 and
5 only. ELECTRA achieved the highest performance among
other transformer-based models due to its efficient pre-training
task known as Replaced Token Detection (RTD). This task
works by masking a small percentage of tokens and trains
on every token in the sentence. This allows the model to
understand the context of the text more deeply with less
computational power. On the other hand, AraBERTv2 achieved
the best performance among the transformer-based models that
works on Arabic language due to its specialized pre-training
on a huge, diverse, and clean Arabic datasets. In addition to
its ability to handle complex Arabic morphology. It excels
in capturing semantic relationships between words, which is
critical for rating predictions. As for the explainability, all
the words that had either a positive or negative impact on
a certain rating class based on SHAP value had the same
impact on the same rating class based on LIME value as
well with different impact. For example, the words “slowly”,

“outdated”, and “crashing” from the English dataset and the
words “I. �

	
�” which means “fraud”, “ 	

­J
ª
	
�” which means

“weak”, and “Zú


æ�” which means “bad”, from the Arabic

dataset all had positive impacts on rating class 1, with different
impact based on SHAP and LIME values. In addition, the
words “worth”, “great”, and “perfect” from the English dataset
and the words “��
ñ»” which means “good”, “ú




	
GY«A�” which

means “helped me”, “¨@YK. @
” which means “creativity”, and

“ñÊg” which means “beautiful”, all had positive impacts on
rating class 5 with different SHAP and LIME values. This
means that there is consistency between SHAP and LIME in
explaining the resulting predictions.

However, to help app developers understand users’ needs
to improve their apps, the RPE framework should be applied to
a reasonable number of reviews to identify the most important
features affecting the apps. In this study, there was a lack of
reviews for each app; hence, they could not be used alone to
train the model. Accordingly, reviews for multiple apps were
grouped to build the dataset.

To test the model, reviews for the “Tawakalna” app were
used to apply the RPE framework. The results revealed the
words that affected the resulting predictions the most, which
can help the app developers improve the app on the basis of
the users’ perspectives. However, the computational cost for
SHAP and LIME are very expensive. SHAP took around 16
hours to execute the code with an average of 1.92 minutes per
record, whereas LIME took around 5 hours with an average
of 0.6 minutes per record. This would significantly reduce
the effectiveness of using explainability models for real-time
explanations.

IX. CONCLUSION

The development of a mobile app review rating prediction
model is fundamental for decision-making with respect to
mobile app development. However, its predictions cannot be
considered useful without a clear explanation. Explainability
is effective for creating a foundation for trusting the results
and helping decision-makers take action on the basis of these
results. In this study, RPE framework is proposed in which it
helps the decision-makers, app developers, and policy makers
to evaluate their given apps and its usefulness based on the
highly frequent words used by the users in their reviews in
relation to the given ratings. In RPE, the rating prediction
task is implemented using several transformer-based models.
These models were applied to two separate datasets: English
and Arabic reviews. The models help overcome the difficulties
of not having an enormous amount of data to work with
to obtain highly accurate results and of dealing with mixed-
language datasets. The datasets were composed of reviews of
Saudi m-government apps. In addition, explainability models
were implemented to explain the resulting predictions using a
visualization technique.

ELECTRA and AraBERTv2 achieved the best rating pre-
diction performance among all other models with respect to
accuracy and F1 score, while the SHAP and LIME explain-
ability models justified the resulting predictions. Moreover,
the RPE framework showed consistency between the explain-
ability models used, where most of the time the same words
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contributed positively to the resulting predictions according to
SHAP and LIME.

X. STUDY LIMITATIONS AND FUTURE WORK

One of the main limitations of this study is the quality of
the text used in the reviews. Data were collected specifically
for this study and do not represent benchmark data; Much work
needs to be done on the data to be able to collaborate with it.
To address this limitation, additional data need to be used to
obtain a wider variety of words to obtain a clear view of those
that affect the resulting predictions. Moreover, the data sets
were highly unbalanced with respect to the distribution among
the rating classes. There was not enough reviews associated
with rating classes 2,3, and 4. There are several reasons behind
that as listed in Section V-D. This caused the study to focus
only on the reviews associated with class 1 and class 5.
Additionally, there is no general or bilingual transformer-based
model to address different languages at the same time. As a
result, the data collection, training, prediction, and explanation
was done for each language separately. Further, to the best
of our knowledge, there is a lack of studies in the field of
m-government apps, especially for review rating prediction.
Finally, the computational cost was remarkably high, espe-
cially with the consistency analysis that provided the SHAP
and LIME average values for all the words in the reviews.
This came as the result of the game theory that SHAP uses
to provide explainability for a certain result. On the other
hand, LIME’s high cost comes from the many local model
evaluations to fit surrogate models.

In future work, we plan to use prompt engineering as the
initial context for the transformer-based models to guide the
model’s attention and influence its output. This will help the
model understand the task and generate the desired output.
Also, attention-based methods will be used to explain the
resulting predictions. However, discriminating between the
positive and negative contributions of the attention weights
towards the predicted ratings must be considered during im-
plementation. Furthermore, when it comes to m-government,
other types of m-government apps should be explored to gain
more knowledge about the perspectives of users about these
apps in Saudi Arabia as a whole. In addition, applying this
study to the m-government apps of other countries is necessary
to improve the development of apps according to user needs.
This could lead to the development of benchmark data for an
international dataset of m-government apps that could serve all
studies in this area. Further, user-centered evaluation for the
proposed framework will be conducted by generating predic-
tions and explainability for specific apps and check whether
the apps’ stakeholders and developers are benefiting from the
provided results. Moreover, this work could be enhanced by the
advancements in the multilingual transformer-based models.
This could eliminate the duplication in doing the same work
for both languages.
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