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ABSTRACT Improving primary school students’ reading skills supports their academic growth and commu-
nication abilities. Pronunciation accuracy is central to reading, especially in Arabic, where small diacritic
changes can alter meaning. This is complicated by Arabic’s low-resource nature. This study developed
a Mispronunciation Detection and Diagnosis (MDD) system for Arabic learners, allowing teachers and
learners to use Computer-Assisted Pronunciation Training (CAPT) for improved instruction and assessment.
A pretrained self-supervised learning (SSL) model was fine-tuned to detect phoneme-level pronunciation
errors in Modern Standard Arabic using a unique dataset of primary school learner speech from Saudi Arabia.
The data were structured, preprocessed, normalized, and aligned to phoneme sequences. The system showed
improved phoneme recognition and performance approaching that of a human expert with an F1 score of
71.4%.

INDEX TERMS Arabic Mispronunciation Detection and Diagnosis (MDD), Computer-Assisted Pronun-
ciation Training (CAPT), Phoneme Alignment, Self-Supervised Learning (SSL), Transfer learning, Speech
technology for underrepresented languages, Arabic mispronunciation dataset, Artificial Intelligence (Al) in
education

I. INTRODUCTION
EADING proficiency in early education depends on
accurate pronunciation, particularly in languages
such as Arabic where minor diacritic variations can sub-
stantially alter lexical meaning. Therefore, enhancing
pronunciation accuracy is central to developing primary
school learners’ literacy and communication skills.
Pronunciation training in Arabic presents distinct
challenges, owing to the language’s complex phonolog-
ical structure and dense diacritic system. Inadequate
articulation impairs reading fluency and also hinders
language acquisition and comprehension. Thus, reliable
automated pronunciation assessment tools are essential
for supporting Modern Standard Arabic (MSA) learn-
ers.
Computer-Assisted Pronunciation Training (CAPT)
systems are effective language learning tools, delivering
automated feedback and adaptive instructions. How-
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ever, Arabic CAPT systems, particularly those focused
on Mispronunciation Detection and Diagnosis (MDD),
remain underdeveloped.

This study aimed primarily to investigate whether
self-supervised transfer learning models can be fine-
tuned for effective mispronunciation detection in Arabic,
particularly for continuous speech from young learners
in real-world settings. An MDD framework tailored to
MSA was introduced and optimized for primary school
student speech. Leveraging recent advancements in self-
supervised learning (SSL) and speech processing, the
proposed system automatically identified and analyzed
phoneme-level mispronunciations. This establishes a
foundation for consistent, scalable, and accurate feed-
back to support both pronunciation training and reading
assessment in MSA.
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Il. PROBLEM DESCRIPTION

Over the past decade, Computer-Assisted Language
Learning (CALL) systems have expanded rapidly across
many languages for children’s education. Various Auto-
matic Pronunciation Assessment (APA) systems have
been designed for young learners, such as Krajka’s
“English for Kids” [1] and similar tools targeting early
English education. However, research on CALL for
Arabic education is still in the early stages [2], [3]. Very
few studies have explored the use of deep learning (DL)
models for Arabic MDD.

CALL systems are challenged by Arabic’s complex
phonetic structure, dense diacritic system, and vowel
realization. Arabic includes emphatic consonants and
short vowels that may not be marked in the written text,
thus increasing pronunciation uncertainty [4], [5]. Ad-
ditionally, the incorrect realization of a short vowel can
alter the entire meaning of a sentence, as discussed in
Section III-B. Unlike languages with simpler phoneme
structures, Arabic pronunciation systems must handle
phoneme-level errors accurately, particularly those in-
volving short vowels and gemination. Arabic MDD sys-
tems require sophisticated alignment methods, robust
phoneme recognition modules, and precise diagnostic
feedback mechanisms to detect these linguistic charac-
teristics.

Addressing these challenges requires automated solu-
tions that offer learners effective, consistent feedback in
a scalable manner. CALL systems equipped with speech
recording and processing technologies can automate oral
reading assessments. Within this framework, CAPT
systems present a potential solution by analyzing spoken
input and providing automated pronunciation feedback.

lIl. BACKGROUND AND CONTEXT

A. ARABIC LANGUAGE TYPES

Arabic is one of the most widely spoken languages,
with over 400 million native and non-native speakers
worldwide [6], [7]. The main classifications are Classical
Arabic (CA), Modern Standard Arabic (MSA), and
Dialectical Arabic (DA) [8].

CA is the language of the Holy Quran and early
literature, including poetry [9]. MSA, derived from
CA, is the official language of 22 countries. It is
used in formal contexts, such as education, media, and
literature [10]. DA refers to the informal and regional
forms of Arabic that are used in daily conversations, on
social media, and in broadcasts [11], [12]. These forms
differ significantly from CA and MSA, reflecting regional
linguistic and cultural developments [8].

B. ARABIC ALPHABET AND VOWELS

The Arabic writing system consists of 28 basic letters.
Each letter also has a distinct pronunciation. In the
written form, these letters change shape depending on
their position within a word [13]. Several commonly
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used symbols and letter variants, such as Hamza (),
Alif (1), and Ya (), contribute to a total of 34 symbols.
These additional forms represent specific sounds or pho-
netic distinctions. Positional flexibility contributes to
Arabic’s fluid, connected script and phonetic richness.

Vowels play a critical role in shaping the meaning
of Arabic words. Unlike English, in which vowels are
fully represented by letters (“a”, “e”, “i”, “0”, and “u”),
Arabic distinguishes between short and long vowels.
Short vowels are represented by diacritic marks placed
above or below consonants to modify them, whereas
long vowels are represented by specific letters. Short
vowels in Arabic are Fatha (2), Damma (), and Kasra
(-). They represent brief vowel sounds and are typically
omitted from Arabic writing unless clarity is required.
In contrast, long vowels are represented by the letters
Alif (1), Waw (), and Ya (). These are the extended
versions of short vowels and have stretched sounds.
Long vowels are written using dedicated letters, giving
them the same level of importance as consonants. Table
1 presents examples of short and long Arabic vowels.

Table 1: Short and Long Arabic Vowels with English Equiv-
alents

Arabic Vowel Arabic English | Sound
Example Sound Example
2 (Fatha - short) | sl a as in
(samak) “travel”
* (Damma - | _¥ (kutub) | u as in
short) “sugar”
. (Kasra - short) | < (bint) i as in “hint”
| (Alif - long) <t (baab) aa as in
leand77
5 (Waw - long) | s (noor) 00 as in
“school”
< (Ya - long) Job (feel) ee as in “feel”

Gemination, known as siz (shadda or tashdeed) in
Arabic, refers to adding a silent copy of the preceding
consonant. This produces the sound of two consonants
in pronunciation. However, in its written form, the word
has a single consonant with gemination. Gemination is
indicated by placing the shadda diacritic () above the
consonant, often accompanied by a short vowel marker
positioned above or below the shadda. Small diacritic
and/or long vowel changes can significantly affect how
a sentence is read and understood [14], [15], as shown
in Table 2.

Table 2: Effects of Diacritic Change on Meaning

Arabic Text Transliteration English Meaning
(Sound)

geSil Jc.:J\ 2loa | masaka ash- | The sheikh
shaykhu ar-rajula | caught the man.

e JC.ZJ\ 2los | masaka ash- | The sheikh
shaykhu ar-rijla caught the leg.

Since short vowels are typically not written in infor-
mal texts, this can lead to misinterpretations, especially
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for non-native Arabic speakers. Accurate Arabic pro-
nunciation and comprehension rely heavily on correctly
understanding vowel markings within a given sentence.
This positions CALL tools as promising approaches for
assisting learners in mastering accurate pronunciation.

C. COMPUTER-ASSISTED LANGUAGE LEARNING

CALL systems enhance language learning by leveraging
digital platforms and speech-processing technologies to
deliver interactive, self-paced, and cost-effective learning
with personalized guidance and real-time feedback [16],
[17]. These systems also support educators by automat-
ing language-proficiency assessments.

In pronunciation-focused applications, CALL sys-
tems, referred to as CAPT, aim to improve pronun-
ciation using feedback mechanisms and detailed error
analysis. Recent machine learning (ML) advances have
enabled the development of automated Al-driven CAPT
systems.

Speech assessment, which evaluates broader speech
abilities, such as fluency, language skills, and oral-motor
function, is often distinguished from pronunciation as-
sessment, which focuses on articulatory accuracy.

APA also known as automatic pronunciation scoring,
uses algorithms to analyze spoken input, detect errors,
and provide feedback. It is sometimes referred to as
MDD [18]-[25] or Automatic Pronunciation Error De-
tection (APED) [26]. While APA typically provides
holistic proficiency scores or categorical ratings, MDD
focuses on identifying and classifying specific mispro-
nunciations.

Both scoring and error detection are important com-
ponents of CAPT systems, offering complementary feed-
back to learners. CAPT systems powered by ML
and DL techniques are increasingly applied in language
learning, pronunciation training, and speech therapy to
assist educators, learners, and clinicians with evalua-
tions and progress tracking.

D. MISPRONUNCIATION DETECTION AND DIAGNOSIS
Automatic pronunciation assessment by scoring pronun-
ciation quality or detecting errors is a key MDD research
area. These assessments can be applied to different
languages, speech styles (oral reading vs. spontaneous
speech), and segmentation levels (phonemes, words, or
sentences). In particular, phonemes, which are the
smallest units of sound, are fundamental to pronunci-
ation assessment [27].

Different languages require different assessment tech-
niques because of the variations in articulation [28]. In
Arabic, MDD studies have targeted CA, particularly
Quranic recitation [29], [30], and DA [31] to a lesser
extent. Most Arabic speech processing efforts, including
MDD and Automatic Speech Recognition (ASR), have
focused on MSA [8]. Similarly, this study focused on
MSA.
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MSA pronunciation and orthography differ signifi-
cantly from those of Quranic and dialectal Arabic lan-
guages. MDD in MSA uses isolated phonemes [30], iso-
lated words [32], or both [23], [33], [34] to assess pronun-
ciation; however, sentence-level MDD is more common
in English and other languages. Arabic MDD research
relies mostly on isolated style data. Earlier studies have
often used speaker-dependent corpora, although recent
work has shifted toward speaker-independent data.

MDD presents unique challenges in Arabic because of
its complex phonetic system, diacritics, and the impor-
tance of accurate articulation. Additionally, Arabic has
a rich morphology expanding at a rate approximately
2.5 times faster than that of English [35].

E. FEEDBACK

CAPT systems face persistent challenges in deliver-
ing accurate and actionable feedback, particularly for
automatic diagnosis of pronunciation errors [36]. Al-
though some English-based tools offer basic feedback
on sounds (e.g., Sounds App [37]), stress patterns (e.g.,
eEnglish [38]), and phrases (e.g., Rosetta Stone [39] and
Duolingo [40]), few systems offer precise personalized
feedback without expert involvement [41].

This limitation is even more evident in the Arabic
language. Although MDD research has advanced, it
tends to emphasize error detection over providing user-
friendly and detailed feedback. Many systems focus
on comparing generated phonemes with canonical ref-
erences and often require expert interpretation. This
makes the feedback less practical for learners.

Qvoice [34] is one of the few systems designed for
Arabic language learning, offering feedback at both
the character and word levels. It provides users with
star ratings, color-coded accuracy indicators [ranging
from red (inaccurate) to green (accurate)], and tailored
feedback for L1 and L2 speakers.

Other studies have explored articulatory feedback
in which mispronounced phonemes are analyzed based
on articulatory features (AFs), such as the place and
manner of articulation, voicing, and emphasis [20]. This
approach aims to explain how learners’ articulations
differ from their targets.

Feedback methods vary widely, ranging from binary
correctness labels to highlighting specific mispronounced
phonemes. However, many systems do not elaborate on
or specify feedback mechanisms. These inconsistencies
underscore the need for comprehensive and interpretable
feedback designs that offer better assistance for language
learners.

In Figure 1, we propose an MDD system that can
provide meaningful feedback to learners. This figure
illustrates the feedback pipeline used to evaluate student
reading by visualizing the end to end process from the
learner’s reading of the input to feedback generation. It
also presents the trained model’s qualitative assessments
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Read the | Reference Text: Ji> I Save the Rfecognitior! a'.‘d p I"Vlc‘:d.el Evaluation and | Canonical Phoneme: (J> | L5 7 5) KH AE R AE JH AE KHAE: L
text (Human Annotator) RecordinE Mispronunciation o o o @ Feedback IIID-UIY\ EIHI \F'lll!i\r(?l HN ) »
— % Canonical Phoneme: Kil Al R AF JH AF KH AE: “Detection > < y @& *|Predicted Phoneme: (JaxJ| J| > z75) KH AE R AE JH (deletion) KH L
LIHDUHNEIHLAE:HHAEQLIHN h IHD IH N (Substitution) E IH L AE: L (Insertion) HH AE QL IH N

Figure 1: Proposed MDD system with feedback.

after aligning the learner’s predicted phoneme sequence
with a canonical phoneme sequence. The system can
identify the following types of errors.
o Deletion: 735 was mistakenly pronounced as -3+,
omitting the Fatha short vowel - on the letter ».
o Substitution: The nunation Z on the final letter s in
J& was incorrectly replaced by -, producing Ji+.
o Insertion: Ji> was mistakenly pronounced as |isJ)
by insertiné the definite article JI at the beginﬁing
of the word.

IV. ORGANIZATION OF THE PAPER

Section V elaborates on previous studies on Arabic
MDD. Section VI describes our proposed framework.
The data preparation process is described in Section VII.
Section VIII describes the experimental design. Finally,
Section IX presents the implementations details and re-
sults, followed by our conclusions and recommendations
for future work in Section X.

V. LITERATURE REVIEW

Early MDD, also known as APA, relied on traditional
techniques such as force alignment, ASR-based seg-
mentation, and handcrafted features [42]. These ap-
proaches often required complex pipelines and large
labeled datasets. Recent advances favor DL methods,
particularly Convolutional Neural Networks (CNNs)
and Long Short-Term Memory networks (LSTMs) [33],
as well as SSL models, such as Wav2vec 2.0 and Hu-
BERT [43]. These methods extract meaningful speech
representations from raw audio with minimal labeled
data. MDD approaches can be classified as: (1) con-
ventional & statistical methods, (2) DL-based methods,
and (3) comparative & mixed approaches.

A. CONVENTIONAL AND STATISTICAL METHODS

Traditional MDD approaches include ASR-based sys-
tems, statistical modeling, and handcrafted acoustic
features. Khan et al. [2] developed an ASR method
based on a Hidden Markov Model for Arabic pronun-
ciation assessment. This ASR achieved an accuracy of
89.69% using a corpus of native and non-native speakers.
Eljazzar and Alagrami [29] proposed a Support Vector
Machine(SVM)-based system for evaluating the Holy
Quran recitation using threshold scoring. Their dataset
comprised 1,257 labeled recordings across eight classes,
providing rule-specific feedback on correctness. El Am-
rani et al. [44] criticized Romanized Arabic phonemes for
their complexity and used simplified Arabic phonemes
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for Quran recitation recognition. Despite achieving a
1.5% Word Error Rate (WER) on the training data,
the WER increased to 50% on the unseen data ow-
ing to dataset limitations. Calik et al. [30] applied
ensemble learning to CA phoneme recognition using
Mel-Frequency Cepstral Coefficients (MFCCs) and Mel-
spectrograms. Their system, trained on an augmented
dataset of 1,450 samples, achieved an accuracy of 95.3%
using k-nearest neighbors (KNN) and majority voting.
Magsood et al. [45] used ANNs with acoustic pho-
netic features to detect mispronunciations of Arabic
consonants. By categorizing consonants based on their
acoustic similarity, they achieved an average accuracy
of 82.27% for a 5,600-sample corpus.

Necibi and Bahi contributed to multiple MSA-focused
studies.  Their early work [32] assessed children’s
pronunciation using threshold-based word comparisons.
Later, [46] introduced a scoring system using the
Global Average Log Likelihood (GLL), which achieved
an accuracy of 97.31%. In [47], machine scores were
aligned with human ratings by using decision trees and
Viterbi decoding. To address subjectivity in scoring,
Bahi and Necibi [3] proposed a fuzzy-logic-based assess-
ment system (FuSPA) that categorized pronunciation as
“good,” “poor,” or “acceptable.” Despite low inter-rater
agreement, the FuSPA aligned with at least one expert’s
judgment.

Other related studies include Lee and Glass [31].
They used dynamic time warping (DTW) with MFCCs
and posterior grams for misalignment scoring in Levan-
tine DA. Applied to 2,064 utterances, their comparison-
based method improved the machine-human score cor-
relation and reduced the mean square error (MSE).

These studies used scoring techniques such as
phoneme duration, articulation rate, log-likelihood, and
goodness of pronunciation (GOP) [32]. Anzola and
Moreno [48] evaluated GOP on embedded devices, not-
ing its effectiveness for segmental analysis as well as its
limitations in capturing suprasegmental features.

B. COMPARATIVE AND MIXED APPROACHES

Akhtar et al. [33] improved Arabic mispronunciation
detection by extracting deep features from AlexNet
CNN layers and training KNN, SVM, and Random
Forest classifiers. Using an in-house dataset generated
by 30 speakers, their CNN-based system achieved an
accuracy of 93.20%, outperforming the MFCC-based
methods. Ahmed et al. [23] developed an LSTM-
based system trained on the MFCC features to detect
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mispronunciations in Arabic. Testing this system on
3,120 utterances from 53 speakers yielded an accuracy of
81.52%. Gender recognition was included in the analysis
but did not significantly impact performance. Nazir et
al. [21] proposed two approaches for Arabic phoneme
mispronunciation detection: one using CNN-extracted
features and another based on transfer learning from
pretrained CNN models. Using a dataset generated by
400 Pakistani learners, both methods outperformed tra-
ditional systems. Transfer learning achieved an accuracy
of 94.6% and CNN features achieved 91.3%.

C. DEEP-LEARNING-BASED METHODS

Recent DL advances, including transfer learning and
SSL, have significantly enhanced MDD accuracy and
robustness. These methods support nuanced pronunci-
ation scoring, improve generalization, and perform well
in low-resource scenarios.

1) Various APA Applications and Techniques

Lin and Wang [49] introduced a transfer learning ap-
proach using deep features from ASR models and
an attention-based scoring module. Fine-tuning with
human-labeled data improved scoring accuracy, achiev-
ing Pearson correlation coefficients (PCCs) of .86 on
L2 and .72 on Speechocean762 datasets. Zahran et
al. [22] fine-tuned a self-supervised model for phoneme
recognition and used a Siamese network to compare
the learned embeddings with canonical phonemes. This
end-to-end system achieved a PCC of .81 on Spee-
chocean762. Kim et al. [50] explored transformer-based
SSL models (e.g., Wav2vec 2.0 and HuBERT) fine-tuned
for pronunciation scoring. Using a dataset generated
by Korean English as a Second Language (ESL) learn-
ers and the Speechocean762 dataset, the bidirectional
LSTM-based scoring module achieved PCCs of .82 and
.78, respectively.

2) MDD Approaches for Isolated Words & Letters

Asif et al. [4] developed a Deep Neural Network (DNN)
model to detect short-vowel mispronunciations in CA.
Trained on a dataset of 6,229 vowel recordings across
84 phoneme classes, the system achieved an accuracy
of 95.77%. Calik et al. [51] evaluated transformer-
based models (HuBERT, Wav2vec, and UniSpeech)
for phoneme detection using a dataset of 29 Arabic
phonemes. UniSpeech achieved 94.4% accuracy with a
precision and recall of approximately 95%. El Kheir
et al. [34] developed QVoice, which is a mobile app for
Arabic pronunciation training. It provides end-to-end
mispronunciation detection and character-level feedback
using an attention-based mechanism. The app processes
over 400 words with a sub-1.5-second response time;
however, the model specifications were not disclosed.
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3) MDD Approaches for Continuous Speech

a: Non-Transfer-Learning Methods

Algabri et al. [20] treated MDD and articulatory feature
detection as a multi-label object recognition problem
using spectrogram images. Their model was trained on
real speech and text-to-speech (TTS) augmented speech
from 182 speakers. It achieved a Phoneme Error Rate of
3.83%, an F1 score of 70.53%, and a detection error rate
of 2.6%. Zhang et al. [26] proposed an end-to-end ASR
system that combined Connectionist Temporal Classi-
fication (CTC) and attention mechanisms for APED
in Mandarin. Avoiding force alignment, their hybrid
model achieved an F1 score of 87.3% using data from
the CCTV, PSC-G1-112, and PSC-1176 corpora.

b: Transfer-Learning-Based Methods

Peng et al. [18] used Wav2vec 2.0, with textual mod-
ulation gates and contrastive loss, for MDD. Training
on the L2-ARCTIC and TIMIT corpora achieved an F1
score of 61.75%. Yang et al. [19] applied momentum
pseudo-labeling to fine-tune SSL models for unlabeled
L2 speech. Using the L2-ARCTIC and UTD-4Accents
corpora, they reduced the Phoneme Error Rate (PER)
to 15.3% and achieved an F1 score of 68.4%. Shen et
al. [43] fine-tuned Wav2vec 2.0 and WavLM for Man-
darin MDD, achieving 91.3% accuracy and an 89.7% F1
score. Their approach performed well in low-resource
settings. Xu et al. [52] fine-tuned Wav2vec 2.0, using
adaptive pooling layers for pronunciation classification.
With L2-ARCTIC and limited labeled data, the model
achieved an F1 score of 69.2.

D. ANALYSIS OF EXISTING LITERATURE

Arabic MDD research is therefore still limited, espe-
cially for continuous speech, in young learners, and in
L2 contexts. Most previous studies have focused on
adult English and Mandarin learners. Public large-
scale Arabic pronunciation corpora are scarce, which
hinders robust model development. To the best of our
knowledge, only two studies have applied pretrained
SSL or transfer learning models to continuous Arabic
for MDD in L2 or young learners. The first was by
Nazir et al. [21], who used AlexNet for L2 isolated
phoneme detection. The second was by Necibi and
Bahi [3], [32], [46], [47], who developed statistical sys-
tems for young native Arabic learners. Additionally,
QVoice [34] provides character- and word-level MDD
through a mobile app but lacks detailed descriptions of
model specifications. More recently, El Kheir et al. [55]
developed an Arabic dataset consisting of 82.37 hours of
recorded speech taken from the Common Voice dataset
version 12.0, augmenting it with 52 hours of synthetic
data including Quranic recitations using MSA rules.
These recitations, recorded in a controlled environment,
included mistakes embedded in the data supplied to the
readers. Although this is an important advancement in
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Arabic benchmark dataset development, mistakes were
not naturally generated, which is important for the
advancement of MDD systems.

These findings underscore the need for comprehensive
utterance-level MDD approaches for Arabic. SSL-based
solutions show promise for addressing data scarcity and
supporting effective pronunciation training. Integrating
a pretrained self-supervised model into a CAPT system
tailored for young Arabic learners can improve MDD
accuracy. Furthermore, fine-tuning the model with a
limited amount of annotated data is expected to enable
expert-level feedback and reduce the burden on human
instructors.

VI. ARABIC MIISPRONUNCIATION DETECTION AND
DIAGNOSIS FRAMEWORK

This section presents the proposed MDD framework,
focusing on DL and self-supervised speech representa-
tion techniques. The framework begins with the model
architecture and pretraining phase. It concludes with a
performance evaluation.

A. DEEP-LEARNING-BASED FEATURE EXTRACTION

DL methods have been proven to be more reliable
than traditional statistical and handcrafted MDD ap-
proaches. Unlike GOP, MFCCs, and Filter Banks
(fBanks), DL models automatically learn meaning-
ful speech representations from raw audio or spectro-
grams [4], [19], [26].

Studies such as [20], [21], [33] have demonstrated the
effectiveness of CNNs in extracting relevant features
and capturing complex speech patterns that traditional
techniques may miss. Their ability to learn directly
from data makes them well-suited for building robust
pronunciation assessment systems, particularly in low-
resource contexts, such as Arabic.

B. SELF-SUPERVISED LEARNING PRETRAINED MODELS
SSL models have performed well in low-resource speech
applications, making them valuable for MDD [43].
Models such as Wav2vec 2.0 [56], HuBERT [50], [57],
WavLM [58], and Whisper [59] offer robust speech
representations learned from large-scale unlabeled data.
However, HuBERT and WavLM require extensive fine-
tuning for Arabic because of their English-centric pre-
training [58], [60]. Whisper, while multilingual, focuses
on speech-to-text communication and lacks phoneme-
level resolution [61].

Wav2vec 2.0 has proven to be more effective for
MDD tasks [18], [19], [24], [43], [50], [52], [62]. It
captures fine-grained acoustic features and supports
phoneme recognition using limited labeled data. Ad-
ditionally, several Arabic-fine-tuned Wav2vec 2.0 mod-
els are available, providing a practical foundation for
Arabic mispronunciations detection. Its robustness to
noise and native support in platforms like Hugging Face
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Transformers [63] further support its adoption in real-
world CAPT systems. Hugging Face offers an extensive
collection of pretrained speech models, including the
XLSR-53 variant [64].

1) Wav2vec 2.0

Wav2vec 2.0 comprises a CNN encoder, a transformer
network, and a quantization module [56]. The en-
coder extracts latent features from raw audio data,
the transformer contextualizes these features, and the
quantization module provides the pretraining targets.
During fine-tuning, the quantization module is removed
and task-specific layers are added.

This model learns by contrasting true quantized rep-
resentations with distractors, thereby enabling the de-
velopment of discriminative phoneme-level embeddings.
It performs well when trained on a limited amount of la-
beled data. Furthermore, it supports accurate phoneme
recognition, which is critical for MDD. Wav2vec 2.0 is
reported to have a WER < 5% for LibriSpeech, using
only 10 minutes of labeled data [65].

Replacing handcrafted features with raw audio em-
beddings from Wav2vec 2.0 improves performance, with
reported WER reductions of up to 36% in low-resource
settings [66]. Its attention mechanism helps detect
subtle pronunciation errors by modeling long-range pho-
netic dependencies [67].

C. PRETRAINED MODEL VARIANTS
Wav2vec 2.0 offers multiple variants designed for differ-
ent speech-processing scenarios.

o Base Model: Lightweight and efficient. Suitable for
smaller datasets or low-resource environments.

o Large Model: Contains more transformer layers.
Ideal for high-resource settings requiring top per-
formance.

¢ XLSR-53 (Cross-Lingual): Trained on 53 languages
including Arabic. Useful for multilingual applica-
tions.

Many variants are fine-tuned for downstream tasks
and are publicly available on platforms such as Hugging
Face [63]. Models that are fine-tuned for Arabic ASR
tasks provide an advantage for Arabic MDD because
they are better at capturing the phonetic features of
the language [68]. Among the available Wav2vec 2.0
variants, XLSR-53 [69] offers unique advantages as the
only variant explicitly pretrained on multilingual data,
including Arabic. The Base and Large variants were
primarily trained on English datasets. Consequently,
XLSR-53 captures greater phonetic diversity and dialec-
tal variation, making it well-suited for the complexity
and phonetic subtleties of Arabic speech.

The Wav2vec2.0 XLSR-53 model architecture, includ-
ing the CNN encoder and transformer encoder layers,
follows the original design proposed by Baevski et al. [56]
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and Conneau et al. [69]. It does not feature struc-
tural modifications for specific languages. Instead, the
CNN encoder employs fixed kernel sizes and strides
that are designed to efficiently capture relevant local
acoustic features across languages. The transformer
network, with its predefined number of attention heads
and layers, inherently captures long-range dependencies
that are critical for modeling continuous speech. Thus,
this study adapted the Wav2vec2.0 XLSR-~53 model to
Arabic speech solely by fine-tuning the existing model
using domain-specific Arabic datasets. This allowed the
model to adapt its internal representations implicitly
to Arabic phonetic and acoustic characteristics without
explicitly modifying the model’s original architecture
parameters.

This study selected model variants that were already
fine-tuned on Arabic speech data and were compatible
with existing frameworks. This ensured optimal inte-
gration and performance for MDD. We selected two
XLSR-53 model variants fine-tuned for Arabic: El-
Geish [70] and Grosman [71]. They differ primarily
in their fine-tuning specifications. The El-Geish [70]
model was initially fine-tuned using the Arabic Speech
Corpus [72] dataset and then further fine-tuned using
Morzilla’s Common Voice Arabic [73] dataset (version
6.1). In contrast, the Grosman [71] model was fine-
tuned using the combined training and validation splits
of both the Common Voice Arabic [73] dataset (version
6.1) and the Arabic Speech Corpus [72]. These variants
demonstrated good performance, reporting the lowest
WER scores in Arabic ASR benchmarks compared with
the other XLSR-53 variants.

D. PROPOSED APPROACH

The proposed Arabic MDD method comprises two main
stages: phoneme recognition and mispronunciations de-
tection. First, the model processes an input speech
file and outputs a sequence of predicted phonemes.
These predictions are compared to manually labeled
perceived phonemes to calculate the PER, which reflects
the model’s phoneme recognition accuracy.

Next, mispronunciations are identified by analyzing
the discrepancies between the predicted and canonical
phonemes and comparing these with the differences
identified by human annotators. The F-measure is used
to assess the alignment between system-detected and
manually identified mispronunciations, offering insights
into both precision and recall.

Algorithm 1 outlines the key steps in this approach.

E. PHONEME RECOGNITION
1) Model Architecture

The phoneme-recognition stage is based on the Wav2vec
2.0 model (see Section VI-B1), which consists of the
following components:
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Algorithm 1: Proposed Arabic MDD Procedure

Input: Arabic speech audio A, lesson text T,
pretrained MDD model
Output: Mispronunciations (Insertions, Deletions,
Substitutions), PER, Flscore
Step 1: Data Preparation
Normalize T to canonical form T/;
Obtain the perceived text 7,;
Convert T,, T, to phoneme sequences P, Pp;
Align P. and P, using Needleman-Wunsch
method;
tep 2: Model Input Preparation
Extract features from A;
Prepare aligned sequences P#"? and Pﬁ”g”“d;

2

w2

tep 3: Phoneme Recognition
Encode features using CNN and transformer;
Apply masking;
Fine-tuning with CTC loss;

| Decode the output using CTC decoding;

721

tep 4: Mispronunciation Detection
Align recognized and canonical phoneme
sequences;
Identify mismatches;
| Classify as an insertion, deletion, or substitution;

72]

tep 5: Evaluation

Compute PER from phoneme alignment;

Compute F1 score from comparison with human
labels;

e CNN Feature Extractor: Converts raw audio into
latent representations.

o Transformer Encoder Layers:
context across the speech signal.

o Linear Output Layer: Maps contextualized features
to phoneme probability distributions.

Capture temporal

Together, these modules enable end-to-end phoneme
prediction from speech.

2) Pretraining with Wav2vec 2.0

Wav2vec 2.0 is pretrained using self-supervised con-
trastive loss on unlabeled speech data. It uses a masking
strategy to randomly mask the input segments and
predict the corresponding quantized latent speech units,
thereby improving the ability of the model to capture
context and phonetic structure.

3) Fine-Tuning
Fine-tuning adapts the pretrained model for phoneme
recognition using labeled data. This addresses domain
mismatches in speech data. Training and evaluation
speech data may differ significantly, such as clean-read
speech versus learner speech [19]. We followed fine-
tuning best practices [19], [24], [52]:

o Add linear layers atop the transformer outputs.

o Remove the pretraining quantization module.

e Freeze CNN layers to retain pre-learned acoustic

features.
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We used CTC as the loss function, which enables
alignment-free learning from variable-length inputs and
target phoneme sequences [74]. CTC facilitates mod-
eling of insertions, deletions, and substitutions for fre-
quent occurrences in spontaneous and learner-produced
speech. This is achieved by implicitly optimizing the
alignment between the audio frames and phoneme la-
bels.

Let X = (x1,x2,...,xr) be the input audio features
and Y = (y1,y2,-..,y.) be the target phoneme sequence.
The CTC loss is given by

CTCloss = — log Z HPG(SI'|X), (1)

Sep(y) i

where § = (s1,592,...,s57) is a valid alignment from
the input to the output, S(Y) is the set of all possible
alignments of Y, and Py(s;|X) is the model’s predicted
probability of phoneme s; given X and parameter §. The
log-sum formulation facilitates gradient-based optimiza-
tion.

Mathematically, as shown in Equation (1), CTC con-
siders all possible alignments between the input acoustic
features and annotated phoneme sequences, computes
the probabilities of these alignments, and optimizes the
network to predict the most likely phoneme sequence.
This inherent flexibility of CTC, including its ability to
handle blank tokens and repeated phonemes, makes it
particularly effective in addressing Arabic-specific pro-
nunciation variations and ensuring robust mispronunci-
ation detection without explicitly aligned training data.
Fig. 2 illustrates the complete phoneme recognition
workflow, including the pretraining, fine-tuning, and
inference stages.

F. MISPRONUNCIATION DETECTION AND DIAGNOSIS
This stage aims to identify discrepancies between the
recognized phoneme sequence and canonical pronuncia-
tion to detect mispronunciations and provide diagnostic
feedback. The process begins by aligning recognized
phonemes with the canonical phoneme sequence using
dynamic programming algorithms, thereby enabling ac-
curate comparisons despite sequence variations.

Once aligned, the system detects and categorizes the
pronunciation errors into three types:

o Insertion: An extra phoneme is added to the recog-

nized sequence that is not in the canonical sequence.

o Deletion: A phoneme is missing from the recognized

sequence that is present in the canonical sequence.

o Substitution: A phoneme present in the canonical

sequence is replaced with an incorrect one in the
recognized sequence.

The system identifies mismatches, classifies them into
error types, and localizes the position and nature of each
mispronunciation. This fine-grained analysis is essential
to deliver targeted feedback to learners.

8
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Figure 2: Workflow diagram of phoneme recognition, illus-
trating pretraining, fine-tuning, and inference.

G. EVALUATION

Following the approaches in related MDD studies [19],
[24], [26], [75], we evaluate model performance using
two metrics: PER for phoneme recognition accuracy,
and the F1 score for mispronunciation-detection effec-
tiveness.

1) Phoneme Error Rate

PER measures how accurately the model predicts
phoneme sequences with reference to the ground truth.
The recognized phoneme sequence is aligned with the
reference sequence using an algorithm, such as Leven-
shtein distance. Substitutions (S), deletions (D), and
insertions (I) are counted relative to the total number
of reference phonemes (N).

S+D+1

PER = x 100%. (2)

This metric evaluates whether the correct phonemes
are predicted in the correct order with minimal distor-
tion.

2) F1 Score
The F1 score evaluates mispronunciation detection as a
binary classification task based on the system’s ability
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to distinguish between correct and incorrect phoneme
realizations. We define:
o True Accept (TA): Correct pronunciation correctly
classified.
« False Reject (FR): Correct pronunciation misclassi-
fied as incorrect.
« False Accept (FA): Incorrect pronunciation misclas-
sified as correct.
o True Reject (TR): Mispronunciation correctly de-
tected.

True Rejects (TR) are further divided into:

« Correct Diagnosis (CD): Mispronunciation type cor-
rectly identified.

« Diagnosis Error (DE): Mispronunciation type incor-
rectly identified.

From these, the Precision (P), Recall (R), and F1
scores are calculated as follows:

TR

PR )
TR

R*FAJFTR’ )
2-P-R

Fl=———. 5
P+R 5)

Here, P measures the number of phonemes labeled
as mispronunciations that are truly incorrect, whereas
R measures the number of actual mispronunciations
that are correctly flagged as errors. The F1 score, the
harmonic mean of P and R, provides a balanced view of
system effectiveness.

This evaluation procedure ensures that both recogni-
tion and diagnostic accuracy are rigorously assessed.

VIi. DATA PREPARATION

Developing effective MDD systems requires specialized
pronunciation datasets that go beyond the standard
ASR data. While ASR datasets focus on accurate
transcription, MDD datasets must capture fine-grained
phoneme articulations, including both correct and in-
correct pronunciations.

This section describes the preparation of a dedicated
Arabic pronunciation dataset for MDD. This process
involved collecting speech recordings with rich meta-
data, aligning them with canonical text, and generating
both canonical and perceived phoneme sequences. The
procedures used for data acquisition, text mapping,
manual annotation, normalization, and phoneme se-
quence generation are described below.

A. DATA COLLECTION AND PREPROCESSING

The original dataset was collected using a web-based
platform named sz .o, (Rasid al-Migra’a), which
means “Reading Monitor.” It was developed to record
students’ oral reading of displayed Arabic paragraphs.

VOLUME 11, 2023

Professor Abdulkareem Alzahrani from the Islamic and
Arabic Studies Department at King Fahd University
of Petroleum & Minerals (KFUPM) managed the data
collection [76]. The key data characteristics were as
follows:

o Metadata of the student, including their name,
gender, origin, and date of birth.

o Arabic paragraph text content was sourced from
the Saudi Arabic primary school textbook
(Lughati), Grades 1-6. )

o Over 40 hours of students’ reading were collected
in 1,040 audio files in uncontrolled environments.

This dataset required extensive cleaning and restruc-
turing. The preprocessing phase included the following
steps:

o Remove duplicate recordings and irrelevant ones
(e.g., those that do not correspond to a whole
lesson).

o Standardize word spellings of metadata fields, such
as origin and gender.

o Convert Hijri to Gregorian birth dates.

o Remove misrecorded or irrelevant samples.

o Map each audio file to its corresponding lesson text.

In this ongoing research, 25 speech recordings from
different students (primarily in Grade 5) were selected
for experimentation. In these recordings, students re-
cited different lessons from the Saudi primary school
Arabic textbook . (Lughati). The speakers were from
15 cities across different Saudi provinces. This provided
the corpus with a broad sample of Saudi (Gulf) dialectal
variation. Because textbook lessons systematically cover
every letter of the Arabic alphabet in multiple word
positions, the resulting corpus is inherently balanced
across phonemes and well suited for evaluating pronun-
ciation. The total duration of these recordings was
approximately 60 min. There were 14 boys and 11 girls,
ranging in age from 8 to 11 years. The file durations
ranged from 48 seconds to 5 minutes 51 seconds, with an
average duration of approximately 2 minutes 24 seconds.
Each file was paired with its corresponding lesson text
for evaluation and annotation.

Guidelines for data annotation were developed and
given to a team of Arabic faculty members from Egypt
who were well-trained in Arabic text annotation. They
listened to the same audio file as a team and produced a
single annotation after resolving any issues arising from
unclear audio. Their work was coordinated and further
reviewed by Prof. Alzahrani. The annotation guidelines
are given in Appendix A.

B. TEXT NORMALIZATION

Text normalization is a critical preprocessing step in
MDD. It transforms Arabic text into a standardized,
pronunciation-aligned form that matches the spoken
phonemes.  This process was applied to both the
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canonical lesson text and manually annotated perceived
speech, ensuring consistency and phoneme alignment
across the dataset.

1) Normalization Rules

A Python script was developed to normalize the text
based on the following linguistic rules:

« Removal of non-pronounced letters:
omits silent glyphs (e.g., ).

« Handling of definite article ‘the’ (J1): Adjusts pro-
nunciation based on whether the next letter is a
‘sun letter’ or ‘moon letter’.

« Normalization of irregular words: Transforms
words with pronunciation mismatches (e.g., 1is —
ls).

« Punctuation removal: Eliminates symbols not pro-
nounced in speech.

« Prefix processing: Handles attached particles (e.g.,
4, ) and their influence on pronunciation.

As illustrated in Fig. 3, the text normalization
process involves several systematic steps to ensure ac-
curate phoneme-level representation, which is essential
for effective MDD system training.

Replaces or

Input Arabic Text
(Canonical / Perceived)

[ Split into Sentences (Canonical Only) J

+
Split into Words

(Remove Non-Arabic Characters & Punctuation)

!

( Extract Prefix (p) and Root (r))

Replace Irregular Words (if applicable)
+
Handle Sun/Moon Letter Rules

Remove Silent Characters & Diacritics (Canonical)
Remove Silent Characters (Perceived)

[Reconstruct Normalized Word)

!

Append Special Tags As-Is
(Perceived Only, if applicable)

(Output Normalized Text)

Figure 3: Flowchart illustrating key text normalization steps
for canonical and perceived Arabic texts.

2) Normalization Algorithms
Two slightly different pipelines were created for canon-
ical and perceived texts. Algorithms 2 and 3 describe
their logic, respectively.

Both algorithms ensure that the text reflects pronun-
ciation by handling script-level phenomena (e.g., silent

10

Algorithm 2: Canonical Text Normalization

Input: Canonical Arabic text 7., sun letters set S,
irregular word map W

Output: Normalized text T

Split 7. into sentences;

foreach sentence s in T, do

Split s into words w;;

foreach w; do
Remove non-Arabic characters;
Identify prefix p and root r;
Apply irregular word replacement from W;
Handle Ji (sun/moon letter rules);
Remove silent characters and diacritics;
Reconstruct w; < p + r;
Add “sil” for sentence boundaries;

return 7,

Algorithm 3: Perceived Text Normalization

Input: Annotated text T,, sun letters set S, irregular
word map W
Output: Normalized text T,
Remove punctuation and replace ‘Q’ with “sil”;
foreach word w; in T, do
if w; is a special tag then
| Append as-is;
else
Clean w;, extract p, r;
Replace r if in W;
Adjust for sun/moon letters;
Remove silent characters;
Reconstruct and append;

return 7,

letters, article assimilation, and diacritics) and speech
annotations.

3) Text Normalization Example

Table 3 shows examples of text before and after normal-
ization.

Normalization removes unpronounced glyphs and
maps grammatical features to their realization in speech.
It also integrates transcriber annotations, such as:

o Pauses: ’Q’ is replaced with the token “sil”.

o Non-speech: Tags like #usmw#, # :w# are pro-
cessed appropriately.

o Special markers: Symbols indicating emphasis,
softening, or hesitation are preserved for accurate
representation.

By applying normalization to both canonical and
perceived texts, we ensure consistency by generating
phoneme sequences that mirror actual pronunciation.
This step is critical for improving phoneme alignment
and enhancing MDD system performance.

C. PHONEME SEQUENCE PREPARATION
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Table 3: Examples of Text Before and After Normalization

Normalized Text
ol O3 52V ecls
Bl 55 a5 Ssil )% J6

Original Text
sl 5 Y enls
Basd) 555 o5 A% J6

1) Phoneme Sequence Acquisition

Character-to-ASCII transliteration systems such as
Buckwalter [77] are useful for text processing. However,
they were not designed for phoneme extraction [35].
For MDD purposes, phoneme sequences must accurately
reflect pronunciation and account for the influence of
surrounding phonemes on articulation over time.

A grapheme-to-phoneme (G2P) converter is required
to extract phoneme sequences from diacritized Arabic
text. We adopt the rule-based approach described in
[78], which was originally developed to generate phonetic
dictionaries for Arabic speech recognition. This method
applies MSA pronunciation rules using a well-defined
phoneme set. Its publicly available implementation
and compatibility with large-scale processing make it
suitable for our data preparation pipeline.

2) Canonical Phonemes

To generate canonical phoneme sequences for each les-
son, normalized lesson text was passed through the
G2P system. This outputs a phoneme sequence that
accurately reflects the standard pronunciation of the
text. Table 4 presents examples of canonical lesson texts
and their corresponding phoneme sequences.

3) Perceived Phonemes
A script was used to generate the perceived phoneme
sequences by converting each lesson’s text into a
pronunciation-like form that retained only the pro-
nounced Arabic glyphs. This is based on rules adapted
from [79] and refined by Arabic language experts. The
resulting text provided a template for annotators to
modify such that it reflected the actual speaker pro-
nunciation, including insertions, deletions, and substitu-
tions. This reduced the annotators’” manual workload.
The annotated text is passed through the G2P system
to generate perceived phoneme sequences. Table 5 pro-
vides complete examples of the pronunciation-like text,
manually perceived text, and final phoneme output.
The dataset could be used for fine-tuning the MDD
model once canonical phoneme sequences were created
and perceived sequences were generated for each anno-
tated file.

4) Phoneme Sequence Alignment

As described later in Section IX-A, aligned canonical
and perceived phoneme sequences are required model
inputs. However, these sequences often differ in length
because of insertions, deletions, or substitutions in the
learner’s pronunciation. We resolve this problem using
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a global sequence alignment algorithm to produce one-
to-one phoneme mapping.

Specifically, we apply the Needleman-Wunsch algo-
rithm [80] following the approaches of prior studies
[26], [43]. This algorithm aligns two-phoneme sequences
by systematically capturing length discrepancies. An
aligned output is essential for identifying phoneme-
level pronunciation deviations, and these directly inform
MDD system training and error detection.

Table 6 presents an example of the canonical and per-
ceived phoneme sequences before and after alignment.

In this example, the G2P algorithm was applied to
both texts. The resulting phoneme sequences were
aligned with underscores (_) to indicate insertions or
deletions. The final alignment ensures that each canon-
ical phoneme is either matched or explicitly accounted
for, thus enabling accurate pronunciation analysis.

VIIl. EXPERIMENTAL DESIGN

This section outlines the experimental design used to
validate our research hypothesis. It focuses on parame-
ter analysis and experimental reproducibility.

A. PARAMETERS

To evaluate our hypothesis, we conducted multiple ex-
periments while analyzing the factors that influence the
model performance. These parameters fall into two
main categories: data-related and model-related.

Data-Related Parameters

« Recording Environment: Variations in noise, micro-
phone quality, and recording conditions may ob-
scure phonetic cues, reducing recognition accuracy.

o Speaker Variability: Differences in age, gender, and
dialect can influence pronunciation patterns and
model generalizability.

+ Annotation Accuracy: Inconsistent or incorrect
phoneme annotations can degrade training quality
and model performance.

« Subset Selection: Poor train/test splits (e.g., non-
stratified sampling) may lead to biased evaluation.

o Dataset Size: Insufficient data may cause overfitting
and poor generalization.

o Speaker Representation: Over-representation of
specific demographic groups may result in biased
model behavior toward underrepresented groups.

Model-Related Parameters

o Model Variants: Using pretrained models not opti-
mized for Arabic may limit performance. Arabic-
tuned models are better at capturing relevant pho-
netic patterns.

o Learning Rate: A poorly chosen learning rate can
lead to nonconvergence or unstable training.

o Batch Size and Epochs: Small batch sizes cause
noisy gradients, while larger ones require more re-
sources. Improper epoch count leads to underfitting
or overfitting.
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Table 4: Examples of Lesson Texts and Canonical Phoneme Sequences

Lesson ID | Lesson Text (Arabic) Canonical Phoneme Sequence
3. ) B 75 ~
1113 g SIG ey 2B - 2N OS s J 52Vl c2ls | JHARLAESAETIHLEUHSRAET UHHHAEL AELMAE:ETHD AEH _F AES AR E
Saits 59 95 Bt i 8 5N 06 L AELAELEB_LIHMAE: DHAE: TAEEAEKHAERAEY AE:SIHR_ Q AE:LAETN
-3 SN 33 Gpae e Je 1 PN B L8 Jek 32 UWRAEH_ HUHWAEYAEGHSIHLUHYAEDAEH_QAE:LAELEAEB_ GHAE
SLUHLYAEDAENDDAERUWRIHYUHNQAEBLAELEAEKLIHW AE B AE Al
D AE H
z . s P 7
1114 25 2l suA TR s s 55 228 A 9% 06 | QAE:LAEFAEWAE:Z_EUHMIYTAESQIYWAERDAELHHAEDIY QAEH _
S SO T S S WAEEAEBIYYAEQRAEEUHLJHAERIYDAEH W AEEAEKHIY Y AERK AE
R e e e R R BUHDAERAE: JHAEH WAEEUHKHTIYTAEHHMIHLUHD UHMY AET AE H
AE: _WAEEAEN AE: EAEL Al AE B UH M AE AT AE SS AE D IY Q IY KH AE: L IH D

Table 5: Pronunciation-Like Text, Manually Adjusted Perceived Text, and Resulting Phoneme Sequences

Lesson ID Perceived

Adjusted)

Pronunciation-Like Text

(Manually

Phoneme Sequence

1113 sy oY Ol e s e el
E)‘\; 36 ok .

s ile 05k | Va6

B _ N ol e g Y els
O
i Y 35 e i 022

JHAELAESAETIHLEUHSRAE: HHAEL AEL M AE: EIH D AE
H_FAESAEEAELAELEAEB__LIHMAE: DH AE: T AE E AE KH
AERAEY AE:SIHR_ QAE:LAETNUWRAE: _ HUHW AEY AE
GHSIHLUHYAEDAEH_QAE:LAELEAEB_GHAESLAELY
AEDAENDDAERUWRIY_QAEBLAELEAEKLW AE B AE Al
D AE H

1114

QAE:LAEFAEWAE:ZUH_EUHMIY__TAESQIYWAERD AE
LHHAEDIYQAEH_ _WAEEAEBIYYAEQRAEEUHLJHAER
IYDAEH_WAEEAEKHIY _YAERKAEBUHD AE R AE: JH AE
TAE_WAEEUHKHTIY_TAEHHMIHLDUHNY AET UHH AE:
_WAEEAENAE: EAELAIAEBUHM AE AT AESSAEDIY QIY
KH AE: LIHD IH N

Table 6: Example of Phoneme Sequence Alignment using the
Needleman-Wunsch Algorithm

Table 8: Dataset Sizes in the Large, Medium, and Small
Configurations

Table 7: Dynamic Parameters and their Values

Factor Value 1 Value 2 Value 3
Train Size | Large Medium Small

Model XLSR-53 | XLSR-53 | —

Variant El-Geish | Grosman | —

o Loss Function and Optimizer: Incorrect settings can
degrade convergence speed or compromise model
performance.

Other influential factors include the dropout rate,
model depth, hidden layer sizes, and random initial-
ization. Discrepancies in the data pipeline, especially
between training and inference, can also affect perfor-
mance.

We classified the parameters into two types: static pa-
rameters, whose values are fixed based on the literature
or system constraints; and dynamic parameters, whose
values are tuned during experimentation to optimize
results.

Table 7 summarizes the dynamic parameters and their
selected values.

12

Text _)3/5, 3‘;31;. (The students’ school) Configuration Train (minutes) Test (minutes)
Canonical| Phonemes| M AE D R AE S AE T UH TT UH L AE: B IH Large 42.07 (70%) 17.89 (30%)
Aligned | MAED _RAESAET _UHTT UHL AE: B Medium 22.15 ( 50% of Large) | 17.89 (same)
H Small 11.15 ( 25% of Large) | 17.89 (same)
Text u}fdz)\ L\
Perceived | Phonemes| M AE D AE: RAESAE TEL TT UH L AE:
B B. EXPERIMENTAL DESIGN
Aligned II;A_AE DAE:RAESAETEL TT UH L AE: To systematically evaluate the effects of key variables

on MDD system performance, two dynamic parameters
were selected: Corpus Size and Model Variant. This
selection was informed by their relevance to the research
goals, study time constraints, and data availability.

Corpus Size: The optimal quantity of labeled pronun-
ciation data for fine tuning is unknown. To investigate
this effect, we tested three training datasets: Small,
Medium, and Large. The Large dataset comprised the
entire 60 minutes of speech data that was manually
annotated (see Section VII-A). This was divided into
70% training (42.07 minutes) and 30% test (17.89 min-
utes) data. Multiple splits were evaluated, and the
best-performing configuration was selected. Medium
and Small sets were derived from 50% (22.15 minutes)
and 25% (11.15 minutes) of the Large training set,
respectively. We used the same test set to ensure con-
sistency. To document the split balance and coverage,
we plotted the Arabic phoneme frequency on a log scale
for the training and test subsets, as shown in Fig. 4.
The resulting training and testing durations for each
configuration are listed in Table 8.

Model Variant: Two pretrained models were evalu-
ated: El-Geish and Grosman (see Section VI-C). These
variants differ in their architectures and pretraining cor-
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Figure 4: Log-scale frequency distribution of Arabic phonemes in the training and testing subsets after dataset splitting.

Table 9: Experimental Design Showing All Combinations of
Dynamic Parameters with Two Replications

Run | Train Size | Model Variant | Replication
1 Small El-Geish 1
2 Small El-Geish 2
3 Small Grosman 1
4 Small Grosman 2
5 Medium El-Geish 1
6 Medium El-Geish 2
7 Medium Grosman 1
8 Medium Grosman 2
9 Large El-Geish 1

10 Large El-Geish 2
11 Large Grosman 1
12 Large Grosman 2

pora. By comparing their fine-tuned performances, we
assessed the effect of model selection on MDD accuracy
in Arabic.

A full-factorial experimental design was used to ex-
plore the effects of both parameters. This included:

o All combinations of the three corpus sizes and two
model variants.

o Evaluation of main and interaction effects.

e Two replications per configuration to increase reli-
ability and support statistical analysis.

This resulted in 3x2 = 6 treatment combinations, and
12 experiments. The full set of experimental runs gener-
ated from this factorial design is listed in Table 9. The
experiment sequence was randomized using a random
number generator to reduce the bias from consistent
execution conditions across models or datasets. The
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experimental logs also document any inconsistencies,
model failures, or irregularities to ensure comprehensive
evaluation and reproducibility.

IX. IMPLEMENTATION AND RESULTS

This section outlines the implementation and presents
the experimental results in our evaluation of the MDD
system. The experiments were aimed at assessing the
system’s performance under varying configurations us-
ing the primary metrics defined in Section VI-G.

A. MODEL REQUIREMENTS

Both speech audio and phoneme sequence data are
required for training and evaluation. The speech input
must be a raw waveform with a 16 kHz sampling rate
and 16-bit depth. The textual inputs consist of both
canonical and perceived phoneme sequences.

To support the training and fine-tuning, the phoneme
sequences were aligned using the process described in
Section VII-C4. The model input is structured in
JavaScript Object Notation (JSON) format. Each entry
corresponds to a pronunciation instance and includes
four fields:

o wav: Path to the audio file (16 kHz, mono, 16-bit

wav).

« canonical_aligned: Aligned canonical phoneme se-

quence.

o perceived_aligned: Aligned perceived phoneme se-

quence.

o perceived_train_target: Unaligned perceived se-

quence used during training.

An illustrative example is shown in Table 10, in which
the speaker pronounced izt instead of the correct s
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Table 10: Example of a JSON Entry for Model Input

Key Value

wav /path/to/audio.wav

canonical_aligned [M, AE, R, HH, AE, B, AE, _, | N]

perceived_aligned M, AE:, , HH, IH, B, AE, R, AE, N]

perceived_train_target | M AE: HH IH B AE R AEN

B. IMPLEMENTATION

The implementation was based on the SpeechBrain
toolkit [81], which has been widely adopted in re-
cent studies [19], [20], [43]. SpeechBrain is a ver-
satile PyTorch-based toolkit that supports various
speech-processing tasks and facilitates feature extrac-
tion, model building, and model training.

The experiments used raw audio waveforms sampled
at 16 kHz, compatible with the requirements of Wav2vec
2.0. Fine-tuned Wav2vec 2.0 models from Hugging Face
were employed (see Section VI-C). Our experimental
design follows the configuration proposed by Yang et
al. [19], with some adjustments.

Two separate Adam optimizers were used: one for
the linear layers (learning rate = .0003) and the other
for the Wav2vec 2.0 backbone (learning rate = .00001).
Gradient accumulation was employed to reduce the
memory overhead by delaying parameter updates until
multiple minibatches were processed.

All experiments were executed for 100 epochs using
Google Colab’s cloud runtime on an NVIDIA A100-
SXM4-40GB Graphics Processing Unit (GPU) running
Ubuntu 22.04.3 LTS. The system environment included
PyTorch 2.5.1, CUDA 12.1, and Python 3.10.12.

C. EXPERIMENTAL RESULTS

For clarity, the experimental results are presented in
both tabular and graphical formats. Statistical analyses,
including ANOVA, were used to evaluate the signifi-
cance of the main and interaction effects.

1) Descriptive Results

Table 11 summarizes the average performance across
all experimental configurations, including the F1 score,
PER, and classification metrics.

2) Visualization of Key Metrics

The key performance metrics were visualized using bar
plots to support the interpretation of the experimental
findings.

Fig. 5 presents the F1 scores across different corpus
sizes and model variants. Corpus size is represented
on the x-axis (Small, Medium, Large), and the El-
Geish and Grosman models are represented by paired
bars. The chart shows that the F1 score improves
with increasing data size and that the Grosman model
consistently outperforms El-Geish.
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F1 Score Comparison Across Corpus Sizes and Model Variants

Model Variant
2 El-Geish

m Grosman

70 68.5%
65.5%

40

F1 Score (%)

Small Medium
Corpus Size

Large

Figure 5: F1 Score comparison across corpus sizes and model
variants.

Phoneme Error Rate (PER) Comparison Across Corpus Sizes and Model Variants

28.3% Model Variant

7 El-Geish
= Grosman

262%

24.4%

21.1%

18.2%

\
A\

[

Medium
Corpus Size

Small Large

Figure 6: Phoneme Error Rate (PER) comparison across
corpus sizes and model variants.

Fig. 6 shows the PER for the same configuration. Sim-
ilar to the previous figure, this grouped bar chart shows
that the PER decreases as the corpus size increases. The
Grosman model achieved a consistently lower PER than
the El-Geish model.

In Fig. 7, the stacked bar chart displays the dis-
tribution of classification outcomes (TA, FR, FA, and
TR) for each experimental run. This visualization high-
lights how the classification behaviors vary across con-
figurations, offering deeper insights into model-decision
trends.

3) Statistical Analysis

A two-way ANOVA with two replications was conducted
to assess the effects of Corpus Size, Model Variant, and
their interaction on the F1 Score. Each configuration
was tested twice, resulting in a total of 12 experiments.
The detailed ANOVA results, including the sum of
squares, degrees of freedom, effect sizes, and significance
levels, are presented in Table 12.

The Model Variant factor had a statistically signifi-
cant effect on the F1 score (F(1,6) = 45.30, p < .001,
partial 7> = .772), indicating strong practical signifi-
cance. In contrast, the effect of Corpus Size was not
statistically significant (F(2,6) = 3.04, p = .122, partial
n? = .104), nor was the interaction between Corpus Size
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Table 11: Summary of Experimental Results across Configurations with Corresponding Classification Metrics

Run | Train Size Model F1 Score PER TA FR FA TR (CD/DE)
1 Small El-Geish 63.03% | 28.68% | 5820 | 2240 | 815 | 2605 (2332/273)
2 Small El-Geish 63.28% | 28.01% | 5908 | 2201 | 818 | 2602 (2325/277)
3 Small Grosman | 68.62% | 20.14% | 6537 | 1634 | 780 | 2640 (2417/223)
4 Small Grosman | 68.46% | 20.24% | 6537 | 1648 | 782 | 2638 (2412/226)
5 Medium El-Geish 63.30% 28.29% | 5934 | 2008 | 906 | 2514 (2247/267)
6 Medium El-Geish 66.12% | 24.02% | 6248 | 1708 | 887 | 2533 (2273/260)
7 Medium Grosman 68.29% 21.01% | 6496 | 1442 | 899 | 2521 (2295/226)
8 Medium | Grosman | 68.15% | 21.27% | 6489 | 1457 | 899 | 2521 (2290/231)
9 Large El-Geish 66.13% | 24.02% | 6248 | 1708 | 887 | 2533 (2273/260)
10 Large El-Geish 64.89% 24.73% | 6203 | 1814 | 906 | 2514 (2252/262)
11 Large Grosman | 68.86% 19.99% | 6559 | 1375 | 902 | 2518 (2280/238)
12 Large Grosman | 71.42% 16.47% | 6665 | 1358 | 766 | 2654 (2438/216)

Simplified Breakdown of Classification Metrics Across Experimental Configurations

2610 258 218 233 2521 2521 2533 14 2518 2658
780 2 906 o7 899 899 87 906 %02 786

12000

Metrics
TA
R
10000 == A
- R

8000

6000

Count

4000

5620

2000

0

1 2 3 4 5 6 7 B 9 10 11 12
Run

Figure 7: Comparison of classification metrics [True Accept
(TA), False Reject (FR), False Accept (FA), and True Reject
(TR)] across experimental configurations.

Table 12: Two-Way ANOVA with Replication of Corpus
Size and Model Variant on F1 Score, including Effect Sizes
(partial n?)

Source SS df MS F p-value | Partial 72
Corpus Size (A) 8.1886 2 4.0943 3.0420 1224 .104
Model (B) 60.9752 60.9752 | 45.3030 | <.001 172
AxB 1.7800 2 .89 0.6613 5501 .023
Error 8.0757 i 1.3459 - - -
Total 79.0195 | 11 - - - -

and Model Variant (F(2,6) = .66, p = .550, partial n? =
.023). Levene’s test indicated that the assumption of
homogeneity of variance was satisfied (p = .49). Tukey’s
HSD post-hoc analyses further identified significant dif-
ferences between specific groups, notably between the
El-Geish and Grosman models, within each Corpus Size
category. This highlights the significant performance
advantage of the Grosman model, particularly when
Corpus Size is Large.

Table 13 connects these findings to the actual perfor-
mance metrics across configurations.

Small- and Medium Grosman configurations per-
formed similarly. This can be attributed to limited
data diversity. Both used overlapping high-frequency
phoneme patterns, which likely resulted in similar F1
Scores (68.62% vs. 68.29%) and PER values (20.14%
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Frequency (Log Scale)

Figure 8: Phoneme frequency distribution across training
sets (Small, Medium, and Large).

vs. 21.01%).

Fig. 8 shows that these subsets lack rare phonemes,
which reduces their generalizability. In contrast, the
Large configuration improved generalizability by cover-
ing more diverse patterns. It achieved the highest F1
Score (71.42%) and the lowest PER (16.47%).

This comprehensive analysis confirms that model se-
lection significantly affects the F1 Score; however, in-
creasing the corpus size offers diminishing returns unless
accompanied by greater phonetic diversity.

4) Phoneme Recognition Performance and Error Analysis
Although an overall F1 score of 71.4% is promising,
it does not reveal the system’s weaknesses. To clarify
these limitations, we have provided a confusion matrix
(Fig. 9) and recognition distribution chart (Fig. 10)
for the w2v2.0-Grosman-Large configuration, along with
qualitative examples (Tables 14-19) highlighting typical
substitution, deletion, and insertion errors. The matrix
illustrates the distribution of these errors between the
predicted and reference phonemes. Diagonal entries
indicate correct predictions, whereas off-diagonal entries
indicate substitution errors. The last two columns la-
beled <INS> and <DEL> denote the number of insertion
and deletion errors, respectively.

The confusion matrix provided several critical in-
sights.
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Table 13: Performance Metrics across Model Variants and Corpus Sizes

Configuration Data TA FR FA CD ED PER | F11
w2v2.0-ElGeish-Small 25% 72.86% < 27.14%  23.93% | 68.01% 8.10% | 28.01% | 63.29%
w2v2.0-ElGeish-Medium 50% 74.69%  25.31% 26.49% | 65.70% 7.81% | 28.29% | 63.30%
w2v2.0-ElGeish-Large 100% 78.54%  21.46%  25.94% | 66.46% 7.60% | 24.02% 66.13%
w2v2.0-Grosman-Small 25% 80.01% 19.99% 22.81% | 70.61% 6.52% | 20.14% | 68.62%
w2v2.0-Grosman-Medium | 50% | 81.82% 18.18%  26.26% | 67.19% 6.61% | 21.01% | 68.29%
w2v2.0-Grosman-Large 100% | 83.07% 16.93%  22.40% | 71.29% 6.31% 16.47 % 71.42%
PPN Ppe st cory =

T — = - I,

=] : A 1.

RO I o] R s e E o

st . : o b

Precicted Phonemes.

sof 1 B

@ f A x| | =

Figure 9: Phoneme confusion matrix showing substitutions,
insertions, and deletions in predicted phonemes compared to
the reference.

o Phonemes such as , (R), , (M), o (N), < (F), and J
(L) exhibited high recognition accuracy.

o Frequent substitution errors were particularly no-
ticeable among vowels, including .- (UH), 5.5 (IH),
»s (AE), and w3 it (AE:).

« Consonants with phonetic similarities also showed
notable confusion, such as 5 (DH2) being confused
with » (DD), and _. (S) frequently misrecognized
as - (SS).

e Deletion errors occurred frequently for specific
phonemes, notably » (H) and J (L).

o High insertion frequencies were observed for the
phoneme . (E).

Fig. 10 presents a stacked bar chart illustrating

the proportion of correct vs. incorrect recognition

across individual phonemes. This visualization high-
lights phonemes that are prone to errors, thereby iden-
tifying potential targets for model improvement.
Together, these visualizations offer a comprehensive
view of the model’s phoneme-level performance. The
system shows strong recognition of common consonants
but struggles with phonetically similar or linguistically
complex Arabic sounds. Addressing these challenges can
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Figure 10: Distribution of phonemes showing proportions of
correct vs. incorrect recognition.

Table 14: Substitution: DH2 — DD (s — )

Correct Arabic feni o B 3

Incorrect Arabic Feesd) (% B Gyl
Reference phonemes UH R [DD] IY
Predicted phonemes UH R [DH2] IY

Transliteration hawala an yurdhi al-jamee3
Meaning He tried to please everyone.
File 70-5-1-Z_F_Riyadh_ 8¢86a567-9a53-

4d91-9452-b181de052cfb. MOV .wav

further enhance the system’s accuracy and provide more
precise learner feedback.

a: Qualitative Error Analysis
To complement the confusion matrix and distribution
plots, we present examples of the most frequent error
types. Each table highlights a representative case,
contrasting the correct and incorrect Arabic text. These
cases are paired with the corresponding phonemes (ref-
erence and predicted), transliterations, semantic mean-
ings, and the files where the errors were observed.

Table 14 shows a substitution where the emphatic
consonant & (DH2) is misrecognized as . (DD). Ta-
ble 15 presents another substitution between the plain
consonant . (S) and its emphatic counterpart . (SS).
Tables 16 and 17 illustrate frequent vowel confusions,
where short vowels are particularly error-prone. Ta-
ble 18 provides an example of the deletion of the
phoneme » (H), while Table 19 shows an insertion error
involving the glottal stop . (E).

These analyses revealed the model’s most common
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Table 15: Substitution: S — SS (. — )

Table 17: Vowel substitution: AE — TH (&w — 5,.5)

Correct Arabic sas Sl Correct Arabic 2 8

Incorrect Arabic Sk o Incorrect Arabic a2 A

Reference phonemes | ... [S] AE: F AE R ... Reference phonemes | ... M [AE] Y IH TT
Predicted phonemes e [SS] AE: F AE R ... Predicted phonemes ... M [IH] Y IH TT
Transliteration saafara 3umar Transliteration i3taqada annahu mayyit
Meaning 3umar traveled. Meaning He believed that he is dead.
File 69-X-Y-Z_M_ Madinah-2_ e8968f59- File 69-X-Y-Z_M_ Madinah-2_ e8968f59-

a46¢-402d__wf4RonZ.ogg.wav

a46¢-402d__wf4RonZ.ogg.wav

Table 16: Vowel substitution: ITH — AE (5.5 — i)

Table 18: Deletion: H dropped (=)

Correct Arabic o b b Sl ¢ 3

Incorrect Arabic o bo b Sl 5
F AE Z [IH] AE

F AE 7 [AE] AE

Reference phonemes

Predicted phonemes

b 35 5Ly
Gk 0 1
L AE [H] sil
L AE [9] sil

Correct Arabic

Incorrect Arabic

Reference phonemes

Predicted phonemes

Transliteration fazi3a al-himaar min siyaah al- Transliteration limatha arjuli taweelah
naas Meaning Why are my legs long?
Meaning The donkey panicked from the File 06-5-Y-Z_F_Qatif_7976e7f2-cael-

people’s shouting.

File 70-5-1-Z_F_ Riyadh_ 8e86a567-9a53-
4d91-9452-b181de052¢cfb.MOV.wav

failures and limitations regarding phoneme recognition
accuracy. The examples confirm that emphatic/plain
consonant contrasts, short vowel variability, and weak
phonemes such as » (H) or . (E) present the most
challenging cases. Seemingly small deviations at the
phoneme level can alter a word’s lexical or semantic
interpretations. These qualitative insights complement
the overall error analysis and provide practical guidance
for future improvements to Arabic MDD systems.

D. COMPARISON TO PREVIOUS STUDIES

This section compares our system’s performance with
that of previous MDD studies. Direct comparisons are
challenging due to the absence of standardized datasets,
evaluation protocols, and language targets. Many stud-
ies focused on different languages (e.g., English and
Mandarin), used isolated words or phonemes, or ad-
dressed pronunciation scoring instead of mispronunci-
ation detection.

Even when studies use similar metrics, such as the
F1 score or PER, discrepancies in dataset composition,
recording conditions, and annotation protocols limit
comparability. Nevertheless, we summarize relevant re-
sults from other studies that consider continuous-speech
MDD and use PER and/or F1 scores as evaluation
metrics.

While Table 20 helps to contextualize our system’s
performance, it should not be interpreted as a claim
of our system’s direct superiority over others. Most
prior studies (e.g., Xu et al. [52], Peng et al. [18], and
Yang et al. [19]) focused on English speech of adult L2
learners using standardized corpora such as L2-ARCTIC
or TIMIT. In contrast, our system was trained and
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4£46-95fa-cflac600al78.mp4.wav

evaluated using continuous Arabic speech recorded by
young learners in uncontrolled environments. These
differences, especially in language, age groups, and
recording settings, made MDD tasks significantly more
difficult in our study. Additionally, each participant
recorded audio from their own device in their own
environment. This introduced further variability and
practical challenges. Our dataset, therefore, contains
real-world complexities that are essential for enhancing
the accuracy and robustness of MDD systems. Hence,
the F1 score of 71.42% reflects robustness under realistic
and challenging conditions.

In the Arabic context, most previous studies have
targeted isolated words or letters. A notable exception
is Algabri et al. [20], who evaluated MDD in continuous
Arabic speech using the KSU corpus. This allows for a
meaningful, although still limited, comparison with our
system. Peng et al. [18], Yang et al. [19], Xu et al. [52]
and Shen et al. [43] provided additional benchs for other
languages.

Table 20 summarizes the performance metrics from
our study and selected others using continuous MDD
tasks and comparable evaluation criteria. The w2v2.0-
Grosman model achieved an F1 score of 71.42% with
only 60 minutes of annotated data, achieving better
results than those reported by Yang et al. (56.16%),
Xu et al. (61.0%), and Peng et al. (60.44%). It
also provided slightly better results than Algabri et al.s
70.53% F1 score, despite their model benefiting from
higher-quality controlled recordings and more than 9
hours of training data.

Although Algabri et al’s system achieved a lower
PER of 3.83%, our system demonstrates better adapt-
ability to real-world educational environments. The
KSU dataset benefitted from multiple microphones and
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Table 19: Insertion: E ()

Correct Arabic PRy

Incorrect Arabic RIERVA

Reference phonemes | ... AE: [&] SS
Predicted phonemes ... AE: [E] SS
Transliteration garraraa al-sadeeqaan
Meaning The two friends decided.

File 69-X-Y-Z_ M_ Madinah-2_ e8968f59-
a46¢-402d__wf4RonZ.ogg.wav

controlled conditions, whereas our model used natural,
noisy, and uncontrolled recordings from primary-school
students (see Section VII-A). This makes it more
challenging to achieve performance gains. Notably, the
Grosman model achieved a TA rate of 83.07% and
a FR rate of 16.93%. Among the correctly detected
mispronunciations, the system achieved a CD of 71.29%,
while the DE rate was 6.31%. These values indicate high
recognition accuracy and diagnostic precision. Com-
pared with Algabri et al’s model, which uses synthetic
and clean speech, our system achieved competitive F1
scores.

X. CONCLUSION AND FUTURE WORK
This study contributes to MDD, CAPT, and Arabic
speech processing as follows.

o Arabic Pronunciation Speech Corpus: Creation and
organization of a structured dataset suitable for
CAPT, ASR, and phoneme recognition in Arabic.

o Arabic Text Normalization: Development of text
normalization algorithms to transform Arabic text
into a pronunciation-aligned format, while account-
ing for the language’s orthographic complexity.

« End-to-End Phoneme-Level MDD System: Proposal
of a Wav2vec—2.0-based system for phoneme-level
mispronunciation detection in continuous Arabic
speech.

Furthermore, our proposed system demonstrates
a state-of-the-art F1 score of 71.42% and a PER
of 16.47% performance under low-resource, dialect-
influenced, and noisy spontaneous speech. This perfor-
mance indicates its suitability for deployment in actual
school environments.

Importantly, the model variant significantly affected
its performance. However, variations in the corpus size
within the tested range did not produce statistically
significant changes in the F1 score. This suggests that
small annotated datasets with durations as short as 20
minutes may be sufficient to effectively fine-tune SSL
models.

Overall, the system addresses the challenges posed by
Arabic’s complex phonetic structure and low-resource
status, enabling automated pronunciation evaluation
that can be extended to other under-resourced lan-
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guages. Although the system demonstrated promising
results, several limitations remain.

« Dataset Diversity : The dataset primarily includes
speech from Saudi primary school students. All
speakers were 8-11 years old; therefore, our findings
may not transfer to adult pronunciation. Addition-
ally, our findings may not generalize to broader
demographics with dialects not encompassed by
Saudi dialect clusters.

o Focus on MSA: The system does not support DA or
CA, limiting its applicability to Quranic or informal
speech contexts.

« Tool Limitations: The SpeechBrain toolkit [81] does
not support non-ASCII characters. This limited
our exploration of phoneme sets containing special
symbols.

o Phoneme-Level Focus: Phoneme-level evaluation
may be less intuitive for language learners than
word- or sentence-level assessments.

o Computational Demands: Wav2vec 2.0 is compu-
tationally expensive and may not be suitable for
deployment in mobile or edge computing environ-
ments.

o No Paralinguistic Analysis: The system does not
account for prosodic or paralinguistic features such
as pitch, stress, or intonation. These elements are
important components of natural speech evalua-
tion.

o Lack of Practical Feedback: The system output
currently requires expert interpretation. There
is no built-in feedback mechanism for non-expert
users or learners.

These limitations highlight several opportunities to
advance future research. First, larger-scale and more
diverse datasets should be collected across ages, dialects,
and contexts through collaboration with institutions in
other Arabic-speaking countries. In particular, future
research should extend to Quranic pronunciation, sup-
ported by collaboration with Quran teaching associa-
tions. Second, to provide more comprehensive learning
feedback, phoneme-level evaluation should be extended
to other linguistic units such as syllables [82], words,
and sentences. Third, it is crucial to develop a prac-
tical module to transform outputs into interpretable,
learner-friendly feedback. This would enable real-world
deployment without expert oversight. Fourth, future
work should build lightweight Arabic MDD models that
can be efficiently deployed on mobile and edge devices
to ensure broader accessibility and real-time usability.

APPENDIX A
DATA ANNOTATION GUIDELINES
1) The transcribed text must match the student’s
spoken words exactly, even if their pronunciation
differs from the written text. This includes:
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Table 20: Comparison with Related MDD Studies using Continuous Speech and Reporting F1 Score and/or PER

Model Dataset TA FR FA CD ED PER | F11

Ours In-House, Arabic, Uncontrolled | 83.07%  16.93%  22.40% | 71.29%  6.31% 16.47% | 71.42%
Algabri et al. [20] KSU, Arabic, Controlled 98.12% 1.88% 25.08% - 14.81% 3.83% 70.53%
Yang et al. [19] L2-A + UTD, English 93.54%  6.46%  45.84% | 77.24%  22.76% | 14.36% | 56.16%
Xu et al. [52] L2-A, English - 8.00% 35.70% - - - 61.0%
Peng et al. [18] TIMIT + L2-A, English 94.30%  5.710%  41.80% | 70.72%  29.28% - 60.44%

o Misreading a word (e.g., <5 (kataba) instead
of ¢& (kabata)).

« Repeating a word (e.g., el 36 76 55 (wa-qad
qama qama al-ustadhu)).

o Repeating part of a word (e.g., ¥ 555 (walay
walaysa kullu)).

« Replacing the correct diacritic of a letter with
another incorrect diacritic (e.g., i (malaka)
instead of i (malika)).

The first letter following a sun definite article must
have a gemination , if it is correctly pronounced,

Keep the definite article 5 without diacritization
when it is pronounced properly within the sen-
tence. Make an exception to this guideline when
appears in a word at the beginning of a sentence.
In that case, jo 5.» (the connecting hamzah)
should be written as «al 5;s (cut hamzah) with
All forms of the pronounced hamzah, viz., s ;i
. & must be written according to the standard

The cut hamzah is omitted if it was not pro-
nounced due to a reading mistake or the speaker’s

When a geminated letter is correctly pronounced,
the gemination diacritic (:) must be written.

If pronounced, the nunation diacritic ..« must be
written. If not, it should be removed and the word
must be diacritized as it was spoken (e.g., at the

All diacritization marks must be present in the
spoken text, except for the .. (silence) diacritic.

A silence mark, denoted by the ‘@’ character, must
be added between two sentences, two words or
within a word if a noticeable period of silence
exists in that location. If the silence was “ugly”,
two silence marks are added (e.g., if it changes the
meaning such as “Don’t pray @QQ while intoxicated

Add a ‘4’ mark after a soft (s.) letter that has
been emphasized (.=). A ‘" mark is added after

2)
€.8., latdl.
3)
diacritization, e.g., 33 and ;.24
4)
orthographic rules.
5)
accent.
6)
7)
end of a sentence).
8)
This can be omitted.
9)
10)
a letter in the reverse situation.
11)

Add the type of noise or unintelligible speech to
the transcription, such as laughter or breathing,
between two #’s when it occurs (# Laughter # or

VOLUME 11, 2023

# unintelligible speech #). Refer to the supplied
table containing a list of all such cases.

12) Spoken numbers or digits must be written as text,

according to the way they were pronounced.
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