
International Journal of Social Science and Human Research 

ISSN (print): 2644-0679, ISSN (online): 2644-0695 

Volume 08 Issue 08 August 2025 

DOI: 10.47191/ijsshr/v8-i8-04, Impact factor- 8.007 

Page No: 5761-5768 

IJSSHR, Volume 08 Issue 08 August 2025                          www.ijsshr.in                                                        Page 5761 

Evaluating the Accuracy of a Developed Machine Learning-Based Arabic 

Pronunciation Model for Beginner Level 
 

Siti Sara Haji Ahmad1, Dayang Hajah Tiawa binti Awang Haji Hamid2, Abdul Hafidz bin Haji Omar3, 

Muhamadul Bakir bin Yaakob4, Achmad Yani5, Muhamad Alif bin Haji Simat6, Nur Almira Ufairah binti 

Salim7, and Nur Basirah binti Hj Rosmin8 

1,4,5,6,8Faculty of Arabic Language, Universiti Islam Sultan Sharif Ali, Negara Brunei Darussalam. 
2,3,7Faculty of Islamic Technology, Universiti Islam Sultan Sharif Ali, Negara Brunei Darussalam 

 

ABSTRACT: The use of artificial intelligence (AI) in language learning has expanded rapidly, offering new methods to support 

speaking skill development. In Brunei, Arabic is widely taught as a second language, but learners often struggle with accurate 

pronunciation due to limited exposure to native speech environments. Recent advances in speech recognition and machine learning 

(ML) provide opportunities to bridge this gap, particularly through the use of lightweight, game-integrated pronunciation models. 

This study evaluates the accuracy performance of a machine learning-based Arabic pronunciation model developed using Google’s 

Teachable Machine and implemented within a Unity-based educational game. Drawing on prior work that emphasizes the 

importance of evaluating speech models with real-world learner input, this study focuses specifically on pronunciation accuracy 

among beginner-level Arabic learners. The system was tested with 35 non-native Arabic learners in Brunei, each of whom completed 

a 20-word pronunciation task. Accuracy score (%) and average attempts per word were calculated. Descriptive statistics revealed a 

mean accuracy of 34.86% (SD = 14.22), and a mean attempt count of 2.17 (SD = 0.57). A boxplot highlighted variation in learner 

performance, while Pearson correlation analysis showed a weak, non-significant negative relationship between accuracy and number 

of attempts (r = –0.215, p = 0.214). Findings suggest that while the model demonstrates functional classification capability, further 

refinement is needed to improve reliability. This research contributes to the growing field of AI-assisted language learning by 

offering a foundation for developing accurate, accessible pronunciation feedback tools for Arabic learners. 

KEYWORDS: Artificial Intelligence Model, Speech Recognition, Usability Testing 

 

1.0 INTRODUCTION 

The integration of artificial intelligence (AI) into language learning continues to gain prominence, particularly for enhancing oral 

proficiency in languages that are less accessible in non-native environments (Chen et al., 2020; Li & Hegelheimer, 2013). In Brunei, 

Arabic is widely taught in religious and academic institutions; however, despite structured instruction in vocabulary, grammar, and 

reading comprehension, students often struggle with accurate pronunciation (Ahmad & Salleh, 2018). This persistent challenge is 

largely attributed to the absence of native Arabic-speaking environments and limited exposure to spoken Arabic in daily life (Al-

Jarf, 2007; Al-Mahrooqi & Denman, 2015). 

Recent advancements in educational technology, specifically game-based learning and AI-powered feedback systems, offer 

promising solutions to bridge this gap (Vesselinov & Grego, 2012; Li et al., 2021). These technologies have been explored across 

various language learning contexts and have shown potential in making pronunciation practice more engaging, interactive, and 

accessible for learners (Burston, 2014; Wang et al., 2020). Recognizing this potential, the present study introduces and evaluates a 

game-based learning system integrated with a machine learning (ML) model specifically designed to assess Arabic pronunciation 

performance in real time (Teachable Machine, 2023; Unity Technologies, 2023). 

Developed using Google’s Teachable Machine and implemented within the Unity game engine, the system enables learners 

to pronounce selected Arabic vocabulary items in an interactive environment, while receiving immediate visual feedback from the 

embedded AI model (Google, 2023; Unity Technologies, 2023). This design aims to simulate one-on-one pronunciation practice 

and enhance learner engagement through gamification (Hamari et al., 2016; Sykes et al., 2018). 

This study targets non-native Arabic learners in Brunei, where Arabic is taught as a second language (Ministry of Education 

Brunei, 2022). By focusing on the accuracy of the system's pronunciation classification and analyzing how students interact with 
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the tool, the research seeks to contribute to the growing field of AI-enhanced language education, particularly in contexts with 

limited access to native speakers and personalized oral feedback (Li & Hegelheimer, 2013; Zhang et al., 2021). 

 

2.0 LITERATURE REVIEW 

Advancements in artificial intelligence (AI) and machine learning (ML) have significantly influenced language learning, particularly 

in the area of automated speech recognition (ASR). In the context of Arabic pronunciation, evaluating how accurately ML models 

can recognize spoken input from non-native learners is critical to ensuring the effectiveness of AI-driven learning tools. This section 

reviews relevant literature on accuracy evaluation of speech-based ML models in educational contexts, with an emphasis on 

challenges associated with non-native Arabic pronunciation. 

2.1 Accuracy Testing of Machine Learning Models in Educational Contexts 

Evaluating the accuracy of ML models in educational settings requires more than standard computational metrics. In pronunciation 

learning, the primary concern is whether the model can reliably assess non-native speech and provide meaningful feedback that 

supports improvement. This is especially important for languages like Arabic, which feature complex phonetic structures and subtle 

sound distinctions that are often difficult for second-language learners to master (Sahu et al., 2021; Zhang et al., 2021). 

Models trained on small or moderate-sized datasets, such as the classifier developed in this study, often encounter 

challenges related to accent variability, pronunciation errors, and inconsistent speech patterns. Despite these challenges, several 

studies have shown that carefully constructed small datasets particularly those incorporating diverse speakers can still yield 

acceptable levels of classification accuracy in controlled applications (Zhou et al., 2022). 

One of the key considerations in pronunciation evaluation is the balance between model sensitivity and tolerance. Overly 

strict models may misclassify acceptable pronunciation variations as errors, while overly lenient models may fail to detect incorrect 

articulation (Rahman et al., 2024). As such, pronunciation accuracy should not only be evaluated in terms of correct-versus-incorrect 

classifications but also in how well the model reflects real learner performance. 

Common practices in accuracy testing include calculating overall recognition rates, analyzing per-word accuracy, and 

identifying patterns of misclassification. These approaches help determine whether the model generalizes effectively across learners 

and word types. For Arabic in particular, accuracy analysis must take into account the presence of emphatic consonants, short vowels 

(harakat), and pharyngeal sounds, all of which contribute to the linguistic complexity of the language. 

 

3.0 RESEARCH OBJECTIVES 

The objective of this study is to evaluate the accuracy level of a developed machine learning model for Arabic speaking skill practice 

within a game-based learning application developed for beginner-level learners. 

 

4.0 METHODOLOGY 

The following sections explain the research design, participant selection, data collection instruments, procedures, analysis methods, 

and ethical considerations guiding this study. 

4.1 Research Design 

This study used a quantitative correlational research design to evaluate the usability of a speech recognition AI model within a 

game-based learning application. The study aimed to identify relationships between students’ pronunciation accuracy and the 

number of attempts required for correct recognition. Group comparisons were also conducted to examine differences in performance 

based on microphone types.  

4.2 Research Sample 

A convenience sampling method was used to recruit 35 beginner-level Arabic learners from a single institution in Brunei.  

4.3 Research Instrument 

A score sheet was used to record and organize data for each participant. The score sheet included the following fields: 

• Student ID 

• Number of words tested (fixed at 20) 

• Number of words correctly recognized by the AI 

• Total number of attempts 

Calculated fields: 

• Accuracy Score (%) 

• Average Attempts per Correct Word 

The AI system itself served as a built-in instrument to log the number of attempts and correctness. 

 

 

http://www.ijsshr.in/


Evaluating the Accuracy of a Developed Machine Learning-Based Arabic Pronunciation Model for Beginner Level 

IJSSHR, Volume 08 Issue 08 August 2025                          www.ijsshr.in                                                        Page 5763 

4.4 Data Collection Procedure 

Experimental participants were guided to use the developed game-based learning application in a semi-controlled classroom 

environment. Each student was tasked with pronouncing 20 Arabic vocabulary words, during which the AI model provided real-

time feedback after every attempt. To assess the impact of hardware variability, students were assigned one of three different 

microphone types. All interaction data was digitally recorded using a structured score sheet. Performance was evaluated using 

Accuracy Score and Average Attempts Per Word, calculated using standard formulas commonly applied in machine learning and 

usability testing (Zhang et al., 2021; Nielsen, 1993): 

 

 

 

 

 

 

 

 

 

 

 

4.5 Data Analysis 

The data collected were analyzed using IBM SPSS Statistics to evaluate the performance of the developed machine learning-based 

pronunciation model. Descriptive statistics, including the mean, standard deviation, minimum, and maximum values, were used to 

summarize the accuracy scores and the average number of attempts per correct word. Pearson correlation analysis was conducted 

to examine the relationship between accuracy and average attempts, aiming to determine whether a higher number of attempts was 

associated with lower accuracy performance. In addition, a boxplot was generated to visualize the distribution and spread of accuracy 

scores across participants. These statistical procedures were selected to identify usability trends and evaluate the consistency of the 

model’s performance across all participants. 

4.6 Ethical Consideration 

All participants were briefed about the purpose of the study and gave informed consent prior to participation. No personal identifiers 

were collected to ensure anonymity and confidentiality. The testing environment was kept non-invasive, and students had the right 

to withdraw at any time without penalty. The study was conducted in accordance with the ethical standards of educational research 

and was approved by the institutional review board of the hosting institution. 

 

5.0 RESEARCH FINDINGS 

This section presents the findings from the posttest evaluation of the game-based Arabic pronunciation system, focusing on the 

students’ pronunciation accuracy, interaction behavior, and usability outcomes. 

5.1 Descriptive Statistics 

Descriptive statistics were conducted to evaluate the overall accuracy performance of the developed machine learning-based Arabic 

pronunciation model. As shown in Table 5.1, the mean accuracy score achieved by the 35 participants was 34.86% (SD = 14.22), 

with scores ranging from 15% to 75%. This indicates a moderate level of recognition accuracy, with considerable variability across 

users. 

The average number of attempts per word was 2.17 (SD = 0.57), suggesting that most learners required more than one 

attempt to receive a correct classification. This finding reflects the expected challenge of pronunciation tasks at the beginner level, 

as well as the limitations of the model in recognising less clear inputs. 

 

Table 5.1: Descriptive statistics for Accuracy Score and Average Attempts per Word 

 

Figure 4.1: Accuracy Score Percentage Equation (Zhang, Y., Chen, D., & Zhao, L., 2021) 

Figure 4.2: Average Attempts Per Word Equation (Nielsen, J., 1993) 
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5.2 Boxplot of Accuracy Score 

A boxplot of the accuracy scores (Figure 5.1) illustrates the distribution and spread of performance. The median score falls just 

below the mean, and one outlier was identified above the 60% mark, representing a high-performing user. The interquartile range 

reflects that most scores clustered between 25% and 42.5%, while the lower whisker extends toward the minimum score of 15%, 

indicating a few learners with lower performance. 

 
Figure 5.1: Boxplot showing distribution of Accuracy Scores for all participants 

 

These results suggest that while the model demonstrates functional classification ability, improvements in accuracy and user-specific 

adaptability may be required for broader educational application. 

5.3 Pearson Correlation Result 

A Pearson correlation analysis was conducted to examine the relationship between learners’ pronunciation accuracy scores and the 

average number of attempts required per word. The analysis revealed a weak negative correlation, r = –0.215, p = 0.214, indicating 

that as the number of attempts per word increased, the accuracy score tended to decrease. However, this relationship was not 

statistically significant at the 0.05 level. 

This suggests that while there is a slight trend indicating that students who needed more attempts generally achieved lower accuracy, 

the association was not strong enough to rule out random variation. These findings imply that other factors such as individual 

pronunciation ability, microphone quality, or model sensitivity may have played a role in influencing accuracy scores than the 

number of attempts alone. 

 
Figure 5.2 Pearson Correlation Analysis showing the relationship between Accuracy Scores and Average Attempts per 

Word 
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5.4 Discussion of Result 

The evaluation of the developed machine learning-based Arabic pronunciation model for beginner learners was based on three core 

analyses: descriptive statistics, boxplot visualization, and Pearson correlation. 

The descriptive analysis indicated that the average accuracy score among the 35 participants was 34.86% (SD = 14.22), with scores 

ranging from 15% to 75%. This suggests a moderate recognition capability by the model, although performance varied considerably 

across learners. Additionally, the average number of attempts per word was 2.17 (SD = 0.57), reflecting that most users required 

more than one attempt to receive a correct classification. This aligns with expectations for a beginner-level cohort, where 

pronunciation clarity and confidence are still developing. 

The boxplot visualization of accuracy scores further highlighted the distributional characteristics of model performance. The 

majority of learners achieved accuracy within the interquartile range of 25% to 42.5%, with a median slightly below the mean, 

indicating a slight skew towards lower performance. A single outlier was identified above the 60% mark, suggesting that at least 

one participant achieved notably higher results, potentially due to clearer articulation, better recording conditions, or closer 

pronunciation match with the training data. 

Finally, a Pearson correlation analysis was conducted to examine the relationship between accuracy score and average number of 

attempts per word. The result revealed a weak negative correlation (r = –0.215, p = 0.214), suggesting that as the number of attempts 

increased, the accuracy score tended to decrease. However, this relationship was not statistically significant, indicating that the 

number of attempts alone may not reliably predict performance. The absence of a strong correlation implies that other factors such 

as speaker variability, recording environment, or word-specific phonetic difficulty may have influenced the accuracy of the model’s 

predictions. 

 

6.0 CONCLUSION AND FUTURE RECOMMENDATIONS 

This study examined the accuracy performance of a machine learning-based Arabic pronunciation model developed using Google’s 

Teachable Machine and implemented within a game-based learning environment. The primary aim was to assess how effectively 

the model could classify spoken Arabic words by beginner-level, non-native learners in Brunei. 

6.1 Conclusion 

Descriptive analysis revealed that the model achieved a moderate average accuracy score of approximately 34.86%, with 

considerable variation across learners. The average number of attempts per word was 2.17, indicating that multiple tries were often 

required before a correct classification was achieved. A boxplot visualization further supported these findings, showing that the 

majority of accuracy scores clustered between 25% and 42.5%, with a single high-performing outlier. Pearson correlation analysis 

showed a weak negative relationship between the number of attempts and accuracy score (r = –0.215), though this relationship was 

not statistically significant (p = 0.214). These results suggest that while the model demonstrates functional classification ability, it 

does not yet exhibit strong predictive reliability in its current form. 

The findings highlight both the potential and the limitations of using lightweight, low-resource machine learning models 

for pronunciation evaluation. Although the model was able to provide real-time feedback and recognize patterns in learner speech, 

the variability in accuracy suggests the need for further refinement particularly in terms of training data diversity and robustness to 

different speech profiles. 

6.2 Future Recommendations 

To enhance the model’s effectiveness and scalability in real-world educational settings, the following recommendations are 

proposed: 

1. Expand the Training Dataset 

Incorporate a larger and more diverse dataset including speakers of different ages, genders, and accents to improve 

generalization and reduce bias. 

2. Include More Phonetically Complex Arabic Words 

Add vocabulary items that reflect a broader range of Arabic phonetic structures, including short vowels (harakat) and 

pharyngeal sounds. 

3. Introduce Noise-Handling and Environment Adaptation 

Train the model with audio samples recorded in various conditions to increase its robustness in classroom or home 

environments. 

4. Conduct Longitudinal Studies 

Evaluate the impact of the model on learner improvement over time to determine its long-term educational value. 

5. Integrate a Confidence Scoring System 

Implement a scoring feature that provides learners with probabilistic feedback (e.g., high, medium, low confidence) to 

support self-awareness and targeted correction. 
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In conclusion, while the current model shows promise as a prototype for AI-supported pronunciation learning, further development 

and testing are necessary to optimize its reliability and educational impact. The insights from this study contribute to the growing 

field of AI-enhanced language learning and offer a foundation for future innovations in Arabic speech recognition for non-native 

learners. 
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