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Abstract 

GAI applications such as ChatGPT, Gemini, and Perplexity have brought a revolution in the field 

of academic writing and raised the issues concerning academic integrity in higher education 

institutions. The emergence of GAI applications such as ChatGPT, Gemini, and Perplexity has 

brought a revolution in academic writing and raised new issues concerning academic integrity in 

higher education institutions. In order to address these issues, universities have started using more 

and more AI content detection tools. However, there is a lack of empirical research regarding the 

fairness and effectiveness of these tools when assessing content that is not written in English, 

particularly in Arabic language. This paper evaluates the efficiency and algorithmic fairness of the 

AI content detection tools when it comes to Arabic and English student writing. Comparative 

empirical assessment of these tools was performed based on bilingual academic writing of 

undergraduate students. The data set used included 300 text samples, both human and AI-generated, 

in Arabic and English languages. For each text sample, approximately 900 detector-level evaluation 

results were gathered from three popular AI detection systems: Turnitin, QuillBot, and ZeroGPT. 

The metrics used for evaluation of the performance include Confusion Matrix analysis, Accuracy, 

Precision, Recall, and F1 score. A fairness gap measurement was also considered as a way of 

capturing the difference in performance between languages. The results clearly show a great 

indicator of how there is a difference in the performance of detectors in different languages. All the 

three software had a perfect classification on English texts, with 100 % accuracy, precision, recall, 

and F1-score. However, the performance of this software is considerably poor in case of Arabic texts 

compared to other cases. Turnitin has 26% accuracy, Quillbot 28% and ZeroGPT 23%, with zero 

accuracy in Arabic AI text detection in terms of precision, recall and F1 score. The calculated 

fairness gaps ranged from 72% to 77% – this is considerable linguistic disparity. From this study, it 

is clearly shown that AI content detection systems available now are very good at detecting English 

content but very poor in Arabic content detection. This raises a number of concerns regarding issues 

of fairness, transparency and equitable evaluation in relation to school activities. The results indicate 

the importance of cross-linguistic datasets and validation. 

Keywords: AI Content Detection, Algorithmic Fairness, Academic Integrity, Arabic Language 

Processing, English Student Writing, Multilingual Evaluation, Generative Artificial Intelligence. 
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1 Introduction 

Artificial Intelligence has transformed many domains such as networking systems, software engineering, 

cybersecurity, data analytics, cloud computing, digital education, and many others (Al Fraidan, 2025). 

Generative Artificial Intelligence technologies, such as ChatGPT, Gemini, Perplexity, and other LLMs, 

have facilitated the rapid adoption of generative AI in higher education institutions globally (Alenezi & 

Alenezi, 2025; Almashour et al., 2025). These technologies provide the students with powerful tools for 

generating the content, facilitating their learning process, and obtaining information. Nevertheless, their 

usage has also caused serious concerns about academic integrity, author verification, and validity of 

existing assessment techniques (Dai, 2025). 

In reaction, educational organizations and universities have been adopting AI-content detection 

software such as Turnitin, QuillBot, and ZeroGPT to detect AI content. These kinds of technologies are 

widely used in the educational sector; however, their efficiency and fairness are a subject of contention. 

Several recent investigations have found that AI detection technologies can result in false positives and 

classify human-written material as AI content (Lege, 2025; Fathali & Mohajeri, 2025). Such 

classifications can greatly affect students' lives in a number of ways. 

In the present education environment, the effectiveness and fairness of the AI content detection 

systems become an extremely important aspect. There is an abundance of empirical studies proving the 

effectiveness of such systems for the content detection in the English language texts, while there is a 

lack of empirical data concerning the performance of the AI content detection system when applied to 

languages other than English, especially the Arabic language. The gap is enormous, as the Arabic 

language is one of the most widespread languages at the global level, and the results of content detection 

may lead to the linguistic bias and discrimination of the learners depending on the language they use in 

their studying process. 

It has been seen that there are multiple studies available on how Generative AI affects academic 

integrity. The problem, however, is that the majority of those studies are carried out in English-speaking 

environments, and few empirical studies have been carried out to measure the performance of AI 

detection tools in any other language. Apart from this, it has been seen that there are very limited studies 

which have made systematic comparisons between the findings of automated detection and the human 

academic judgement. 

Research Questions 

This study seeks to address the following research questions: 

RQ1: How accurately do current AI-content detection tools identify AI-generated and human-written 

text in Arabic and English? 

RQ2: Do AI-content detection tools exhibit differences in performance across linguistic contexts? 

RQ3: To what extent do the detection outcomes indicate potential algorithmic bias against Arabic-

language content? 

Research Objectives 

To answer these research questions, this study aims to: 

• Compare and contrast the AI content detection capabilities of three popular AI-powered content 

detection tools: Turnitin, QuillBot, and ZeroGPT.  
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• Measure the accuracy of these tools for analyzing the writing of Arabic and English students.  

• Evaluate the fairness and consistency of AI-detection results in various languages.  

• Be aware of possible constraints and biases in AI-driven academic integrity tools that could 

impact the accuracy of the systems. 

Contributions of the Study 

This study has several contributions to the growing research on academic integrity with the help of AI: 

• It offers one of the few empirical assessments on the detection of AI-generated content in Arabic 

student writing.  

• It provides direct comparative analysis between Arabic and English texts in the same experimental 

framework and detection platforms.  

• It explores algorithmic fairness by examining whether the detection performance differs from one 

linguistic context to another.  

• It offers objective insights that can help universities, policymakers, and AI developers increase 

the fairness, transparency, and reliability of AI detection technologies.  

The remainder of this paper is arranged as follows. Section 2 presents a review of the relevant 

literature on the fields of content detection of AI-generated text, algorithmic fairness, and multilingual 

evaluation systems. In Section 3, the research methodology is presented and discusses the study design, 

data collection process, sampling method, evaluation criteria, and performance metrics. The experiments 

and the analysis of the fairness measures are presented in Section 4. The conclusions are outlined in 

Section 5. 

2 Literature Review 

In recent years, there has been a growing awareness of the potential for artificial intelligence (AI) 

systems to be used in the assessment and evaluation of educational content, which has sparked concerns 

about the fairness, reliability, and transparency of these systems (Gawich et al., 2024; Akhter & Zaman, 

2024). AI assessment and AI-detection technologies are increasingly being used in educational 

institutions, and the rapid growth of generative AI has made this a growing concern Lotfy et al., (2023). 

Educational institutions are increasingly turning to automated assessment and AI-detection tools, leading 

to concerns about algorithmic bias and equitable treatment for a variety of linguistic groups. The 

previous study noted that transparency and accountability in the procedures and accountability in the 

law are essential to ensure the sustainability of the AI-mediated language evaluation system, especially 

in cases where decisions made by AI could impact academic results (Al Fraidan, 2025). Likewise, 

another study has suggested the explainable AI framework for writing evaluation and shown that fairness 

and learner trust are important elements in the successful implementation of AI-based evaluation tools 

Dai, (2025).  

Other difficulties have been found in research on multilingual and Arabic-language settings. It also 

found that generative AI models present biases in the processing of Arabic language content, citing 

fairness as one of the key issues that must be considered in the development of generative AI for 

sustainable applications (Abubakari, 2025; Ayoub et al., 2025). The study aimed to build an Arabic  

AI-generated text detector that could be implemented using transformer architectures and to show the 

necessity of language-specific detection approaches to enhance the text classification accuracy 
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(Alshammari et al., 2024; Al-Khalifa et al., 2023). Similarly, the earlier study revealed that text detection 

in Arabic is still difficult despite the improvement of pretrained language models in this regard (Meem 

& Wasi, 2025). It is worth noting that the high morphological complexity and linguistic diversity 

continue to be a challenge in Arabic NLP studies and have impacted the performance of machine 

learning algorithms (Mohamed et al., 2025).  

Moreover, research into fairness in multilingual AI systems shows that the representation of the 

language in the training dataset can have a significant impact on the outcomes Ahmad et al., (2024). It 

showed that the bias in the English and Arabic NLP work is mainly due to the unbalanced nature of the 

data sets and the evaluation process (Mayeda et al., 2025). In educational contexts, it has been argued 

that AI-based evaluation tools could give rise to ethical and equity issues when used with a variety of 

learners (Dakakni & Safa, 2023; Choiriyah et al., 2025). Likewise, it identified the growing use of  

AI-based assessment tools in higher education that require careful assessment before being implemented 

at the institutional level (Alenezi & Alenezi, 2025; Al-Jarf, 2025).  

While research on AI fairness, Arabic NLP, and automated assessment has been conducted 

separately, few studies have studied the fairness of commercial AI-detection tools in both Arabic and 

English student writing. This study fills a gap in the literature by empirically contrasting the ability of 

Turnitin, QuillBot, and ZeroGPT at detecting academic content written in multiple languages and by 

considering potential linguistic bias in AI-based content detection tools. 

3 Methodology 

Study Area 

It was conducted in the context of a higher-education academic setting to examine the fairness and 

efficacy of AI-generated content detection tools in different languages. The study was conducted on 

bilingual academic writing in Arabic and English and centered on a realistic situation in education, in 

which the students, in a school context, are increasingly using generative AI tools in writing assignments, 

reports, and project work. The topic of writing was chosen as "Internet of Things" (IOT) as it is a widely 

used technology-related topic to be written about, which can yield similar content in both languages, 

and also ensure consistency of content across writing tasks. 

Specifically, the study investigated whether popular AI-content detection tools work similarly against 

both AI-generated and human-written content in various linguistic contexts. 

Sampling Procedure 

The purposive sampling method was used to identify respondents who could have adequate academic 

writing abilities and understanding of the topic. The sampling frame was comprised of undergraduate 

students who were taking a technology-related academic course at the time of the study. 

There were 10 students who volunteered to take part in the experiment. The participants were chosen 

due to their knowledge of both Arabic and English and their ability to write reports in both languages, 

both by hand and with the support of artificial intelligence. The sample generated four categories of 

documents, Human-written Arabic texts, AI-generated Arabic texts, Human-written English texts,  

AI-generated English texts. 

Participants were the main source for obtaining all the text samples in this study. 
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Data Collection Procedure 

The data were collected for one month. The participants were asked to make several reports on the theme 

Internet of Things (IoT) in Arabic and English. There were two writing conditions: 

• Human text which is created from course books, lecture notes, and general knowledge without 

the aid of AI tools.  

• AI-generated text, created on popular AI platforms like ChatGPT, Gemini, and Perplexity.  

The participants produced several text samples per language (both Arabic and English) that were 

written by them and several more that were AI-generated. After preprocessing and segmentation, a total 

of 300 text samples were obtained. The final dataset contained an equal mix of AI-generated and  

human-written text in both languages. 

Each sample was independently evaluated by three AI-content detection tools: 

• Turnitin  

• QuillBot AI Detector  

• ZeroGPT  

After gathering the reports, the documents were preprocessed and divided into smaller samples for 

analysis to enhance the quantity of test samples and have equal representation among different languages 

and writing methods. As such, 300 text samples, including 150 Arabic samples and 150 English samples, 

were obtained. Among the texts, there was an equal balance between human-written and  

computer-generated texts within each language. Each text sample was independently evaluated through 

three detectors, namely Turnitin, QuillBot, and ZeroGPT. In doing so, each text sample gave three 

different results from the detectors, leading to: 300 text samples × 3 detectors = 900detector-level 

assessment records. These records were subsequently used to evaluate classification performance and 

compare detector behavior across languages. 

Table 1: Distribution of text samples and assessment records 

Category Arabic English Total 

Human-written Samples 75 75 150 

AI-generated Samples 75 75 150 

Total Text Samples 150 150 300 

Detector Evaluations per Sample 3 3 3 

Detector-Level Assessment Records 450 450 900 

In table 1 presents the composition of the experimental dataset. The dataset contains 300 text samples 

equally distributed between Arabic and English and balanced across human-written and AI-generated 

categories. Each sample was evaluated independently by three AI-detection tools, producing a total of 

900 detector-level assessment records used for comparative analysis. 

Ground-truth labels were assigned to all samples prior to analysis: 

• Human-written = Human  

• AI-generated = AI  

The detector predictions were subsequently compared with the verified ground-truth labels. 
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Figure 1: Conceptual framework for evaluating algorithmic fairness in ai detection tools 

In figure 1 demonstrates the overall process that was employed during the research. To start with, 

there was the generation of texts by human beings and artificial intelligence in the Arabic and English 

languages. Afterwards, the dataset preparation and labeling process took place prior to the analysis of 

the text samples using the following software tools – Turnitin, QuillBot, and ZeroGPT. The results 

obtained from these detectors would then be analyzed based on the confusion matrix analysis and 

classification. 

Analytical Model 

The study treats each AI-detection platform as a binary classification model. 

For a given text sample 𝑥, the detector predicts: 

𝑌 ∈ {𝐻𝑢𝑚𝑎𝑛, 𝐴𝐼} 

The predicted label is compared with the actual ground-truth label. 

Performance evaluation was conducted separately for Arabic and English datasets using: 

• True Positive (TP)  

• False Positive (FP)  

• True Negative (TN)  
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• False Negative (FN)  

Confusion matrices were used to compute classification metrics and to evaluate linguistic fairness, 

with the resulting ones as the basis. 

Mathematical Description 

Accuracy: Equation 1 measures the proportion of correctly classified samples. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                             (1) 

Precision: Equation 2 measures the proportion of AI predictions that were actually AI-generated. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                         (2) 

Recall: Equation 3 measures the detector's ability to correctly identify AI-generated content. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                (3) 

F1-Score: Equation 4 combines precision and recall into a single metric. 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                  (4) 

Fairness Gap 

To quantify linguistic bias by equation 5: 

𝐹𝐺 =∣ 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝐸𝑛𝑔𝑙𝑖𝑠ℎ − 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝐴𝑟𝑎𝑏𝑖𝑐 ∣   (5) 

The higher the FG, the greater the differences between the performance of different detectors in 

different languages. 

Algorithm 1. Multilingual Fairness Evaluation Framework for AI Detection Tools 

The suggested framework (Algorithm 1) assesses the fairness and effectiveness of the AI-driven text 

detection systems for students' Arabic and English writing. The framework starts with gathering text 

samples of student participants, both written by them and generated by AI. Following the preprocessing 

and segmentation process, the text samples are labeled with verified ground truth labels and evaluated 

by three AI detection tools: Turnitin, QuillBot, and ZeroGPT. The labels are compared to the predictions 

made by the detector, and confusion matrices and performance metrics are generated. Lastly, a fairness 

gap measure is computed to measure the performance difference between Arabic and English data sets 

and thus evaluate possible linguistic bias in AI-content detection systems. 

Algorithm 1: Multilingual Fairness Evaluation Framework 

Input: 

    Arabic and English text samples 

    AI Detection Tools = {Turnitin, QuillBot, ZeroGPT} 

Output: 

    Accuracy, Precision, Recall, F1-Score, Fairness Gap 

Begin 
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1. Collect bilingual student reports 

       a. Human-written Arabic texts 

       b. AI-generated Arabic texts 

       c. Human-written English texts 

       d. AI-generated English texts 

2. Preprocess and segment reports 

3. Create dataset T containing all text samples 

4. Assign ground-truth labels 

       Human-written → Human 

       AI-generated → AI 

5. For each detector D in 

       {Turnitin, QuillBot, ZeroGPT} 

   do 

       Initialize TP, FP, TN, FN = 0 

       For each sample S in the dataset T, do 

            Prediction ← Detect(D,S) 

            Actual ← GroundTruth(S) 

            If Prediction = AI and Actual = AI 

                  TP = TP + 1 

            Else If Prediction = AI and Actual = Human 

                  FP = FP + 1 

            Else If Prediction = Human and Actual = Human 

                  TN = TN + 1 

            Else 

                  FN = FN + 1 

            End If 

       End For 

       Compute Accuracy 

       Compute Precision 

       Compute Recall 

       Compute F1-Score 

6. Separate results by language 

       Arabic Dataset 

       English Dataset 
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7. Compute Fairness Gap 

       FG = |AccuracyEnglish − AccuracyArabic| 

8. Compare detector performance 

9. Generate a fairness evaluation report 

End 

4 Results and Discussion 

Sample Details 

The final sample consisted of 300 text samples generated by 10 student participants as shown in table 2. 

Both Arabic and English texts (AI-generated and human-written) were included in the dataset. Each text 

sample was then independently assessed by Turnitin, QuillBot, and ZeroGPT. 

This process resulted in some 900 detector-level assessment records that can serve as the basis for 

assessing detector performance by language. 

Table 2: Dataset summary 

Component Value 

Participants 10 

Languages Arabic, English 

Text Samples 300 

AI Detection Tools 3 

Assessment Records 900 

Study Duration 1 Month 

However, when the detection was performed using the Arabic dataset, it was noted that the values 

for precision, recall, and F1-score in the case of Turnitin and QuillBot were all found to be zero since 

these detectors were unable to correctly detect any of the AI-generated Arabic texts. According to the 

confusion matrix, the number of true positives (TP = 0) obtained in both cases was zero, whereas most 

AI-generated Arabic texts were considered to be written by humans, resulting in many false negatives. 

Considering the fact that the values of precision and recall rely solely on the value of true positives, the 

lack of TP resulted in both values being zero, leading to an F1 score of zero as well. 

Objective-Based Analysis 

Objective 1: Evaluate AI Detection Performance 

The first objective tested the ability of Turnitin, QuillBot, and ZeroGPT to differentiate between  

AI-generated writing and human-generated writing. 

It has been found that there are significant differences across languages. Although all three tools 

performed perfectly on the English dataset, their performance on the Arabic dataset was much worse. 

Objective 2: Compare Arabic and English Detection Accuracy 

In table 3 summarizes the performance of the three AI-detection systems. 
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Table 3: Performance comparison 

Language Detector Accuracy Precision Recall F1-Score 

Arabic Turnitin 26% 0% 0% 0% 

Arabic QuillBot 28% 0% 0% 0% 

Arabic ZeroGPT 23% 0% 0% 0% 

English Turnitin 100% 100% 100% 100% 

English QuillBot 100% 100% 100% 100% 

English ZeroGPT 100% 100% 100% 100% 

It is evident from the findings that English texts have been recognized properly, but Arabic texts have 

been improperly classified. 

 

Figure 2: Confusion matrix analysis of AI content detection tools across arabic and english texts 

Confusion Matrices of Turnitin and QuillBot in Arabic vs. English Writing is shown in figure 2. 

These confusion matrices compare true positives, false positives, true negatives, and false negatives for 

AI-generated texts versus human-generated texts. This figure clearly reveals the difference in 

performance of the two programs: both have high performance in the classification of English texts but 

poor in classifying Arabic AI-generated texts as human-written. 

Objective 3: Assess Algorithmic Fairness 

The Fairness Gap (FG) was computed for testing linguistic fairness. 

For Turnitin: 

𝐹𝐺 =∣ 100 − 26 ∣= 74% 

For QuillBot: 

𝐹𝐺 =∣ 100 − 28 ∣= 72% 

For ZeroGPT: 

𝐹𝐺 =∣ 100 − 23 ∣= 77% 

The large fairness gaps demonstrate significant cross-linguistic disparities. 



Evaluating Algorithmic Fairness in AI Detection Tools for 

Arabic and English Student Writing 

Dr. Mohamed Adel Al-Shaher et al. 

 

751 

Model Evaluation 

Confusion matrices were used to perform performance evaluation for each detector and language 

combination. 

The results obtained showed two major tendencies: 

1. Near-perfect classification for texts written in English.  

2. Extremely poor identification of AI-generated Arabic content.  

The high number of false negatives for the Arabic language dataset means that AI-produced Arabic 

text was usually marked as human-produced text. 

Accuracy values being low also coincide with the total absence of detecting positive AI-generated 

samples in many cases, which did not happen with English texts, as detectors were always able to detect 

them correctly. While the detectors succeeded in recognizing positive samples in English texts perfectly, 

their Arabic counterparts showed a very high number of false negatives. This discrepancy is responsible 

for the near-zero values of precision, recall, and F1-score, even though there were correct recognitions 

of human-written texts (true negatives). 

Discussion 

These results reveal that the existing AI-detection systems are very efficient in testing English-language 

content while lacking a lot of efficiency when dealing with Arabic-language content. This contrast 

indicates that the AI detection systems’ models have been developed using English-language datasets. 

In light of the importance of academic honesty, these results have several implications regarding 

issues such as equality, accuracy, and fairness for students using different languages. These institutions 

should, therefore, avoid basing their academic dishonesty decisions only on AI-detection scores when 

dealing with non-English language papers. 

For future improvement of AI-detection systems, these systems should use a multilingual training 

dataset and language-specific calibration methods. Hybrid approaches, which involve the combination 

of automatic detection with manual human analysis, should also be used by universities. 

5 Conclusion 

The current study aimed to examine the fairness and the effectiveness of three common AI content 

detection methods: Turnitin, QuillBot, and ZeroGPT on Arabic and English student writing. Academic 

honesty is a concern in higher education, and many schools are using AI detection tools. The research 

was spurred by a number of concerns about academic integrity, as well as the fact that a number of 

schools are turning to AI detection systems in higher education. The study analyzed 300 bilingual text 

samples and about 900 assessment records on a detector level with this data set to assess the tools' 

capabilities in distinguishing between human and AI writing in various linguistic contexts. Findings 

indicate a difference in detection performance between Arabic and English languages. All 3 AI detection 

tools were accurate 100% in English language for accuracy, precision, recall, and F1 measure. Their 

performance on Arabic texts was significantly poorer, however. Turnitin and QuillBot performed at 26% 

and 28%, respectively, whereas ZeroGPT was at 23% accuracy, and the precision, recall, and F1 scores 

were negligible for Arabic AI-generated content detection. In addition, fairness gaps of 72% to 77% 

were calculated, revealing a large discrepancy in performance across languages and a large language 

bias. Based on these findings, the study can conclude that existing AI-detection tools are highly 
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language-dependent, particularly for English, and need to be more flexible for other languages, like 

Arabic, which have different grammatical and morphological properties. In addition to technical 

performance metrics, these findings have significance. In the context of education, misidentifications by 

AI detection can impact academic honesty procedures, trust among students, and decision-making within 

institutions. For this reason, universities must be careful to not solely depend on automated detection 

scores, especially if the submissions are not in English. Additional studies should be done using larger 

and varied sample sizes, involving more fields of academia as well as additional languages which have 

not been covered in the sample sets. Also, there is need for additional studies involving multilingual  

AI-detection algorithms, language specific calibration techniques, as well as fair machine learning 

methods which could overcome language-based discrimination. 
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  300  text samples × 3  detectors = 900


  300  samples × 3  tools ≈ 900  assessments
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  F G = ∣ A c c u r a c   y  E n g l i s h − A c c u r a c   y  A r a b i c ∣


  F G = ∣ 100 − 26 ∣ = 74 %


  F G = ∣ 100 − 28 ∣ = 72 %


  F G = ∣ 100 − 23 ∣ = 77 %
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