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ABSTRACT 

Oral leukoplakia represents the most common potentially 

malignant disorder of the oral cavity, characterised by a 

variable and often unpredictable risk of transformation into 

oral squamous cell carcinoma. Traditional risk stratification is 

based on clinical appearance, histopathological grading of 

epithelial dysplasia, and molecular biomarkers. However, these 

methods often suffer from subjectivity, interobserver 

variability, and limited prognostic accuracy. Recently, machine 

learning has emerged as a potent analytical tool capable of 

integrating multidimensional clinical, histological, and 

molecular data to enhance the prediction of malignant 

transformation. This review explores the evolution of machine 

learning applications in the context of oral leukoplakia, 

encompassing traditional statistical learning methods, 

supervised and unsupervised algorithms, deep learning 

techniques, and radiomics-based models. We critically discuss 

the current evidence, limitations, challenges, and potential 

future directions for clinical translation. 

 

 

Introduction 

 
Oral leukoplakia is characterized as a 

predominantly white lesion of the oral mucosa that 

cannot be clinically or histopathologically 

classified as any other identifiable disease. It is 

recognized as the most prevalent potentially 

malignant disorder of the oral cavity globally [1]. The 

reported rates of malignant transformation for oral 

leukoplakia vary significantly, ranging from less than 

1% to over 20%. This variability is influenced by 

factors such as population characteristics, the specific 

site of the lesion, its clinical subtype, and the duration 

of follow-up. Such wide-ranging rates underscore the 

challenges in predicting which lesions may progress to 
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oral squamous cell carcinoma [2]. 

Traditionally, the risk of malignant transformation 

has been evaluated based on clinical features such 

as the non-homogeneous appearance of the lesion, 

its size, and anatomical location, in conjunction 

with histopathological grading of epithelial 

dysplasia [3]. While epithelial dysplasia is 

considered the gold standard for risk assessment, it 

is hindered by notable interobserver and 

intraobserver variability and does not always 

correlate well with clinical outcomes [4]. As a 

result, a significant number of leukoplakias 

lacking dysplasia can still undergo malignant 

transformation, whereas many dysplastic lesions 

may remain stable or even regress [5]. 

To address these limitations, a variety of 

molecular biomarkers have been explored, 

including loss of heterozygosity, DNA ploidy 

abnormalities, alterations in the p53 gene, and 

proliferation markers [6]. Although these 

biomarkers offer valuable biological insights, their 

standalone predictive utility remains inadequate 

for routine clinical application. The expanding 

accessibility of digital pathology, high-throughput 

molecular profiling, and extensive clinical datasets 

has facilitated the adoption of machine learning 

techniques that can seamlessly integrate complex, 

multidimensional data to enhance prognostic 

accuracy [7]. 

 

Rationale for Machine Learning in Oral 

Leukoplakia 

Machine learning is a subset of artificial 

intelligence that allows algorithms to identify 

patterns in data and make predictions without the 

need for explicit programming. In contrast to 

traditional statistical models, machine learning 

algorithms are capable of modeling nonlinear 

relationships, managing high-dimensional 

datasets, and adapting to complex interactions 

among variables [8]. These characteristics are 

especially pertinent in the study of oral 

leukoplakia, where the potential for malignant 

transformation is influenced by a combination of 

clinical, histological, molecular, and 

environmental factors. 

Early predictive models for oral leukoplakia 

predominantly utilized univariate or multivariate 

regression analyses, which operate under the 

assumption of linear relationships and often 

necessitate the prior selection of variables [9]. In 

contrast, machine learning methods can automatically 

identify the most relevant features and uncover subtle 

patterns that traditional approaches might overlook. 

This capability makes them particularly effective for 

creating individualized risk prediction models for 

malignant transformation [10]. 

 

Early Statistical and Pattern Recognition 

Approaches 

 

Prior to the widespread implementation of modern 

machine learning techniques, early pattern recognition 

and statistical learning methods were utilized to 

analyze oral precancerous lesions. Among the initial 

approaches employed to predict malignant 

transformation based on clinical and histopathological 

variables were logistic regression and discriminant 

analysis [11]. Although these models exhibited modest 

predictive performance, they emphasized the 

multifactorial nature of malignant progression. 

DNA ploidy analysis is a crucial component in 

assessing risk objectively. Research has shown that the 

presence of aneuploidy in oral leukoplakia correlates 

with a considerably higher likelihood of malignant 

transformation [12]. While not explicitly machine 

learning, these studies established a foundation for 

predictive modeling driven by data by highlighting the 

importance of quantitative, reproducible 

characteristics. 

 

Supervised Machine Learning Models 

 

Due to advancements in computational capabilities and 

the availability of data, supervised machine learning 

techniques such as support vector machines, decision 

trees, random forests, and artificial neural networks 

have started to be investigated in oral oncology. These 

models utilize labeled datasets where the outcome of 

malignant transformation is already known [13]. 

Various studies have utilised artificial neural networks 

to forecast malignant transformation by integrating 

clinical variables, histopathological characteristics, and 

molecular markers. Neural networks have shown 

enhanced predictive accuracy over traditional 

statistical methods, especially in recognising nonlinear 

relationships among variables. 

Support vector machines have been employed to 

categorise oral potentially malignant disorders using 

cytological and histological characteristics, 

demonstrating high sensitivity and specificity in 

distinguishing high-risk lesions [14]. Random forest 
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models, which combine numerous decision trees, 

have demonstrated potential in prioritising feature 

importance and managing imbalanced datasets, a 

frequent challenge in studies of malignant 

transformation where progression events are 

comparatively uncommon [15]. 

Convolutional neural networks (CNNs) applied to 

photographic or autofluorescence images of oral 

lesions have also been reported to improve early 

detection and risk stratification. Additionally, 

supervised models such as support vector 

machines (SVM), random forest classifiers, and 

artificial neural networks have been used to 

integrate demographic factors, tobacco exposure, 

lesion characteristics, and grading of epithelial 

dysplasia to predict malignant transformation risk. 

Some studies incorporating molecular biomarkers, 

including p53 expression, Ki-67 proliferation 

index, and genomic instability markers, have 

further enhanced predictive performance when 

combined with ML-based classification systems. 

Collectively, these investigations highlight the 

growing role of supervised learning algorithms in 

developing objective, reproducible tools for risk 

prediction and clinical decision-making in oral 

leukoplakia [14,15]. 

 

 

Digital Pathology and Deep Learning 

 

The conversion of histopathological slides into 

digital format has facilitated the use of deep 

learning, especially convolutional neural networks, 

in the study of oral leukoplakia. Deep learning 

models are capable of automatically identifying 

hierarchical features from whole-slide images, 

eliminating the requirement for manual feature 

engineering. 

Recent research has shown that deep learning 

models can detect subtle architectural and 

cytological features linked to an increased risk of 

malignant transformation, even in lesions that are 

classified as low-grade dysplasia according to 

traditional criteria [10]. These models have 

exhibited potential in minimizing observer 

variability and enhancing consistency in risk 

evaluation.   

Deep learning-based image analysis has also been 

utilized in oral exfoliative cytology, where 

automated feature extraction and classification 

have facilitated early detection and risk assessment 

[14]. Nevertheless, the necessity for large, well-

annotated datasets remains a significant barrier to 

widespread implementation. 

 

Radiomics and Multimodal Machine Learning 

 

Radiomics refers to the process of deriving 

quantitative features from medical images, including 

aspects like texture, shape, and intensity patterns, 

which can subsequently be analyzed using machine 

learning techniques. While the application of 

radiomics has been thoroughly researched in head and 

neck cancers, its use in the context of oral leukoplakia 

is still developing. Research that combines clinical 

information, histopathology, molecular biomarkers, 

and imaging characteristics into multimodal machine 

learning frameworks has shown enhanced predictive 

capabilities compared to approaches that rely on a 

single modality [13]. These integrative models capture 

the biological intricacies of malignant transformation 

and signify progress towards precision risk 

assessment. 

 

Validation, Performance, and Clinical Utility 

 

Despite showing promising outcomes, the majority of 

machine learning research on oral leukoplakia is 

retrospective and relies on relatively small, single-

centre datasets [11]. To ensure generalizability and 

clinical usefulness, external validation and prospective 

studies are necessary. Performance metrics such as the 

area under the receiver operating characteristic curve, 

sensitivity, specificity, and calibration need to be 

reported clearly to facilitate comparisons across 

different studies.  

 

Interpretability is also a significant concern. Clinicians 

are more inclined to utilize machine learning models 

that offer explainable results and emphasize essential 

risk factors, rather than those that act as "black boxes." 

Methods like feature importance ranking and saliency 

mapping are increasingly being utilized to tackle this 

issue. 

 

Challenges and Limitations 
 

The clinical translation of machine learning models for 

predicting the malignant transformation of oral 

leukoplakia is constrained by several challenges. These 

challenges include heterogeneity in diagnostic criteria, 

variability in follow-up duration, class imbalance, and 
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the absence of standardised outcome definitions 

[12]. Additionally, ethical considerations 

surrounding data privacy, algorithmic bias, and 

accountability for clinical decisions must be 

carefully addressed. 

 

Moreover, the efficacy of machine learning 

models is directly tied to the quality of the data 

utilized for training. Incomplete annotations, 

inconsistent histopathological grading, and 

missing molecular data can significantly 

undermine model performance 

 

 

Future Directions 

 
Future investigations should concentrate on 

multicenter, longitudinal studies that utilize 

standardized data collection and outcome 

reporting. Incorporating genomics, 

transcriptomics, and epigenetic information into 

machine learning models may improve predictive 

accuracy even further [15]. Creating clinically 

interpretable models and intuitive decision support 

systems will be crucial for their regular 

application. In the end, risk prediction driven by 

machine learning has the ability to revolutionize 

the management of oral leukoplakia by facilitating 

personalized monitoring, targeted treatment, and 

proactive cancer prevention [15]. 

 

Conclusion 
 

Machine learning serves as an encouraging 

approach for forecasting the malignant 

transformation of oral leukoplakia by combining 

intricate clinical, histological, and molecular 

information. Although initial research shows 

enhanced predictive capabilities compared to 

conventional methods, considerable obstacles 

persist before these technologies can be widely 

implemented in clinical practice. Strong 

validation, clarity in interpretation, and seamless 

incorporation into clinical workflows are crucial to 

unlock the complete potential of these 

advancements in the prevention of oral cancer. 
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