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Abstract:  
 

Cancer has been considered an incurable disease since its inception and has had an 

intimidating effect on mankind. Rapid technological advancement and medical 

breakthroughs have indeed thwarted its threat. Cancer is curable, provided it gets 

detected in the nascent stage. A growth or sore in the mouth that doesn't heal is the first 

sign of oral cancer. Despite the advanced radiation therapy and chemotherapy 

available, the fatality rate projects a grim picture with enormous scope for 

improvement. This study aims to broaden the use of artificial intelligence in the early 

stages of oral cancer detection. For papers that used artificial intelligence to diagnose 

oral cancer, a search was made between January 2018 and June 2024. Based on diverse 

image kinds and the use of artificial intelligence, 50 studies were included in 

diagnosing or detecting oral cancer. These studies were divided into different 

categories due to the heterogeneity of their data and the wide variety of algorithms used 

for analysis based on artificial intelligence.  The precise prediction and identification of 

the onset of oral cancer may be greatly aided by artificial intelligence. Albeit, various 

chronological issues require attention alongside advances in artificial intelligence 

techniques to safely integrate with everyday clinical procedures and practices. This 

paper intends to act as a detailed guide for all to develop a system of similar thought 

processes. 

 

1. Introduction 
 

Cancer, a noxious disease claims millions of lives 

annually at a global level. Oral cancer is one such 

isoform that is generally triggered due to a few 

impetuous and sloppy day-to-day activities of 

people which usually can be mitigated through self-

discipline. With almost 3,55,000 new incident cases 

every year recent global estimates position 

carcinomas of the lip and oral cavity (often referred 

to as "oral cancers") as the 16th most common 

malignant neoplasm around the globe. Squamous 

cell carcinomas account for more than 90% of oral 

cancers, and two-thirds of cases—50% of them in 

South Asia—occur in developing countries. 

Approximately 100,000 incident cases annually are 

from India alone [1]. Oral cancer covers cancers of 

the mouth and the back of the throat. Oral cancers 

tend to develop on the tongue, sublingually, the 

tissue lining the mouth and gums, at the lower part 

of the tongue, and in the upper part of the throat 

towards the back of the mouth. In 2020, the 

diagnosis and remedy of cancer were adversely 

affected by the coronavirus disease (COVID-19) 

pandemic. Minimal access to care because of 

community spread and fear of COVID-19 exposure 

resulted in delays in diagnosis and treatment that 

led to a short-term drop in cancer incidence 

followed by a surge in advanced-stage disease and, 

consequently higher fatality. Delayed detection of 

cancer leads to a stunted survival rate, less effective 

treatment response, and exponentially high cost. 

Enhanced information on the disease along with 

underlying symptoms and risks shall have a 
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phenomenal impact on diagnosis and accelerating 

identification of malignancy symptoms that hitherto 

would be untraced or under-evaluated.  It is 

pertinent to isolate lesions that might transform 

malignantly. Visual screening of the oral cavity has 

received a phenomenal response as an effective and 

prudent strategy for identifying such lesions to 

comprehensively sublime oral cancer fatality. The 

delayed diagnosis of oral cancer is due to myriad 

interconnected factors. Distinguished authors have 

isolated problems requiring corrective actions: a. 

Delayed symptoms detection b. sublime knowledge 

of oral cancer c. medical care delay [2,3]. Artificial 

Intelligence is having a tremendous impact on 

ameliorating diagnostic precision and could be 

path-breaking in an all-encompassing way (from 

screening to treatment). Another sub-segment of 

artificial intelligence is machine learning. It deploys 

computational methods for identifying patterns, 

deciphering actionable insights, and foretelling 

predictions based on historical data. A sub-

discipline of machine learning is deep learning, 

wherein artificial layered networks are created 

using structured algorithms. Present-day studies 

have showcased the high accuracy and tremendous 

potential of deep learning, leading to its widespread 

adoption. Artificial intelligence has contributed 

immensely towards development in oncology. 

Numerous reviews have cited its usage in the 

timely detection of potentially malignant diseases 

and oral cancer. The primary mode of diagnosis 

presently revolves around analyzing and processing 

images. The focus is on deciphering relevant 

information for identifying relevant indicators of 

pathological interest. Primary examination imaging 

paradigms play a key role in deriving clinical data 

using artificial intelligence or machine learning 

techniques. The kinds of data used include 

Radiomic data, ultrasound images, computed 

tomography scans, magnetic resonance images, 

positron emission tomography, histological data, 

immunohistochemical data, multispectral narrow-

band images, Raman spectroscopy images, infrared 

thermal images, etc. 

The incidence and fatality rates of oral cancer are 

both on the rise, making this a big problem for 

people's health all around the world. The ability to 

diagnose cancer at an earlier stage is one of the 

most important factors in improving patient 

outcomes and survival rates. Traditional techniques 

of diagnosing oral cancer include a heavy reliance 

on the experience and judgment of doctors, which 

can result in significant variances in accuracy as 

well as delays in diagnosis. The incorporation of 

artificial intelligence holds tremendous promise for 

resolving these issues and bringing about a 

revolution in the diagnosis of oral cancer. Artificial 

intelligence approaches, such as machine learning 

and deep learning algorithms, have shown 

impressive capabilities in the processing of massive 

volumes of medical data, the extraction of relevant 

patterns, and the provision of reliable and efficient 

diagnostic help. We can develop advanced decision 

support systems that improve diagnostic accuracy, 

facilitate early detection, and enable personalized 

treatment strategies by harnessing the power of 

artificial intelligence. These systems can leverage 

the potential of large-scale datasets containing 

information on oral cancer, such as patient records, 

medical images, and genetic information. These 

datasets can be used to develop these advanced 

decision support systems. The urgent need to close 

the existing diagnostic chasm between traditional 

approaches to oral cancer treatment and the rapidly 

developing capabilities of artificial intelligence is 

what prompted the authors to conduct this study. 

This research endeavors to investigate the 

applicability of artificial intelligence-based models 

to the process of oral cancer diagnosis and, 

ultimately, to enhance both the quality of patient 

treatment and the outcomes. 

One limitation of this literature review paper is the 

reliance on available published studies and 

databases. The scope of this literature review 

focused primarily on studies published up until 

June 2024. Therefore, newer research findings or 

emerging trends in the field may not have been 

fully captured in the analysis. Future studies should 

consider including more recent publications to 

provide a comprehensive overview of the 

advancements in oral cancer diagnosis using 

artificial intelligence and also strive to include 

studies from diverse populations to ensure a more 

thorough understanding of the effectiveness of AI-

based approaches for oral cancer diagnosis. Due to 

resource and time constraints, the articles published 

in English were focused on. This literature review 

paper aims to synthesize and analyze the existing 

evidence on the use of AI in oral cancer diagnosis. 

However, it is important to acknowledge that the 

quality and methodological rigor of the included 

studies varied, which may impact the overall 

strength of the conclusions drawn in this review. 

Lastly, this literature review paper focused solely 

on the diagnostic aspect of oral cancer using 

artificial intelligence. 

The purpose of this survey study is to examine the 

present environment and attitudes towards the 

application of artificial intelligence in the detection 

of oral cancer. The authors seek to determine the 

present difficulties, prospective advantages, and 

future possibilities for integrating artificial 

intelligence technology in the field of diagnosing 

oral cancer by gathering information from the 
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literature. This research paper's main goal is to look 

into how AI tools and algorithms are currently 

being used and applied in the diagnosis of oral 

cancer. To examine the algorithms or models now 

in use for diagnosing oral cancer, comprehend the 

reasoning behind the algorithmic results, and to 

offer suggestions for future work and the creation 

of AI-based systems for better oral cancer 

diagnosis. By achieving these goals, this survey 

study hopes to make a significant contribution to 

the field of artificial intelligence-based oral cancer 

diagnosis. 

The paper begins with the introduction, where the 

research problem and its significance are presented. 

Section 2 represents the literature review which is 

divided into 2 subsections one is Study Selection 

and other one is Data capture and synthesis. Section 

3 of the paper focuses on results and analysis. 

Section 4 is a discussion and in section 5 

conclusion and features are explained. 

 

2. Literature Review 
 

The goal of the literature review section of this 

paper on artificial intelligence-assisted oral cancer 

diagnosis is to examine the body of knowledge 

already available in this area. We have investigated 

the various techniques, methodologies, and 

developments in the application of artificial 

intelligence for identifying and diagnosing oral 

cancer by conducting an extensive evaluation of 

published papers. The main conclusions and 

contributions of earlier research is covered in detail 

in this section. By combining and evaluating the 

existing research, we have tried to lay down the 

groundwork for investigation and pinpoint areas in 

which more investigation is necessary to improve 

the efficacy and accuracy of artificial intelligence-

based oral cancer diagnostics. Relevant keywords 

encompassing oral cancer, diagnosis, detection, etc. 

were covered in this study. The research study of B. 

Song et al [1] provided a comprehensive overview 

of the past, present, and future of oral cancer 

screening. Their study discusses the historical 

context of oral cancer screening methods, their 

limitations, and the advancements made in recent 

years. The authors examined advanced technologies 

and techniques, such as molecular markers, 

imaging technologies, and artificial intelligence, to 

assess their potential to enhance oral cancer 

screening. They emphasized the importance of 

early detection and highlighted the challenges 

involved in implementing successful screening 

programs. The authors concluded that there is a 

need for further research and collaboration to 

develop more accurate and accessible screening 

methods for oral cancer. The research study 

conducted by Seoane J et al. [2] is a systematic 

review with meta-analysis to investigate the impact 

of delay in diagnosis on the survival of patients 

with head and neck carcinomas. The study analyzed 

multiple research articles on the topic and 

synthesized the data to draw conclusions. The 

study's findings indicated that a longer delay in 

discovering the presence of malignancies of the 

head and neck contributed to decreased survival 

results. This implies that early detection and prompt 

diagnosis play a crucial role in improving the 

prognosis and survival of patients with these types 

of cancers. Gigliotti et al. [3] examine the factors 

contributing to the delay in the detection of oral 

cancer and their impact on the outcomes of patients. 

Through an analysis of patient data, the study 

revealed that delays in oral cavity cancer diagnosis 

are prevalent and often result from patient-related 

factors, healthcare system-related factors, and 

tumor-related factors. To boost the prognosis and 

survival rates for patients with oral cavity cancer, 

the study underlined the significance of early 

detection and timely treatment. In their 

investigation study, a smartphone-based, point-of-

care, dual-modality, dual-view oral cancer 

screening tool designed for underdeveloped areas 

was presented by Uthoff et al. [4]. The device 

combines visual and fluorescence imaging 

techniques to capture oral cavity images, which are 

analyzed using a neural network classification 

system. The study demonstrated the feasibility and 

effectiveness of the device in detecting oral cancer 

and precancerous lesions. The device provides a 

cost-effective and accessible screening tool that has 

the potential to improve early detection and 

management of oral cancer in resource-limited 

settings. In their research, an improved 

computational model for detecting oral cancer was 

presented by Al-Ma'aitah and AlZubi [5]. The 

accuracy and efficiency of the detection process 

were focused on being enhanced by combining 

gravitational search optimization with echo state 

neural networks. The aim was to optimize the 

performance of the neural network model for more 

effective oral cancer detection. The proposed model 

is evaluated using oral cancer datasets, and the 

results demonstrate its effectiveness in accurately 

detecting oral cancer. The study suggested that the 

enhanced computational model has the potential to 

assist in early diagnosis and improve the outcomes 

of oral cancer treatment. Turki and Wei [6] 

proposed a method utilizing support vector 

machines (SVMs) for cancer classification and 

detection. The researchers proposed a boosting 

framework that combines multiple SVM classifiers 

to improve accuracy and overcome the limitations 

of individual SVMs. The proposed method is 
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evaluated using various cancer datasets, and the 

results demonstrate its effectiveness in achieving 

higher classification accuracy compared to 

traditional SVMs. The findings of the study 

indicated that the implementation of the boosting 

approach has the potential to enhance cancer 

detection, offering valuable support in the diagnosis 

and treatment of cancer. Cheng et al. [7] proposed a 

reliable and accurate model that can identify the 

risk factors associated with the recurrence of oral 

cancer i.e. Evidence-based diagnostic model for 

predicting recurrence risk factors of oral cancer. By 

employing statistical tools, the researchers 

conducted an analysis of a dataset comprising oral 

cancer patients to identify the crucial factors 

associated with recurrence. Based on these 

predictors, they proposed a recurrence risk 

prediction model. The results of the study 

demonstrated the effectiveness of the adapted 

model in accurately predicting the risk factors for 

the recurrence of oral cancer. The proposed model 

can be used as a valuable tool in guiding clinical 

decision-making and improving the management of 

oral cancer patients. D. K. Das et al. [8] conducted 

a research study that centered on automating the 

identification of diagnostically significant regions 

from histological images of oral tissue to diagnose 

oral squamous cell carcinoma (OSCC). The 

researchers developed a computer-aided system that 

can assist in accurately detecting and analyzing 

specific regions in histological images that are 

indicative of OSCC. The study proposed a 

methodology that combines image processing 

techniques and machine learning algorithms to 

automatically identify these clinically relevant 

regions. In their study, a novel approach utilizing 

deep learning techniques for the automated 

classification of oral dysplasia and malignancy 

images acquired through dual-modality smartphone 

imaging was presented by B. Song et al. [9]. The 

researchers aimed to develop a computer-based 

system that can accurately classify oral images 

acquired from a smartphone into dysplasia and 

malignancy categories. The proposed method 

employed deep learning algorithms to extract 

meaningful features from the images and trained a 

classification model to differentiate between 

different pathology classes. The research study of J. 

Folmsbee et al. [10] proposed a method called 

"active deep learning" that selects and labels the 

most informative samples during the training 

process to enhance the network's performance. The 

research study revealed strong support for the 

active deep learning approach's ability to improve 

convolutional neural networks' (CNNs') training 

efficiency for categorizing oral cavity cancer tissue. 

The outcomes highlighted the approach's potential 

to considerably raise the precision and effectiveness 

of deep learning models while examining medical 

images, especially when dealing with the setting of 

cancer of the oral cavity. The development and 

deployment of a computer-based system that makes 

use of MATLAB as a tool to aid in the 

identification of oral cancer was suggested in the 

research paper by N. Kripa et al. [11]. The system 

is designed to analyze oral images or data and 

provide diagnostic support to healthcare 

professionals. In the research study conducted by 

A. Nawandhar et al. [12], machine learning 

techniques combined with neighborhood feature 

selection were employed to develop a classifier 

specifically for stratified squamous epithelial 

biopsy images. The study proposed a method that 

combines machine learning techniques with a 

feature selection approach based on neighborhood 

information to accurately classify biopsy images. 

H. Yan et al. [13] proposed a methodology on the 

discrimination of tongue squamous cell carcinoma 

using Raman spectroscopy and convolutional 

neural networks (CNN). The study utilizes Raman 

spectroscopy as a non-invasive technique to 

analyze the molecular composition of tissues and 

identify cancerous cells in tongue samples. The 

researchers then employ CNN, a deep learning 

algorithm, to develop a classification model that 

can accurately distinguish between normal and 

cancerous tongue tissues based on the Raman 

spectroscopy data. The categorization of tongue 

squamous cell carcinoma utilizing tongue samples 

was the subject of a study conducted by M. Yu et 

al. [14]. To accomplish accurate and effective 

disease categorization, the study combined Raman 

spectroscopy with deep convolutional neural 

networks (CNN). A unique deep learning 

architecture was employed by C.H. Chan et al. [15] 

in their research study to enhance the accuracy of 

oral cancer detection. Their approach involved the 

development of a texture-map-based branch-

collaborative network, which effectively 

incorporated texture map information to improve 

the identification of oral cancer. Multiple branches 

are included in the proposed network to extract 

features from different regions of the oral cavity 

images, and accurate predictions are collaboratively 

learned. In the study by A.M. Bur et al. [16], 

machine learning approaches were used to forecast 

the occurrence of occult nodal metastases in early-

stage oral squamous cell cancer (OSCC). The main 

goal of the study was to examine whether patients 

diagnosed with early-stage OSCC had concealed 

lymph node metastases using these methods. A 

potential tool is provided by the study through the 

development of a predictive model that can 

accurately identify the presence of nodal metastasis 
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in patients with early-stage OSCC. For the purpose 

of diagnosing oral cancer on samples of salivary 

exosomes, A. Zlotogorski-Hurvitz et al.'s research 

study [17] combined Fourier transform infrared 

(FTIR) spectroscopy with computationally assisted 

discriminating analysis. Different supervised 

machine learning classification algorithms for 

predicting locoregional recurrences in early oral 

tongue cancer were compared by R. O. Alabi et al. 

[18] in their study. The clinical and histological 

characteristics of patients with oral tongue cancer 

were used by the researchers to assess the efficacy 

of different supervised machine learning algorithms 

using the metrics accuracy, sensitivity, specificity, 

and area under the curve (AUC). The outcomes 

showed that in early oral tongue cancer patients, the 

SVM algorithm outperformed other classification 

techniques in predicting locoregional recurrences. 

R. O. Alabi et al. [19] proposed a web-based 

prognostic tool utilizing machine learning for 

predicting locoregional recurrences in early oral 

tongue cancer to assist clinicians in making 

informed decisions regarding treatment strategies 

and patient management. The authors examined the 

performance in terms of accuracy, sensitivity, 

specificity, and area under the curve (AUC) using 

clinical and histological characteristics of patients 

with early oral tongue cancer. A deep neural-based 

adaptive fuzzy logic system was proposed by K. 

Lalithamani and A. Punitha [20] as a system for the 

identification of oral cancer. A dataset comprising 

oral cancer-related features was used by the 

authors, and a deep neural network was employed 

for feature extraction and classification. Fuzzy logic 

was also applied to adaptively adjust the 

membership function parameters based on the input 

data. The performance of the proposed system is 

evaluated in terms of accuracy, sensitivity, 

specificity, and F1 score. L. Lavanya and J. 

Chandra [21] conducted a research study to 

investigate the capabilities of machine learning 

algorithms in detecting and classifying oral cancer. 

The potential of these algorithms in accurately 

identifying and categorizing oral cancer cases was 

sought to be assessed by the study. The researchers 

applied various machine learning algorithms, such 

as decision trees, random forests, support vector 

machines, and k-nearest neighbors, for analysis and 

classification. The research paper by O. A. 

Karadaghy et al. [22] presented a model that 

enhances prognostic predictions and aid in 

treatment decision-making for OSCC patients by 

utilizing machine learning algorithms. A large 

cohort of OSCC patients was used to train and 

validate the predictive model, which incorporated 

patient characteristics and clinical variables. 

Research was conducted by S. Sunny et al. [23] that 

focused on the development of a point-of-care 

platform for oral cancer screening using smart tele-

cytology. The study aimed to create an innovative 

and convenient system that enables oral cancer 

screening through remote cytology, enhancing 

accessibility and convenience for patients. The 

developed platform utilizes a smartphone-based 

system that captures and transmits cytology images 

of oral lesions to remote pathologists for analysis. 

Machine learning algorithms were employed to 

assist in the classification and identification of 

cancerous cells. An early diagnostic technique for 

oral cancer using computer-assisted medical image 

categorization was presented in the study by P. R. 

Jeyaraj and E. R. Samuel Nadar [24]. A deep 

learning algorithm was utilized in the study to 

analyze medical images and accurately classify oral 

lesions as cancerous or non-cancerous. Y. Ariji et 

al. [25] employed a deep learning artificial 

intelligence (AI) system to analyze contrast-

enhanced computed tomography (CT) images to 

detect cervical lymph node metastases in patients 

diagnosed with oral cancer. The study demonstrated 

the potential of utilizing advanced AI technologies 

to aid in the identification of lymph node 

involvement, offering valuable insights for accurate 

staging and treatment planning in oral cancer 

patients. The study aimed to evaluate the accuracy 

and reliability of the AI system in detecting lymph 

node metastasis, an important factor for staging and 

treatment planning in oral cancer patients. The AI 

system was trained on a dataset of contrast-

enhanced CT images and learned to identify and 

classify metastatic lymph nodes. The performance 

of the system was assessed by comparing its results 

with those of experienced radiologists. In the study 

conducted by S. Xu et al. [26], a novel approach for 

the early diagnosis of oral cancer was developed 

using three-dimensional convolutional neural 

networks (CNNs). The power of deep learning 

algorithms was harnessed to enhance the accuracy 

and efficacy of oral cancer diagnosis, aiming to 

offer a promising method for timely detection and 

improved patient outcomes. The proposed method 

involved training CNNs on a dataset of three-

dimensional images of oral lesions. The trained 

models were then used to classify new images and 

identify potential cancerous regions. In order to 

identify oral cavity squamous cell cancer (OCSCC) 

from photographic pictures, the study introduced 

the application of a deep learning system in 

endoscopy for the detection of early esophageal 

squamous cell carcinoma (ESCC) by S. L. Cai et al. 

[27]. A deep learning system was introduced by Q. 

Fu et al. [28]. The algorithm was trained on a 

retrospective dataset of photographic images of the 

oral cavity, which included both normal and 
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cancerous cases. The research paper by V. Romeo 

et al. [29] presented a model for predicting tumor 

grade and nodal status in oropharyngeal and oral 

cavity squamous-cell carcinoma (SCC) using a 

radiomic approach. The study aimed to improve the 

accuracy of tumor grading and nodal status 

assessment by leveraging radiomic features 

extracted from medical imaging data. A point-of-

care oral cytology instrument developed and 

evaluated by M. P. McRae et al. [30] was made 

specifically for the screening and assessment of 

potentially cancerous oral lesions. The tool 

employed a simple and non-invasive device to 

collect oral cytology samples, which were 

subsequently subjected to a combination of 

cytological examination and image analysis 

techniques. To identify occult lymph node 

metastasis in oral squamous cell carcinoma 

(OSCC), a technique to verify a multivariable 

prediction model was devised by M. Mermod et al. 

[31]. The purpose of the study was to improve the 

predictive model's ability to accurately identify 

lymph node metastasis by including a variety of 

clinical and histological criteria. The accuracy of 

detecting lymph node metastases in OSCC patients 

has the potential to be increased by this strategy. To 

enable early identification of oral cancer, R. A. 

Welikala et al. [32] introduced an automated 

method for the detection and classification of oral 

lesions. The goal of the study was to employ deep 

learning algorithms to increase the efficiency and 

accuracy of diagnosing oral cancer. The system was 

trained on a large dataset of oral images and learned 

to identify and classify different types of oral 

lesions. A deep learning neural network for texture 

feature extraction in oral cancer, with a specific 

focus on enhanced loss function, was introduced in 

the research paper by R. B. Bhandari et al. [33]. 

The neural network was trained on a dataset of oral 

cancer images, and meaningful texture features 

associated with oral cancer were learned. The 

authors optimized the network's performance by 

incorporating additional information during training 

through the enhanced loss function. P. R. Jeyaraj et 

al. [34] presented a deep learning-based approach 

for the non-invasive detection of oral cancer from 

hyperspectral images by fusing classifier features. 

A deep learning model was trained on a dataset of 

hyperspectral images, and classifier features were 

extracted as part of the proposed approach. To 

improve the effectiveness of the model in detecting 

oral cancer, these features were then combined 

using a fusion technique. In the research paper by 

R. Prabhakaran and Dr. J. Mohana, [35] the focus 

was on detecting oral cancer using machine 

learning classification methods. The objective was 

to enhance the accuracy and efficiency of oral 

cancer detection by utilizing the capabilities of 

machine learning algorithms. A dataset of oral 

cancer cases was collected, and various machine-

learning classification methods were employed to 

develop models for detecting oral cancer. To 

improve the precision and effectiveness of oral 

cancer diagnosis, K. Warin et al. [36] carried out a 

study on the automatic categorization and detection 

of oral cancer in photographic pictures using deep 

learning algorithms. The researchers developed and 

trained deep learning algorithms using a dataset 

comprising photographic images of oral lesions, 

enabling the algorithms to classify and detect oral 

cancer. F. Jubair et al. [37] unveiled a newly 

developed lightweight deep convolutional neural 

network (CNN) in their research paper, aiming to 

enhance early detection of oral cancer. The study 

aimed to improve the efficiency and accuracy of 

oral cancer diagnosis by utilizing a specialized 

CNN architecture. The researchers developed the 

lightweight CNN model specifically designed for 

oral cancer detection, considering the 

computational constraints of resource-limited 

devices. The research conducted by G. Tanriver et 

al. [38] aimed to utilize deep learning techniques 

for automating the detection and classification of 

oral lesions, with the ultimate goal of identifying 

oral potentially malignant disorders (OPMDs). The 

researchers developed a deep learning-based system 

that examined oral lesion images and autonomously 

recognized and categorized OPMDs. Automatic 

oral cancer identification in smartphone-based 

photos using deep learning algorithms for early 

diagnosis was the focus of a study by H. Lin et al. 

[39]. A deep learning model was developed by the 

researchers to analyze oral images captured with 

smartphones and automatically identify signs of 

oral cancer. The research paper by S. Camalan et al 

[40] focused on the development of clinical 

predictors for oral dysplasia using convolutional 

neural network (CNN) models. By analyzing the 

class activation maps, the researchers identified the 

relevant regions and important features associated 

with oral dysplasia. In the research study, an 

ensemble deep neural network approach for oral 

cancer screening was presented by N. B R et al. 

[41]. An ensemble model was constructed by 

combining multiple deep neural networks to 

improve the screening performance. The 

effectiveness of the approach was evaluated using 

various metrics, and it was observed that the 

ensemble deep neural network outperformed other 

methods in oral cancer screening. The utilization of 

deep learning techniques for the automatic 

segmentation of oral and oropharyngeal cancer 

using narrow band imaging was explored in the 

research paper by A. Paderno et al. [42]. A deep 
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learning model was developed to analyze narrow 

band imaging data and automatically identify and 

delineate cancerous regions within the oral and 

oropharyngeal areas. The creation of DEEPORCD, 

a deep learning system specifically designed for 

oral cancer detection, was the focus of the research 

conducted by Dharani R and Revathy S [43]. The 

DEEPORCD model, employing deep learning 

algorithms to analyze oral images and identify 

regions affected by cancerous growth, was 

successfully developed by the researchers. In their 

study, a tool that aids in the point-of-care 

classification of oral cancer using a mobile platform 

was introduced by B. Song et al. [44]. A mobile 

application was developed and implemented by the 

authors, utilizing machine learning algorithms to 

analyze oral images and classify them as cancerous 

or non-cancerous. The research study conducted by 

Disha et al. [45] presented a deep learning 

algorithm utilizing convolutional neural networks 

(CNN) to identify and differentiate oral 

precancerous and cancerous lesions from normal 

mucosa. The CNN model was trained on a large 

dataset of oral lesion images, and its ability to 

accurately classify lesions as precancerous or 

cancerous and distinguish them from normal 

mucosa was evaluated. In a study published in [46], 

the possibility of artificial intelligence (AI)-driven 

interpretation of optical coherence tomography 

(OCT) images used for oral cancer screening was 

explored by K. Ramezani and M. Tofangchiha. The 

feasibility of using AI algorithms to analyze OCT 

images to detect and diagnose oral cancer was 

investigated in the study. The researchers 

developed an AI-based system that analyzed OCT 

images and provided accurate evaluations of oral 

cancer presence.  

 

Figure 1. AI, Ml, Dl Methods Used in the Studies 

Figure 2. Key Sites and their Cancer Types 

 

Figure 1 shows AI, Ml, Dl methods used in the studies. 

All the findings highlighted its potential as a valuable 

tool for oral cancer screening. These works pushed the 

field forward by presenting an AI-focused method for 

interpreting several imaging modalities, opening up 

intriguing possibilities to improve oral cancer early 

detection and diagnosis. Oral cancer primarily affects 

several key regions within the oral cavity, each with its 

specific cancer varieties. These regions and their 

respective cancer varieties are depicted in Figure 2. 

The most prevalent form of oral cancer is squamous cell 

carcinoma (SCC), which frequently impacts the lips, 

particularly the lower lip. SCC and verrucous carcinoma, 

a slower-growing variant, can both develop on the 

tongue, another significant site. Adenocarcinoma and 

mucoepidermoid carcinoma, both of which originate 

from salivary gland tissues, are both capable of affecting 

the floor of the mouth. SCC can also develop in the 

buccal mucosa, which is the inner cheek lining. Minor 

salivary gland malignancies, including adenoid cystic 

carcinoma, can impact the hard palate, which is the roof 

of the mouth. Predominantly SCC, and gingival (gum) 

malignancies affect the tissues that encircle the teeth. 

SCC or other rarer forms, such as odontogenic 

carcinoma, can develop in the retromolar trigone, the 

region behind the last molars. The significance of 

comprehensive examination and targeted diagnostic 

methods for effective early detection and treatment is 

emphasized by the susceptibility of each region to 

distinct types of malignancies. 

The diagnostic landscape has been transformed by 

contemporary methods of oral cancer detection, which 

have enabled the early and precise identification of 

malignancies. These methods capitalize on technological 

innovations to offer non-invasive, precise, and swift 

diagnostics. Intraoral scanning is a technique that 

employs high-resolution optical devices to acquire 

detailed 3D images of the oral cavity, thereby enabling 

the early detection of precancerous lesions.  
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Figure 3. Modern Methods for Detection of Oral Cancer 

Optical Coherence Tomography (OCT) and confocal 

laser endomicroscopy (CLE) are high-resolution imaging 

techniques that provide microscopic views of cellular 

architecture and tissue structures, respectively.  

This enables the differentiation between benign and 

malignant tissues. Liquid biopsy, a non-invasive 

technique, detects cancer-related genetic material in 

bodily secretions such as saliva and blood. This method 

offers a less invasive alternative to traditional biopsy 

methods and allows for the continuous monitoring of 

disease progression. Comprehensive genetic analysis is 

facilitated by next-generation sequencing (NGS), which 

identifies novel mutations and potential therapeutic 

targets.  

Through predictive modeling and automated image 

analysis, the integration of machine learning (ML) and 

artificial intelligence (AI) improves diagnostic accuracy. 

Furthermore, the precision of treatment and the 

visualization of lesions are enhanced by fluorescence 

imaging and photodynamic therapy (PDT). The 

promotion of earlier detection, personalized treatment, 

and improved patient outcomes is the result of the 

significant strides made in the fight against oral cancer 

by these modern methods. Figure 3 shows the modern 

methods for the detection of oral cancer.           

A. Study Selection 

Studies that employed artificial intelligence, deep 

learning, machine learning, and image analysis to aid in 

the detection of oral cancer were the primary inclusion 

criteria. There were no restrictions on the categories of 

technologies or imaging modalities that were included. A 

wide range of investigations, such as those employing 

AI/ML to detect or distinguish between benign, pre-

malignant, and malignant pathology, is needed due to the 

projected dearth of studies in the field. First, all 

publications were examined to check the study title, and 

abstract, and to weed out any duplicates. The second 

screening step involved a comprehensive full-text 

examination against the predefined criteria. 

B. Data Capture And Synthesis 

The data was deduced and decoded in the appropriate 

formats for further analysis and examination. The 

extracted information encompasses the publication year, 

dataset size, algorithms examined, overall aim, 

objectives, performance metrics employed, limitations of 

the study, and conclusions. The Discussion section 

provides a comprehensive summary of the information, 

and tables and charts are used to display the data. 

3. Result and Analysis 
 
Post-comprehensive evaluation, 50 studies were 

considered for further examination. Below is a 

chronological split of these studies shown in Table 1. 

Table 1:  Chronological Split of Studies 

Count Year of Publications 

7 2018 

15 2019 

10 2020 

8 2021 

3 

4 

2022 

2023 

 

The areas were focused on techniques used, performance 

metrics, imaging modality, and data size. A multitude of 

modalities were incorporated for the training and 

optimization of algorithms. These included auto-

fluorescence imaging (AFI) and white light imaging 

(WLI), clinical photographs, tissue slide images, 

microscopic images, cell images, auto-fluorescence 

images, high-resolution cytology images, CAT scan 

images, esophageal images, MRI scans, hyperspectral 

image data, and optical coherence tomography images. 

This distribution is represented in Figure 4. 

 
Figure 4. Type of images/ data used in the studies 

White light imaging and auto-fluoresce imaging were 

utilized in 4 investigations to diagnose oral cancer. One 

of these [1, 2] created a smartphone-based, dual-view, 

point-of-care oral cancer screening system for high-risk 

groups that uses white light imaging (WLI) and auto-

fluorescence imaging (AFI). As a result, precancerous 

and cancerous lesions in the oral cavity can be 
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found early, potentially lowering mortality, 

morbidity, and overall healthcare expenses.  

 

Figure 5. Types of Methods Used 

These image pairings were of high enough quality 

to be used in the CNN and for remote diagnosis [2]. 

Figure 5 depicts the Percentage of Artificial 

Intelligence methods used. Conventional Machine 

Learning methods were deployed in ten studies, 

Deep Learning techniques were used in thirty 

studies and an amalgamation of both were used in 3 

studies. It is important to provide a brief overview 

that places the findings within the larger study 

environment, and Table 2 does just that by 

showcasing the conclusions drawn from a wide 

range of literature studies. Analyzing these 

publications in-depth reveals that applying cutting-

edge AI methods to difficult situations has yielded 

encouraging outcomes. Constant research and new 

developments in the subject are reflected in the 

wide variety of methodologies. These include 

everything from algorithmic methods for deep 

learning to reinforcement learning techniques. The 

necessity of large-scale and diversified samples for 

sustainable model performance has also been 

underlined through the evaluation of distinct 

datasets and image formats. Accuracy, precision, 

recall, and the F1- score are some of the most 

popular metrics used to assess performance, but 

these criteria are not universally applied across 

research. Together, these results highlight the need 

for constant advancement and research in artificial 

intelligence to expand the scope and usefulness of 

the field. The diagnosis of oral cancer has been 

greatly aided by the development of AI. Many 

studies have looked into the possibility of using AI-

based systems to enhance the precision, speed, and 

early detection of oral cancer. The following table 2 

summarizes the most important takeaways from 

these studies, illuminating the tremendous strides 

made in utilizing AI for oral cancer diagnosis. The 

performance metrics with respect to the 

aforementioned research works across the different 

algorithms are presented year-wise in figures 6-10. 

 

 

Figure 6. Performance Metrics 2018 

 

Figure 7. Performance Metrics_2019 
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Figure 8. Performance Metrics 2020 

 

Figure 9. Performance Metrics 2021 & 2022 

 

Figure 10. Performance Metrics 2023 
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Table 2. Conclusion Drawn by Various Studies 
Paper Conclusion/ Key Takeaways 

Uthoff, R. D., et al. 

(2018) [4] 

As per the findings of the study, a screening device for oral cancer that utilizes neural network classification, 

dual-modality, and dual-view imaging features and is based on smartphones has been deemed appropriate 

for implementation in areas with limited resources. 

Al-Ma’aitah, M., 

&AlZubi, A. A. 

(2018). [5] 

The research paper concluded that the proposed computational model, which combined gravitational search 

optimization (GSO) with echo state neural networks (ESNs), showed promise for oral cancer detection.  

Turki, T., & Wei, Z. 

(2018) [6] 

According to the study's findings, applying boosting techniques can greatly improve how well support vector 

machines (SVMs) perform when used for tasks like cancer classification. The findings demonstrated that the 

boosted SVM models achieved superior accuracy and exhibited enhanced discrimination capabilities in 

comparison to standalone SVMs.  

Cheng, C. S., et al. 

(2018) [7] 

The research paper concluded that adapting an evidence-based diagnostic model can be useful in predicting 

the risk factors for recurrence in oral cancer. By analyzing various clinical and pathological factors, the 

adapted diagnostic model demonstrated its effectiveness in predicting the recurrence risk in oral cancer 

patients.  

Das, D. K., et al. 

(2018) [8] 

The study found that finding clinically significant regions from oral tissue histological images using 

automated methods and advanced image processing techniques increases the precision and effectiveness of 

OSCC diagnosis. 

Song, B., et al. 

(2018) [9] 

The research study concluded with the successful implementation of an automated classification system 

using deep learning techniques to distinguish between oral dysplasia and malignancy in dual-modality 

smartphone-based images. The researchers found that their deep learning model effectively analyzed the 

dual-modality images and accurately classified them into dysplastic or malignant categories. 

Folmsbee, J., et al. 

(2018)[10] 

The research study demonstrated the effective use of active deep-learning techniques to raise CNNs' 

capacity for tissue classification training. The researchers found that by incorporating active learning 

strategies, such as querying the most informative samples during the training process, the CNN model 

achieved better classification performance with fewer labeled training samples.  

Kripa, N., et al. 

(2019) [11] 

The conclusion was the successful design and implementation of the DSS for oral cancer detection. The 

researchers developed a system that leveraged MATLAB's capabilities to analyze oral images and extract 

relevant features for classification. The DSS demonstrated promising results in accurately detecting oral 

cancer, providing valuable support to healthcare professionals in making diagnostic decisions.  

Nawandhar, A., et al. 

(2020) [12] 

The conclusion was the successful implementation of the image classifier for stratified squamous epithelial 

biopsy images. The researchers utilized machine learning algorithms and feature selection methods based on 

the neighborhood characteristics of the image pixels. The classifier demonstrated promising accuracy and 

performance in distinguishing between different classes of stratified squamous epithelial biopsy images.  

Yan, H., et al. (2019) 

[13] 

The conclusion of the research paper was the successful application of Raman spectroscopy combined with 

CNNs for the discrimination of TSCC. The researchers concluded that Raman spectroscopy, when analyzing 

the molecular composition of tissues, in combination with CNNs, achieved high accuracy in distinguishing 

between normal and cancerous tongue tissue samples.  

Yu, M., et al. (2019) 

[14] 

The researchers concluded that the application of deep CNNs accurately classified TSCC based on Raman 

spectroscopy data. The researchers showed that the deep CNN model effectively learned and extracted 

meaningful features from the Raman spectroscopy signals, leading to high accuracy in differentiating 

between normal and cancerous tongue tissue samples.  

Chan, C. H., et al. 

(2019) [15] 

The conclusion of the research paper proposed the development of a collaborative network for oral cancer 

diagnosis that utilized texture maps and collaborative learning techniques. This network was designed to 

capture the intricate details of oral images and enhance the accuracy of the diagnosis. The network that 

utilizes texture mapping and collaborative branching exhibited encouraging outcomes in precisely detecting 

instances of oral cancer. 

Bur, A. M., et al. 

(2019) [16] 

Machine learning methods successfully predicted early-stage OSCC nodal metastases. Their clinical and 

histological data-trained machine learning model accurately identified patients at risk of covert nodal 

metastases. 

Zlotogorski-Hurvitz, 

A., et al. (2019) [17] 

The study's conclusion demonstrated how successfully FTIR-based spectrum analysis combined with 

computer methods may be used to diagnose oral cancer. The researchers proved that the FTIR spectroscopy 

of salivary exosomes, which captured molecular information, in conjunction with computational 

discrimination analysis, exhibited high accuracy in identifying people with oral cancer and those without it. 

Alabi, R. O., et al. 

(2020) [18] 

Different categorization techniques such as decision trees, random forests, support vector machines, and 

artificial neural networks were evaluated and ranked by the authors. The findings demonstrated that the 

accuracy and prediction capacities of these algorithms varied. 

Alabi, R. O., et al. 

(2019) [19] 

The authors successfully developed and implemented a prediction tool on the web that used machine 

learning methods on various clinical and histopathological patient features, successfully predicted cases of 

oral tongue cancer recurrence at a regional level in their earliest stages. 

Lalithamani, K., 

&Punitha, A. (2019) 

[20] 

For the identification of oral cancer, the authors proposed a technique wherein a deep neural network is 

combined with an adaptive fuzzy system. According to their findings, their system accurately detected and 

classified oral cancer based on the input data.This research proved the efficacy of combining data mining 

approaches with a deep neural network and an adaptive fuzzy system for better oral cancer detection and 

diagnosis. 
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Lavanya, L., & 

Chandra, J. (2019) 

[21] 

At the end of the study, researchers stressed the need of using machine learning for assessing oral cancer. 

Based on a variety of clinical and histological markers, the researchers found that machine learning 

techniques such as decision trees, support vector machines, and random forests showed promising results in 

properly categorizing instances of oral cancer. 

Karadaghy, O. A., et 

al. (2019) [22] 

Researchers found that their efforts to create and test a machine learning model for predicting OSCC 

patients' survival rates were fruitful. The authors proved that their model, trained on clinical and 

demographic data, achieved a high level of accuracy in predicting patient survival rates. By considering 

various prognostic factors, the model provided valuable insights into the prognosis and outcome of OSCC.  

Sunny, S., et al. 

(2019) [23] 

Researchers created a smart oral cancer screening platform using tele-cytology. The system's integration of 

digital imaging, communication, and cytological analysis made it possible to screen for oral cancer lesions 

effectively and accurately. The platform facilitated real-time access to expert opinions and remote 

consultations, effectively overcoming geographical barriers and improving access to specialized care.  

Jeyaraj, P. R., & 

Nadar, E. R. S. 

(2019) [24] 

A deep learning algorithm was utilized to classify medical photos for early oral cancer detection. The system 

also accurately distinguished healthy and malignant oral tissue in medical photos.  

Ariji, Y., et al. (2019) 

[25] 

The study concluded that in oral cancer patients, the deep learning system accurately assessed cervical 

lymph node metastases. The deep learning algorithm detected and classified metastatic lymph nodes in 

contrast-enhanced CT images with excellent accuracy.  

Xu, S., et al. (2019) 

[26] 

The study revealed the efficacy of 3D CNNs in early identification of oral cancer. The researchers accurately 

diagnosed oral cancer lesions using 3D CNNs to analyze CT and MRI scans. The utilization of 3D CNNs 

enabled the extraction of relevant features and patterns from the three-dimensional image data, allowing for 

reliable classification of cancerous and non-cancerous tissues.  

Cai, S. L., et al. 

(2019) [27] 

The study concluded in emphasizing the effectiveness of the deep learning system in detecting early ESCC 

during endoscopic examinations. The researchers showed in their results that the deep learning system 

achieved high accuracy in identifying and classifying suspicious lesions in the esophagus, indicating the 

presence of early-stage ESCC.  

Fu, Q., et al. (2020) 

[28] 

Researchers showed that the deep learning approaches can accurately identify OCSCC from photographs. 

Their findings showed that deep learning has good sensitivity and specificity for distinguishing OCSCC 

lesions from normal oral cavity pictures. 

Romeo, V., et al. 

(2020) [29] 

The authors concluded that the radiomic approach results in SCC grade and nodal prediction.The findings 

showed that the radiomic features extracted from medical imaging data provided valuable information for 

characterizing tumor grade and identifying nodal involvement.  

McRae, M. P., et al. 

(2020) [30] 

To identify and assess potentially cancerous oral lesions, the authors developed and evaluated a point-of-

care oral cytology instrument. They concluded by highlighting the effectiveness and potential utility of the 

oral cytology tool that provided accurate and reliable results, enables the detection of oral cancer-related 

cellular abnormalities. 

Mermod, M., et al. 

(2020) [31] 

An oral squamous cell carcinoma prediction model was developed and tested by the researchers to achieve 

their primary objective, which was to identify occult lymph node metastases. The authors incorporated 

various clinical and radiological factors to create the prediction model, which demonstrated good 

discrimination and calibration capabilities.  

Welikala, R. A., et al. 

(2020) [32] 

The researchers designed and validated a prediction model to detect concealed lymph node metastases in 

oral squamous cell carcinoma. The authors used a huge dataset of oral lesion photos to train the model, and 

they achieved great accuracy in lesion identification and classification tasks. 

Bhandari, B., et al. 

(2020) [33] 

The article concluded that an increased loss function improves neural network texture feature extraction. To 

train the neural network, the researchers utilized a large dataset consisting of oral cancer images, enabling 

the extraction of informative texture features. The incorporation of the enhanced loss function resulted in 

improved accuracy and increased robustness in capturing subtle textural variations associated with oral 

cancer. 

Jeyaraj, P. R., et al. 

(2020) [34] 

A deep learning algorithm for non-invasive oral cancer diagnosis was constructed using hyperspectral 

imagery. To do this, researchers used a deep learning framework and trained it using a dataset consisting of 

hyperspectral pictures of oral tissues. Classifier feature fusion boosts oral cancer detection deep learning 

model performance. The model's discriminatory power was improved by fusing features from several 

classifiers. The results demonstrated that the fusion of classifier features significantly enhanced the accuracy 

and reliability of oral cancer detection from hyperspectral images.  

Prabhakaran, R., & 

Mohana, J. (2020) 

[35] 

The authors showed the effectiveness of machine learning techniques in identifying and classifying cases of 

oral cancer. The researchers showed the performance on a dataset consisting of oral cancer images and 

applied various machine learning algorithms for classification, incorporating decision trees, k-nearest 

neighbours, and support vector machines. They ranked the algorithms based on their F1 score, accuracy, 

sensitivity, and specificity. 

Warin, K., et al. 

(2021) [36] 

In the publication, the authors demonstrated how, by creating a model powered by deep learning and training 

it on a dataset of oral cancer photos, deep learning techniques may be used to properly identify and 

categorize cases of oral cancer. To successfully identify between samples of normal as well as malignant 

oral tissue, the model showed good accuracy and performance. 

Jubair, F., et al. 

(2022) [37] 

For the purpose of early oral cancer diagnosis, the scientists created a lightweight deep convolutional neural 

network (CNN), and their strategy was geared towards overcoming the difficulty of implementing deep 

learning models in environments with limited resources. The lightweight CNN model that was developed 

achieved high accuracy in detecting oral cancer while utilizing a relatively small number of parameters. The 

model's low power requirements mean it can be used in portable gadgets like smartphones and edge devices. 

Tanriver, G., et al. The research study produced an automated system that accurately identified and categorizes oral lesions 
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(2021) [38] using deep learning techniques. The study concluded with successful implementation of deep learning 

models that effectively detected and classified oral potentially malignant disorders.  

Lin, H., et al. (2021) 

[39] 

The research found that automated oral cancer screening from smartphone photographs could be improved 

with the help of deep learning algorithms. By training deep learning models on a diverse dataset of oral 

cancer images captured through smartphones, with a high degree of sensitivity and specificity, the 

researchers were able to correctly identify cases of oral cancer. 

Camalan, S., et al. 

(2021) [40] 

The study concluded that deep learning techniques were effectively applied for predicting oral dysplasia and 

identifying significant clinical predictors. To achieve this, the researchers trained a CNN model using a 

dataset of oral dysplasia images and conducted an analysis of the class activation maps enables the 

identification of specific regions of interest that have contributed to the predictions made by the model. 

B. R, N., et al. (2021) 

[41] 

The conclusion of the study highlighted the effectiveness of the proposed ensemble DNN model in 

accurately screening and detecting oral cancer. The scholars utilized a blend of several deep neural network 

models to enhance the general efficacy and dependability of the screening procedure. Through the process of 

combining the prognostications of said models, an elevated degree of precision and resilience was attained in 

the identification of oral cancer. 

Paderno, A., et al. 

(2021) [42] 

Narrow band imaging could be used to automatically segment oral and oropharyngeal malignancies using 

techniques based on deep learning, according to the findings of the research.The prelusive results 

demonstrated promising potential for clinical application, as the deep learning model achieved accurate 

segmentation of cancerous regions.  

Dharani, R., 

&Revathy, S. (2021) 

[43] 

The study's results showed that a Deep Learning model developed specifically for oral cancer detection was 

highly reliable.The model utilized deep learning techniques to analyze oral images and accurately identify 

cancerous lesions.  

Song, B., et al. 

(2021) [44] 

The research study concluded that a mobile-based oral cancer classification system could be effectively used 

for point-of-care screening. The system utilized mobile devices to capture oral images, and a classification 

algorithm based on deep learning techniques to analyze these images for the manifestation of oral cancer. 

The findings suggested that the mobile-based approach obtained a high degree of accuracy in the 

classification of oral lesions. 

Sharma, D., et al. 

(2022) [45] 

The findings of the research study indicated that the utilization of a deep learning algorithm based on a 

convolutional neural network was successful in identifying oral precancerous and cancerous lesions and 

distinguishing them from normal mucosa. 

Ramezani, K., 

&Tofangchiha, M. 

(2022) [46] 

The authors concluded that optical coherence tomography pictures interpreted with the help of artificial 

intelligence may be utilized to test for mouth cancer. In this work, OCT pictures of oral tissues were 

analyzed by artificial intelligence systems, and malignant and precancerous lesions were correctly 

diagnosed. 

 

From the above figures, it is clear that the 

maximum accuracy measure obtained is 99.20 [5] 

and the lowest is 73.60 [40]. In the work of Al-

Ma’aitah, M., &AlZubi, A. A. (2018). [5], The 

computational model is a combination of 

gravitational search optimization (GSO) with echo 

state neural networks (ESNs), which exhibits 

a promising accuracy percentage of oral cancer 

detection. Also, in Camalan et al. [40], deep 

learning techniques are used to predict oral cancer. 

This comparison between the maximum and 

minimum values of accuracy measures showcases 

the efficacy of the algorithms applied in cancer 

detection How AI has the potential to completely 

change how oral cancer is detected and treated is 

demonstrated by all of these findings together. Oral 

cancer management is set to undergo a radical shift 

as AI becomes increasingly crucial for improving 

diagnosis accuracy, patient outcomes, and overall 

practice. 

 

4. Discussion 
 

This draft gives a glimpse of AI methods 

application in the domain of diagnosing oral cancer. 

It has displayed an array of image ways utilized for 

algorithm training. Several studies point towards 

higher accuracy and precision that far exceed 

conventional techniques and human angle in 

predicting data. However limited machine learning 

tools have been exercised in practice.A bias 

analysis hasn’t been conducted; the portrayed 

accuracy should be taken with caution. The primary 

reason is due to utilizing small data sets that could 

be biased. Multi-centric methods that cover a 

diverse array of records across the demography will 

augment algorithmic efficiency due to variance and 

diversity. Quick advancements in artificial 

intelligence and computing power have led to the 

development of numerous techniques for the quick 

detection of oral cancer. High-res. Digital methods 

have provided image extraction and conversion 

economically.  Primitive work has been centered on 

conventional methods, but with the advent of deep 

learning – the diagnosis has evolved. This 

encourages the development of efficient deep-

learning strategies used in conjunction with 

traditional methods to improve detection precision. 

The review has certain challenges as well. The 

primary constraint is the non-evaluation of 

integration between machine learning models. This 

could lead to the non-inference of optimum 

solutions. 
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5. Conclusion And Features  
 

The use of AI in the diagnosis of oral cancer has 

advanced rapidly over a decade, becoming a game-

changer in the medical industry. To better 

understand the substantial progress made and the 

possible impact on clinical practice, this survey 

article conducted a thorough analysis of the 

available literature and research projects that 

concentrated on the use of artificial intelligence in 

oral cancer diagnosis. 

5.1 Conclusion 

 

This article examines the prevalence, etiology, 

symptoms, and prevention of oral cancer. In 

addition, it highlights the potential significance of 

machine learning and deep learning models in oral 

cancer diagnosis. It is anticipated that the 

incorporation of artificial intelligence into early 

cancer detection will considerably improve clinical 

practices and outcomes. In addition, it provides 

excellent automation of numerous duties by 

analyzing complex patterns. Research plays a 

crucial role in facilitating this and also allowing for 

dynamic improvisation.  The research studies 

discussed in this paper collectively demonstrate the 

advancements and potential of various techniques 

and technologies concerning the prevention, 

detection, and forecasting of oral cancer. The 

research conducted emphasizes the significance of 

timely detection and immediate intervention as 

crucial factors in enhancing patient outcomes and 

alleviating the impact of oral cancer. From the 

evolution of screening methods to the development 

of novel devices and computational models, these 

studies underscore the continuous efforts to 

enhance the accuracy, accessibility, and efficiency 

of oral cancer detection and management. 

Advancements in technology, such as the use of 

adjunctive tools like autofluorescence imaging, 

brush biopsy, salivary biomarkers, Raman 

spectroscopy, and Fourier-transform infrared 

spectroscopy, have contributed to improved 

screening and diagnostic capabilities. The 

amalgamation of aforementioned technologies, in 

conjunction with deep learning computational 

methods, neural networks with convolution, and 

machine learning techniques, has exhibited 

remarkable precision in identifying and 

categorizing oral cancer, thereby facilitating prompt 

diagnosis and treatment strategizing. These 

technologies offer non-invasive, cost-effective, and 

timely solutions for early detection, risk 

assessment, and treatment planning, leading to 

improved patient outcomes. These novel 

approaches can improve oral cancer management 

by increasing access to specialized care, eliminating 

geographical constraints, facilitating remote 

consultation, and optimizing clinical decision-

making. Moreover, the integration of evidence-

based diagnostic models and decision support 

systems has shown promising results in predicting 

recurrence risk factors and assisting clinicians in 

customized treatment strategies. 

The research also emphasizes interdisciplinary 

teamwork and the promise of smartphone-based 

and low-cost devices for oral cancer screening, 

especially in marginalized regions. Furthermore, 

the emphasis on reducing diagnostic delays through 

awareness programs and efficient diagnostic 

strategies underscores the significance of early 

detection and timely intervention in oral cancer 

management.  Overall, this research paper 

contributes to the growing body of knowledge with 

respect to oral cancer and reveals important details 

for researchers, clinicians, and policymakers. 

Future studies should focus on further validating 

these innovative approaches in diverse populations, 

integrating them into routine clinical workflows, 

and exploring their potential in personalized 

treatment approaches for oral cancer patients. 

Continued research and development in this area 

hold great promise for improving oral cancer 

outcomes, reducing mortality rates, and enhancing 

global healthcare accessibility. 

 

5.2 Features 

 

a) The utilization of machine learning algorithms 

for oral cancer diagnosis has dramatically 

decreased false-negative rates. 

b) The diagnostic model powered by artificial 

intelligence has demonstrated an exceptional 

capacity to precisely categorize different stages 

and forms of oral cancer. This enhances the 

development of individualized treatment 

strategies and leads to a more favorable outlook 

for patients. 

c) AI systems have shown the capacity to detect 

minor patterns and biomarkers that indicate the 

onset of oral cancer. Through the examination of 

extensive datasets, these technologies empower 

physicians to formulate more precise diagnostic 

judgments. 

d) Integrating AI-based image processing tools 

with traditional diagnostic processes has greatly 

enhanced oral cancer screening. As a 

consequence, there has been a decrease in both 

the duration needed for diagnosis and the 

corresponding expenses. 

e) AI-powered techniques for identifying oral 

cancer have demonstrated a significant degree of 

reliability and uniformity. This minimizes 



Sakshi Taaresh Khanna, Sunil Kumar Khatri, Neeraj Kumar Sharma/ IJCESEN 11-2(2025)2635-2651 

 

2649 
 

differences in observations made by different 

individuals and improves the overall 

dependability of diagnostic results. 

f) The utilization of artificial intelligence 

algorithms in combination with non-invasive 

imaging techniques has significant potential for 

enhancing the precision of early-stage oral 

cancer detection. 

g) Although there have been significant 

breakthroughs, many AI models used for oral 

cancer diagnosis lack interpretability or 

explainability, sometimes operating as opaque 

"black boxes." This constraint presents 

challenges for the clinical adoption of AI 

models, as healthcare personnel must have a 

clear understanding of the decision-making 

process in order to trust the models and assure 

accurate diagnostic outcomes. 
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