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A B S T R A C T   

Oral cancer (OC) is the sixth most commonly reported malignant disease globally, with high rates of disease- 
related morbidity and mortality due to advanced loco-regional stage at diagnosis. Early detection and prompt 
treatment offer the best outcomes to patients, yet the majority of OC lesions are detected at late stages with 45% 
survival rate for 2 years. The primary cause of poor OC outcomes is unavailable or ineffective screening and 
surveillance at the local point-of-care level, leading to delays in specialist referral and subsequent treatment. Lack 
of adequate awareness of OC among the public and professionals, and barriers to accessing health care services in 
a timely manner also contribute to delayed diagnosis. As image analysis and diagnostic technologies are 
evolving, various artificial intelligence (AI) approaches, specific algorithms and predictive models are beginning 
to have a considerable impact in improving diagnostic accuracy for OC. AI based technologies combined with 
intraoral photographic images or optical imaging methods are under investigation for automated detection and 
classification of OC. These new methods and technologies have great potential to improve outcomes, especially 
in low-resource settings. Such approaches can be used to predict oral cancer risk as an adjunct to population 
screening by providing real-time risk assessment. The objective of this study is to (1) provide an overview of 
components of delayed OC diagnosis and (2) evaluate novel AI based approaches with respect to their utility and 
implications for improving oral cancer detection.   

Introduction 

Oral cancer (OC) development is primarily considered as a contin-
uum of epithelial alterations in the oral mucosa [1]. The term “oral 
cancer” includes malignant lesions of the lips, buccal mucosa, hard 
palate, the floor of the mouth, upper and lower gingiva, and anterior 
two-thirds of the tongue, whereas “oropharyngeal cancer (OPC)” de-
scribes malignancies at the posterior third of the tongue, tonsils, and soft 
palate. Ninety-five percent of all oral and oropharyngeal cancers are 
squamous cell carcinomas (SCC) [1]. During malignant transformation, 
aberrant lesions on the oral mucosa, termed oral potentially malignant 
disorders (OPMD), can emerge [2]. These mucosal disorders are defined 
as morphologically altered tissue in which cancer is more likely to occur 
than its normal counterpart [3]. Only some of these OPMDs transform 
into oral malignancies, thus, commonly used other terms such as “oral 
premalignant lesions”, “oral premalignant disease” or “oral premalig-
nant conditions” that imply a more preconceived path of progression are 
no longer advocated [4]. Clinically, these lesions may present as white 

plaques that cannot be scraped off, velvety/fiery red patches, red and 
white mixed areas, chronic ulcers with induration and raised margins, 
and exophytic or verrucous growths [2–5] (Fig. 1a–c). Health care 
providers, mostly dental or medical practitioners and/or dental hy-
gienists, are expected to assess potential and contributing risk factors of 
oral malignancy development including tobacco and alcohol use, ge-
netic susceptibility, immunosuppression, and infections prior to clinical 
examination [6]. After a thorough intraoral and extraoral visual and 
tactile examination under incandescent light, alterations on the oral 
mucosa, head and neck area, and cervical lymph nodes must be recorded 
[5,7]. Numerous adjunctive methods and devices with ambiguous de-
grees of success may be used to assist the clinicians to reveal lesion 
characteristics [8–11]. Among these, the diagnostic value of toluidine 
blue staining has been reported to have variable sensitivity and speci-
ficity, mostly due to the method of staining, quality of the solution used, 
and investigator experience [12,13]. Autofluorescence and chem-
iluminescence imaging methods also present low specificity, and con-
cerns regarding failure to help clinicians in selecting the biopsy site and 
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relatively high cost was reported for chemiluminescence based methods 
[13]. Narrow band imaging was shown as a non-invasive and sensitive 
tool for optical biopsies of OC and oral lichen planus, with significantly 
reduced false positives and false negatives rates compared to conven-
tional oral examination and white light endoscopy [14]. However, early 
OC lesions can be asymptomatic and may appear innocuous, which 
challenges their clinical differentiation from common non-neoplastic 
conditions. Some of these lesions may fail to cause clinical complaints 
until reaching an advanced stage and may go unnoticed by the patients 
[15,16], further delaying the diagnostic process. 

Even though OC is a relatively rare malignancy [16,17], it is the sixth 
most commonly reported malignant disease globally [18], with uniquely 
high rates of disease-related morbidity and mortality due to advanced 
loco-regional stage at diagnosis [16–19], especially in low and middle- 
income countries (LMICs) such as Southern Asia, Pacific Islands, India, 
Sri Lanka, Eastern Europe, and Southern Africa [18,20]. Worldwide, 
there are 354,864 new cases and 177,384 deaths from cancer of the lip 
and oral cavity annually [20]. The five-year survival rate for US patients 
with localized disease at diagnosis is 75–83%, however, for those whose 
cancer has metastasized, the rate decreases to 16–32% [6,21]. Early 
cancers (stage I and stage II) are highly curable (nearly 90% of people 
survive two years) using single modality therapy, causing considerably 
less morbidity and mortality than advanced cancers (stage III and stage 
IV) which have approximately 45% survival rate over two years when 
treated with a combination of surgery and chemoradiotherapy [22]. 

The primary cause of poor OC outcomes is unavailable or ineffective 
screening and surveillance at the local point-of-care level – which is 
usually the dentist or hygienist - leading to delays in (or absence of) 
specialist referral and treatment. Oral cancer patients with a shorter 
interval from initial detection of a suspicious lesion to histological 
diagnosis have a higher chance of better prognosis than those with a 
long delay [16,19,22]. A substantial amount of time lapses between 
patient admission to a health care provider and initiation of appropriate 
treatment after final diagnosis. However, it is a major concern that this 
long process allows disease progression, decreases tumor control, re-
quires more extensive and costly treatment, and reduces survival rates 
[18,23]. Delayed OC diagnosis is also related to poor OC awareness 
among the public and professionals, and to barriers to health care access 
[5,19]. The path between the onset of symptoms and treatment com-
bines several complex components: a) onset of clinical symptoms when 
the patient first notices alterations, b) first visit to a health care pro-
fessional, c) first referral to a specialist for consultation, d) first specialist 
examination, e) final diagnosis, f) treatment initiation [5,19,24]. This 
highly variable “gap” to diagnosis typical has a duration of five to six 
months [5,19]. Diagnostic delay can be classified as “patient related”, 
“professional related” and “system related” [5], which together 
comprise the “total delay” [5,19]. The Aarhus checklist with 4 segments 
(appraisal, help-seeking, diagnosis, pre-treatment) was introduced as a 
guide for a standard and precise methodology in early cancer-diagnosis 
research [25], however, widespread utilization of this guide is yet to be 
established. 

Diagnostic delay and unequal access to health care 

Patient delay 

Patient delay constitutes approximately 1.6–5.4 months [5] and is 
less in individuals who attend dental check-ups regularly [26]. After 
self-discovery of signs and symptoms of OSCC, 30% of patients wait 
more than 3 months to seek a professional opinion, presuming the 
symptoms to be related to other benign dental or mucosal conditions 
[27]. Individuals residing in rural areas with limited access to medical 
centers additionally report inability to access healthcare services in a 
timely manner [28]. This also applies to LMICs and underserved pop-
ulations with no health insurance, including immigrants, homeless, and/ 
or nursing home residents [29]. Thus, the individual causes of patient 
delay can be complex and may also include cultural and religious factors 
[30,31], which can hinder access to healthcare, leading to under- 
reporting as well as poor outcomes [32–34]. Gender preference for 
providers, family involvement in care, maintaining religious practices 
during illness, and preference for traditional remedies [35,36] are re-
ported as additional barriers to healthcare. 

Professional delay 

Due to their specialty, mostly dental practitioners provide the 
gateway to OC care through visual and tactile examination of the head 
and neck, oral soft and hard tissues [5,37,38]. Even though advanced OC 
lesions can be rapidly recognized, general practitioners are still unable 
to effectively recognize early-stage OC or OPMDs [18,19]. The screening 
and diagnostic performance of dental practitioners are poor, with 57.8% 
sensitivity [39] and 31–53% specificity [37,39] for discriminating OC 
from OPMDs and benign oral confounders. The agreement between 
referring dentists and specialists averages only 40%, and dental practi-
tioners tend to refer patients to a specialist only after 2 or 3 recall visits 
[38]. For general medical practitioners who do not provide routine oral 
mucosal examinations due to lack of training, knowledge, equipment, 
time, and the notion that dentists are primarily responsible for oral 
cancer detection, awareness of OC and screening implementation and 
effectiveness may be even less [19], further impairing early detection 
and timely treatment [27,40]. Delayed diagnosis is directly implicated 
in poorer treatment outcomes, higher cost of care, and increased 
morbidity and mortality [22,27,40]. 

Health care system delay 

Patients and health care professionals are not the only variables that 
contribute to delayed OC diagnosis [23,26]. Other factors such as the 
time required for scheduling, workflow, treatment planning [27], as 
well as access to, availability, and affordability of appropriate care are 
also relevant [5,19,27]. The duration of health care system delay and the 
variables involved differ among national health care programs. In 
Finland and Denmark, the public health care system requires patients to 

Fig. 1. (a–c) Clinical presentations of OPMD and OC (a) white plaque which cannot be scraped off (bx: proliferative verrucous leukoplakia); (b) mostly white colored 
verrucous growth (bx: verrucous carcinoma) (c) red and white mixed exophytic area (bx: SCC). (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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contact a primary care practitioner before referral to a specialist, and 
patients who need immediate medical care can be referred in due time 
before being lost among the considerable number of patients in the 
hospitals [41–43]. With the implementation of a program that includes 
multidisciplinary team boards and joint clinics to provide rapid coun-
seling and treatment planning, the median waiting time for treatment of 
OC patients has decreased significantly in Denmark [43]. Similarly, a 
maximum duration of 2-weeks before being examined by a specialist and 
a maximum of 31 days from decision to- date of definitive treatment has 
been targeted for all patients referred with suspected cancer symptoms 
in the UK [44]. The presence of a multidisciplinary team is a vital 
component of any cancer care which positively impacts both the diag-
nosis and the treatment outcomes, and the perceived quality of life of the 
patients [23,43] by reducing the times between consultation, patient 
evaluation, diagnostic biopsy, and initiation of definitive treatment 
[23]. Unfortunately, economic limitations and geographic differences 
can serve as major barriers to the implementation of the multidisci-
plinary teams that ensure optimal outcomes for individuals with OC risk 

Delays may be common in developed and underdeveloped countries 
and regardless of cause, the consequences of diagnostic delays for OC are 
always devastating. Public awareness should be raised and continuing 
education on OC must be implemented in health care policies to reduce 
patient and professionally-related delays. Focused national programs for 
high risk groups, immigrants, and underserved populations may also 
improve access to health care and lead to a reduction in health care 
system delays. Additionally, integration of remote healthcare solutions 
and technologies such as telemedicine and teledentistry could be 
beneficial for bridging the gap between healthcare systems and under-
served populations which are more prone to risk factors for OPMLDs and 
OC. Within this context, the development and incorporation of artificial 
intelligence (AI) to health care services deserves a special place in at-
tempts to reduce the total delay of OC diagnosis. 

Artificial intelligence 

There was a growing interest in AI techniques such as fuzzy expert 
systems, Bayesian networks (BNs), artificial neural networks (ANNs), 
and hybrid intelligent systems throughout the 80′s and 90′s. AI tech-
niques still arouse interest as a means of improved image-based diag-
nosis [45], with healthcare applications constituting the largest 
investment share in 2016 compared to other sectors [46]. The expo-
nential growth in science and technology has introduced different ap-
plications of AI to our daily lives including virtual/digital assistants such 
as Apple’s Siri and Amazon’s Alexa, self-driving cars and cognitive 
computing services to predict business outcomes such as IBM Watson. 
Today these “skills” offered by AI technologies are helping millions of 
people to complete their daily life tasks in a more efficient and timely 
way. AI is also used to address criminal justice needs, such as identifying 
individuals in photographs or videos related to criminal activity. The 
role of AI in shaping the future of modern society remains under debate 
for now, however it is almost certain that these technologies will 
dramatically improve efficiency and performance in our professional 
workplaces. 

AI refers to the simulation of human intelligence and behavior in 
machines and comprises several emerging technologies that have 
become a part of everyday life in recent decades. Machine Learning 
(ML), an important aspect of AI, has enabled computers to develop 
problem-solving skills and to learn without being explicitly pro-
grammed. ML uses different types of classifiers such as support vector 
machines (SVM), ANNs, and decision trees, that require accurately 
categorized input data and structured hierarchical learning networks to 
assist computer systems in building a mathematical model to make de-
cisions [47,48]. The improvements in computer hardware led to the 
computation of bigger data and models via more efficient algorithms 
and resulted in the breakthrough of deep learning (DL). DL uses layers of 
neural-network algorithms and is modeled on behavioral patterns in the 

layers of neurons in the neocortex of the human brain. The more layers 
that exist, the more the depth and performance of the model increase. DL 
enabled computers are able to process numerous algorithms very effi-
ciently and are able to improve image interpretation not only by 
reducing the time, effort, and necessary expertise required for analysis, 
but also by extracting/correcting the essential features utilized for 
automated medical diagnosis [45,46,49]. Based on the functionality of 
the system, AI can be categorized into 4 main categories: reactive ma-
chines, limited memory machines, theory of mind, and self-aware AI 
applications. The two latter currently exist in theory and the reactive 
machines type of AI has been well past. Machine learning models that 
derive knowledge from previously learned information or stored data 
(limited memory type) have been studied most in the field of health care 
[50]. There are 3 main steps to applying AI to medical imaging: pre-
processing, image segmentation, and postprocessing. Preprocessing re-
fers to the removal of unwanted image information to overcome the 
noise in raw images, while the segmentation process recognizes and 
delineates the region of interest (e.g. distinction of pathological areas of 
the lesion from healthy sites) [47]. The primary function of post-
processing is to target and extract information on features of interest (e. 
g. borders, islands) [51,52] and can be performed with several tech-
niques including convolutional neural networks (CNNs), recurrent 
neural networks (RNNs), multiscale convolutional neural networks (M- 
CNN), and multi-instance learning convolutional neural networks (MIL- 
CNN). Neural networks can perform complex computational tasks 
because of the nonlinear processing capabilities of their neurons (Fig. 2) 
[45]. AI based systems can detect minor variations that cannot be 
observed by the human eye, develop diagnostic services by gathering 
data from diverse origins (genomics, radiomics, histology, patient de-
mographics), and guide clinical decision processes. In particular, 
development and refinement of CNNs dramatically improved the ability 
for automated cancer detection [53], management decisions, and 
monitoring treatment responses [54–56]. AI applications have been 
particularly successful in screening and risk assessment for breast [57], 
and lung cancers [58], even outperforming human observers for the 
diagnosis of melanoma [59] and interpretation of screening mammo-
grams [60]. Using digitized cervical images taken with a fixed-focus 
camera, AI-assisted diagnostic technologists also performed better 
than human experts during routine cervical cancer screening [61]. 

Artificial intelligence for oral cancer diagnosis 

AI for early diagnosis of OC is gaining attention as a tool for estab-
lishing more accurate and effective diagnostic tools and superior patient 

Fig. 2. Simplified schematic of artificial neural networks (ANNs). 
Source: Ref. [45]. 

B. Ilhan et al.                                                                                                                                                                                                                                    



Oral Oncology 116 (2021) 105254

4

care. AI based systems/applications with clinical decision support sys-
tems for differential diagnosis of oral mucosal lesions can serve as useful 
modalities in screening [62], classifying suspicious mucosal changes 
[63], tissue diagnostics [64], prediction of lymph node involvement 
[65], gene expression analysis [66], and microbiome profiling [67]. 

AI for oral cancer screening, identification and classification 

Especially in LMICs, the lack of special centers for head and neck 
cancer and the scarcity of clinicians familiar with OSCC pose major 
logistical problems. Effective screening by community health workers 
using only visual examination combined with risk factors can almost 
halve OC and OPC-related mortality in high-risk groups [68,69]. In some 
studies, this type of screening was reported to be cost-effective in in-
dividuals with high OC risk [68,69]. However, other major OC screening 
studies demonstrated no impact on outcomes such as mortality, 
morbidity, and cost [70]. Doubtless, traditional oral screening should 
theoretically be effective in LMICs, yet limited access of large pop-
ulations sectors with high OC risk to any form of health care within these 
countries necessitates other approaches tailored to each area’s individ-
ual constraints and parameters [50]. Several AI based algorithms and 
techniques have been developed in the last decade to which can increase 
the accuracy of oral cancer screening. They have the potential to achieve 
a similar or better level of screening efficacy and accuracy as conven-
tional approaches, while overcoming the need for skilled, trained, and 
constantly retrained screeners. 

AI was used to identify individuals with OC risk as early as 1995. The 
sensitivity and specificity of a trained ANN to detect oral lesions was 
reported as 0.80 and 0.77 respectively [62]. This approach was subse-
quently shown to identify high-risk individuals and recognize 80% of all 
lesions by screening only 25% of the population using targeted simu-
lation modeling techniques [71,72]. An unmatched case-control study in 
2010 [73] compared the ability of fuzzy regression and fuzzy neural 
network prediction models with that of specialist clinicians to predict 
oral cancer likelihood in individuals. Using sociodemographic findings, 
risk habits, and genomic data (GSTM1 and GSTT1) from 84 OC patients 
and 87 healthy subjects as input variables, the authors suggested that 
both AI models provide improved oral cancer susceptibility prediction 
compared with human experts [73]. Similarly, using data from 266 
patients with oral suspicious lesions, a personalized model for the pre-
diction of cancer risk in OPMDs was developed through a ML algorithm 
(random forest) [74]. The authors reported that the proposed novel ML 
model, which can be freely accessed from web.opmd-risk.com, could not 
only distinguish between high-risk and low-risk lesions with high 
sensitivity and specificity, but it could also predict the risk of future OC. 

AI enables remote health care interactions, which may improve 
expedited screening reach, especially in LMICs where screening impact 
is greatest. In recent years interest in AI based telehealth applications 
has exploded, and the value of AI as a tool for remote oral screening has 
been emphasized. In a multistage, multicenter study, a very low-cost 
DL–supported smartphone-based oral cancer probe was developed for 
high-risk populations in remote regions with limited infrastructure 
[75–77] (Fig. 3). The probe’s autofluorescence and polarization images 
were combined with OSCC risk factors for analysis by a proprietary DL- 
based algorithm to generate a screening output that provides triage 
guidance for the screener. In the first clinical study, agreement between 
the screening algorithm and standard-of-care diagnosis measured 80.6% 
[76]. After additional training, the algorithm classified intraoral lesions 
with sensitivities, specificities, positive predictive values, and negative 
predictive values ranging from 81% to 95%. In another study, auto-
mated screening accuracy approximated 85%, which is considerably 
higher than conventional screening accuracy by community health 

workers [76–78]. These results are particularly encouraging in light of 
the large number of global smartphone users, which is projected to total 
3.5 billion by 2020.1 These studies demonstrate the feasibility and po-
tential effectiveness of screening by non-specialist health care providers 
such as nurse/general practitioner/dentist/hygienist./community 
worker using AI supported applications incorporated within mobile 
phones, particularly in underserved and rural areas.[79]. Agreement 
between intraoral images of mucosal lesions recorded by mobile phones 
and clinical examination is reported as moderate to strong, although the 
degree of agreement decreases for low-resolution images [80]. Never-
theless, low-cost AI supported and smartphone-based technologies for 
initial screening of oral lesions can serve as an effective and inexpensive 
technique for reducing professional and health care system delay and 
allowing patients to be triaged to receive appropriate and timely 
treatment. 

Using intraoral photographic images of OSCC, leukoplakia, and 
lichen planus lesions, a discrimination method based on fuzzy inference 
was able to identify OSCC and lichen planus lesions with an accuracy of 
87%, while accuracy was 70% for leukoplakia [81]. Similarly, using 
deep CNN (DCNN) models on a limited number of photographic images 
of tongue lesions for training, a similar performance to humans for 
detecting early signs of OC was achieved [82]. In accordance with these 
findings, an automated DL algorithm that was recently developed using 
a total of 44.409 photographic images of biopsy-proven OSCC lesions 
and healthy mucosa achieved an AUC of 0.983 (95% CI 0.973–0.991), 
sensitivity of 94.9%, and specificity of 88.7% on the internal validation 
dataset [83]. 

To date, there are a number of publications on the application of AI 
technologies to discriminate between oral lesions based on auto-
fluorescence spectroscopy data of the oral cavity. In an early work by 
van Staveren et al. [63], the performance of an ANN based classification 
technique for evaluating autofluorescence spectra of 22 oral leukoplakia 
lesions and 6 healthy mucosal sites was evaluated. The sensitivity and 
specificity of ANN for discrimination between abnormal and normal 
tissues using spectral images were reported as 86% and 100% respec-
tively [63]. Wang et al. [84] utilized a partial least squares and artificial 
neural network (PLS-ANN) classification algorithm to discriminate the 
autofluorescence spectra of premalignant (epithelial dysplasia) and 
malignant (SCC) lesions from benign tissues with a sensitivity of 81%, 
specificity of 96%, and a positive predictive value of 88%. Higher 
sensitivity (96.5%) and specificity (100%) values were reported by 
others with the use of an ANN classifier in a similar study design [85]. 
Measuring autofluorescence spectra for lesion classification with ANN, 

Fig. 3. Smartphone-based oral cancer screening device using both auto-
fluorescence imaging and white light imaging which has interchangeable 
modules installed on a common platform that allows for both (a) intraoral 
imaging and (b) whole cavity imaging. 
Source: Ref. [77]. 

1 https://www.statista.com/statistics/330695/number-of-smartphone-users 
-worldwide/, accessed on Nov 2020. 
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de Veld et al. [86] reported that distinction of healthy mucosa from 
cancer was excellent whereas discrimination of benign tissue from pre- 
malignant lesions was poor. 

To differentiate between oral leukoplakia and OSCC based on 
spectral-biomarker selection, a SVM based method was developed using 
fourier-transform infrared (FTIR) spectroscopy applied to paraffin- 
embedded tissue sections from 8 healthy, 16 leukoplakia, and 23 
OSCC samples [87]. The authors reported that they were able to identify 
discriminatory spectral markers with important bio-molecular changes 
at qualitative and quantitative levels, which were found to be effective 
for classifying disease with high sensitivity and specificity [87]. Addi-
tionally, a ML based diagnostic algorithm for head and neck SCC using 
mass spectra correctly defined the borders of the cancerous regions in 
positive- and negative-ion modes with accuracies of 90.48% and 
95.35%, respectively [88]. 

In a recent study, the performance of a DCCN based algorithm for 
detecting oral cancer from hyperspectral images of patients with oral 
cancer was evaluated [89]. The investigators reported a classification 
accuracy of 94.5% for differentiating between images of malignant and 
healthy oral tissues. Similar results were described in a recent animal 
study [90] and in another project that imaged human tissue specimens 
[91]. DL techniques were also applied to confocal laser endomicroscopy 
to analyze cell structure as a means of detecting OSCC and showed a 
mean diagnostic accuracy of 88.3% (sensitivity 86.6%, specificity 90%) 
[92]. A prototype low-cost optical coherence tomography (OCT) system 
was also used in combination with an automated diagnostic algorithm 
linked to an image-processing app and user interface [93]. The auto-
mated cancer screening platform differentiated between healthy versus 
dysplastic versus malignant tissues with a sensitivity of 87% and a 
specificity of 83% versus the histopathological gold standard [93]. 

AI for oral tissue diagnostics 

AI technologies can contribute to tissue diagnostics by removing 
subjectivity, as well as applying automation and quantification to guide 
diagnosis. In an early study, image analysis was applied to measure 
mean nuclear and mean cytoplasmic areas on oral mucosal cytological 
smears, and the developed algorithm was able to diagnose normal/non- 
dysplastic mucosa and dysplastic/malignant mucosa with a sensitivity of 
0.76 and specificity of 0.82 [94]. In order to facilitate histological ex-
amination of collected cell samples, researchers recently developed a 
tablet-based mobile microscope that combines an iPad Mini with 
collection optics, LED illumination, and Bluetooth-controlled motors to 
scan a slide specimen and capture high-resolution images of stained 
brush biopsy samples [95]. According to their results, the agreement 
between gold standard histology, conventional cytology, and remote 
pathologist evaluation of images indicated that the proposed device may 
improve screening and referral effectiveness especially in rural areas 
and health care facilities with no specialists. 

AI for OMICS in oral cancer 

The introduction of various new omics technologies (e.g., genomics, 
proteomics) made possible the collection of large amounts of cancer 
data. In OC and OPC omics research, AI applications were used in a 
number of studies with the aim of developing prognostic prediction 
models [66,96], determining nodal involvement [97], detecting human 
papillomavirus (HPV) associated biomarkers [98], as well as tran-
scriptomic [99] and metabolite [100] signatures. 

To improve the accuracy of prognostic prediction, Chang et al. [66] 
in a cohort study combined clinicopathologic and genomic data (p53 
and p63) from 31 oral cancer patients using 4 types of classifiers (ANN, 
SVM, logistic regression, and adaptive neuro-fuzzy inference system 
[ANFIS]). The authors reported that ANFIS was the best tool for pre-
dicting oral cancer prognosis, and the 3-input features achieved the best 
accuracy (accuracy = 93.81%; AUC = 0.90) were alcohol habit, depth of 

invasion, and p63. The prediction of prognosis improved using clinico-
pathologic and genomic data compared to clinicopathological data 
alone. Similarly, in 2020, comprehensive clinicopathologic and genetic 
data from 334 advanced OC patients were used to validate a ML based 
algorithm for survival risk stratification in a 15-year cohort study [96]. 
The algorithm was trained using extensive data including patient char-
acteristics, personal habits, primary cancer site, pathological T and N 
stages of the tumor, histopathological findings, surgical findings, and 
ultra-deep sequencing of 44 cancer related gene variant profiles of 
tumor tissue samples. The predictive model using the aforementioned 
clinicopathologic and genetic data outperformed those using clinico-
pathologic data alone. Exarchos et al. [101] used a multitude of het-
erogeneous data based on clinical examination, imaging, and gene 
expression data to identify the factors that anticipate OC progression 
and predict potential relapses of the disease. A separate classifier was 
trained from each data source, as well as an overall one that combines 
the individual classifiers. Additionally, employing a Dynamic Bayesian 
Network (DBN), genomic data was used to develop a Disease Evolution 
Monitoring system. The authors reported an accuracy of 86% by feeding 
the DBN data from the baseline visit which enabled them to provide a 
more personalized treatment by identifying patients with high/low risk 
of reoccurrence. 

Others used fuzzy neural networks (FNN), a subtype of ML, to 
investigate the association between human papillomavirus (HPV) 
infection and the presence of apoptotic and proliferative markers in 
patients with oral leukoplakia [98]. Data from the clinical and immu-
nohistochemical examination, personal characteristics, and habits from 
21 patients with oral leukoplakia was used as ‘input’ variables, while 
presence/absence of HPV was used as ‘output’ variable by the FNN 
system. The developed method revealed that HPV infection was asso-
ciated with survival while proliferating cell nuclear antigen was related 
to HPV positivity with smoking habit in oral leukoplakia patients. In a 
case control study, an SVM classifier was employed to investigate the 
regulatory network of long non-coding RNAs, microRNAs, and 
messenger RNAs in OSCC, which was able to identify transcriptomic 
biomarkers through bioinformatics analysis and revealed potential 
therapeutic targets for OSCC [99]. 

Recently, conductive polymer spray ionization mass spectrometry 
(CPSI-MS) was employed on saliva samples from 124 healthy subjects, 
124 patients with premalignant, and 125 patients with OC lesions to 
discover and validate dysregulated metabolites and determine altered 
metabolic pathways [100]. According to the study results, the combi-
nation of Lasso approach and CPSI-MS enabled a molecular diagnosis of 
86.7% accuracy, which indicates that adaptation of ML to CPSI-MS of 
saliva samples can provide a simple, fast, affordable noninvasive tool for 
OC diagnosis. AI was also used to determine salivary microbiome 
changes during oral carcinogenesis. Chen et al. [67] compared salivary 
microbiome from patients with that in patients with oral submucous 
fibrosis (OSF) and OSF + OSCC using high-throughput sequencing of the 
bacterial 16S rRNA gene. By combining features of the bacterial species 
with the host’s clinical findings and lifestyle, ML analysis efficiently 
discriminated the OSF and OSF + OSCC groups with 85.1% mean 5-fold 
cross-validation accuracy and an AUC of 0.88. 

AI applications in omics target tasks that are impractical to perform 
using human intelligence and error prone when addressed with standard 
statistical approaches. Advanced and combined interpretation of omics 
data with clinicopathologic and imaging features through AI and ML 
approaches could improve clinical practice and also provide a deeper 
understanding of OC. 

Conclusion 

The rapid evolution of AI based applications promises new oppor-
tunities for screening and diagnostic approaches to OPMLs and OC. 
These technologies are still in their infancy and need to be developed 
better before they can find widespread use as adjuncts for predicting 
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cancer risk and population screening. Nevertheless, considering that 
detection of OPMDs and early stage OC is challenging for general 
practitioners, AI algorithms incorporated with telemedicine technolo-
gies and AI supported and smartphone-based technologies for the initial 
screening of oral lesions can serve as effective and valuable methods that 
may decrease both professional and health care system delay and allow 
patients to be triaged accordingly to receive appropriate and timely 
treatment in future. This would be most beneficial to underserved 
populations and high-risk groups in rural/remote areas with limited 
access to health-care services. 
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