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Abstract: Oral squamous cell carcinoma often arises from an oral potentially malignant disorder 
called oral leukoplakia (OL). With this work we aimed to develop a novel data-driven predictive 
model based on gene expression profiles to distinguish OL patients who underwent malignant 
transformation from those who did not. We used the Tree Augmented Naïve (TAN) Bayes classifier 
to predict the posterior probability of having oral cancer given the data. 86 patients were included 
with a median follow-up of 7.11 years. Fifty-one patients (51/86; 59%) underwent malignant trans-
formation. We found that 16 genes were predictors of oral cancer in patients with OL and these 
included SLC7A11, SPINK6, SERPINA12, VIT, ATP1B3, CST6, FLRT2, ELMOD1, AZGP1, 
RNASE13, DIO2, ECM1, CYP4F11, SYTL4, AKR1C1, and AKR1C3. In conclusion, we showed that 
Bayesian gene networks are a data-driven approach which could be used also in other predictor 
models in oncology.  
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1. Introduction 

Worldwide, lip and oral cavity cancer accounts for more than 350,000 cases and 177,000 
deaths every year [1]. An estimated 54,010 new cases of cancer of the oral cavity and 
pharynx are expected in the United States in 2021, with incidence rates now more than 
twice as high in men as in women [2]. Oral cancer is a genetic disease that arises in a se-
quential process in which normal cells are transformed into precancerous cells and then 
to cancer [3][4]. Several oral cancers are preceded by oral potentially malignant disor-
ders, such as leukoplakia and erythroplakia. Leukoplakia is defined by the World 
Health Organization (WHO) as “a white plaque of questionable risk having excluded 
(other) known diseases or disorders that carry no increased risk for cancer” [5]. Leu-
koplakia may have a histological diagnosis of “benign hyperkeratosis” or parakeratosis 
without dysplasia, epithelial dysplasia (categorized by mild, moderate, or severe), carci-
noma in-situ or invasive squamous cell carcinoma [6,7]. The presence of dysplastic areas 
in the epithelium of the oral cavity has been associated with the progression to cancer. 
Other risk factors associate with malignant transformation include tobacco use and 
heavy alcohol consumption [8]. The role of persistent high-risk type Human Papilloma 
Virus infection in oral leukoplakia remains controversial [9]. In the last few years there 
has been an increasing interest in genes that predispose to oral carcinogenesis. Studies 
have shown an overall improvement in discovering disease-related biomarkers [10] and 
genetic analysis led to promising results in predicting malignant progression of oral po-
tentially malignant disorders [11-13]. However, there is an experimental bias in develop-
ing these new methods as they are based on a set of gold-standard gene list, which are 
often the result of previous works. As such, the aim of this study was to develop an un-
biased and data-driven predictive model based on gene expression profiles to 
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distinguish leukoplakic patients who develop oral cancer from those who did not un-
dergo malignant transformation.  

 

2. Materials and Methods 
We built a predictive model for oral cancer in patients affected by oral leukoplakia con-
sidering genes associated with risk of oral cancer, histological diagnosis of leukoplakia, 
tobacco use and alcohol consumption. Data were obtained from the GSE26549 dataset [14]. 
Demographic and clinical information, sample preparation, amplification, labeling, and 
microarray hybridization have been previously described in detail [14]. There was a total 
of 29,096 genes. First, duplication of genes was removed. Genes that shared the same Gene 
Symbols were considered as identical and expression profiling was collapsed. Genes 
whose Gene Symbols were not available were discarded for this analysis. For GSE26549, 
19,894 unique genes remained after duplication removal and expression profiling col-
lapse. Uninformative genes, whose variances across all samples were less than 75% quan-
tile of all genes' variances, were eliminated at the beginning. Specifically, 4,973 informa-
tive genes remained. The relatively small number of the available sample led us to utilize 
the Tree Augmented Naïve (TAN) Bayes classifier [15] to predict the posterior probability 
of having oral cancer given the data. In this structure, the assumption is that each variable 
only depends on only one other variable. This simplifying assumption to approximate the 
joint distribution of variables helps in estimating the joint distribution from a relatively 
small sample size [16,17]. Several empirical studies have shown that the TAN structure 
can outperform other well-known predictive models in a relatively small sample situation 
[15,18]. Furthermore, the graphical representation of the constructed TAN model reveals 
any existing interaction among factors used to predict the response variable. A Sequential 
Forward Search (SFS) was used as feature selection to select the most promising genes. 
For the purpose of this analysis three nodes 1) histology (dysplasia versus hyoerkerato-
sis/hyperplasia), 2) alcohol consumption, and 3) smoking status were fixed in the model. 
In our implementation, selection procedure was terminated if the estimated cross-valida-
tion accuracy of the constructed TAN model decreased when a new feature was added, 
or the estimated accuracy remained the same for the 10 consecutive genes. Finally, one 
TAN classifier was constructed based on the selected genes as well as histology, alcohol 
consumption and smoking status.  To validate our constructed predictive model using 
selected genes (see Results section for the list of genes) and, at the same time, avoid the 
selection bias in small sample, a nested cross-validation procedure as described previ-
ously was used [16,19] (see Figure 1). In this procedure, the cross-validation is applied 
external to the feature selection (i.e., SFS + internal cross-validation). The area under curve 
achieved by 10-fold nested cross-validation was 85%.      

3. Results and Discussion 
A total of 86 patients were included for this project and had a median follow-up of 7.11 
years. Fifty-one individuals (51/86; 59%) developed oral cancer over time [14]. Our find-
ings showed that 16 genes were predictors of oral cancer in patients with leukoplakia 
(Figure.2) and these include SLC7A11, SPINK6, SERPINA12, VIT, ATP1B3, CST6, FLRT2, 
ELMOD1, AZGP1, RNASE13, DIO2, ECM1, CYP4F11, SYTL4, AKR1C1, and AKR1C3. In 
addition, tobacco smoking, alcohol consumption and having a diagnosis of dysplasia in-
creased the risk of developing oral cancer. The underlying hypothesis of our work was 
that cancer progression from leukoplakia is modulated by a set of genetic variations that 
interact to control these processes. The goal of this study was to identify such a set of 
variations and combine them into a predictive model of genetic and clinical data using 
Bayesian networks, an innovative approach developed at the crossroads of statistics and 
artificial intelligence. In the present study we used a completely data-driven approach for 
predictive medicine. Using this approach, new genes associated with the malignant 
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progression of leukoplakia were discovered (Figure 2).  The genes SLC7A11, SPINK6, 
SERPINA12, VIT, ATP1B3, CST6, FLRT2, ELMOD1, AZGP1, RNASE13, DIO2, ECM1, 
CYP4F11, SYTL4 merit further investigation in the future in the context of malignant pro-
gression of leukoplakia to OC. AKR1C1 and AKR1C3, are genes found to be involved in 
tobacco carcinogen in oral buccal mucosa [20]. Future studies are needed to shed some 
light on the functions of these genes and gene products.  
 
In summary, this work presents a data-driven approach to integrate clinical and genomic 
data in order to discover new biological pathways for oral cancer progression and leu-
koplakia-related genes. We anticipate Bayesian gene networks will be used for larger 
studies to predict the malignant transformation of leukoplakia.     

 

  
Figure 1. A schematic diagram of the cross-validation procedure external to the SFS feature selec-
tion. SOC (Sno OC) denotes the set of leukoplakic patients who (do not) develop oral cancer. We 
used a 10-fold cross-validation both external and internal to the feature selection process. Without 
having an external cross-validation the process of feature selection results in a selection bias, 
which results in an optimistic generalization error of the constructed classifier [19}.    

Abbreviations: TP: true positive; TN: true negative; FP: false positive; FN false negative.   
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Figure 2. Graphical representation of the predictive model of oral cancer given oral leukoplakia. 
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