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Abstract 

 

Introduction: Oral cancer is the sixth most common cancer worldwide, with a mortality rate of up to 50%. 

According to the report in 2012, there were 8.2 million cancer deaths and 14.1 million new cases of oral squamous 

cell carcinoma (OSCC). These malignancies are still frequently not discovered and their survival rate has remained 

essentially unchanged over the past three decades. Objective: This paper aims to determine the potential 

predictors which contribute to the TNM staging of OSCC using decision tree analysis of 57 patients who attended 

Hospital USM, Kelantan. Method: Two methods of statistical analysis were used which were decision tree 

analysis and ordinal logistic regression analysis. Results: Using decision tree analysis, three factors were related 

to the TNM staging which are T Classifications, N Classifications, and Surgical Margin. From the ordinal logistic 

regression point of view, T Classifications, N Classifications, and Surgical Margin are contributing to the TNM 

staging. Conclusion: From all the analysis, it can be concluded that the proposed method produces excellent 

outcomes. The new approach in methodology delivers an accurate estimation of the final model's fit. The model's 

enhanced methodology leads to better outcomes and efficient decision-making. 

The method approach provides an accurate evaluation of the final model's fit. The model's superior performance 

resulted in better outcomes and more effective decision-making.  
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1. Introduction 

 

The sixth most common tumor that is also malignant 

is oral squamous cell carcinoma (OSCC) and it 

accounts for up to 50% of oral cavity deaths [1, 2]. 

The highest prevalence of these cancers was found 

in Asia, which accounts for 2 to 5% of all cancer 

cases worldwide. The global survival rate has 

continued unchanged over the past few decades 

despite recent advances in therapeutic approaches 

[3-5]. These cancers have a multifactorial etiology 

which includes tobacco use, smoking, paan, betel 

quid, alcohol consumption, and viral stimuli [6-8]. 

According to a systematic review of the lip, oral 

cavity, and pharyngeal cancers in 2012, it was 

estimated that there were 263,900 new cases 

worldwide and that there were also 128,000 deaths 

from oral cavity cancer, which is an increase from 

previous years [4]. According to the WHO, the age-

standardized rate (ASR) for the occurrence of oral 

cancer in the Malaysian population is 3.0 for every 

100,000 people with the highest incidence of oral 

cancer among female populations in India at 10.2 

per 100,000 [9]. Data from the Malaysian Oral 

Cancer Research and Coordinating Center 

(OCRCC) published in April 2011 showed that there 

were 1587 oral cancer deaths in Malaysia or 1.5% of 

all fatalities. Malaysia stands in 14th place 

worldwide having an ASR death rate of 7.72 for 

every 100000 people [10]. According to a prior 

study, in Kelantan, oral cancer patients had a median 

survival time of 9 months and an 18.0% 5-year 

survival rate [11]. The factors that led to poor 

survival included being elderly, male, having an 

advanced stage at diagnosis, and not receiving 

treatment.  

In many developing nations, using tobacco, and 

drinking alcohol have all been linked to an increase 

in the risk of oral cancer [12]. Recent studies have 

demonstrated that the human papillomavirus (HPV) 

plays a significant causal role in OSCC [8]. All over 

the world, the human papillomavirus is a significant 

public health risk. Tonsils and the base of the tongue 

are two locations frequently affected by HPV-

related cancers [6]. The estimated prevalence of 

HPV in normal oral mucosa ranges from 0.6% to 

81.0% [13]. Numerous studies have documented the 

presence of HPV in oropharyngeal cancers. 

However, HPV is less prevalent in the oral cavity 

than oropharyngeal cancer. According to a previous 

assessment by the International Agency for 

Research on Cancer (IARC) on HPV 

carcinogenicity, there is ample evidence of HPV 

carcinogenic activity in oral cavity and oropharynx, 

yet little evidence for laryngeal cancer [8]. 

According to a recent report published by the WHO 

on the classification of head and neck tumors with 

HPV carcinogenesis, 3% of OSCCs are associated 

with HPV [12]. The role of HPV in the oral cavity 

has been well-documented, but it varies 

considerably based on anatomical site, ethnicity, 

detection method, and geographical variation in 

prevalence. There are limited studies looking at 

HPV and OSCC together in the Malaysian 

population [14]. 

According to Chaturvedi et al (2012), there are 170 

sub-types of HPV that are classified as low-risk and 

high-risk [6]. The benign oral papillomatous lesions 

oral squamous papilloma, oral condyloma 

accuminatum, oral verruca Vulgaris, and focal 

epithelial hyperplasia appear to be strongly 

correlated with low-risk HPV such as HPV-6 and 11 

[6]. On the other hand, oral potentially malignant 

disorders and OSCC are both linked to high-risk 

HPV, specifically HPV 16 and 18 [15]. It is well 

known that these high-risk HPV subtypes are 

frequently linked to cervical and other anogenital 

cancers [2, 8, 16]. The most useful prognostic tool 

for tumor survival in use is the tumor-node-

metastasis (TNM) staging system [13]. 

Additionally, the clinical characteristics of the 

patient, along with their gender, age, and smoking 

behaviours, are taken into account when deciding on 

a therapeutic approach to minimize the risk of 

complications and maximize the prognosis for the 

many different types of cancer [8, 17]. This raises a 

crucial issue in the management of OSCC because 

many of the identification factors are linked to a 

poor prognosis. Numerous different 

clinicopathological factors, including age, smoking 

habits, TNM staging, lymph node involvement, and 

microvascular involvement have been examined as 

prognostic factors for OSCC in earlier studies [18].  

 

2. Material, Methods, And Data 

 

Decision Tree  

Supervised machine learning with partitioning data 

on specific parameters gives us decision trees. The 

decision tree results are represented by leaves, and 

data are divided at the decision nodes. It is a good 

and useful tool for categorization, decision-making, 

and predictions in chronological choice problems 

[19]. This approach has been extensively employed 

in the medical field. For example, decision-makers 

commonly face sequential decisions with options 

depending on chance, but resulting in different 

results. Decision trees are the optimal approach to 

display this type of information graphically. It aids 

patrons in understanding issues naturally and 

making clearer judgments, as well as offering 

guidance on decision-making processes and 

potential outcomes. Three different node types make 

up a decision tree, as shown in Fig. 1: (a) choice 

node (b) chance node (c) endpoint node/terminal 

node [20]. A node is split when the global null 

hypothesis is rejected, and the covariate with the 

strongest link to the outcome is chosen for splitting. 

If the minimal p-value exceeds the multiplicity-
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adjusted significance threshold, then the node is not 

split and is labeled as the terminal node.  

A data point x in this study is a vector of d attribute 

with optional class label y. The set of attributes is 

denoted by A = A1, A2,..., Ad.  We can characterize 

x as {x1,x2,...,xd}, where x1∈A1, x2∈A2, ..., xd∈Ad. 

Let Y = {y1,y2,...,ym} be the set of class labels. Each 

training item x is mapped to a class value y where 

y∈Y. The complete set of training data is X. A 

partitioning rule S (splitting rule) subdivides data set 

X into a set of subsets collectively known as XS; that 

is,  XS={X1, X2,...,Xk} where Ui Xi = X. A decision 

has each set of parent nodes corresponds to an XS 

partitioning of the parent's data set, with the entire 

data set connected with the root.  The number of 

items in Xi that belong to class yj is |Xij|. The 

probability that a randomly selected member of Xi is 

of class yj is ij ij ip X X  

 

 
Figure 1: Decision trees are graphical models for describing sequential decision problems 

 

Ordinal Regression 

Ordinal logistic regression (OLR) is ideal for 

modeling a categorical variable (variable with more 

than two categories). Regarding our situation, the 

OSCC has already been graded as an ordinal 

variable with four different levels. Therefore the 

next step is to model the ordinal regression. The 

value of the regression parameter will be calculated 

using the maximum likelihood technique. The 

ordinal model is provided by 

𝑦𝑖
∗ = 𝑥𝑖𝛽 + 𝜀𝑖 

   

   

  (1) 

The dependent variable, however, is categorized, so 

we must use  
 
 












x|jYP

x|jYP
lnxC

x
 

and 

 
  0 1 1 2 2 3 3 4 4 k k

pr event
ln β β β β β , , β

1- pr event
X X X X X

 
         

. This may be  

summed up as 

           
 
  kij

Xβα
x|jYP-1

x|jYP
ln 












     

1... , 1,2,..., -1i k j p                 

(2) 

where   

 j
 = called threshold or intercept 

i = Parameter in the model 

i1
X = Set of factors or independent 

variables. 

Equation (2) above is an ordinal logistic model for k 

predictors with the p-1 levels response variable [18]. 

 

The Data  

The research was conducted at Hospital Universiti 

Sains Malaysia (USM) in Kubang Kerian, Kelantan, 

Malaysia. A total of 57 patients took part in this 

study. The data summary for the selected variable in 

the analysis is described in Table 1. 

 

 

Table 1: Data description of research variables 

Code-variables Explanation of user Variables 

TNM Staging 1 = Stage 1; 2 = Stage 2;  3=Stage 3; 4=Stage 4a, 4b, 4c 

T-Classification 1 = T1;  2=T2 ; 3 = T3 ; 4 = T4a,4b,4c 

N-Classification 1 = N0; 2= N1;  3 =N2a;  4 = N3 
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Surgical Margin 1 = Not involve; 2 = Yes; 3 = Not applicable 

 

The IBM SPSS program was used to do the 

statistical analysis. To get the best research 

outcomes, this study uses two separate statistical 

approaches which were decision tree analysis and 

ordinal regression analysis. In this instance, four 

variables were selected based on the importance of 

each variable to TNM staging. The decision tree 

analysis was used to select the variables for the 

ordinal regression modeling. It was discovered that 

T classification, N classification,  and surgical 

margin were related to the TNM staging. 

 

3. Results 

 

The decision tree result was constructed based on 

the recommendation of IBM SPSS. To ensure that 

this model fits the data, the fitting of the model will 

be examined through the statistical procedure. 

Figure 2 shows the decision plot. It was found that 

in the first split, the p-value for the split is significant 
2[ ( ) 40.240(2); 0.05]df p   and was 

assigned to the T classification. 

 

 
Figure 2: The Decision Tree Analysis 

 

The T1 Classification is the starting point for the 

discussion. Three nodes fall under the T1 

classification. Node 1 contains three cases at stage 1 

and two cases at stage 3. There are 25 cases of the 

T2 to T3 classification at node 2, consisting of four 

cases (16%) at stage 2, Nine cases(36%) at stage 3, 
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and twelve cases (48%) at stage 4. At Node 3 

(T4/T4a/T4b  classification), 27 cases were 

reported.  Furthermore, Node 4 and Node 5 fell 

under the N classification. The split value was given 

as 2[ ( ) 6.540(1); 0.05]df p   . Node 4 shows 

that there are 3 cases found in the stage of no lymph 

node palpable. While with the presence of the lymph 

Node (Node 5), two cases were found. Node 2 was 

divided into Node 6, and Node 7 with the splitting 

value given as 2[ ( ) 22.318(1); 0.05]df p   .  

At Node 6  with splitting N1(metastasis in a single 

ipsilateral lymph node), the TNM stage 2, Stage 3, 

and Stage 4a, 4b, 4c were given as 4(26.7%), 

9(60.0%), 2 (13.2).  while Node 7 is referring to the 

Metastasis as specified in N2a, 2b, 2c. There are ten 

cases for stages 4a, 4b, and 4c, according to Figure 

2. The third splitting was referred to as the surgical 

margin status 2[ ( ) 7.593(1); 0.05]df p    

under Node 6. Under the surgical marginal Status 

“Yes and Not Applicable”, which is referred to the 

Node 8, four cases were reported for stage 2 and five 

for stage 3. While the surgical marginal status was 

“Not involved” four cases were reported for stage 3 

and two for stages 4a, 4b, and 4c. Using this 

statistical tool for the classification, three factors 

have a high potential for the TNM staging 

classification. The TNM staging scenario can be 

determined based on these three: T Classifications, 

N Classification, and surgical marginal status. This 

can be seen through the significant result of the 

splitting classification with the assistance of the 

statistical point of view. These variables will be a 

feeder for the ordinal regression modeling. 

 

Table 2: Parameter estimate on the ordinal logistic regression model. 

 Estimate 

Std. 

Error Wald df p-value 

95% Confidence 

Interval 

Lower 

Bound 

Upper 

Bound 

Threshold [TNMstaging = 2] 7.777 2.364 10.822 1 0.001 3.143 12.410 

[TNMstaging = 3] 9.719 2.708 12.882 1 0.000 4.412 15.027 

[TNMstaging = 4] 11.823 2.908 16.527 1 0.000 6.123 17.523 

Location T Classification 2.442 0.588 17.213 1 0.000 1.288 3.5950 

N Classification 1.128 0.656 2.953 1 0.086 -0.158 2.4140 

Surgical Margins 0.790 0.638 1.533 1 0.216 -0.460 2.0390 

Ordered logistic regression was applied with the simplifying  the SPSS syntax; Significant at the level of 0.25 

Model fitting information :  [χ2 (df) =42.312(3); p < 0.05] 

Goodness of fit test (Pearson) [χ2 (df) =34.66(30); p < 0.05] 

Pseudo R-Square (Nagelkerke) :  62.3% 

 

The results of an ordinal regression model 

incorporating ordinal regression and decision tree 

analysis are summarised in Table 2. The threshold is 

utilized to compute the predicted probabilities that a 

patient with a given set of characteristics belongs to 

a particular category. The proposed ordered logistic 

regression models for the different cut-off points 

shall be different and represented by a separate 

equation, so the formulations for the second, third, 

and fourth category becomes (the estimated model): 

 

Ordinal logistic regression for TNMstaging = 2 

Logit (P(Y 2) = 7.777 + (2.442T Classification) 

+ (1.128N Classification)  

                             + (0.790  Surgical Margin)                                                                 

 (3) 

 

Ordinal logistic regression for   TNMstaging = 3                                                                                                          

Logit (P(Y 3) = 9.719+ (2.442T Classification) + 

(1.128N Classification)  

                             + (   Surgical Margin)                                                                    

 (4) 

 

Ordinal logistic regression for   TNMstaging = 4                                                                                                          

Logit (P(Y 4) = 11.823+ (2.442T Classification) + 

(1.128N Classification)  

                             + (0.790Surgical Margin)                                                                        

(5) 

 

The ordinal model considers three factors that adjust 

the class odds ratio, including T-Classifications, N-

Classification, and Surgical Marginal status. Its 

shows that the T-Classifications [ TClassifications
=2.442; p < 0.25; 95% CI (1.288, 3.595)], N-

Classification  [ NClassifications =1.128; p < 0.25; 

95% CI (-0.158, 2.414)], and Surgical Margin 

Status. [ Surgical Marginal status= 0.790; p < 0.25; 95% 

CI (-0.460, 2.039)]. T-Classifications, N-

Classification, Surgical Margin and show that when 

either increase, there is a higher TNM staging.  

 

4. Discussion 

 

The discussion of this proposed model can be 

divided into two phases: the first phase focuses on 

the decision tree technique used to identify the 

factor, while the second phase examines the results 
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obtained. The methodology suggested for an ordered 

logistic regression model with decision tree analysis 

requires that the response variable is ordinal. The 

proposed method provides an alternative to ordinal 

regression analysis. This study helps health workers 

to identify individual TNM staging based on the 

high potential parameter. This paper's goal was to 

discuss the suggested idea of combining the ordinal 

regression methodologies and the results from a 

statistical perspective. The study's main objective 

was to evaluate a decision tree and ordinal 

regression methodology combination and apply 

biostatistical techniques. The decision tree method 

effectively assesses the variables that should be 

carefully chosen for the final model in this particular 

research project. Alternatively, decision trees can be 

used to select the most pertinent input variables that 

will be used to build the models, which can then be 

used to formulate a clinical hypothesis and inform 

future researchers. The decision tree-derived 

variable selection shows that such prediction models 

can be created successfully; this method is very 

helpful for the planning of health services. The most 

significant variables, in this case, were T-

Classification, N-Classification, and surgical 

margin. This method can be utilized as an alternative 

to ordered regression modeling in situations where 

the selection of appropriate variables was based on 

a computational analysis that predicted the 

significance of the independent variable that should 

be selected for the final model. The findings assisted 

the decision-maker in achieving the best possible 

outcomes. Integrating a decision tree with ordered 

regression analysis allows us to create a more robust 

clinical application of risk factors.  Using decision 

tree analysis, more conclusive, detailed, and reliable 

results can be obtained. The proposed method and 

obtained outcomes prove the superiority of the 

modeling approach taken. The purpose of this article 

is to create a new technique that combines a decision 

tree with ordered logistic regression. This 

methodology can be used by policymakers and 

health professionals to determine the correlation 

between TNM staging and its effects. 

 

5. Conclusion 

 

The factor that caused the TNM staging was 

successfully identified by the proposed method. The 

decision tree analysis plays as a tool for factor 

determination, and the obtained result would 

enhance the level of TNM staging and the diagnosis. 

The result shows that TNM staging was closely 

correlated with three factors: T-classification, N-

classification, and surgical margin. Besides that, the 

methodology proposed provides an accurate 

evaluation of the final model's fit. The model's 

superior performance led to improved results, 

effective decision-making management, and the 

TNM staging prediction level. It is hoped that the 

proposed methodology will help clinicians manage 

and predict TNM staging in OSCC patients. The 

proposed idea of combining two statistical analyses 

can later be implemented as a single-user tool for 

statistical data analysis. The idea of combining 

ordered logistic regression and decision tree analysis 

produces very good results and this procedure can 

be an alternative for regression modeling with high 

accuracy. In conclusion, successful methodology 

development is a result of both the concept of 

combining statistical tools and the ability to obtain 

results using the suggested approach. This concept 

may be a useful advancement in methodology 

development research in the future. 
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