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Abstract

One of the most common malignancies in the head and neck region is the Oral Squamous Cell Carcinoma (OSCC). Its high mortality and
morbidity coupled with a low survival rate make this cancer a pressing concern the world over [1]. TNM staging standards (8" edition,
2017) by the American Joint Committee on Cancer (AJCC) and the International Union against Cancer (UICC) and World Health
Organization (WHO) histopathologic grading (4™ edition, 2017) are a key step in management and treatment of OSCC. Machine learning
has applications in varied domains of OSCC [2]. We present machine learning approaches including Random Forest, Logistic
Regression, Adaboost Classifier, Gradient Boosting and Extra Trees Classifier to analyze, correlate and subsequently, predict the
histopathological grading of OSCC utilizing multiple data obtained from The Cancer Genome Atlas (TCGA) database [3]. The results,
post data wrangling were found to be 62.5%, 59.375%, 59.375%, 53.125% and 54.6875% respectively.
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1. Introduction

Cancer is one of the top causes of death globally. Oral cancer especially, is the leading cause of mortality among all other
oral diseases. The yearly global incidence as of 2020 according to the Global Cancer Observatory (GCO) was 377,713 cases
with the majority from Asia with 248,360 followed by Europe with 65,279 and lastly, North America recorded 27,469 cases
[4]. The risk factors range from tobacco and alcohol to carcinogenic viruses like the human papillomavirus (HPV), oro-
dental factors and dietary deficits [5]. Existence of any pre malignant lesions and conditions like oral lichen planus (OLP),
leukoplakia, erythroplakia and oral submucous fibrosis (OSMF) substantiate the risk of developing oral cancer [6].

Adenocarcinoma (ADC) and Squamous cell carcinoma (SCC) constitute the two major types of carcinomas affecting
epithelial tissue. SCC can be found in a number of sites such as the head and neck region, lung, prostate, skin, cervix and
vagina [7]. Early detection and timely management of any malignancy helps in decreasing morbidity and mortality and
increasing long-term survival rates. The next step after detecting a malignancy is staging and grading it with the help of two
important standardized classification systems namely, the TNM (T-primary tumor size N- lymph node involvement M-
distant metastasis) staging and histopathologic grading. These help with appropriate treatment planning, estimating
recurrence risk, assessing prognosis and ultimately indicating how successfully can the given patient be cured.

Treatment of OSSC is multimodal involving surgical resection with any required adjuvant therapy like radiotherapy and
chemotherapy. The need for adjuvant therapy is decided on the basis of severity of the lesion decided by the TNM staging
and histopathological grading. Characteristics taken into consideration are the histopathology report depicting
differentiation, depth of invasion, metastasis, nodal status among others; location of primary tumor and presence of vital
structures nearby [8].

With machine learning emerging as an essential aid in the areas of cancer prognosis, diagnosis and treatment planning, we
hereby introduce this research paper which compares the accuracy in predicting the histopathological grading when TNM
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staging along with certain other characters are loaded into a variety of machine learning models including Random Forest,
Logistic Regression, Adaboost Classifier, Gradient Boosting and Extra Trees Classifier, using data acquired from TCGA
database.

2. Literature Review

Random Forest based algorithms used to predict high risk identify oral premalignant lesions had a positive predictive value
of 74% and negative predictive value of 76% [9]. The first study that implemented Artificial Neural Networks (ANN) with a
web-based prognostic tool to predict the recurrences in oral tongue squamous cell carcinoma yielded an accuracy of 92.7%
for ANN and 88.2% for the web-based prognostic tool [10]. In another study the Decision tree classifier had the highest
accuracy to predict the five-year recurrence free survival rate for oral squamous cell cancer using clinical and
histopathologic data with 76% followed by Logistic Regression with 60% [11]. A predictive model built with XGBoost
architecture to predict occult nodal metastasis in early oral squamous cell carcinoma using multi-institutional
clinicopathological data had a sensitivity of 91.7%, specificity of 72.6%, positive predictive value of 39.3% and negative
predictive value of 97.8% [12].

Most studies utilized machine learning algorithms to predict incidence of oral cancer, potential of development of oral
cancer in premalignant lesions, risk of recurrence, risk of metastasis, survival rates of patients. This paper however, utilizes
clinical data and TNM staging to predict histopathological grading thus being an essential aid to clinicians in formulating a
case appropriate treatment protocol rapidly, especially in the cases of aggressive tumors where time is of the essence.

3. Theoretical Review

3.1 Oral squamous cell carcinoma

Oral squamous cell carcinoma is derived from the oral mucosal epithelium and is usually found on the lateral borders of the
tongue, lips, buccal mucosa, hard palate and retromolar trigone area. Carcinoma associated with carcinogens like alcohol
and tobacco is seen in Southeast Asia and Australia [13]. Whereas, Human Papilloma Virus (HPV) related infections are the
major cause of this malignancy along with other squamous cell carcinomas in the head and neck region in USA and Western
Europe [14][15]. Males are at a higher risk of developing OSCC than females. The risk factors for OSCC are tobacco
consumption including smokeless tobacco, areca nut, betel quid and alcohol consumption, environmental pollutants and
viruses like HPV and Epstein-Barr Virus (EBV) and genetic factors [16].

The progression of healthy epithelium to one that is malignant undergoes a number of histopathological stages namely, cell
hyperplasia (increase in number of cells), cell dysplasia (increase in abnormal characters of cells), carcinoma in situ and
frank invasive malignancy [16]. Apart from the etiological agents a number of biomarkers have been identified and
associated with cancer stem cells that may originate from mature progenitor pluripotent stem cells like CD44(type 1
transmembrane glycoprotein), CD133(prominin 1) and ALDH1(aldehyde dehydrogenase 1) [17][18].

Clinically, OSSC presents as a non-healing ulcer and is usually caught in the initial stages as patient is aware of the
ulceration. Definitive diagnosis however, is with the help of histopathological study of a biopsy procured from the primary
lesion and neck masses, if any [19]. Histopathologic grading depends on the type of hyperplastic or dysplastic features seen
in the biopsied tissue and is the gold standard in the confirmation of presence of malignancy.

Staging according to TNM system is done with the help of extensive head and neck clinical examination along with CT and
MRI scans to identify the extent of the lesion. Chest CT scans are conducted to rule out any distant metastases [16].
Management of OSCC depends on the size and grade of tumor, anatomical location, presence of nearby vital structures,
nodal involvement and metastases. Conventional treatment involves a combination of radical surgery, radiotherapy and
chemotherapy. Occult nodal involvement show better prognostic results with elective neck dissection [20].
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3.2 TNM staging

The malignancy staging system called TNM staging assesses the expanse of tumor growth in the whole body with T
standing for primary tumor size, N representing the involvement of regional lymph nodes and M is the distant metastases.
This system considers only the anatomic involvement and does not take into consideration any other prognostic factors [21].

The TNM staging was first published in the year 1968 by the International Union Against Cancer (UICC) which was
followed by the American Joint Committee on Cancer (AJCC) in the year 1977 by publishing its first staging manual. The
8" edition of the UICC and AJCC staging manual was released in 2017 which included two major changes, one it
introduced tumor depth of invasion (DOI) in the T stage and extracapsular spread in the N stage [22][23].

3.3 Histopathologic grading

Broders [24] introduced the histopathological grading based on SCC of the lip. More grading systems were suggested by
Jakobsson et al. [25], Anneroth et al. [26] and Bryne et al. [27]. The World Health Organization (WHO) is based on the
Broders criteria and has three grades of OSCC namely well-, moderately-, and poorly-differentiated [28].

Specimen for the grading is taken as a wedge-shaped tissue from the suspected lesion including the healthy tissue for
comparison. Grading is carried out with the help of the number of undifferentiated cells seen with hyperplastic and/or
dysplastic features. The more the cells the higher the grade and invariably, the more aggressive the cancer.

3.4 Random Forest

Random forest, practically, is a model built atop the bedrock idea of decision trees, which are supervised learning models
that can be utilized for both classification and regression tasks. Decision trees function on the selection of an individual
feature, labelling it as the most important and then generating outputs on the basis of it [29]. Random forest develops on the
idea of decision trees by randomizing feature selection and then generating multiple trees to produce the outputs, which are
then bundled to give a final output. It gets it coinage from feature randomizing and usage of multiple trees [30].

3.5 Logistic Regression

Despite the irony of the name, logistic regression finds its scope of utilization, in tasks involving classification. It stands as
the most efficient model for binary or linear classification method. It can be generalized over a large number of features and
produces high accuracy models when the features tend to be independent of each other. When there are more than two
discrete outcomes, it is called multinomial logistic regression.

3.6 Adaboost Classifier

Adaboost classifier, exists as an amalgamation of several weaker models. It first exists as a boosting algorithm which entails
the collection, optimization and combination of several less accurate algorithms, to generate a stronger one. The most
commonly utilized algorithms are decision trees with a single split, named stumps. To it, Adaboost adds higher weightage

on existing features that are difficult to interpret, and tends to ignore the easily understandable features. It finds use in both
classification and regression tasks [29].

3.7 Gradient Boosting Classifier

Gradient Boosting Classifier, works on the basis of gradient descent and boosting. In a myriad of ways, it is similar to
Adaboost, in the utilization of several weaker models, to generate a strong learner. While Adaboost use stumps, the weak
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learner trees in Gradient Boosting, are constructed with greedy algorithms on the basis of split points and purity scores, and
since they utilize a generic algorithm, they are more flexible than Adaboost Classifiers [31].

3.8 Extra Trees Classifier

Extra Trees is similar to Random Forest, in that it generates a variety of trees and engages in the splitting of nodes using a
randomized set of features. It is different from random forest due to the absence of observation bootstrapping, that is, it
samples the data without replacement and the tree nodes are split randomly as opposed to Random Forests which find the
best splits [30].

4. Research Methodology

The dataset was contributed by Liu Fangzhou (2020) and was utilized in a research paper discussing a novel 7 immune
related gene prognostic model for oral cancer using the TCGA database [3]. The data consisted of clinicopathologic and
genetic information of 213 anonymous patients with TCGA identification numbers, of which only the former was used. The
clinical characters were age, gender, T score, N score, M score, TNM stage and histopathologic grade.

T scores comprised of the least unknowns with others being either Tx- primary tumor cannot be assessed, T1- tumor size <
2cm diameter and depth of invasion (DOI) < 5mm, T2- tumor size < 2cm diameter and DOl > 5mm but < 10mm or tumor
size 2-4 cm in diameter and DOI< 10 mm, T3 — tumor size > 4cm diameter or any tumor with DOI> 10mm or peripheral
neural invasion of large caliber nerves (greater than or equal to 0.1mm), T4a- moderately advanced local disease or T4b-
Very advanced local disease; tumor invades masticator space, pterygoid plates or skull base and/or encases the internal
carotid artery.

M scores had the most unknowns with some Mx- metastasis cannot be measured and MO- absence of distant metastasis. N
scores had a few unknowns with others being Nx- regional lymph nodes cannot be assessed, NO- No regional lymph node
metastasis, N1- single ipsilateral lymph node metastasis less than or equal to 3cm in diameter with no extranodal extension
(ENE), N2a- single ipsilateral lymph node metastasis >3cm but < 6cm with no ENE, N2b- multiple ipsilateral lymph node
metastases none > 6¢cm with no ENE, N2c- bilateral or contralateral lymph node metastases with none > 6¢cm with no ENE,
N3 - single lymph node metastasis >6¢cm with no ENE or metastasis in single ipsilateral lymph node with ENE present or
multiple ipsilateral , contralateral or bilateral nodes of any size with ENE present.

TNM stages comprised of a few unknowns with others labelled as stage I - T1 NO MO, stage Il - T2 NO MO, stage Il - T2
Ni MO or T2 N1 MO or T3 NO,N1 MO, stage 1VVa - T4 NO,N1 MO or stage IVb - any T, N2,N3 MO or any T, any N, M1.
Histopathologic grading ranged from Gx- grade cannot be assessed, G1- well differentiated (<25% undifferentiated cells),
G2- moderately differentiated (<50% undifferentiated cells) and G3- poorly differentiated (<75% undifferentiated cells).

After the acquisition of the dataset, the imported data went through the data wrangling pipeline which included
identification and elimination of missing values and NaN values, data type conversions and label encoding, which is
essentially the conversion of categorical data points into its numerical counterparts making training easier. This resulted in a

data frame in which each feature was numerical. The dataset was then split into 70% training and 30% testing set which
were then fit and trained into the individual models, and then tested on the testing set.

5. Results

The results, post data wrangling and passing the cleaned data to the models is displayed in Table 1.
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Table 1: Accuracy of each machine learning model

Serial Number Model Accuracy
1 Random Forest 62.5%
2 Logistic Regression 59.375%
3 Adaboost Classifier 59.375%
4 Gradient Boosting Classifier 53.125%
5 Extra Tree Classifier 54.6875%

The heat maps predicting the
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false positives, false

negatives, true positives and true negatives of all the models are depicted below in the following order Figure 1., Figure 2.,
Figure 3., Figure 4. and Figure 5 corresponding to Random Forest, Logistic Regression, Adaboost Classifier, Gradient
Boosting Classifier and Extra Tree Classifier respectively.

Figure 1. Heat map of Random Forest model

Figure 3. Heat map of Adaboost model

Figure 2. Heat map of Logistic Regression model

Figure 4. Heat map of Gradient boosting classifier model
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Figure 5. Heat map of Extra Tree Classifier model

6. Discussion and Conclusion

As evidenced, machine learning models can be a very useful tool to help clinicians battle cancer. However, there is room for
improvement. Some ways would be to include the trials of better machine learning models like XGBoost or better
optimization techniques and tweaking the bias-variance trade-off. Appending the dataset with more usable data and less
unknowns and better hyperparameter tuning would also help achieve higher accuracy and ultimately, create more robust
algorithms.
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