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░ ABSTRACT- With the rapid development of Head and Neck Squamous Cell Carcinomas (HNSCC) cases with their 

recurrences presents medical challenges to all involved in their management worldwide, particularly in developing countries like 

Ghana; where the recurrent and mortality rates are very high, due to poor prognosis. Several attempts to identifying the most accurate 

set of prognoses associated with HNSCC recurrence proved futile because high dimensional cancer datasets usually contain 

redundant and or irrelevant features. This way, feature selection is particularly important. In that, the training features used to learn 

a classification model have a huge influence on the performance of the model. Because using a single feature selection technique to 

obtain feature subset may be biased, unstable, or unreliable. An ensemble feature selection technique dubbed Subsets Summation 

Frequency Ensemble Feature Selection (SSF-EFS) based on subsets summation frequency was proposed in this study, and this 

technique is oriented to classification task. For most accurate prognosis for recurrent HNSCC dataset, the results (feature subsets) 

of five single feature selection techniques; GBM, RF, DNN, NB, and GLM were aggregated by subsets summation specific 

technique. The integration effect of a given threshold value induced the acquisition of optimal feature subset. In order to evaluate 

the robustness of the prognostic performance of feature subsets, three most effective classifiers; GBM, RF, and NB with excellent 

performance were tested. The experimental results showed that the proposed ensemble feature selection technique effectively 

improved the classification using accuracy and AUC compared to single feature selection techniques used in this study. 
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░ 1. INTRODUCTION   
Head and Neck Squamous Cell Carcinomas (HNSCCs) are 

Head and Neck Cancers (HNCs) that arise from squamous cells 

of related anatomical sites such as larynx, pharynx (oropharynx, 

nasopharynx, and hypopharynx), and oral cavity [39][39]. The 

problem of HNSCC with its recurrence is ever-increasing for 

locally advanced stage patients and has over the decades, gained 

increasing medical attention worldwide and mostly in 

developing countries in which Ghana is not an exemption. In 

Ghana, tumors of the pharynx and larynx represents 7.4% and 

3.5% of all malignancies, and the second and seventh most 

common types of cancers respectively seen at the National 

Hospital [10]. Also, data existing at the Komfo Anokye 

Teaching Hospital (KATH) indicate that tumors of the pharynx, 

larynx and oral cavity formed the largest group of HNSCCs, and 

most patients present with late-stage disease [33] [27]. It has 

also been observed that HNC in general is the third most 

common malignant tumor reported at the Centre for National 

Radiotherapy and Nuclear Medicine (CNRNM) at Korle-Bu 

Teaching Hospital (KBTH) in Ghana, where nasopharyngeal 

cancer is the commonest amongst them [45]. Though, HNC is 

not considered as the first leading cancer cases in Ghana, the 

mortality rate as well as the recurrence rate associated with it 

continue to increase as the number of incident cases increases 

due to poor prognosis [14] [9]. But according to [9], HNSCC is 

the sixth most common cancer worldwide, and approximately 

600 000 new cases are diagnosed annually and the incidence 

among younger individuals is ever increasing. 
 

Observed that after successful treatment of primary tumor, there 

is a state called remission, where the malignant tumor cells can 

no longer be detected, and where the patient is considered 

cancer-free[31]. Patients in remission have 25-48% probability 

of redeveloping the disease termed as recurrent cancer due to 

the infiltrative nature of the disease as these patients are mostly 

diagnosed when the malignant tumor is already at the advanced 

stage, and according to [41], recurrent HNSCC patients are 

strongly linked to the stage of tumor. That, there is 60-95% 

probability of successful treatment of patient with early-stage 

tumor (I and II); however, two-thirds of these patients when 

diagnosed, already have the disease at the advanced/metastatic 
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stage (III and IV). [9] on Global Cancer Statistics for 2018, 

expect 18.1 million new cases and 9.6 million deaths worldwide 

of all cancer types including HNSCC due to the aggressive 

nature and high rates of locoregional recurrences. Coupled with 

this, the World Health Organisation (WHO) expects a 

worldwide rise in HNSCC incidence with its recurrence cases 

in years to come due to poor prognosis associated with the 

disease coupled with increasing cases, unhealthy diet, and high 

smoking prevalence. 
  

[14], the Ghana Health Service Deputy Programme Manager for 

Non-Communicable Diseases in an interview stated and 

affirmed that, “cancer cases and recurrences including HNC in 

Ghana are not decreasing.” That, statistics for general cancer 

cases including HNSCC registered at the KBTH and KATH in 

the country between 2016 and 2018 was 16 000 annually, and it 

is expected to rise further to 22 000. Going further, that, in 

Ghana, over 90% of cases presented at health facilities are at the 

advanced (metastatic) stage as many people wait until they see 

symptoms of cancer before visiting the hospital. And that, most 

of these patients, even after a successful treatment where the 

cancer has reached its remission, still have high probability of 

experiencing relapse. In general, it turns out that the recurrence 

of this cancer is ever-increasing for locally advanced stage 

patients due to poor prognosis. There is therefore the need to 

developed a supporting tool that can aid the identification of the 

most accurate prognosis for early diagnosis and treatment of the 

disease.  
  

It can be viewed that HNSCCs with their recurrences present 

medical challenges to all involved in their management 

worldwide, and particularly in developing countries like Ghana; 

posing recurrent and mortality rate very high, owed to the poor 

prognosis in identifying accurate predicting markers [14] [9] 

[45]. Prognostic models on clinical and histopathologic 

parameters to estimate prognosis for recurrent HNSCC have 

been studied and developed in recent years, addressing the 

problem of the patient’s disease recurrence [7] [20]. 

Meanwhile, a lot of such prognostic models looked at the 

situation of HNSCC recurrence, not from the medical 

perspective but from the scientific point of view in different 

fields such as Statistics, Artificial Intelligence (AI), and 

Machine Learning (ML). Though, most of these tools provide 

some satisfactory results, unfortunately; they however, lack (do 

not give) adequate information due to lack of genomic 

information [11], as well as lack validity and reliability 

information due to lack of ensemble learning approach of 

feature selection [34] [40]. 
 

In Ghana, in an attempt to address the challenge of poor 

prognosis so as to obtain the accurate prognosis for the disease 

relapse, several studies on HNSCC have been carried out. Some 

of which were done by [45], who employed Log-rank test and 

Kaplan-Meier analysis for nasopharyngeal cancer survivability 

of patients at KBTH. [27] used socio-demographic, clinical, and 

pathological data on patients with HNC at KATH for a 

reclassification using basic descriptive analysis being World 

Health Organization’s International Classification of Disease 

coding system. [4] similarly performed a reclassification of 

patients diagnosed of oral cavity and oropharynx of Squamous 

Cell Carcinoma (SCC) at KBTH using International Statistical 

Classification of Diseases and Related Health Problems 10th 

Revision (ICD-10). [24] also analysed epidemiological (clinical 

and histopathologic) parameters for laryngeal cancer of SCC 

patients at KBTH to determine the number of cases. Currently, 

there has not been any study yet on ensemble ML techniques 

for recurrent HNSCC prognosis in Ghana. The only study that 

had been done in Ghana using ML was that of [17], who 

employed AI/ML techniques in breast cancer study to classify 

tumor as malignant or benign, but this study was on breast 

cancer and not on HNSCC recurrence neither did it involve 

ensemble learning. 
 

Meanwhile, according to [28] [11] [13] [30], if patient’s 

genomic markers are combined with clinical and other variant 

studies such like Ensemble Feature Selection (EFS) techniques 

and histopathological information, which bring to bear some of 

the courses and treatments of the disease, more accurate 

prognosis for early diagnosis and treatment outcomes can be 

improved. Feature selection is very important as it aims at 

removing redundant and irrelevant features whilst retaining the 

accuracy of the model. Then, according to [42], if by ensemble 

feature selection, the most accurate prognosis can be obtained, 

then the most effective way to go is to identify the most 

effective feature selection algorithms (RF and GBM) that 

ideally satisfy four main conditions: reliability to extract 

relevant features; be able to identify non-linear feature 

interactions; scale linearly with the number of features and 

dimensions; allow the incorporation of known sparsity 

structure. [26] considered Gradient Boosting Machine (GBM), 

Random Forest (RF), Deep Neural Network (DNN), and 

Generalised Linear Model (GLM) as the most effective 

classifiers that provide the most effective ensemble 

classification model in their combination for classifying cancer 

cases. [5] in classifying recurrent breast cancer prognosis; and 

[6] in classifying and predicting the types of cancer around the 

HNC regions, both considered the Naïve Bayes (NB) as also 

one of the most effective classifiers for ensemble learning. 

Indeed, [34] [40] are of the view that ensemble feature selection 

technique has been seen to produce more accurate results in 

several approaches and studies for which it has been utilised. 

The present study is optimistic that these most effective 

classification learning algorithms are as well be effective for 

ensemble feature selection for any classification task. 

Therefore, increased knowledge in EFS that is prone to capture 

the most prominent proliferating factors that bring to bear some 

of the progressions and treatments of the disease, most accurate 

prognosis for early diagnosis and primary treatment outcomes 

can be improved for locally advanced stage patients that can 

minimise the recurrence of this HNSCC. 
  

However, to overcome the recurrence of the disease after it has 

reached remission, a more robust and a consensus predictive 

model necessary for early diagnosis and treatment is needed. 

Statistical methods are based on correlation analysis, which 

assume that data has linear combinations of independent 

features, but where the features are conditionally dependent and 

the nonlinearity relationships exist between them, conventional 

statistics usually flounders. Therefore, these methods as a 
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promising consensus model for complex, noisy and/or 

incomplete datasets, and for conditionally dependent and 

nonlinear relationships between features are not suitable. These 

situations allow ML to shine as many biological features are 

usually nonlinear, and are conditionally dependent [15]. It is 

therefore, significant to investigate how a combination of 

clinical, histopathologic and genomic markers including 

treatment modalities and other variant courses of HNSCC 

recurrence can be used to learn an ensemble of several 

supervised ML techniques to develop a more robust prognostic 

model for accurate prognosis based on Ensemble Feature 

Selection (EFS) methods. 
 

To this end, this study proposed an orchestrated approach in 

pursue of the most accurate prognosis associated with HNSCC 

recurrence in Ghana based on optimal feature subset, and 

constructed a prognostic classification model which was 

evaluated by 10-fold cross-validation using supervised ML 

techniques with ensemble feature selection methods. Such a 

multifaceted complementary approach of the study is prone to 

capture the most accurate prognosis using EFS technique that 

combined multiple ML algorithms (DNN, NB, RF, GBM, and 

GLM) for the disease recurrence. Thus, based on the reviewed 

literature, this is the first study in Ghana. 
 

░ 2. THEORITICAL BACKGROUND 
 

2.1 Feature Selection Fundamentals 
Feature Selection (FS) has become the most applied pre-

processing technique as well as a core conservation in 

supervised machine learning techniques. As such, there exist 

varieties of FS techniques. But the goal of FS is to solve the 

problem of “curse of dimensionality”, where the number of 

training features is reduced in the training set whilst retaining 

high accuracy of the classifier compared to a classifier with full-

input features. For instance, given a fixed number of training 

examples, where the training set is not extremely large; with 

large number of features, the performance of the classifier will 

go up initially and ultimately be degraded as there might be 

irrelevant and/or redundant features that can confuse the learner 

especially with limited training examples and limited 

computational resources. This phenomenon is called the “curse 

of dimensionality,” and this process will lead to model over-

fitting. On the face of curse of dimensionality, FS techniques 

are used to reduce the dimensionality of the dataset by ranking 

features according to the order of their significance. These 

techniques are used to eliminate irrelevant and/or redundant 

features which are not providing any information in the learning 

process of classifiers. This technique, therefore, might improve 

the overall performance of the classifier as it addresses the 

problem of likelihood of high variance that might result in over-

fitting. FS can be categorised into two main methods: 

supervised methods and unsupervised methods [40]. 
 

Supervised methods are also called wrapper methods. Here, the 

predictive power of feature is evaluated jointly by identifying 

optimal subset and by training the selected subset on the 

learning algorithm.  Examples of these methods are; genetic 

algorithm, Boruta, stepwise (forward and backward) selection, 

subset selection, recursive feature elimination, etc. 

Unsupervised methods are also called filter methods. The 

predictive power of each individual feature is evaluated in an 

unsupervised way to determine its importance. These methods 

do not evaluate the subset of features over the training 

examples. These methods, however, are independent of any 

learning algorithms, and are sometimes called single factor 

analysis. Example of these techniques are; Pearson’s correlation 

with the label feature, information Value and Weight of 

Evidence, Relief-F, Chi-Square test method, etc. 
  

Meanwhile, in some instances, these FS techniques can face 

instability and unreliability which might be due to several 

reasons; such as the complexity nature of multiple relevant 

features, where there is high-dimensional dataset [19] [36] or a 

situation where the algorithm simply flouts stability [21] [23]. 

Previous studies have demonstrated that there is no single 

optimal FS method [44]. The Gini-coefficient for instance is 

widely used in medicine predictions [29], and has been shown 

to offer unstable outcomes in a given unbalanced training 

examples [8] [38]. To counteract unreliability and therewith 

instability of FS methods in training supervised ML algorithms, 

EFS technique is proposed and it is based on the intuition of 

ensemble learning. 
 

2.2 Exploitation of the Paradigm of Ensemble 

Learning for Feature Selection  
The ensemble classification is a family of an ensemble learning 

paradigm of well-established learning algorithms that depends 

on the rule of combining best set of multiple classifiers to 

achieve good predictive performance. As observed in [25], the 

most effective technique for the efficacious use of the ensemble 

learning technique is the rate of variety among the classification 

models which are subjugated in the ensemble. This can be 

reached in diverse ways. First, the manipulation of the training 

data to generate a varied number of training sets, using training 

algorithms. Second, learning different models on a given 

training set. Third, using hybrid techniques where variety is 

jointly inoculated at the data and algorithm level [34]. The 

moment multiple of different classification models are 

generated, the predicted labels from each model are correctly 

combined (either via weighted or unweighted voting) for the 

classification of new cases. Similar to ensemble classification 

learning (supervised learning), feature selection has recently 

been experienced to have performed well by ensemble learning 

technique, in which multiple of feature selectors termed as base 

feature selectors are sufficiently required to be diverse in 

nature; being different from each other, to convey non-

overlapping and effective result. This technique is called 

ensemble feature selection, and, it compensates specific biases 

of individual FS techniques as it is prone to ensemble approach. 

As in the case of supervised learning, EFS technique might be 

used to improve the robustness of feature selection techniques. 

Indeed, in large feature/small sample size domains, it is often 

reported that several different feature subsets may or may not 

equally yield optimal results [37], and EFS may reduce the risk 

of choosing an unstable subset. Similarly, different feature 

selection algorithms may yield feature subsets that can be 

considered local optima in the space of feature subsets, and EFS 

https://www.ijeer.forexjournal.co.in/
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might give a better approximation to the optimal subset or 

ranking of features. Finally, the representational power of a 

particular feature selector might constraints search space such 

that optimal subsets cannot be reached. Ensemble feature 

selection could help in alleviating this problem by aggregating 

the outputs of several feature selectors [34]. 
 

The ensemble feature selection can be created in two ways. One 

of these is to create different feature selectors and learn each of 

them on the single training data in an ensemble; each of which 

provides an output. The other way is to aggregate set of different 

subsets of the data, and use a single base selector to learn on 

each subset of the training data. Disparity in the feature 

selection techniques may be realized via several approaches: 

selecting different feature selectors, instance level perturbation, 

feature level perturbation, stochasticity in the feature selector, 

Bayesian model averaging, or combinations of these 

approaches [16][22]. Aggregating the results from different 

base selectors can be achieved using weighted voting; that is, in 

the case of deriving a consensus feature ranking, or using the 

counting of the features selected most frequently. Base feature 

selectors considered in this study were discussed above. The 

application of ensemble FS in HNC prognosis is a means of 

using the available data which are meant to extract pattern and 

knowledge for most accurate prognosis for early diagnosis and 

treatment outcomes of the disease to address its recurrence 

challenges. 
 

░ 3. RELATED WORKS  
Feature selection is one of the core constructive techniques in 

machine learning which usually impacts the performance of the 

model or other machine learning models. 
  

Presently, multiple optimal feature subsets can be obtained 

based on the perspective of sample and features [43]. With the 

sample perspective, the feature selection integrated initially 

sample and partition the training data in a particular form, and 

then based on these samples partitioned, multiple feature 

subsets are obtained. With the feature perspective, the search 

algorithm for feature subset is used in an EFS for the purpose 

of obtaining multiple optimal feature subsets [46]. 
 

One of the EFS technique popularly used is that which 

integrates base selectors learned on the bases of multiple feature 

subsets. An instance is [35], in studying analysis of EFS for 

correlated high dimensional cancer data, compared two 

approaches for the discovery of significant features: by 

application of single feature selection algorithms (Mann-

Whitney, U-test, ReliefF, and MDFS) versus by an ensemble of 

these diverse algorithms. Feature subsets were evaluated using 

random forest algorithm, but amazingly, algorithms learned on 

feature subsets that are provided by the ensemble FS techniques 

were outperformed by those models trained on feature subsets 

obtained from single base selectors.  

 

[11] in studying oral squamous cell carcinoma prognosis, 

proposed ensemble feature selection techniques using the 

integration of Pearson's correlation coefficient and genetic 

algorithm (CC-GA), and the integration of Relief-F and GA 

(ReliefF-GA), each of which provided feature subsets, and the 

ANFIS classification model proposed was used to learn on each 

of these feature subsets. Their study concluded that, feature 

subset with the features; drink, invasion and p63, is the optimum 

feature subset, hence these features are the prognoses for oral 

cancer. 
 

░ 4. METHODS 
 

4.1 Study Design  
This study was a retrospective cohort design of medical records 

on patients with HNSCC, who were treated with curative intent 

at KBTH, Accra, Ghana, and were observed to have 

experienced or never experienced relapse between the calendar 

periods of 2016 – 2020.  
 

4.2 Data Source 
This study concerned itself to the collection of all unseen 

features relating to recurrent HNSCC prognosis at KBTH in 

Ghana. Dataset consisted 18 features with 125 examples 

describing the information of the prognosis for HNSCC of each 

patient, and a target feature describing the recurrent status 

(recurrence or nonrecurrence) of patients based on their 

clinicopathologic and genomic prognostic markers. The 

prognostic features consisted of the features observed from 

three main cancer prognostic factors (clinical, histopathologic, 

and genomic) including demographic features as shown in 

Table 1. For each patient, information on his/her Gender, Age 

at diagnosis, Alcohol drinking habit, Smoking habit, Quid 

chewing habit, Primary site of tumor, Tumor stage at diagnosis, 

Histological grade, Tumor size, Depth of invasion front, 

Cervical lymph/Neck nodes, Pathological tumor staging, 

Pathological lymph nodes, Family history of cancer, Human 

papillomavirus level, p16 type, p63 type, and Treatment type 

were taken into consideration. 
 

4.3 Inclusion and Exclusion Criteria 
All patients aged ≥ 15 years, who were originally diagnosed at 

KBTH of either laryngeal, nasopharyngeal, oropharyngeal, or 

hypopharyngeal cancer between 2016 and 2020, and were 

treated with curative intent but experienced or did not 

experience HNSCC recurrence between this calendar period 

were included in this study. And all patients (regardless of age) 

that were previously diagnosed of any of the HNSCC cases 

within the same period but were treated with palliative intent 

were excluded from this study. 
 

4.4 Data Pre-processing Tasks 
Data pre-processing is a technique that describes the methods 

of processing raw data by transforming it into a more effective 

processed space for the purpose of easy training. The first stage 

of pre-processing any data is data cleansing. It was found from 

the data collected that there were 14 incomplete examples. The 

missing examples were mostly on genomic markers, and on 

recurrence information as the patient was lost to follow-up due 

to death, in which their information had not been recorded. 

Mode imputation is suitable for categorical (nominal) data 

whereas mean and median are for continuous data [2]. Based on 

[12], this study used mode imputation for categorical data, and 

https://www.ijeer.forexjournal.co.in/
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thus, less bias is likely to be accounted for, as there was small 

number of missing information on patients lost to follow-up.  

Having cleansed the data at hand, it was then categorised and 

coded based on the groups and format required for predictive 

training. For simplicity, numerical features were transformed 

into nominal types. One hot-encoding was used for features 

with more than two levels in order to have a normalised dataset 

for training, evaluation and prediction. After one hot-encoding, 

the initial 18 number of features gave the dataset with 35 

features to be considered.

  

░ Table 1: Demographic, Clinicopathologic and Genomic Features 
 

 Feature Name Description  

1 Gen  Gender  
2 Age  Age at diagnosis 

3 Alc Alcohol drinking habit 

4 Smoke Smoking habit  
5 Chew  Tobacco chewing habit 

6 Site  Tumor site  

7 Stage  Tumor stage at diagnosis  
8 Grade  Histological grade  

9 Size  Tumor size 

10 Inv  Invasion front 
11 Nodes  Cervical lymph/Neck nodes  

12 PaT Pathological tumor staging  

13 PlN Pathological lymph nodes 
14 FHx Family history of cancer  

15 HPV Human papillomavirus type 
16 p16 p16 type  

17 p63 p63 type 

18 Treat  Treatment type 

░ Table 2: Description of features for 125 samples 
 

Feature Description Levels   Feature Description Levels   

Gen (𝑥1) Male 

Female 

0 

1 
Inv (𝑥10) Cohesive  

Non-cohesive  

0 

1 

Age (𝑥2)  15-45 

> 45 

0 

1 

Node (𝑥11) Positive  

Negative  

0 

1 

Alc (𝑥3) Yes 

No 

0 

1 

PaT (𝑥12) T1 

T2 

T3 

T4 

0 

1 

2 

3 

Smoke 

(𝑥4) 

Yes 

No 

0 

1 

PlN (𝑥13) N0 

N1 

N2 (N2a, N2b, N2c)  

N3 (N3a, N3b) 

0 

1 

2 

3 

Chew (𝑥5)  Yes 

No 

0 

1 

FHx (𝑥14) Yes  

No  

0 

1 

Site (𝑥6) Larynx 

Nasopharynx  

Oropharynx  

Hypopharynx 

0 

1 

2 

3 

HPV (𝑥15) High-risk (HPV16&18) 

Low-risk (HPV6&11) 

0 

1 

Stage (𝑥7) I  

II 

III 

IV 

0 

1 

2 

3 

p16 (𝑥16) Positive  

Negative  

0 

1 

 

Grade 

(𝑥8) 

G1 

G2 

G3 

0 

1 

2 

p63 (𝑥17) Positive  

Negative 

0 

1 

Size (𝑥9) 

 

0-4cm 

> 4cm 

 

0 

1 

 

Treat (𝑥18) Surgery only 

Radiotherapy (RT) only 

Chemotherapy (Chemo) only 

Concurrent ChemoRT (CCRT) 

0 

1 

2 

3 

 
(NB: Cohesive if depth of invasion ≤10mm, and Non-cohesive if depth of invasion >10mm. G1: Well differentiated, G2: Moderately differentiated, G3: Poorly 
differentiated, G4: Undifferentiated) 
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4.5 Theoretical Models  
The algorithms used for ensemble feature selection approach in 

this study consisted of five techniques: 
 

4.5.1 Gradient Boosting Machine (GBM)  

Boosting is an ensemble learning technique that combines a set 

of weak learners into a strong learner to minimise training error. 

In boosting, a random sample of data is selected, fitted with the 

learner, then learned sequentially. That is, each learner tries to 

compensate for the weaknesses of its predecessor. With each 

iteration, the weak rules from each individual learner are 

combined to form one strong prediction rule. 
 

 Algorithm 1: Gradient Boosting  

Input  Training set 𝐷 = {𝐱i, 𝑦𝑖}𝑖=1
𝑛  (𝐱𝑖 ∈ ℝ𝑛, 𝑦𝑖 ∈

{+1, −1}) 

Output  An ensemble classifier H 

1 Initialize the weight distribution 𝑊1 

2 for t ← 1 to T do 

3 Learn weak classifier ℎ𝑡 based on D and 𝑊𝑡  

4 Evaluate weak classifier ε(ℎ𝑡) 

5 Update weight distribution 𝑊𝑡+1  based on 

ε(ℎ𝑡) 

6 end for  

7 return 𝑯 = 𝑐𝑜𝑚𝑏𝑖𝑛𝑎𝑡𝑖𝑜𝑛({ℎ1, … , ℎ𝑇}) 
 

4.5.2 Distributed Random Forest (DRF) 

Random forest is an ensemble-based algorithm that aim to 

reduce the complexity of models that over fit the training data. 

Random Forest is a collection of decision trees (called base 

learners) termed as an ensemble, which can be regarded as a 

variant of bagging approach. RF has the incorporation of 

randomly feature selection space in the learning process to 

promote the diversity of base classifiers. 
 

𝐿𝑒𝑡 𝐷 = {(𝐱1, 𝑦1), … , (𝐱𝑛 , 𝑦𝑛)}  

𝐿𝑒𝑡 ℎ = {ℎ1(𝐱), ℎ2(𝐱), … , ℎ𝑗(𝐱)}, 𝑎𝑛 𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 𝑜𝑓 𝑤𝑒𝑎𝑘 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑠  

𝐼𝑓 ℎ𝑗(𝐱) 𝑖𝑠 𝑎 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑡𝑟𝑒𝑒, 𝑡ℎ𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑡𝑟𝑒𝑒 𝑎𝑟𝑒 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑎𝑠  

 Θ𝑗 = (𝜃𝑗1, 𝜃𝑗2, … , 𝜃𝑗𝑘)  

𝑇ℎ𝑒 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟 𝑜𝑓 𝑒𝑎𝑐ℎ 𝑗 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑡𝑟𝑒𝑒 𝑖𝑠 ℎ𝑗(𝐱) = ℎ(𝐱|Θ𝑗)  

𝐹𝑖𝑛𝑎𝑙 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑓(𝑥) = 𝑀𝑎𝑗𝑜𝑟𝑖𝑡𝑦 𝑜𝑓 ℎ𝑗(𝐱)  
 

4.5.3 Deep Neural Network (DNN) 

Deep Neural Network (DNN) is a model of computation (brain-

like) based on an artificial neural network structure inspired by 

biological neural networks, with multiple hidden layers 

between the input layer and the output layer. DNN is a 

connectionist system/approach consisting of interconnected 

group of artificial neurons (called nodes) that “learns” to 

perform tasks using this approach to computation by 

considering examples. The Figure 1 shows basic architecture of 

ANN model. The basic idea behind neural network can 

demonstrated using as shown in as: 
 

Given the inputs (𝑥1, … , 𝑥𝑛) , and the corresponding 

weight (𝑤𝑘1, … , 𝑤𝑘𝑛), and the bias 𝑤𝑘0 in the learning process, 

each input is multiplied by its corresponding weight in the layer 

to give 𝒘𝒙 as the weighted input. The weighted input 𝒘𝒙, is 

added to 𝑤𝑘0 to give the input 𝑛.The parameter 𝑣𝑘 is produced 

by the summation of the weighted inputs. 

𝑣𝑘 = ∑ 𝑤𝑘𝑖𝑥𝑖

𝑛

𝐼=0

                                                                          (1) 

 

Adding the bias  𝑥0 to 𝑣𝑘, then passing the result through the 

activation function Ψ(∙), 
 

Ψ (𝑥0 + ∑ 𝑤𝑘𝑖𝑥𝑖

𝑛

𝐼=0

) = �̂�𝑘                                                       (2)       

 
Figure 1: Basic Architecture of ANN Model 

4.5.4 Naive Bayes (NB) 

Naive Bayes (NB) is a powerful classifier known to be the 

simplest Bayesian classifier, and has become an important 

probabilistic model. It uses Bayes theorem, with Bayesian 

probability terminology: 
 

posterior =
prior ×  likelihood

evidence
                                                       (3) 

 

A Bayes classifier is the function that assigns a class label �̂� =
𝐶𝑘 for some 𝑘 as follows: 
 

𝑝(𝐶𝑘|𝐱) =
𝑝(𝐶𝑘) 𝑝(𝐱|𝐶𝑘)

𝑝(𝐱)
                                                                  (4) 

�̂� = arg max
𝑘∈{1,…,𝐾}

𝑝(𝐶𝑘) ∏ 𝑝(𝑥𝑖|𝐶𝑘)

𝑛

𝑖=1

                                                (5)  

 

Where �̂�  is the estimated class for the example 𝐱  given its 

features 𝑥1, … , 𝑥𝑛 . 
 

4.5.5 Generalised Linear Model (GLM) 

Generalised Linear Model (GLM) is a statistical technique that 

uses the odds of an event given a set of training features and a 

categorical target class, which is modelled in logit. GLM offers 

a relationship between the features and the log odds of the 

categorical class label. However, when the categorical target 

class is dichotomized to have exactly two levels, it is termed as 

a binary class label and the fitted model is a binary logit as: 
 

𝑙𝑛 [
𝑝(𝑦)

1 − 𝑝(𝑦)
] = 𝑙𝑛(𝑜𝑑𝑑𝑠) = 𝑎 + 𝑏1𝑥1 + 𝑏2𝑥2 + ⋯ + 𝑏𝑛𝑥𝑛            (6) 

in terms of p, 
 

𝑝(𝑦) =
𝑒(𝑎+𝑏1𝑥1+𝑏2𝑥2+⋯+𝑏𝑛𝑥𝑛)

1 + 𝑒(𝑎+𝑏1𝑥1+𝑏2𝑥2+⋯+𝑏𝑛𝑥𝑛)
                                                     (7) 
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 𝑝(𝑦) = probability of event, 
 𝑥1, 𝑥2, … , 𝑥𝑛 = independent features, 
 𝑎 = 𝑦 −

intercept, 
 𝑏1, 𝑏2, … , 𝑏𝑛 =

slope of regression 
 

░ 5. THE PROPOSED ENSEMBLE 

FEATURE SELECTION SYSTEM 
 

5.1 Single Feature Selection Technique  
In general, given a set of training examples, with N training 

features, the output of feature selection can be given in the form 

of Weighting of the N features, where the importance of each 

feature is based on its weight assigned to it. 
 

The usual practice in the analysis of high-dimensional data, in 

this case, the single feature selection, adopted a technique of 

feature ranking considered to be effective enough to cover the 

use of embedded approaches that leverage and weigh the 

features based on their importance with the label. Based on the 

weights of features, a ranked list is built where the features are 

ranked in descending order of their importance. From here, 

based on the threshold (𝛼%) setting, feature subset of highly 

discriminative can be obtained as the optimal feature subset. 

According to [34], though the size of the optimal subset may be 

unable to be determined automatically, a fine tuning is often 

required for the best-chosen threshold value. This technique has 

the capability of removing features that are irrelevant or 

redundant in a simple and cost-effective way.  
 

5.2 Ensemble Feature Selection Technique  
Similar to FS, EFS technique ensembles/combines base feature 

selectors, by selecting input features that are most significant 

during the process of training so as to improve the robustness of 

the outputs of the model. The goal of EFS is simply to overcome 

the problem of instability and unreliability which a single 

feature selector might face which when considered only. It is 

also to reduce the number of training features during the training 

process while still retaining the robustness of the model outputs 

compared to the model with full-input features. Doubtlessly, 

this has the ability to produce cost-effective model with more 

robustness. This is considered significant in medical study 

where less input features means lower test and cost of diagnosis 

or prognosis.  
 

Meanwhile, the foremost goal of this study is to prove that EFS 

is more robust than single FS technique; thereby identifying an 

optimal feature subset of most accurate prognosis for the small 

number of training examples that can be used as a supporting 

tool for recurrent HNSCC prognosis. Five individual feature 

selection techniques have been selected, combined in an 

ensemble and implemented in this study. These are; DNN, NB, 

GBM, DRF, and GLM. The EFS used individual single learners 

in conjunction with ensemble learners as base feature selectors 

in an ensemble that worked by combining the ranks of features 

provided by these individual base selectors to obtain a final 

consensus feature subset. 
  

In recent years, the use of ensemble learning approach for 

feature selection based on ML has progressively been studied, 

especially in the area of medical study, where the biological 

features are highly correlated and noisy. The ensemble feature 

selection technique can broadly be grouped into two main 

groups [37]: functional homogeneity technique, in which there 

is an application of a particular individual base selector to 

different subsets of the original dataset, and functionally 

heterogeneous technique, where there is an application of 

different individual base selectors to the same dataset. Both 

techniques provide different outputs that are afterward 

aggregated to produce a single feature subset with high 

capability of well promising, the optimality result for the task 

under study. 
  

This study focused on the heterogeneous ensemble techniques 

which have been seen to produce promising and stability results 

[1][37] but, so far, there have been limited number of 

experiments in its studies, specifically in the domain of cancer 

study with clinical and genomic data.  
 

5.3 Overall Framework  
The detail description of the technique is explained as follows: 

Using GBM, DRF, DNN, NB, and GLM techniques for feature 

selection, by ordering the features according to their 

importance, in order to provide optimal feature subset, consider 

a labelled dataset D= {𝐱i, 𝑦𝑖}𝑖=1
𝑛  on 𝑛 patients (samples) with 

feature vectors 𝐱 = (𝑥1, 𝑥2, … , 𝑥𝑛). Consider also an ensemble 

EFS = {𝐹𝑆1, 𝐹𝑆2, … , 𝐹𝑆t}  which consists of t base feature 

selectors (FS), where t is the number of feature selectors. Each 

feature selector 𝐹𝑆𝑖  provides a feature subset 𝐹𝑆𝑖 =

{𝑥1
𝑖 , 𝑥2

𝑖 , … , 𝑥𝑛−1
𝑖 }, where n-1 is the number of selected features 

by the 𝑖𝑡ℎ  feature selection method. To implement the 

aggregation in EFS technique, the sum of the subsets generated 

by t FS algorithms is estimated according to equation (8) or (9). 

For each feature j in the subset SUM, compute an index (weight) 

of importance according to equation ( 10 ), and obtain the 

weighted feature subset SUMW according equation (11), where 

m is number of features in summation. The feature j importance 

is determined by the ratio of the number of times it is present in 

the feature subset SUM to t FS algorithms. Sort the m features 

according to their importance. Finally, based on the threshold 𝛼, 

select the 𝛼% features (features that exceed a threshold) from 

the feature ordered according to their importance to obtain the 

optimal feature subset SUMbest = 𝐱′ = (𝑥1
′ , 𝑥2

′ , … , 𝑥𝑛−1
′ ) , so 

that, the new dataset becomes 𝐷𝑛𝑒𝑤 = {𝐱𝑖 
′ , 𝑦𝑖

′}𝑖=1
𝑛 .  

 

SUM = ∑ 𝐹𝑆𝑖

𝑡

𝑖=1

                                                                     (8), 

Equivalently,  

SUM = ∑ 𝑘1𝑥1
𝑡 + 𝑘2𝑥2

𝑡 + ⋯ +  𝑘𝑚𝑥𝑚
𝑡

𝑡

𝑚=1

                      (9) 

𝑤𝑗 =
𝑘𝑗𝑥𝑗

𝑡

𝑡
                                                                               (10), 

SUM𝑊 = {𝑤1𝑥1
𝑡 + 𝑤2𝑥2

𝑡 + ⋯ + 𝑤𝑚𝑥𝑚
𝑡 }                         (11) 

 

Where 𝑤𝑗  is the weight of the feature j, and 𝑘 is the number of 

times the feature j is present in subset SUM. 
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Figure 2: Ensemble Feature Selection Flowchart 

 

The pseudo code of SSF-EFS algorithm 
Algorithm 2: SSF-EFS  

Input: Dataset 𝐷 = {𝐱i, 𝑦𝑖}𝑖=1
𝑛 ; learning rate 𝛼 > 0 

 Ensemble feature subset 𝐷𝑛𝑒𝑤 = {𝐱𝑖 
′ , 𝑦𝑖

′}𝑖=1
𝑛  

 𝐷𝑠 - Training set 

 𝐷𝑡 - Testing set 

 EFS = {𝐹𝑆1, 𝐹𝑆2, … , 𝐹𝑆t}– feature selection 
algorithms  

 𝐶 = {GBM, RF, NB}  
Output: An ensemble classifier H 

 
/*Phase I: Ensemble Feature Selection*/ 

Step 1:   Get feature sets by different feature selection algorithms 

for algorithm 𝐹𝑆𝑖 in {𝐹𝑆1, 𝐹𝑆2, … , 𝐹𝑆t} 

        Using dataset D do feature selection by algorithm 𝐹𝑆𝑖 

 for 𝑖 ← 1 to 𝑡 do        
        Sum the subsets of t feature selection algorithms  

end for 

Step 2: Get weight sequence of t feature selection algorithms 

for 𝐹𝑆𝑖  in {𝐹𝑆1, 𝐹𝑆2, … , 𝐹𝑆t} 

        for 𝑥𝑗 in SUM= {𝐹𝑆1 + 𝐹𝑆2 + ⋯ + 𝐹𝑆t} 

               𝜔𝑗 = 𝑘𝑗𝑥𝑗
𝑡 𝑡⁄   

        Return the feature weight sequence 𝑊 
Step 3: Get best feature subsequence according to α 

Sorted FS according to 𝑊 

Put the first α% features in SUM to SUMbest (SUM → SUMbest) 

Return SUMbest 
/*Phase II: Training and Evaluation*/ 

Step 4: Perform Classification by classifier in 𝐶 =
{GBM, RF, DNN, NB, GLM} ) 

for each C𝒊 ∈ 𝐶 do 

learn C𝑖 based on D 
           return the classification results 

end for 

 

5.4 Evaluation Measures 
In order to evaluate classification models, the following metrics 

were considered; accuracy, and Area under Receiver Operating 

Characteristic (AU-ROC) curve. The true performance of a 

classification model is defined as the AU-ROC curve [18]. A 

patient with non-recurrence and predicted as recurrence is as 

false positive (FP), whereas a patient with non-recurrence is 

predicted as non-recurrence is as true negative (TN). 
 

░ Table 3: Performance matrix for recurrent HNSCC 

prognosis 
Actual Conditions 

 Recurrence  Nonrecurrence  

Predicted 

outcomes 

Recurrence   TP FP 

Nonrecurrence   FN  TN 

Classification accuracy is perhaps the most common metric to 

use and implement, and is measured as the ratio of number of 

correct predictions to the total number of predictions, multiplied 

by 100. 

 Accuracy =
TP+TN

TP+TN+FN+FP
× 100% 

 

The ROC curve is the plot of true positive rate 

(sensitivity/recall) versus the true negative rate (specificity) for 

changing values of the threshold. The ROC curve is 

comprehensive. To make it amendable to quantitative 

comparison, it can be condensed to a single value termed as the 

AUC. AUC is a single value that lies within 0 and 1, as the area 

computed under the ROC curve. Predictions are better with 

larger area under the curve [3], and higher the value of AUC, 

better is a classifier and vice versa. 
 

░ 6. EXPERIMENTAL ANALYSIS AND 

DISCUSSION  
 

6.1 Experimental Design  
The mode imputation technique discussed in section 4.4 was 

applied to the original dataset for data cleansing. This was 

followed by the normalisation of the features by the 

implementation of one-hot encoding to features with more than 

two levels. Next, HNSCC data was divided into training set 

(75%) and testing set (25%). Then, the proposed ensemble 

feature selection technique having five (5) base feature 

selection algorithms was implemented on the normalised 

training set to obtain optimal feature subset. 
 

That is, to implement the ensemble feature selection technique, 

five base supervised classifiers: two (GBM and DRF) of which 

are base ensemble supervised algorithms, each of which is from 

boosting and bagging family respectively; and three (DNN, NB, 

and GLM) of which are of individual supervised base 

algorithms, which are commonly applied in cancer study. The 

proposed ensemble feature selection technique having five base 

feature selectors was implemented to the overall training set, 

each of which provided feature subset by ranking the features 

according to their importance. These feature subsets were 

aggregated, and based on a threshold, the optimal feature subset 

was obtained as shown in Table 4. Table 5 shows the frequency 

of which a feature was present in an ensemble of base feature 
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selectors of the training data and its importance to the base 

feature selection models that formed an ensemble. 
 

In order to confirm the robustness and effectiveness of the 

proposed Subsets Summation Frequency (SSF) EFS technique, 

the feature subset selected was tested and validated using GBM, 

DRF, and NB algorithm as classification models. That is, each 

of the classification model learned on each of the five feature 

subsets of the training dataset provided by each feature selector 

including the feature subset provided by SSF-EFS technique 

and the results were compared. The feature subset of the dataset 

provided by GBM, and DRF consisted 3 features, and 14 

features respectively. For DNN, NB, and GLM, each provided 

feature subset of 7 features. Then, the SSF-EFS technique 

provided feature subset consisting 6 features as shown in Table 

6. To achieve this, and for the purpose of this experiment, the R 

programming language was used for the implementation of the 

proposed ensemble feature technique using H2O package. 

 

 

 
Figure 3: Boxplots for features

To interpret a boxplot in the Figure 3 above, each subplot has 

two boxplots (in blue) inside it, one each for each of the target 

categories, No and Yes. The top of the box represents the 25th 

percentile and the bottom of the box represents the 75th 

percentile. The black dot inside the box is the mean. The blue 

box represents the region where most of the regular data point 

lie. The subplots also show many blue dots lying outside the top 

and bottom dashed lines called whiskers. These dots are 

formally considered as extreme values. Consider for example, 

Treat CCRT subplot, which measures the treatment of the 

HNSCC patient with concurrent chemotherapy. The mean and 

the placement of the two boxes are glaringly different. Just by 

seeing that, one could be pretty sure, Treat CCRT is going to be 

a significant predictor of the target variable as shown in Figure 

2. 
 

6.2 Classification Accuracy Result  
This study compared the performance of the proposed SSF-EFS 

technique with the individual base selectors, and the results of 

the technique considered the best available in the literature. 

Three base selectors were used as classification models, to learn 

the training data based on the feature subset. For the purposed 

of the evaluation of the proposed SSF-EFS model, a test data 

was used.  
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░ Table 4: Top 20 Most Important Features (out of 35) by Ensemble Feature Selection  
 

  Base Feature Selectors 

   NB         DNN        GLM               GBM                                DRF 

Features Importance (%) Features Imp(%) Features Imp(%) 

TreatCCRT 100.00 100.00 100.00 Nodes 100.00 HPV 100.00 

p63 99.00 99.00 99.00 Age 85.48 TreatCCRT 99.44 

Smoke  95.68 95.68 95.68 Smoke 83.50 Nodes 95.86 

Nodes  92.69 92.69 92.69 StageIV 71.26 GradeG3 95.65 

paTT3 92.36 92.36 92.36 p63 66.66 Drink 95.10 

TreatRT 91.36 91.36 91.36 TreatCCRT 62.22 Smoke 94.25 

Invasion  86.05 86.05 86.05 PaTT4 61.67 PlNN2 92.67 

Age  70.43 70.43 70.43 Size 61.33 Age 92.63 

GradeG3 59.14 59.14 59.14 PaTT3 52.12 TreatRT 91.42 

PaTT2 55.81 55.81 55.81 PlNN2 47.53 Invasion 85.45 

SiteNPC 54.82 54.82 54.82 HPV 43.82 p16 82.76 

GradeG2 52.16 52.16 52.16 PaTT2 38.44 p63 81.36 

HPV 47.84 47.84 47.84 PlNN3 36.62 StageIV 81.05 

StageII 47.51 47.51 47.51 Invasion 34.40 PaTT4 80.91 

Drink  39.53 39.53 39.53 GradeG2 30.79 Size 75.03 

SiteOPC 36.21 36.21 36.21 GradeG3 29.94 Gender 66.81 

StageIV 34.88 34.88 34.88 Gender 28.51 GradeG2 65.34 

PlNN3 28.57 28.57 28.57 TreatRT 26.44 SiteNPC 62.77 

Size  27.91 27.91 27.91 p16 21.70 PaTT1 57.10 

PlNN1 27.24 27.24 27.24 SiteNPC 15.83 PaTT3 54.73 

Table 4 shows the top 20 most important features (out of 35) by 

SSF-EFS method. The base feature selectors were learned in an 

ensemble on the overall dataset, where each one performs 

feature ranking according to feature importance to the learner in 

an ensemble. Out of 35 features, and by default, each base 

feature selector ranks the top most 20 features considered 

important and ignores the rest 15 in this case. To obtain the 

feature subset for each base selector, a threshold value (80%) 

was considered. So that, features that were ranked between 80% 

and 100% are considered significant, and form the feature 

subset for that base selector. 
  

Similarly, to perform the feature subsets summation, features 

whose ranking ranged between 80% and 100% were potentially 

considered important and so, can to be included in the feature 

subsets summation for optimal feature subset. Then, to 

determine the optimal feature subset, and the feature importance 

in the feature subsets summation, the frequency of each feature 

was divided by the number of base feature selectors (5). 

Therefore, the feature was considered important or significant 

in the feature subsets summation if its ratio was at least 0.80 

(80%). Table 6 shows the features considered important by each 

base selector as well as in their ensemble. Based on these feature 

subsets, classification models were learned using GBM, RF, 

and NB classifiers, to measure the robustness and effectiveness 

of each feature selection technique using accuracy and AUC as 

evaluation metrics. The Figure 4 shows graphs of feature 

ranking by each base selector, for which the top-most 80% 

ranked features were selected in an ensemble to obtain the 

optimal feature subset. 

 

 

 
 

 

░ Table 5: The Number of Times Feature was Selected 

Features  Frequency 

(F) 

Importance 

Smoke  5 1.00 

Nodes  5 1.00 

p63 4 0.80 

TreatCCRT 4 0.80 

TreatRT 4 0.80 

Invasion  4 0.80 

PaTT3 3 0.60 

Age  2 0.40 

p16 1 0.20 

HPV 1 0.20 

GradeG3 1 0.20 

Drink  1 0.20 

PaTT2 1 0.20 

PlNN2 1 0.20 

StageIV 1 0.20 

PaTT4 1 0.20 
 

░ Table 6: Feature Subset Selected 

FS 

Technique 

Feature Subset Selected 

FS-GBM Nodes, Age, Smoke 

FS-DRF HPV, TreatCCRT, Nodes, GradeG3, Drink, 

Smoke, PlNN2, Age, TreatRT, Invasion, p16, 

p63, StageIV, PaTT4 

FS-DNN TreatCCRT, p63, Smoke, Nodes, paTT3, 

TreatRT, Invasion 

FS-NB TreatCCRT, p63, Smoke, Nodes, paTT3, 

TreatRT, Invasion 

FS-GLM TreatCCRT, p63, Smoke, Nodes, paTT3, 

TreatRT, Invasion 

SSF-EFS Smoke, Nodes, TreatCCRT, TreatRT, 

Invasion, p63 
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The SSF-EFS technique obtained the features: smoking habit 

(Smoke), cervical lymph/neck nodes (Nodes), treatment with 

concurrent chemoradiotherapy (TreatCCRT), treatment with 

radiotherapy (TreatRT), depth of invasion font (Invasion), and 

p63 type as the most accurate prognosis for HNSCC recurrence 

based on the available dataset.  

 

 

 

 

 
Figure 4: Graphs of Feature Rankings 

 

Tables 7 – 9 show the classification accuracy and AUC on 

training and test sets obtained by each classifier for feature 

subsets obtained by each FS techniques used in this study based 

on a particular threshold𝛼. The highlighted values are the best 

accuracy and AUC of different FS techniques at the same 

threshold. Table 7, 8, and 9 show the performance accuracy and 

AUC of GBM, DRF, and NB classifiers respectively for feature 

subsets provided by different feature selection techniques. 
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Table 7 shows the performance of GBM classifier in terms of 

accuracy and AUC on training and test sets for feature subsets 

provided by each feature selector. Regarding the training set, 

the best accuracy (90.32%) and AUC (0.9562) were obtained 

for feature subset obtained by SSF-EFS feature selection 

technique. Regarding the test set, still best accuracy (71.88%) 

and AUC (0.7681) were obtained for feature subset provided by 

SSF-EFS feature selection technique. Similar to Table 7, Table 

8 shows the performance of DRF classification model in terms 

of accuracy and AUC on training and test sets for feature 

subsets provided by each feature selector. Regarding the 

training set, the best accuracy (82.80%) and AUC (0.7684) were 

obtained for feature subset obtained by SSF-EFS feature 

selection technique. Regarding the test set, still best accuracy 

(78.13%) and AUC (0.7440) were obtained for feature subset 

provided by SSF-EFS feature selection technique. Thus, the 

performance accuracy and AUC results of GBM and DRF 

classification models for the feature subset obtained by the SSF-

EFS had better prognostic performance on both training and test 

sets than the single FS techniques. Table 9 shows the 

performance of NB classifier in terms of accuracy and AUC 

based on training and test sets for various feature subsets. It can 

be observed that, performance accuracy (77.42%) and AUC 

(0.7908) on training data were best for feature subset obtained 

by SSF-EFS feature selection technique than the feature subsets 

obtained by single feature selection techniques. Regarding the 

test data, the performance accuracy (53.13%) was best for 

feature subset obtained by each of FS-GBM and SSF-EFS 

technique, but AUC (0.7150) was best for feature subset 

provided by FS-GBM.  
 

░Table 7: Performance of GBM Classification Model on 

Training and Testing Data 
GBM Classification Model 

 Training set Test set 

 Accuracy AUC Accuracy AUC 

Feature 

Selection 

Technique 

    

FS-GBM 0.4731 0.6812 0.6812 0.6812 

FS-DRF 0.8495 0.9393 0.4063 0.5217 

FS-DNN 0.8710 0.9360 0.6563 0.7150 

FS-NB 0.8710 0.9360 0.6563 0.7150 

FS-GLM 0.8710 0.9360 0.6563 0.7150 

SSF-EFS 0.9032 0.9562 0.7188 0.7681 

 
 

░ Table 8: Performance of RF Classification Model on Training and Testing Data 
 

DRF Classification Model 

 Training set Test set 

 Accuracy AUC Accuracy AUC 

Feature Selection Technique     

FS-GBM 0.3763 0.5000 0.5313 0.6135 

FS-DRF 0.4194 0.5236 0.6250 0.6425 

FS-DNN 0.6129 0.6501 0.5938 0.6715 

FS-NB 0.6129 0.6501 0.5938 0.6715 

FS-GLM 0.6129 0.6501 0.5938 0.6715 

SSF-EFS 0.8280 0.7684 0.7813    0.7440 

 

░ Table 9: Performance of NB Classification Model on Training and Testing Data 
 

NB Classification Model 
 Training set Test set 

 Accuracy AUC Accuracy AUC 

Feature Selection Technique     

FS-GBM 0.4731 0.6027 0.5313 0.7150 

FS-DRF 0.6344 0.6724 0.2813 0.4001 

FS-DNN 0.6989 0.7627 0.3438 0.5411 

FS-NB 0.6989 0.7627 0.3438 0.5411 

FS-GLM 0.6989 0.7627 0.3438 0.5411 

SSF-EFS 0.7742 0.7908 0.5313    0.6860 

6.3 Performance Comparison of Five Feature 

Selection Techniques with SSF-EFS Technique 
Table 10 and 11 respectively show accuracy and AUC 

comparison of feature selection techniques based on test data.  

The three classification models constructed based on feature 

subset obtained by SSF-EFS feature selection technique 

predicted higher accuracy values both on training and unseen 

data compared to the accuracy values of classification models 

for feature subsets obtained single feature selection techniques. 
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The two classifiers GBM and RF also predicted higher AUC 

values for SSF-EFS feature selection technique compared to 

AUC values for feature subsets provided by single FS 

techniques. The NB classifier predicted higher AUC value for 

feature subset obtained by FS-GBM as compared to AUC 

values for feature subsets obtained by other FS techniques, 

including SSF-EFS technique. 
 

░ Table 10: Accuracy comparison of feature selection 

techniques based on test data 
 

  Accuracy  

  Classifiers   

FS Technique GBM DRF NB 

FS-GBM 0.6812 0.5313 0.5313 

FS-DRF 0.4063 0.6250 0.2813 

FS-DNN 0.6563 0.5938 0.3438 

FS-NB 0.6563 0.5938 0.3438 

FS-GLM 0.6563 0.5938 0.3438 

SSF-EFS 0.7188 0.7813    0.5313    

 

░ Table 11: AUC comparison of feature selection 

techniques based on test data 
 

  AUC  

  Classifiers   

FS Technique GBM DRF NB 

FS-GBM 0.6812 0.6135 0.7150 

FS-DRF 0.5217 0.6425 0.4001 

FS-DNN 0.7150 0.6715 0.5411 

FS-NB 0.7150 0.6715 0.5411 

FS-GLM 0.7150 0.6715 0.5411 

SSF-EFS 0.7681 0.7440 0.6860 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Figure 5: Performance of Classifiers on Feature Subsets based on Training Set 
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Figure 6: Performance of Classifiers on Feature Subsets based on Test Set 

 

The Figures 4 and 5 show the graphs of the performance of each 

classifier on feature subsets based on training and testing set 

respectively. From Figure 4, it can be seen that the performance 

accuracy and AUC value of each classifier (GBM, DRF, and 

NB) on feature subsets provided by each feature selection 

technique are highest for SSF-EFS compared to the others based 

on training set. Similarly, from Figure 5, it can be seen that the 

performance accuracy and AUC value of the classifiers (GBM 

and DRF) on feature subsets provided by each feature selection 

technique are highest for SSF-EFS compared to the others based 

on test set. Meanwhile, based on test set, the performance value 

of NB classifier on feature subsets provided by each feature 

selection technique was highest for FS-GBM and SSF-EFS, but 

had highest AUC value for FS-GBM compared to others. 
 

 

░ 7. CONCLUSION 
This article used dataset obtained from KBTH on patients 

diagnosed of HNSCC and treated with curative intent, and 

experienced either recurrent HNSCC or nonrecurrent HNSCC 

between 2016 and 2020 calendar period. By data analysis, five 

feature selection techniques as single base feature selectors 

were combined to develop a hybrid ensemble feature selection 

technique, and the performance of the proposed FS technique 

and other techniques were compared. The results showed that 

the proposed EFS technique had better feature selection. The 

three classification models constructed based on feature subset 

obtained by this SSF-EFS feature selection technique predicted 

higher accuracy values on both training and unseen data. 

Whereas GBM and RF classifiers predicted higher AUC values 

on both training and test sets based on feature subset obtained 

by SSF-EFS technique, NB classifier predicted higher AUC 
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value on test set based on feature subset obtained by FS-GBM 

feature selection technique. 
  

Feature selection is one of the important tasks of data mining or 

machine learning that improves the performance accuracy of 

the classification model. To achieve good predictive 

performance on the available data sets, single feature selectors 

are mostly being used by researchers. However, it is hard to get 

a single feature selection technique with good generalisation 

ability for a specific problem at hand, but an ensemble learning 

can transform single base selectors into a strong feature selector 

by their combination. Due to this, researchers are using multiple 

base selectors for a given problem at hand to obtain good 

performance. This study focused on the improvement of the 

feature selection performance in terms of accuracy and AUC for 

recurrent HNSCC prognostic dataset. To do so, the idea of 

ensemble learning in feature selection technique that finds the 

optimal feature subset of diverse feature selection models was 

used. For the base selectors, GBM, DRF, DNN, NB, and GLM 

were used, each of which performed feature selection by 

ranking them according to their importance to the target feature. 

To find the optimal combination of feature subsets provided by 

these base selectors, SSF-ensemble feature selection technique 

was used to combine the base selectors (GBM, DRF, DNN, NB, 

and GLM) in an ensemble by aggregating feature subset each 

provided. Thus, according to the proposed ensemble feature 

selection, the model identified Smoke, Nodes, TreatCCRT, 

TreatRT, Invasion, and p63 to be the optimum subset of the 

most accurate prognosis for recurrent HNSCC based on the 

dataset. This finding is in accordance with similar study of 

Chang et al. (2013) in the literature, where Invasion and p63 

features were also considered as the important prognosis in the 

optimum subset of features. Thus, this finding is supported by 

the finding of [11]. 
 

To check the efficacy and robustness of the FS techniques based 

on EFS having five base selectors proposed in this study, two 

most effective meta-algorithms: GBM and RF for ensemble 

learning, and one most effective classifier NB were used to 

construct the prognostic models for each feature subset. Then, 

the performance of each of these prognostic classification 

models was evaluated using 10-fold cross-validation, and the 

performance evaluation metrics; accuracy and AUC of the 

prediction were obtained. The performance results of the 

proposed EFS technique and other single base techniques were 

compared. 
  

The experimental results showed that feature subset provided 

by SSF-EFS feature selection technique achieved a better 

prediction performance in terms of accuracy compared to 

feature subsets provided by single feature selection techniques. 

Feature subset provided by SSF-EFS feature selection 

technique achieved a better or equal prediction performance in 

terms of AUC compared to feature subsets provided by single 

feature selection techniques. This finding does not support the 

finding of [35], where their proposed ensemble FS technique 

was outperformed by single FS techniques based on feature 

subsets obtained by each technique respectively. 
 

Based on the limited time and training resources, the 

experimental study was tested on only six feature subsets: five 

single base feature selection techniques, and one ensemble FS 

technique, and only three classification models were used to 

verify the validity of the proposed technique. The experiment 

has some limitations. For this reason, more diverse supervised 

base selectors and diverse techniques of their combinations be 

investigated to obtain an ensemble feature selection technique 

with best set of multiple base selectors. In addition, the 

proposed technique needs to be applied to other cancer datasets 

with high dimensionality to further verify the validity of the 

proposed SSF-EFS feature selection model. This study can be 

concluded that using moderate number of features can offer 

promising information to the classification model. Too many or 

very few features can lead to feature subsets redundancy 

thereby reducing the classification accuracy of the classifier. 
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