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ABSTRACT 

The American Joint Committee on Cancer (AJCC) Tumor-Nodal-Metastasis (TNM) staging system has 

been widely used for planning of treatment strategies. However, for an individual patient, it is ineffective 

for predicting outcome due to its inability to consider other tumor- and patient-related risk factors. To 

this end, a tool that considers these factors together to accurately predict patients’ outcomes would be 

pertinent. Objectives: This study aimed at examining the potential of a collaborative machine learning 

(cML)-based approach in estimating the overall survival of oral cancer patients. We compared the 

performance of cML with voting ensemble-based machine learning model. The prognostic significance 

of the clinicopathological parameters used to develop the model was examined using permutation feature 

importance. Furthermore, we examined some of the factors that can hinder the recommendation of 

machine learning (ML) models for further clinical evaluations. Methodology: The clinicopathological 

information of 9439 oral cancer patients were extracted from the Surveillance, Epidemiology, and End 

Results database, United States. Altogether, three machine learning (ML) models – voting ensemble, 

stacked ensemble, and extreme gradient boosting were combined to form a cluster of cML models. The 

performance of the cML was compared with the best performing individual ML algorithm in terms of 

accuracy. Results: The performance accuracy of voting ensemble, stacked ensemble, and extreme 

gradient boosting was 70.2%, 69.2%, and Place figures are at the bottom, while the tables are at the top, 

with the necessity of sequencing the numbering of the figures and tables as shown in TABLE 1. and Fig. 

1. below 69.6%, respectively. When the cML and voting ensemble were randomly validated with 50

cases from the temporal validation cohort, they showed comparable performance. In terms of future

importance, the most significant features were age of the patient at diagnosis, T stage, tumor grade,

marital status, gender, primary site, surgery, N stage, radiation treatment, ethnicity, chemotherapy, and

M stage. Discussion and Conclusions: The idea of the cML is to consider the unique properties of each

of the ML models in making final predictions. Thus, representing a paradigm shift from individualism

to cooperativism in the quest for personalized estimation of outcome for oral cancer patients. Of note,

rather than competition among participating models, they cooperate to offer reliability to the final

prediction made by the cML. Lack of independent geographic validation, model generalization and

rigidity, and explainability are some of the factors identified that limit the recommendation of ML

models for further clinical evaluation. The cML approach may aid in determining individualized

treatment for oral cancer patients.
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لتعلم الآلي في سرطانات الرأس والرقبة: الآفاق السريرية والتوجهات المستقبليةا
2يتالمصرا  محمد   ،⁴˒³المنقوش  الهادي  ،²˒¹رشيد أوموبولاجي ألبي

 برنامج البحوث في علم الأورام المنظومي، كلية الطب، جامعة هلسنكي، هلسنكي، فنلندا. 1
 قسم الرقمنة الصناعية، كلية التكنولوجيا والابتكارات، جامعة فاسا، فنلندا. 2

 قسم علم الأمراض، جامعة هلسنكي، هلسنكي، فنلندا. 3
 . جامعة توركو، معهد الطب الحيوي، قسم علم الأمراض، توركو، فنلندا4

ملخــــــــــــــــص البحــــــــــــــــــث 
التابع للجنة الأمريكية المشتتتتتتتتتتتتركة للستتتتتتتتتتتر ا     (Tumor-Nodal-Metastasis, TNM) التدريجلقد تم استتتتتتتتتتتت دام نظام  

(AJCC)   على نطاق واستتتتتتع في ت طيا استتتتتتتراتيجيات العا . نلا أ  هاا النظام، بالنستتتتتتبة للمري  ال رد،  ير فع ا  في
التنبؤ بتالنتتا ج نظر ا لعج ع عم مراعتاو عوامتخ ال طر الأارم المرتبطتة بتالورم والمري . ومم هتاا المنطل ،  صتتتتتتتتتتتتتتب  مم 

هدفت هاع الدراستتتتتتتتتتة نلى فح    لتنبؤ بدقة بنتا ج المرضتتتتتتتتتتى.الضتتتتتتتتتتروري توفر أداو تراعي هاع العوامخ مجتمعة مم أجخ ا
في تقدير البقاء الكلي لمرضى سر ا  ال م. كما تمت مقارنة أداء    (cML)نمكانات النهج التعاوني القا م على التعلم الآلي 

(cML)    مع نموذ  التعلم الآلي القتتا م على التصتتتتتتتتتتتتتتويتتت الجمتتاعي(voting ensemble.)    وتم تحليتتخ الأهميتتة التنبؤيتتة
عاوو . Permutation Feature Importanceللمعايير السريرية والمرضية المست دمة في تطوير النموذ  عبر  ريقة  

على ذلك، تمت دراستتتتتتتتتتتة بع  العوامخ التي قد تعي  التومتتتتتتتتتتتية باستتتتتتتتتتتت دام نماذ  التعلم الآلي في التقييمات الستتتتتتتتتتتريرية  
ا بستر ا  ال م مم قاعدو بيانات   9439تم استت را  البيانات الستريرية والمرضتية لتتتتتتتتتتتتتتت   المستتقبلية.  ,Surveillanceمريضت 

Epidemiology, and End Results (SEER  بتتتالولا تتتات المتحتتتدو. وقتتتد جرم دمج لالتتتة نمتتتاذ  للتعلم الآلي )– 
، والتع ي  التتتتدريجي  (Stacked Ensemble)والتكتتتد ل الجمتتتاعي  (،  Voting Ensembleالتصتتتتتتتتتتتتتتويتتتت الجمتتتاعي  

مع  (  cML) تمت مقارنة أداء  (.cML)لتشتتتتتتتتتتتتتكيخ مجموعة مم نماذ   – (Extreme Gradient Boostingالمتطرف  
النتا ج: بلغت دقة الأداء لنماذ  التصتتتتويت الجماعي والتكد ل الجماعي والتع ي  ،  أفضتتتتخ اوار مية فرد ة مم ايد الدقة

التصتتتتتويت  ونموذ (  cML)% على التوالي. وعند التحق  العشتتتتتوا ي مم  69.6%، و69.2%،  70.2التدريجي المتطرف  
االة مم مجموعة التحق  ال مني، أظهرا أداء  متقارب ا. أما مم ايد أهمية ال صتتتتتتا  ، فقد تبيم   50الجماعي باستتتتتتت دام 

درجة الورم، الحالة الاجتماعية،   (،T stage)أ  العوامخ الأكثر تألير ا هي: عمر المري  عند التشتتتتتتتتت ي ، مرالة الورم 
العا  الإشتتتتتتعاعي، الأمتتتتتتخ العرقي،   (،N stage) الجنل، الموقع الأولي للورم، التداخ الجرااي، مرالة العقد اللم اوية

على الاستتتت ادو مم ال صتتتا   ال ريدو لكخ نموذ  مم (  cML)تقوم فكرو ،  (M stage)العا  الكيميا ي، ومرالة النقا خ 
نماذ  التعلم الآلي في عملية التنبؤ النها ية، مما  مثخ تحولا  مم ال رد ة نلى التعاو  في الستعي نحو تقدير ش صي لنتا ج 

مولوقية.  ير أ  مرضتتى ستتر ا  ال م. ومم الجدير بالاكر أ  هاع النماذ ، بدلا  مم أ  تتنافل، تتعاو  لتقد م تنبؤ أكثر  
 ياب التحق  الجغرافي المستتتتتتتتقخ، ومحدود ة التعميم والمرونة، وضتتتتتتتعل القدرو على الت ستتتتتتتير، تلعد مم أبر  العوامخ التي  

في تحديد  (  cML)  تحد مم التومتتتتية باعتماد نماذ  التعلم الآلي للتقييمات الستتتتريرية المستتتتتقبلية. ومع ذلك، قد  ستتتتهم نهج
اطا عاجية فرد ة لمرضى سر ا  ال م.

.(؛ البقاء الكلي؛ قابلية التفسير.HNSCC(؛ سرطان الخلايا الحرشفية في الرأس والرقبة )MLالتعلم الآلي ) ة:لادالكلمات ال
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1. INTRODUCTION

Oral squamous cell carcinoma (OSCC) 

represents the most frequent subsite of head and 

neck cancer [1–3]. The rates for incidence, 

recurrence, and mortality of OSCC have shown 

a marked increase in recent decades in the 

Western world due to the aggressive nature of 

this type of cancer in terms of its rapid local 

invasion and early lymph node metastasis [4–7]. 

Therefore, a concise effort is needed to predict 

OSCC tumor behavior, but the lack of specific 

prognostic indicators still constitutes a major 

challenge [4]. In addition, the decision-making 

regarding the best treatment approach is 

somewhat challenging for many cases of OSCC 

despite the general improved overall survival of 

OSCC patients. 

Remarkably, OSCC is usually diagnosed late. 

This makes it relatively challenging to properly 

manage OSCC due to the experience of higher 

rates of recurrence and poor survival despite the 

recent improvements in OSCC diagnostic and 

management approaches [8,9]. Additionally, the 

treatment options for these patients may 

contribute to significant morbidity and 

psychosocial concerns. Late-stage OSCC is 

characterized by a significant burden on the 

patient’s physical appearance (i.e. 

disfiguration), proper functioning (mastication 

and deglutition), major senses, airway, upper 

gastrointestinal tract, and low self-esteem in 

terms of social interactions and normal daily 

activities [8]. Thus, it is important to properly 

examine the patients to plan a targeted 

individualized treatment option by examining 

the 5-year overall survival (OS) prognosis. 

2. MATERIALS AND METHODS

2.1 Collection of Data 

In this study, we used the data from the National 

Cancer Institute (NCI) through the Surveillance, 

Epidemiology, and End Results (SEER) 

Program of the National Institutes of Health 

(NIH). This source was considered because it 

contains a large number of cases that can support 

large-scale analysis. 

2.2 Ethical Permission 

The ethical permission to use the SEER database 

of the NCI was granted with the identification 

number 17247-Nov2020 (alabir) for the 

specialized dataset. An extension to access the 

treatment-related parameters of the patients was 

granted with the same identification number. 

2.3 Variable Selection 

The included clinicopathological parameters 

available were age at diagnosis, ethnicity, 

gender, marital status, tumor grade, and stage 

classification according to the American Joint 

Committee on Cancer (AJCC) tumor-nodal-

metastasis (TNM) 7th edition, and treatment 

parameters. Overall survival was the primary 

endpoint and target variable. The query of the 

SEER database produced a total of 9439 

pathologically confirmed OSCC patients. Some 

of the selected variables were changed to 

categorical parameters and normalized for the 

ML training phase (sub-section 2.4).. 

2.4 Machine Learning Training 

In this project, several ensemble ML algorithms 

were selected. We chose ensemble and tree-

based ML algorithms due to their promising 

results in cancer prognostication tasks [12,13]. 

Therefore, the selected ensemble algorithms 

were voting ensemble, stacked ensemble, 

extreme gradient boosting (XGBoost), light 

gradient boosting (light GBM), and logistic 

regression. We combined the voting ensemble, 

stacked, and Light GBM to form a collaborative 

predictive model (cML). The schematic for the 

collaborative paradigm is presented in Figure 1. 

The performance of the cML was compared with 

the highest-performing individual ensemble 

method. The extracted data (sub-section 2.3) 

were exported to Microsoft Azure Machine 

Learning for model training. Following the 

loading of data, we used a 5-fold cross-

validation and adjusted other training 

parameters to guarantee better performance 

accuracy. In demonstrating the cML paradigm, 

a democratic voting approach was considered. 

2.5. Performance Metrics of the Trained Model 

The performance of the trained model was 

evaluated primarily using accuracy. Other 

performance metrics such as sensitivity, 

specificity, FI- score, and area under receiving 

operating characteristics curve were considered. 
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Fig 1.  Collaborative paradigm. 

3. RESULTS AND DISCUSSION

Following model training, the individual 

performance accuracy of the individual 

participating algorithms was 70.2%, 69.9%, 

69.1%, 69.4%, and 69.5% for voting ensemble, 

stacked ensemble, XGBoost, Light GBM, and 

logistic regression, respectively. When the 

predictive outcomes of three of these algorithms 

were combined for collaborative decision-

making (cML), the overall performance 

accuracy of the cML showed comparable 

performance with the voting ensemble. The 

feature importance of the input variables 

showed that the age of the patient at diagnosis, 

T stage, tumor grade, marital status, gender, 

primary site, surgery, N stage, radiation 

treatment, ethnicity, chemotherapy, and M 

stage, in decreasing order of importance, were 

significant for the model’s ability to predict the 

overall survival of oral cancer patients Fig 2. 

Fig 2. Significance of attributes. 

The main limitations and concerns can be 

grouped as either the challenges inherent to the 

science of machine learning or relating to 

clinical implementations. The concern inherent 

to the science of machine learning includes the 

black-box concern, amount and quality of the 

data used in the training, unintended fitting of 

cofounders as input variables, and 

generalizability of the model (the predictive 

model can be used outside the data on which it 

was trained initially). The concerns relating to 

clinical implementation include interpretability 

and explainability, changing the fiducial 

relationship between the patient and clinicians, 

super-human analogy, and job-competitor 

4. CONCLUSIONS

Individualized therapeutic decision-making 

based on survival prognosis remains 

challenging in the management of patients with 

OSCC. In this study, we have used an ML 

approach for overall survival (OS) prognosis. It 

is hoped that this model can assist clinicians to 

make an informed decision regarding future 

treatment options. The individualized targeted 

treatment can prevent overtreatment of OSCC 

cancer patients, thereby, improving their quality 

of health (QoH), and quality of life (QoL). In 

this study, we leveraged a collaborative ML 

(cML) paradigm so that rather than considering 

the model as a single entity (model 

individualism), we combined the unique 

properties of each ML algorithm to form model 

cooperativism. This study showed that cML 

showed comparable performance with the 

highest-performing ensemble method. Of note, 

the idea of cML may not necessarily be hinged 

on performance enhancements. However, 

considering the sensitive nature of medical 

applications such as cancer management where 

the reliability of the prediction is pertinent, a 

collaborative (cML) approach becomes 

warranted. Our model highlighted the age of the 

patient at diagnosis, and the T stage as the top 

prognostic parameters for OS prediction in 

OSCC. This finding is supported previous 

findings in the literature [14–17].  
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Remarkably, the approach of cML also seeks to 

address some of the concerns limiting 

recommending ML models for further clinical 

evaluations. In recent years, several efforts have 

been made to address concerns relating to the 

model’s interpretability and explainability 

using both SHapley Additive exPlanations 

(SHAP) and Local Interpretable Model 

Agnostic Explanations (LIME) techniques 

[18,19]. Similarly, continuous efforts are being 

made to further validate ML models using 

independent external validations to facilitate 

model generalizability [19,20]. While model 

generalizability reveals the performance of the 

model with independent data outside the 

training cohorts, efforts aimed at continuous 

model improvement are pertinent. The idea of 

having web-based prognostic may not address 

continuous model development, rather it seeks 

to further validate the developed models. 

Therefore, to benefit from the variability in the 

data used for either temporal validation or 

independent geographic validation, it is 

important to explore other paradigms without 

comprising data security and privacy-related 

issues. An example of such a paradigm is the 

use of federated machine learning [21]. 

With the advancements in technology and 

availability of medical data in various formats 

such as computed tomography (CT), positron 

emission tomography (PET), and magnetic 

resonance imaging (MRI), further diagnosis and 

prognosis using a modified artificial neural 

network, that is, a convolutional neural network 

(CNN) have been explored in recent years [22]. 

The deep learning (DL) approach is aimed at 

ensuring personalized medicine from 

radiological images of cancer patients. In recent 

years, insightful parameters have been explored 

from these images through radiomics [23]. 

Radiomics extracted features are now combined 

with clinicopathological features or genomics 

parameters to further enhance a robust model 

that can facilitate personalized oncology [24].  

In conclusion, our study further emphasized the 

potential of ML for outcome prognostication 

and personalized medicine to improve OSCC 

management. Despite the promising results 

showing the potential of ML for OSCC 

management, these models should be developed 

to further enhance explainability, 

interpretability, and externally validated for 

generalizability in order to be safely integrated 

into daily clinical practices. Also, regulatory 

frameworks for the adoption of these models in 

clinical practices are necessary. Our study has 

some limitations. First, the data used for ML 

model development were retrospective in 

nature. Second, the models are not externally 

validated to evaluate the true performance of the 

model. In future studies, it is essential to further 

validate the cML and individual ML model 

using a relatively large amount of data to further 

evaluate the potential of cML. This is important 

to further fulfill our ultimate goal of providing 

a reliable prediction from an ML model that can 

aid in personalized treatment plans for patients 

with OSCC. 
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