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Abstract

Background/Aim: Machine learning analyses of cancer outcomes for oral cancer remain sparse compared 

to other types of cancer like breast or lung. The purpose of the present study was to compare the 

performance of machine learning algorithms in the prediction of global, recurrence-free five-year survival 

in oral cancer patients based on clinical and histopathological data. 

Methods: Data was gathered retrospectively from 416 patients with oral squamous cell carcinoma. The 

dataset was divided into training and test dataset (75:25 split). Training performance of five machine 

learning algorithms (Logistic regression, K-nearest neighbours, Naïve Bayes, Decision tree and Random 

forest classifiers) for prediction was assessed by k-fold cross validation. Variables used in the machine 

learning models were age, sex, pain symptoms, grade of lesion, lymphovascular invasion, extracapsular A
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extension, perineural invasion, bone invasion and type of treatment. Variable importance was assessed 

and model performance on the testing data was assessed using receiver operating characteristic curves, 

accuracy, sensitivity, specificity and F1 score.    

Results: The best performing model was the Decision tree classifier, followed by the Logistic Regression 

model (accuracy 76% and 60%, respectively). The Naïve Bayes model did not display any predictive value 

with 0% specificity. 

Conclusions: Machine learning presents a promising and accessible toolset for improving prediction of 

oral cancer outcomes. Our findings add to a growing body of evidence that Decision tree models are 

useful in models in predicting OSCC outcomes. We would advise that future similar studies explore a 

variety of machine learning models including Logistic regression to help evaluate model performance.
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Introduction

Oral cancer is the sixth most common global malignancy, with an annual incidence of more than 300,000 

cases reported worldwide (1). The term oral cancer is synonymous with one histological type, oral 

squamous cell carcinoma (OSCC), accounting for more than 90% of all head and neck malignancies (2). 

There were 3,744 people diagnosed with OSCC in 2016 in the United Kingdom, with higher incidence rates 

in Scotland than other parts of the UK (3). Despite the progress in investigating the pathobiological 

mechanism and advances in the approach to treatment of OSCC, the prognosis has unfortunately not 

improved over the last decades, and OSCC is still associated with a high rate of recurrence and a poor five-

year survival rate of less than 50% (4). The spread potential of OSCC to surrounding tissues, 

lymphatics/vascular circulation and nerves is the main reason for the high morbidity and mortality rates of 

OSCC (5). Surgery is the most well-established mode of initial definitive treatment for a majority of OSCC. 

However, radiotherapy with or without chemotherapy is employed in conjunction with surgery as post-

operative treatment in the patients with advanced-stage cancer (6). Enhanced understating of five-year 

survival prediction may help guide clinicians and patient on decisions such as choice of treatment, 

ultimately improving patient outcomes.

Machine learning is an application of artificial intelligence that encompasses a variety of algorithmic 

techniques whereby a computer can be trained to identify patterns within large complex datasets. The 

potential applications for machine learning approaches in healthcare to guide clinicians and improve 

outcomes are increasingly being recognised (7). With respect to cancer, early appreciation of the potential 

for machine learning to aid risk assessment, diagnosis and prognosis has seen the field grow considerably 

over the last decade (8). A depiction of the growth in machine learning research in cancer is shown in 

Figure 1. Despite oral cancer constituting around 2.1% of all cancers globally (9), research outputs 

applying machine learning to oral cancer appear to consist of only 1% of total outputs combining machine 

learning and cancer (98 studies out of 9251). It is therefore reasonable to consider machine learning 

applications with respect to oral cancer as a relatively preliminary field of research.

Kourou et al. present a good overview of machine learning application in cancer (10). The current 

literature can be divided in several ways. Firstly, the outcome being assessed varies from diagnostic 

prediction, risk assessment (which may include malignant transformation in pre-cancerous lesions), 

prediction of recurrence and prediction of survival. Kourou et al. did not cite any risk-assessment studies 

for oral cancer, however this is an area that has recently been explored with promising results (11). 

Cancer machine learning studies may also be divided by the type of input data used, which varies A
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considerably. Data from clinical, epidemiological, histopathological, imaging, genomic and other 

molecular pathological analyses are all used as inputs for machine learning models. Furthermore, a range 

of machine learning algorithms are currently employed in cancer research including Naïve Bayes, Artificial 

Neural Network, Decision tree, Random forest, Logistic Regression, Linear Discriminant Analysis, Support 

Vector Machine and K-nearest neighbour models (12). 

Due to the heterogeneity of input data and model selection, model performance also varies considerably. 

With respect to cancer survival, model accuracies between 71% and 93% have been reported for breast 

cancer (13, 14), whereas accuracies ranging between 71% and 98% have been reported for oral cancer 

(15, 16). A final caveat is that, until recently, there appears to be a large discrepancy in sample size with 

breast cancer commonly featuring tens or hundreds of thousands of samples whereas oral cancer studies 

featured as few as 31 participants (17). The study by Karadaghy et al. appears to be the largest machine 

learning study on oral cancer survival, with 30,000 participants included (18).  

The aim of the present study was to evaluate the performance of different machine learning algorithms in 

global, recurrence-free five-year survival in patients with OSCC. Prediction of local recurrence was also 

conducted. A secondary aim was to evaluate the clinical and histopathological features deemed most 

important to the various models. 

Materials and methods

Data acquisition and ethical approval

This study was approved by NHS Tayside, Scotland (Caldicott/CSAppHA1350), and Tayside Medical Science 

Centre Research and Development (14/ES/0015(HIC), allowing retrospective analysis of patient clinical 

records. Inclusion criteria were a diagnosis of primary OSCC, with follow-up for at least five years or until 

death. Exclusion criteria were those under 18 years of age or histological findings other than primary 

OSCC or evidence of oropharyngeal SCC. In total, 430 patient records were deemed suitable for inclusion. 

Variable pre-processing 

Raw data was compiled in Microsoft excel and read into Python 3.8., (Python Software Foundation, 

https://www.python.org). Survival at 5 years was selected as the target (y) variable and x variables 

represented histological and patient findings. Non-numeric variables were encoded into categorical 

variables. Post code were encoded into quintiles of social deprivation based on the Scottish Index of 

Multiple Deprivation (SIMD) sourced from the Scottish Government website. A summary of the variables 

is presented in Table 1. Variables with significant numbers of missing data, where information was absent A
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from patient records were dropped from the final analysis. Dropped variables were smoking history, 

alcohol consumption, post code, TNM score and depth of invasion. Variables used in the machine learning 

models were age, sex, pain symptoms (Pain), grade of lesion (Grade), lymphovascular invasion (LVI), 

extracapsular extension (Extension), perineural invasion (PNI), bone invasion (BI), choice of treatment 

(Treatment). A small number of cases where data for lesion grade was missing were dropped, giving a 

total number of participants as 416. A secondary analysis on a subset (n=150) of the data where TNM 

score and excision margin depth, where available, was performed.

Table 1: A summary of the variables used by the machine learning classification models. * indicates the 

variable was dropped due to missing data.

Evaluation of machine learning algorithms

Five-year survival prediction was assessed using several machine learning algorithms for classification that 

are readily available in Python 3.8. These were Logistic regression, K-nearest neighbours, Naïve Bayes, 

Decision tree and Random forest classifiers. The dataset was first divided into training (75%) and test 

(25%) data. Imbalance of target variables was then corrected using majority class undersampling via the 

Python package imbalanced-learn (19). Models were trained using the training dataset, and performances 

were evaluated by k-fold cross validation where k was set to 5. Model training accuracy was assessed by 

ANOVA in GraphPad Prism 8 (La Jolla, CA). Trained models were then assessed for their performance on 

the test dataset. Receiver Operating Characteristic (ROC) curves were plotted for each model and the 

concordance index (Area Under Curve/AUC) was calculated. Sensitivity (recall), specificity, accuracy and 

F1 score were also calculated. Where available, relative importance of the variables was assessed for the 

models. 

The same approach was applied to evaluating the models in the prediction of local recurrence. A subset of 

data was created to include additional variables (TNM and excision margin). TNM score was simply coded 

as 1-4, whereas excision margin used a 4mm cut-off with a binary coding (<4mm = 0, >4mm = 1).

Results

Model performance on training data

Cross validation of performance on the training data set showed all models displayed relatively similar 

performance accuracy (Figure 2). Performance accuracy ranged from 56% for the Naïve Bayes classifier to 

72% for the Decision tree and Random forest classifier. Comparison of mean performance accuracy A
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following cross-validation by one-way ANOVA revealed no significant differences between any of the 

models (p=0.11).

Model performance on test data 

A summary of model performance measured by ROC-AUC score, accuracy, precision, sensitivity, specificity 

and F1 score is presented in Table 2. 

Table 2: Summary of model performance metrics for the prediction of global, recurrence-free 5-year 

survival.

The best performing model by all metrics on the test data was the Decision tree model (ROC-AUC score 

0.77, accuracy 76%). This was followed by the Logistic Regression model (ROC-AUC score 0.69, accuracy 

60%). K-nearest neighbours and Random forest models performed comparatively poorly, and the Naïve 

Bayes model was essentially a failed classifier with 0% specificity. 

Inspection of variable importance 

Relative variable importance for the Logistic regression and Decision tree classifiers are presented in 

Figure 3. The Decision tree classifier displayed very similar variable importance to the Random forest 

classifier and K-nearest neighbours and Naïve Bayes classifiers do not have inbuilt feature importance 

parameters. As can be seen in Figure 3, the Logistic regression model assigned high importance to PNI, 

followed by treatment choice, LVI, extracapsular extension and age. The Decision tree model, by contrast 

found age as the most important variable by a considerable margin, with site appearing as the next most 

important variable. Grade, pain PNI and sex showed comparable importance. BI was seen as an 

unimportant feature, likely reflecting the low proportion of cases featuring evidence of bone invasion.

Model performance in prediction of recurrence

Results for the prediction of recurrence are shown in Supplementary Figure 1 and Supplementary Table 1. 

ANOVA found no significant differences in the training performance of the models (p=0.52). The best 

performing predictor was the logistic regression model (accuracy = 65%), although model performance 

was generally poor with low predictive value.  

Model performance on subset data including TNM and excision margin
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Results for the prediction of global recurrence-free five-year survival are shown in Supplementary Figure 2 

and Supplementary Table 2. On the training data, the Naïve Bayes model significantly worse than all other 

models (p < 0.05). Test performance was highest for the Decision tree classifier, followed by Logistic 

regression and the K-nearest neighbours model. 

Discussion

The purpose of the present study was to evaluate the performance of machine learning algorithms and 

important variables in the prediction of global recurrence-free five-year survival in OSCC patients. 

Karadaghy et al. recently used machine learning to predict five-year survival in OSCC in 30,000 patients, 

with reported accuracy of 71% and ROC-AUC score of 0.8 with a Decision Forest model (18). It would 

seem reasonable to consider these metrics as a benchmark given the robust nature of the study. The best 

performing model, Decision tree classifier from the present study displayed comparable accuracy (76%) 

and ROC-AUC score (0.77) to Karadaghy et al. Other recent studies have found Decision tree algorithms to 

perform strongly when applied to predicting OSCC outcomes (20, 21). 

Interestingly, we found that Logistic regression was the second-best predictor of global recurrence-free 

survival, and the strongest predictor of recurrence. Whether Logistic regression can truly be considered a 

machine learning approach is a topic of some debate in literature, although it is a well-established 

technique for binary classification. A recent meta-analysis of healthcare literature found that Logistic 

regression typically performs as well as other machine learning algorithms (22). With respect to cancer 

outcomes, Logistic regression has been found to perform comparably to other machine learning models in 

prediction of breast cancer survival (23), as well as in the prediction of nodal metastasis in OSCC (15). 

Conversely, prediction of five-year survival in OSCC has found that Logistic regression performed 

considerably poorer than Decision tree and Artificial neural networks (63% accurate compared to ~80% 

accuracy) (24).      

Analysis of variable importance of the machine learning models provides some considerations for 

improving prediction in future. The Logistic regression model found PNI and treatment choice to be 

important variables. These would seem logical predictors of OSCC five-year survival and recurrence 

frequency has been implicated as a critical variable in similar predictive models (24). Age was considered a 

crucial variable by our Decision tree and Random forest. Alabi et al. also found age as the most predictive 

variable for oral cancer recurrence using a Boosted Decision tree model (21). Bone invasion and 

lymphovascular invasion were generally found to be unimportant, likely stemming from the fact that 

these were only present in a small proportion of the dataset (7 and 14%, respectively). Unfortunately, due A
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to missing data, factors that may be reasonably expected to be significant in predicting survival such as 

stage (TNM score), smoking and alcohol consumption and depth of invasion were only performed on a 

subset of our data in the present analyses. The findings were of generally poor performance; however, 

this may reflect the reduction in the amount of training data. Furthermore, novel ways of analysing 

histopathology of OSCC may be useful for future prospective studies. For example, margin-to-thickness 

ratio, which has recently been explored as prognostic histopathological factors in OSCC (25). 

The present study used only clinical and histopathological findings as input variables. Our model 

performance was generally an improvement on those of Chang et al., who reported AUC scores of 0.39 to 

0.7 when analysing only clinical data and histopathological. However, the same study noted considerable 

improvement in model accuracy with the addition of genomic marker variables, such as p63 expression 

(17). Similarly, when predicting oral cancer recurrence Exarchos et al. reported that the use of imaging 

data, tissue genomic and blood genomic data significantly improved their model accuracy above 

clinical/histopathological variables alone (26). Therefore, future work will encompass the inclusion of 

additional biochemical findings to evaluate whether these variables improve model performance. For 

example, in the same dataset the presence of nerve growth factor and tyrosine kinase A approached 

significance in survival analysis by Kaplan-Meier curves, hence could represent important features in a 

machine learning model (27), as seen for PNI in the present study. Equally, the balance between model 

performance and ease of attainment for input data must be considered. Data for the present study would 

be routinely available after clinical examination and a biopsy, whereas the inclusion of genomic data 

would require microarray or sequencing analyses. Such analyses may not be conducted routinely and 

have time and cost implications. 

A limitation of the present work is the fact that the target variable, global recurrence-free five-year 

survival, is a binary outcome and does not consider time-to-event. Time-to-event analyses have recently 

been incorporated into oral cancer survival prediction and have demonstrated promising results, albeit in 

a relatively small dataset for such an analysis (28).  Evidence suggests that in the prediction of survival for 

different types of cancer, machine learning model performance decreased as survival time is extended 

(29). Furthermore, our dataset does not consider global versus disease specific mortality. There may some 

debate as to the effect OSCC would have on all-cause mortality rates, particularly considering the 

aggressive nature of adjuvant treatments like chemo and radiotherapy. A recent study in a Norwegian 

cohort found comparable overall survival and disease specific survival rates (62% vs 56%) in patients 

undergoing treatment for OSCC (30). Our dataset was also characterised by a very low (<2%) proportion of 

cases being treated with additional chemotherapy or radiotherapy. Another limitation to the present A
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study is the lack of an external validation dataset. Our approach to using a training-test split seems to be 

the most widely used in machine learning studies of OSCC. The collection of a prospective validation 

cohort as done recently by Alabi et al. (21), represents an important future direction.

This study found the best performance by all metrics for global, recurrence-free OSCC five-year survival 

prediction was with the Decision tree model. Logistic regression was the second-best performing model 

although there was a decrease in all performance metrics. The Naïve Bayes model failed to classify 

survival in our dataset. Based on our findings we would suggest researchers undertaking similar future 

prospective studies to consider incorporating Decision tree and Logistic regression alongside a range of 

other machine learning algorithms. Careful consideration of input variables, making full use of the clinical 

and histopathological data available, is also likely to help improve overall model performance.   
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Variable Number of cases Coding and distribution (No., %) 

Survival (5 years) 416 1 = survived (125, 30%) 

0 = deceased (291, 70%) 

Age 416 Kept as continuous variable 

Sex 416 1 = Male (231, 56%) 

0 = Female (185, 44%) 

Pain symptoms 416 1 = Present (77, 19%) 

0 = Absent (339, 81%) 

Site of lesion 416 0 = Tongue (165, 40%) 

1 = Floor of mouth (94, 22.5%) 

2 = Tongue and floor of mouth (17, 4%) 

3 = Other (140, 34.5%) 

Grade of tumour 416 0 = Well (60, 14%) 

1 = Well to moderate, Moderate (245, 59%) 

2 = Poor (111, 27%) 

Perineural invasion 416 1 = Present (70, 17%) 

0 = Absent (346, 83%) 

Lymphovascular invasion 416 1 = Present (60, 14%) 

0 = Absent (356, 86%) 

Bone invasion 416 1 = Present (30, 7%) 

0 = Absent (386, 93%) 

Extracapsular extension  416 1 = Present (52, 13%) 

0 = Absent (364, 87%) 

Treatment 416 0 = None (123, 30%) 

1 = Surgery, no neck dissection (108, 26%) 

2 = Surgery with neck dissection (185, 44%) 

Recurrence 416 0 = Absent (315, 76%) 

1 = Present (101, 24%) 

Smoking history* 218 NA 

Alcohol consumption* 156 NA 

TNM score* 288 NA 

Depth of lesion* 257 NA A
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Post code* 328 NA 
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Model Model performance on test data  

ROC-

AUC 

score 

Accuracy 

(%) 

Sensitivity/ 

True 

positive 

rate (%) 

Specificity/ 

True 

negative 

rate (%) 

Precision 

(%) 

F1 

Score 

 

False 

positive 

rate (%) 

False 

negative 

rate (%) 

Logistic 

regression 

0.69 60 74 50 53 0.62 50 26 

K-nearest 

neighbours 

0.65 59 70 50 51 0.59 50 30 

Naïve 

Bayes 

classifier 

0.5 43 100 0 43 0.60 100 0 

Decision 

tree 

classifier 

0.77 76 81 72 69 0.75 28 19 

Random 

forest 

classifier 

0.69 55 74 42 49 0.59 58 26 
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