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ARTICLE INFO ABSTRACT
Keywords: Background: Diagnosis and treatment of head and neck squamous cell carcinoma (HNSCC) induces psychological
Machine learning (ML) variables and treatment-related toxicity in patients. The evaluation of outcomes is warranted for effective

Head and Neck Squamous Cell Carcinoma
(HNSCC)

Overall survival

Explainability

treatment planning and improved disease management. Objectives: This study aimed to build a prognostic
system by combining clinicopathological parameters, treatment-related factors, and sociodemographic factors as
integrative inputs to build a machine learning (ML) model to estimate the overall survival (OS) of patients with
HNSCC. Furthermore, we explored the complementary prognostic potentials of these input parameters. We
provide explainability and interpretability using Local Interpretable Model-agnostic Explanations (LIME) and
SHapley Additive exPlanations (SHAP) techniques. Methods: A total of 419 patients with HNSCC were recruited
from three University Hospitals in Sweden. We compared the performance of TabNet, a state-of-the-art deep
learning algorithm for tabular data, with extreme gradient boosting (XGBoost) and voting ensemble to predict OS
in patients with HNSCC. Results: Both TabNet and XGBoost showed comparable performance accuracies, with
TabNet and XGBoost showing a performance accuracy of 88.1% each and voting ensemble showing an accuracy
of 88.7%. The aggregate feature importance showed that p16 (a tumor suppressor protein that plays a crucial
role in cell cycle regulation), cancer stage, hemoglobin, age at diagnosis, T class, N class, smoking pack-years,
body mass index (BMI), treatment modality, erythrocyte count, and human papillomavirus (HPV) status were
the most important parameters for the predictive ability of the model for OS. Furthermore, we found survival
trends in this cohort by individually considering parameters such as p16, cancer stage, hemoglobin, age at
diagnosis, HPV status, Tumor Nodal Metastasis staging, and socioeconomic factors (marital status, housing, and
level of education). In addition, both the LIME and SHAP techniques showed the contribution of each feature to
the prediction made by the model. Conclusions: The clinical implementation of an ML model can lead to
individualized risk-based therapeutic decision-making. Therefore, validating these models with multi-
institutional datasets and testing them in the context of clinical trials is warranted for safe clinical
implementation.

1. Introduction cavity, pharynx, larynx, salivary glands, paranasal sinuses, and nasal
cavity. Most of these cancers are histologically classified as squamous
Head and neck cancer (HNC) is a group of malignancies of the oral cell carcinomas, collectively referred to as head and neck squamous cell
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carcinoma (HNSCC) [1]. Patients with HNSCC often present at an
advanced stage at diagnosis, which increases their mortality rate [1].
HNSCC is associated with a decreased quality of life, psychosocial con-
cerns, disfiguration, functional impairments, treatment-related
morbidity and toxicity, and mortality [2]. Besides cancer-associated
causes, mortality may be related to treatment or comorbidity [3].
Hence, accurate staging and prediction of factors influencing overall
survival (OS) are important for insightful treatment planning and
effective management of this patient population [4].

Staging and treatment planning based on the American Joint Com-
mittee on Cancer (AJCC) tumor-node-metastasis (TNM) staging system
can be used as an objective and accurate tool to predict the prognosis of
patients with HNSCC. However, for individual patients, it is ineffective
in predicting outcomes because of the inability of the TNM staging
system to consider several important tumor- and patient-related risk
factors [5]. Therefore, a comprehensive tool that integrates multiple
factors is required to predict patient outcomes. In recent years, classical
machine learning (ML) approaches have shown promising results in the
prognostication of various cancers. In addition, deep learning (DL), a
modification of classical ML, has shown potential for diagnosis, prog-
nosis, and risk estimation in cancer management [6].

In recent years, many studies have explored the application of ML for
outcome prediction. For example, the study by Yu et al., using de-
mographic, clinical features and host factors and their model achieved a
C-index of 72.9% in predicting two-year survival in patients with
HNSCC [7]. Similarly, a study by Li et al., developed a ML model to
predict 5-year OS of laryngeal squamous cell carcinoma (LSCC) with
85.0% accuracy [8]. In advanced LSCC, the study by Zhang et al., found
that random forest ML model showed more promising OS predicting
performance than the Cox model [9]. Our previous studies have also
considered clinical features and demographic parameters for OS pre-
dictions in LSCC and nasopharyngeal squamous cell carcinoma using ML
techniques [10,11]. In another study by Ahn et al., ML model was used
to stratify oropharyngeal squamous cell carcinoma patients (OPSCC)
into risk of prolonged radiation treatment duration (> 50 days) with a
promising accuracy [12]. However, most of these studies have primarily
considered clinicopathologic, demographic, and treatment related fac-
tors. The present study extends previous research by incorporating
pretreatment clinicopathological, laboratory, hematological, and tumor
parameters, treatment-related factors, and sociodemographic factors
using state-of-the-art ML algorithms. Additionally, it explores how our
sociodemographic parameters affect the OS of HNSCC patients and
provides explainability for a single prediction made by the model.

In this study, we used attentive interpretable tabular learning (Tab-
Net) to estimate the OS of patients with HNSCC. We chose TabNet
because of its high performance, interpretable nature for tabular data,
and enhanced performance in terms of accuracy and efficiency [13,14].
The objectives of this study were to: (i)explore the complimentary
prognostic potentials of combining clinicopathologic parameters,
treatment-related factors alongside sociodemographic factors, as inte-
grative input sources into TabNet, for estimating the OS of patients with
HNSCC, (ii) compare the performance of TabNet with that of the
extreme gradient boosting (XGBoost) and voting ensemble algorithms,
which are state-of-the-art algorithms for tabular data to predict OS
outcomes in patients with HNSCC (iii) provide an explanation and
interpretation of the predictions made by the XGBoost model using the
Local Interpretable Model-agnostic Explanations (LIME) and SHapley
Additive exPlanations (SHAP) techniques, and (iv) explore the effect of
some of the input variables on OS of patients with HNSCC. The resulting
explainable and interpretable model may aid in prognostication by
assisting in the personalized survival stratification of patients. The
overall aim was to provide an adequate individualized treatment
approach for this patient population.
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2. Materials and methods
2.1. Dataset

We analyzed a dataset of 419 patients with HNSCC, including those
with oral, oropharyngeal, laryngeal, or hypopharyngeal cancers, ob-
tained from a multicenter prospective observational study in Sweden.
The inclusion criteria for the study were patients with newly diagnosed
HNSCC who were scheduled for treatment with curative intent, aged 18
years or older, and with a performance status of 0-2, as defined by the
Eastern Cooperative Oncology Group (ECOG) or World Health Organi-
zation (WHO) [15]. The exclusion criteria included a history of treat-
ment for malignant neoplasms within the last 5 years (except for skin
cancer), an inability to understand the Swedish language, severe alcohol
abuse, or any cognitive impairment that might affect study compliance.
Participants were included before the start of treatment between
October 2015 and December 2022. Distribution of patients with HNSCC
is shown in Table 1 (Sub-section 2.3).

2.2. Selection of patient attributes

The clinicopathological and sociodemographic variables included
the Union of International Cancer Control (UICC) TNM 8th edition
staging scheme (T class, N class, and M class), age at diagnosis, sex,
tumor site, p16 (a tumor suppressor protein that plays a crucial role in
cell cycle regulation), human papillomavirus (HPV) status, hemoglobin
level, leukocyte count, erythrocyte count, percentage body weight
change (loss or gain) six months before diagnosis compared to weight at
diagnosis, body mass index (BMI), pack-years smoking parameter,
housing, level of education, marital status, and working status (Table 1).
Treatment-related parameters included surgery, radiotherapy (RT),
chemoradiotherapy (CRT), combined-modality treatment, and other
medical treatments (Table 1). The survival period (months from the date
of diagnosis) and OS status of the patients were also recorded. From the
parameters presented in Table 1, OS was considered the output of in-
terest in this study. The output variables were relatively balanced. A
detailed description of each of the included variables and categoriza-
tions is provided in Table 1. Ethical approval was obtained from the
Regional Ethical Review Board of Uppsala (No. 2014/447). All the
methods were performed in accordance with the 1964 Declaration of
Helsinki and its subsequent amendments.

2.3. Data description for each variable

The study cohort for the ML model development included 419 pa-
tients with HNSCC. The baseline clinicopathological and sociodemo-
graphic characteristics obtained at the time of diagnosis are presented in
Table 1. There were 295 (70.4%) males and 124 (29.6%) females with a
male-to-female ratio of 2.4:1. The mean age at diagnosis was 63.4 years
(SD, + 10.8; range, 31 — 90) and the median age was 64.0 years.
Regarding the treatment modalities, 60 (14.3%) patients underwent
surgery, 128 (30.5%) RT, 101 (24.1%) CRT, 113 (27.0%) combined
modality treatment, and 17 (4.1%) received medical treatment (cetux-
imab) and RT. Of the 419 patients with HNSCC, 344 (82.1%) completed
the 2-year follow-up and were alive, 57 (13.6%) died before the 2-year
follow-up, and 18 (4.3%) did not reach the 2-year follow-up. Altogether,
47 (11.2%) patients died of cancer and 10 (2.4%) died of other causes.

2.4. ML model development

The entire schematic representation for the ML model development
and implementation processes presented in this study is given in Fig. 1.
The process involves selection of variables for model development and
using the selected variables to develop ML models based on TabNet,
extreme gradient boosting (XGBoost), and voting ensemble algorithms,
respectively. We compared the performance metrics of these ML models
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Table 1

Baseline demographic characteristics of head and neck squamous cell carcinoma
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Table 1 (continued)

. . T Variables Total Categorization for ~ Data type after
patients in the training data (N = 419). (N = machine learning _ categorization
Variables Total Categorization for ~ Data type after 419) analysis
N = machine learning categorization (%)
419) analysis Mo 418 MO =0 Integer
) 99.8)
Age at diagnosis M1 1(0.2) Ml=1
< 40 years old (Young) 12 (2.9) No categorization Integer Cancer stage
>= 40 years old (0ld) 407 Stage I 166 Stage =1 Integer
(97.1) (39.6)
Sex Stage II 96 Stage II = 2
Male 295 1 = Male Integer (22.9)
(70.4) Stage III 77 Stage III = 3
Female 124 2 = Female (18.4)
(29.6) Stage IV 80 Stage IV = 4
Marital status . (19.1)
Married/living together 313 1 = Married Integer P16 (Cyclin-dependent
(74.7) kinase inhibitor 2A,
Partner not living together 18 (4.3) 2 = Partner CDKN2A, multiple
Single 88 3 = Single tumor suppressor 1)
(21.0) Positive 208 1 = Positive Integer
Housing ) (49.6) )
House (Owning and living 282 1 = House Integer Negative 96 2 = Negative
in a house) (67.3) (22.9)
Residence flat 50 2 = Residence Non tested 115 3 = Non tested
(Condominium/owning (11.9) (27.4)
and living in a flat HPV (.Human.
Tenancy flat (Rental 87 3 = Tenancy Papillomavirus)
apartment/renting and (20.8) Positive 117 1 = Positive Integer
living in a flat) (27.9)
Education level Negative 26 (6.2) 2 = Negative
Lower education 283 1 = Low education Integer Non tested 276 3 = Non tested
(67.5) (65.9)
Higher education 136 2 = Higher % Weight changes’
(32.5) education Weight gain 115 1 = Positive Integer
Working situation (27.5)
Working 54 1 Integer Weight loss 304 0 = Negative
(12.9) (72.5)
Pensioner (Retired) 204 2 BMI (Body Mass Index)
(48.7) Severe thinness (< 16) 0 (0.0) No categorization Decimal
Sick leave 159 3 Moderate thinness (16-17) 2 (0.5)
(37.9) Mild thinness (17.1 - 18.5) 8(1.9
Unemployed 02(0.5) 4 Normal (18.6 - 25) 150
Pack years ) (35.8)
<20 298 No categorization Decimal Overweight (25.1 - 30) 167
(71.1) (39.9)
>=20 121 Obese (> 30) 92
(28.9) (22.0)
Subsite/Location Leucocyte” Range No categorization Decimal
Oropharynx 209 1 Integer (2.6 -
(49.9) 25.9)
Oral cavity 147 2 Erythrocyte* Range Decimal
(35.1) 0.4 -
Larynx 53 3 6.1)
12.7) Hemoglobin* Range Integer
Hypopharynx 10 4 (96 -
12.49) 176)
T class (UICC 8) Treatment modalities
T1 125 T1=1 Integer Surgery 60 1 Integer
(29.8) (14.3)
T2 141 T2 =2 Radiotherapy (RT) 128 2
(33.7) (30.5)
T3 62 T3 =3 Chemoradiotherapy (RCT) 101 3
(14.8) (24.1)
T4 91 T4 =4 Other medical treatment 17 (4.1) 4
(21.7) (Cetuximab or Erbitux)
N class (UICC 8) and RT
NO 167 NO =0 Integer Combined modality 113 5
(39.9) treatment (27.0)
N1 152 N1=1 Survival
(36.3) Cancer-related death 47 1 Integer
N2 79 N2 =2 (11.2)
(18.9) Other 10 (2.4) 1
N3 21(5.0) N3=3 Alive 362 0
M class (UICC 8) (86.4)

" The values of leucocyte, erythrocyte, and hemoglobin were used directly

without categorization for the model training.
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§ Percentage body weight change (loss or gain) six months before diagnosis
and at diagnosis.

(Table 2). The performance of these models to predict OS were
compared based on accuracy. Furthermore, we provided explainability
to the prediction made by XGBoost model using the Local Interpretable
Model-agnostic Explanations (LIME) and SHapley Additive exPlanations
(SHAP) techniques. The detailed description of these processes is pre-
sented in sub-sections 2.4.1 — 2.4.3.

2.4.1. Variables for ML model training

The model development process is shown in the Supplementary
Figure S1. The dataset for training the model consisted of (a) pretreat-
ment parameters — age, sex, percentage change in body weight during 6
months before and at diagnosis, BMI, and pack years of smoking (b)
laboratory and hematological markers — hemoglobin level, erythrocyte
count, leucocyte count, (¢) tumor parameters — tumor site, cancer stage
and UICC TNM 8th edition staging system, pl6, HPV status, and (d)
sociodemographic factors — marital status, level of education, working
status, and housing. The outcome of interest was OS.

2.4.2. TabNet for OS prediction

This study proposed TabNet, an end-to-end DL model, to predict OS
in patients with HNSCC. A typical TabNet is composed of encoder and
decoder blocks [14]. The encoder consists of a feature transformer, an
attentive transformer, and feature-masking blocks [13,14]. The TabNet
encoder involves multiple steps. First, the original input parameters
(defined in section 2.2) were subjected to batch normalization. These
normalized features were then passed through the feature transformer
block. The feature transformer block is composed of a 4-layer network
where two are shared across all decision steps, whereas two are decision
step-dependent. Each layer consisted of a fully connected layer, batch
normalization, and gated linear unit nonlinearity. Therefore, following
batch normalization, the input features enter the feature transformer,
where a soft selection of salient features is performed through sparse
selection to make the model parameter efficient (feature masking). An
attentive transformer was used to obtain the masks using the features
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2.4.3. Xgboost and voting ensemble for OS prediction

XGBoost and voting ensemble are based on ensemble learning
paradigm, also known as multiple classification systems, have the po-
tential to produce a learner that is generalizable [16]. Following the
processing of data and selection of variables (sub-sections 2.1 — 2.3), the
same data used for TabNet model development (sub-section 2.4.2) were
used for XGBoost and voting ensemble model training. The training
process was performed using 5-fold cross-validation due to the amount
of dataset. This approach minimizes bias and imitates external valida-
tion [17]. Cross-validation was chosen to assess the predictive ability of
the model on new data that were not used in model development,
thereby helping to detect overfitting or selection bias [18]. In addition, it
gives insight into how the model will generalize to an independent
dataset. Technically, an ensemble paradigm ensures that multiple ver-
sions of the same machine learning model (weak or strong) are trained in
such a way that each ensemble member is different (i.e., the decision
trees are fit on different subsamples of the training dataset) [19]. Then,
this process is followed by a selective combination of member classifiers
into a better classification using any of the several appropriate and
efficient ensemble methods, such as voting, averaging, bagging, stacking
boosting, or boosting [16,20,21]. The XGBoost method used in this
study used a boosting methodology where many moderately accurate
weak learners are integrated (boosted) to form strong learning. Voting
ensemble, on the other hand, is also known as a meta-model or model of
models because it combines the prediction from multiple models [22]. In
this study, we have used soft voting methodology, whereby it sums the
predicted probabilities for each class label. The predicted class label
with the largest sum probability is given as the final prediction. Hence, it
is known as a majority voting ensemble [16]. Hyperparameter tuning
was done where necessary to ensure that a reasonable model accuracy
was achieved.

Table 2
Performance metrics of TabNet, XGBoost, and voting ensemble algorithms for
overall survival prediction in patients with HNSCC.

processed in the preceding step. Ideally, an attentive transformer is Metrics TabNet XGBoost Voting ensemble
composed of a fully connected layer, followed by a batch normalization Specificity 0.99 0.99 0.98
layer, prior scales layer, and Sparsemax layer. While the prior scale layer Precision 0.50 0.78 0.78
contains information about the extent to which each feature has been Negative Predictive Value 0.89 0.89 0.89
used previously (in the current decision step), Sparsemax normalization False Positive Rate 0.01 0.01 0.01

P Y i P), 5p i K False Discovery Rate 0.50 0.22 0.22
encourages sparsity. Accuracy was used as the main metric to evaluate False Negative Rate 0.90 0.75 0.75
the performance of the model. Other important metrics are listed in Accuracy (%) 88.1 88.1 88.7
Table 2.

Model development process Model implementation process
ot ML model ‘ TabNet model
ata processing :
development using T
TabNet - .
Par?m:lers [ Compare Provide
selection
Data obtained performance Use the XGBoost explainability to the
from University accuracy of TabNet, model for overall prediction given by
Hospitals, XGBoost, and survival prediction XGBoost using LIME
Sweden Parameters voting ensemble and SHAP
selection ML model
models
development
Data processing k
using XGBoost and
XGBoost voting ensemble
model evaluations
Voting ensemble

algorithms

Fig. 1. A schematic representation of the model development.
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2.5. Model implementation

The model implementation involves comparing the performance
accuracy of ensemble machine learning models — XGBoost and voting
ensemble with TabNet for predicting OS in HNSCC and providing ex-
planations for a single prediction made by the XGBoost-based ML model.
The details of model implementation are presented sub-sections 2.5.1 —
2.5.3.

2.5.1. Comparison of TabNet with decision tree algorithm

In this study, we used the XGBoost algorithm as a baseline for
comparison. This is due to promising results obtained from XGBoost in
recent years [10,23,24]. We compared the performance of XGBoost with
that of TabNet in predicting OS in patients with HNSCC. Our TabNet was
implemented using PyTorch (Version 4.0, released on Sep 14, 2022) and
the Scikit-learn framework.

2.5.2. Local Interpretable Model-agnostic Explanations (LIME)

LIME[25], is a model-agnostic technique that is applied to an already
trained model to examine the hidden relationships between the input
parameters and the output parameter of interest [26]. LIME works by
tweaking the input parameters while observing the effect of this tweak
on the output [27]. The tweaking helps to provide local interpretability
to the model prediction in terms of the degree of accuracy and the
contribution of input variables to the prediction made by the model. For
interpretability using LIME, we used LimeTabularExplainer in Python
version 3.10.0 to fit the training data of the global model (XGBoost in
this study).

2.5.3. Shapley Additive exPlanations (SHAP)

SHAP uses the principle of game theory to make local explanations of
the model predictions [28]. Therefore, the SHAP technique computes
Shapley values by evaluating the model under several different combi-
nations of input features and calculating the average difference in the
output (prediction), when a feature is present compared to when it is
absent [29]. This difference is known as the Shapley value and repre-
sents the contribution of the feature to the prediction made by the model
[29]. Hence, the Shapley values quantify the contribution of each
feature to the prediction of a model for a given input [27,29]. For
interpretability and explainability, the SHAP technique computes the
contributions of each feature to the final prediction of the decision in our
XGBoost model (i.e., tree-based model). Specifically, TreeSHAP was
used to estimate the Shapley values of the features in the model. These
Shapley values provided a method for quantifying the contribution of
each feature to the prediction made by the model (Fig. 5).

3. Results

3.1. Performance accuracy, explainability, and interpretability of
XGBoost model

The performance accuracy of TabNet was 88.1%, voting ensemble
was 88.7%, and XGBoost ensemble was 88.1% after model training.
Other performance metrics are presented in Table 2.

3.2. Explainability and interpretability of XGBoost model with LIME and
SHAP

In terms of explainability, for a single instance of patient survival
prediction, the LIME technique showed that the model predicted patient
survival with 54% probability for the correctness of the predictions
made by our trained model. Furthermore, T class, cancer stage, M class,
pl6, HPV, treatment, erythrocyte count, and pack-years of smoking
were the main parameters contributing to survival prediction made by
our trained model (Fig. 2a). In contrast, for the same patient, the LIME
technique showed that patient age, hemoglobin level, BMI, and change
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in body weight were the parameters that contributed to the model
prediction of death with 46% prediction reliability (Fig. 2a).

In addition to LIME, the SHAP technique showed that erythrocyte
count, treatment approach, education, marital status, and weight
change during the 6 months before and at diagnosis, in order of signif-
icance had a significant effect on the model ability to predict patient
survival (Fig. 2b). Similarly, the SHAP technique showed that T class,
hemoglobin, cancer stage, pack-years of smoking, N class, HPV, age at
diagnosis, BMI, leukocyte, p16, N class, cancer stage, hemoglobin,
leukocyte count, and tumor site, in order of significance, had a lower
impact on a single instance of prediction by the model (Fig. 2b). The
SHAP and LIME techniques presented herein provide a local explanation
(for a single instance of a patient with HNC) (Fig. 2a-b).

3.3. Evaluating the input variables for aggregate feature importance

The aggregate feature importance of input variables for predicting
OS in patients with HNSC were p16, cancer stage, hemoglobin level, age
at diagnosis, T class, N class, pack-years, BMI, treatment, erythrocyte
count, and HPV status of the tumor (Fig. 3). Of note, Fig. 3 represents the
most important result of this study, as it shows how clinicopathologic
parameters, treatment, and sociodemographic factors contributed to the
OS of patients with HNSCC.

3.4. Evaluating the input variables for individual feature importance

Evaluation of the importance of individual features showed that a
positive p16 or non-tested pl6 tumor status was associated with better
survival than a negative p16 status (Fig. 4a). In addition, cancer stages I-
III were associated with a better OS than stage IV (Fig. 4b). We found
that the survival of patients with HNSCC decreased as hemoglobin levels
increased to above 150 g per liter (g/1) (Fig. 5a). Moreover, the survival
of patients with HNSCC decreased steadily as their age increased.
However, a sharp increase was observed between 65 and 70 years of age
(Fig. 5b). Similarly, positive and non-tested HPV tumor statuses were
associated with better survival (Fig. 6). Regarding the TNM staging
scheme, patients with T1-3 had better survival rates than those with T4
(Fig. 7a). Likewise, patients with N1 had better survival than those with
NO, whereas both NO and N1 were associated with better OS than N2
(Fig. 7b). Patients with smoking pack-years of 10-20 had better survival
than those with > 20 pack-years of smoking (Fig. 8a). Regarding treat-
ment modalities, patients with HNC who received surgery, radio-
therapy, or other treatments plus radiotherapy had better OS than those
who received chemotherapy alone or in combination (Fig. 8b).
Considering the survival of patients with HNC in terms of socioeconomic
parameters, those who were married or living together and those with a
partner but not living together had better survival rates than those who
were single (Supplementary Figure S2a). In addition, patients owning or
living in a house or tenancy flat had better survival rates than those
living in a flat residence (Supplementary Figure 2b). No significant
survival trends were observed in patients with HNSCC with respect to
the following parameters: sex, level of education, working status, site, M
class, percentage body weight change (percentage weight gain or weight
loss during 6 months before and at diagnosis), BMI, leukocyte count, and
erythrocyte count.

4. Discussion

Individualized therapeutic decision-making based on survival prog-
nosis remains challenging in the management of patients with HNSCC.
This is due to the complex and heterogeneous nature of the disease itself
as well as patient- and treatment-related factors. Therefore, in this study,
we included only patients with HNSCC to ensure that we focused on a
histologically homogeneous group of patients. Our model examined the
complex relationships between these parameters by analyzing how
similar patients with histologically confirmed squamous cell carcinoma
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Fig. 2. LIME and SHAP frameworks for explainability and interpretability.
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Fig. 3. Aggregate feature importance of input variables.

responded in the prospective cohort, thereby predicting the outcome of
the new patients under consideration. Therefore, the results fulfilled our
ultimate goal of aiding personalized treatment plans for patients with
HNSCC.

This study used TabNet, a state-of-the-art DL model for tabular data,
to enhance the prediction of OS in patients with HNSCC. The model was
developed using the TabNet algorithm and demonstrated a promising
performance. The performance of TabNet is comparable to the tradi-
tional voting ensemble method, which has been reported to be suitable
for a variety of classification tasks [30]. We explored the LIME and SHAP
techniques to analyze how the input variables contributed to the sur-
vival prediction made by the model. This is important for personalized
prognostication of the survival outcomes in patients with HNSCC.

Multiple studies have found that p16 is an important prognostic
surrogate biomarker in oropharyngeal HNSCC [31-33]. This supports
the results of our study, in which the developed ML model identified p16
as the most important parameter. This may be because the cohort used
to develop the ML model included a significant number of patients with
oropharyngeal cancer. Notably, 73% of patients were tested for p16. We
found that patients with pl6-positive tumors had better survival rates

than those with pl6-negative tumors. Our findings are consistent with
previous studies that emphasized HPV-related status as an important
prognostic and predictive biomarker, mainly in oropharyngeal squa-
mous cell carcinoma (OPSCC), potentially enabling better prognostica-
tion and choice of therapeutic options [34]. We found that patients with
HPV-positive tumors had better survival rates. Over the years, a signif-
icant number of HNSCC cases have been associated with chronic alcohol
or tobacco consumption. However, in recent years, an increasing pro-
portion of OPSCC cases has been caused by mucosal infections with
high-risk HPV [34]. This presents a challenge for the optimization of
clinical management. In general, patients with HPV-related diseases are
younger (often non-consumers of either alcohol or tobacco) and respond
better to different treatment options, resulting in a better overall prog-
nosis [34].

In case of non-oropharyngeal HNSCC, several conflicting results have
been reported regarding the prognostic significance of p16 [35]. Several
studies have reported that p16 has prognostic significance [21,24-28],
whereas other studies have reported contrasting results [36-39]. Due to
these contrasting views, practice guidelines generally recommend
routine testing for pl6 in oropharyngeal HNSCC, but not in non-
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oropharyngeal HNSCC [35].

Our ML model highlighted the stage of HNSCC at presentation as the
second most important determinant of outcomes. This finding has been
corroborated by several studies emphasizing the clinical stage at pre-
sentation as a major predictor of survival in HNSCC [40]. A significant
number of patients with HNSCC are diagnosed at an advanced stage of
cancer with an increased risk of recurrence and distant metastasis
[1,40-42]. Therefore, a predictive model can aid in early intervention
and treatment planning. Having prior knowledge of the survival out-
comes of a patient can assist clinicians in personalized treatment plan-
ning and enhance insightful decision-making [10]. As shown in Fig. 4b,
patients with stage I-III cancer had better survival rates. Stage III cancer
was associated with improved survival, which may be attributed to the
aggressive treatments that are usually administered to patients with
advanced-stage HNC.

Treatment- and tumor-related factors may lead to psychological
disorders that may negatively impact appetite and, consequently, result
in poor nutritional status. Remarkably, this has been associated with
tumor progression and poor survival in these patients [43]. Patients with
poor nutritional value are likely to have reduced weight and a low BMI.
Ottosson et al. reported that low and normal BMI were negative factors
for OS in patients with OPSCC [44]. In the case of OPSCC, moderate or
severe weight loss at diagnosis has been reported as a prognostic factor

for recurrence [45]. Therefore, nutritional interventions are warranted
in patients with HNSCC [43,46]. Interestingly, nutritional and hema-
tological factors have been found to have prognostic value in patients
with HNSCC receiving curative treatment [43]. Lim et al. found that
body weight, serum total protein and albumin levels, and hematological
variables significantly affected OS [43]. This finding was justified in the
present study, in which the developed model identified hematological
markers such as hemoglobin levels, erythrocyte count, and percentage
body weight change in HNC as important prognostic markers for OS.
Further studies are warranted to evaluate malnutrition and weight loss
during diagnosis and treatment.

Our results suggest that hemoglobin level at diagnosis plays a sig-
nificant role in the OS of patients with HNSCC. Umesh et al. reported
that low baseline hemoglobin (< 12.7 g/dl) is a poor predictive marker
for relapse-free survival and OS in patients with HNSCC (treated with
definitive radiotherapy, with or without chemotherapy) [47]. Moni-
toring and correcting hemoglobin levels may offer an accessible means
to improve treatment outcomes at a low cost and effort and should thus
be considered in future studies [47,48]. Hemoglobin level is thought to
serve as a systemic inflammation marker that may predict treatment
outcomes and guide nutritional intervention in these patients [49].

Furthermore, our model predicted that patient age at diagnosis is an
important prognostic factor for OS. This corresponds to the findings of
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Cadoni et al.,, in which increasing age was found to be an important
factor for OS in HNC [41]. Similarly, Talani et al. showed that age is a
risk factor for early death among patients with HNSCC with curative
treatment intent [50]. We observed a reduction in OS as the age of the

patients with HNC increased. However, there was a sudden increase in
the OS of patients aged—65-70 years. This may have been due to the
more aggressive treatment administered to this cohort. Although older
patients may experience worse treatment-related toxicity, especially in
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terms of treatment intensification, some studies have reported that older
patients have equal survival outcomes compared with their younger
peers [41]. Therefore, there is a growing debate suggesting that chro-
nological age alone should not withhold curative treatment intention in
most patients with HNSCC [51]. This debate is buoyed by the paucity of
randomized data regarding the effect of age on treatment response,
treatment-related morbidity, and OS in patients with HNC [41]. Addi-
tionally, a recent study by Lop et al. reported that disease-specific sur-
vival starts to decrease significantly in patients with HNSCC after the age
of 80 [51,52].

As indicated by our model, the tumor and nodal classes are important
prognostic factors. We used the 8th edition of the UICC TNM staging
system. T classes 1-2 showed improved survival compared to T classes
3-4. Notably, some patients with class T3 tumors had better survival.
This may be due to the disparity in classification and staging; some cases
of T2 tumors may be misstaged and should instead be classified as T3
and receive an enhanced treatment approach. Additionally, the incor-
poration of depth of invasion into the T class later caused a shift to
upstaging [53]. Similarly, patients with classes NO-1 showed improved
survival. Some patients with the N1 class had better survival rates than
those with NO class. This may be associated with the integration of
extranodal extensions (ENE) into N class [53]. Therefore, the UICC TNM
8 remains an objective and accurate classification scheme because it
already incorporates the depth of invasion into T staging and ENE into N

staging [53]. The inclusion of ENE in N staging is expected to reflect the
burden of neck nodal disease accurately. In addition, the UICC 8th
edition was found to be more suitable for HPV-associated carcinoma
[54].

The present model identified the number of pack-years smoked as an
important prognostic factor associated with estimating survival in pa-
tients with HNSCC. This finding is consistent with earlier reports
showing that tobacco smoking reduces the efficacy of radiation therapy
within HNC cohorts [55,56]. Given the significance of the pack-year
threshold in determining patients eligible for treatment dein-
tensification [55], several conflicting reports have emerged regarding
smoking exposure. This may largely depend on the HNC sites. For
example, Ma et al. reported 22 pack-years as the threshold for estimating
cancer treatment outcomes [55]. In other reports, approximately 10
pack-years was found to be a risk factor for early disease recurrence in
patients with oral cancer [57].

In our study, it is also notable that socioeconomic status (SES), such
as housing, working status, level of education, marital status, and sex
were not among the top (one to ten) variables identified by our model as
being associated with OS, which is inconsistent with other studies; so-
cioeconomic factors and demographic disparities may be significant as
predictors of survival in patients with HNC [58-62]. This discrepancy in
the effect of SES as a predictor of survival in HNC may be due to a high
standard of living, minimal social and economic disparities, availability
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of moderately sufficient resources for adequate cancer surveillance, high
health literacy, access to care, uniform treatment modality, and low
health disparity, which are widely prevalent in the majority of the
Nordic countries where our data are from. Therefore, the relationship
between SES and poor OS is complex and multifactorial [59]. Future
research is warranted to validate and elucidate the mechanism and
relationship between SES and poor survival to identify possibilities for
evidence-based interventions.

There are several limitations in the implementation of ML in daily
clinical practice that warrant further investigation [63,64]. Our study
further emphasized the potential of artificial intelligence and ML for
outcome prognostication and personalized medicine to improve HNC
management. One of the major and continued criticisms is that the ob-
tained predictions are often nontransparent and uninterpretable. Hence,
we incorporated LIME and SHAP to explain and interpret the predictions
of the XGBoost model. The model predicts patient survival with 54%
accuracy. Furthermore, the model provided interpretability and
explainability by showing that T and M classes, cancer stage, p16, and
erythrocyte count contributed to predicting patient survival with 54%
accuracy. Conversely, the age of the patient, BMI, hemoglobin level, and
body weight change were considered by the model to suggest (at 46%
accuracy) that the patient may die. Similarly, we provided explainability
and interpretability for another patient using SHAP. The erythrocyte
count, treatment approach, education, marital status, and weight
change during the 6 months before and at diagnosis (in decreasing order
of significance) had a greater effect on the model’s ability to predict

10

patient survival. In contrast, T class, hemoglobin, cancer stage, pack-
years of smoking, N class, HPV, age at diagnosis, BMI, leukocyte
count, pl6, and tumor site (in decreasing order of significance) had a
lower impact on the model’s prediction for that single instance of pre-
diction using SHAP. Ultimately, based on these analyses of model
explainability with LIME and SHAP, the clinician/oncologist is able to
consider the two arguments (interpretability and explainability) made
by the model and to make a final therapeutic clinical decision.

In this study, we compared a DL approach (TabNet) for tabular data
with two traditional ensemble ML algorithms that have been previously
applied to numerous tasks involving tabular data. TabNet consists of a 4-
layer network that includes a feature transformer, attentive transformer,
and masking. Because TabNet is based on feature selection, it performs
on par with the traditional ensemble ML models such as voting ensemble
and XGBoost, which is based on portioning samples for model training.
With a relatively large number of datasets, the effect of TabNet com-
ponents can be significant. Hence, TabNet may outperform traditional
ensemble methods.

Our study has some limitations. First, as expected, the number of
cases used for the ML model development was not uniform among
HNSCC sites and the outcome of interest, which may lead to a relatively
high false negative rate. In future, the model may be retrained using a
more balanced dataset of tumor subsites and OS outcome. Second,
further external geographic validation using a relatively large number of
cases is warranted to explore the true performance of the model.

In conclusion, our model showed promising performance in
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predicting the OS of patients with HNSCC. This model may serve as an
accurate, objective, and ancillary tool at a low cost for clinicians, for
enhanced decision-making [65]. Our model incorporated multiple
clinicopathological, treatment-related, and socioeconomic parameters
to estimate patient survival. The model developed using these combined
parameters may address disparities in the currently used cancer staging
schemes and aid in choosing a personalized management approach.
Furthermore, the explainability and interpretability provided by the
LIME and SHAP frameworks may enhance opinions of clinicians to
better understand how these parameters contribute to decisions or
predictions. Such a strategy is important for individualized treatment
planning in patients with HNSCC. In future studies, the developed model
may be integrated as a web-based tool for testing purposes by other
research centers to encourage research collaboration. In addition, model
performance can be improved through federated learning in the future.

5. Summary points

We developed a model for predicting overall survival (OS) in patients
with head and neck squamous cell carcinoma (HNSCC) by combining
clinicopathological parameters, treatment-related factors, and soci-
odemographic factors.

We compared two ensemble ML algorithms - extreme gradient
boosting (XGBoost) and voting ensemble algorithms with TabNet for
OS prediction in patients with HNSCC patients.

Explainability and interpretability of the model were enhanced using
the Local Interpretable Model-agnostic Explanations (LIME) and
SHapley Additive explanation (SHAP) techniques.

Aggregate feature importance showed that p16, cancer stage, he-
moglobin level, age at diagnosis, T class, N class, pack-years of
smoking, BMI, treatment, erythrocyte count, and HPV were the most
important parameters.

Clinical implementation of an ML model can lead to individualized
risk-based therapeutic decision making.
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