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Abstract

Background: A significant number of tongue squamous cell carcinoma (TSCC) patients are diagnosed at a late
stage. Objectives: We primarily aimed to develop a machine learning (ML) model based on ensemble ML
paradigm to stratify advanced-stage TSCC patients into the likelihood of overall survival (OS) for evidence-based
treatment. We compared the survival outcome of patients who received either surgical treatment only (Sx) or
surgery combined with postoperative radiotherapy (Sx+RT) or postoperative chemoradiotherapy (Sx+CRT)
Material and Methods: A total of 428 patients from Surveillance, Epidemiology, and End Resultsy(SEER)
database were reviewed. Kaplan-Meier and Cox proportional hazards models examine OS. Imadditienya ML
model was developed for OS likelihood stratification. Results: Age, marital status, N stage,Sx, and Sx+CRT
were considered significant. Patients with Sx+RT showed better OS than Sx+CRT gr Sx“alone. A similar result
was obtained for T3NO subgroup. For T3N1 subgroup, Sx+CRT appeared moresfavorable for 5-year OS. In T3N2
and T3N3 subgroups, the numbers of patients were small to make insightful\conelusions. The OS predictive ML
model showed an accuracy of 86.3% for OS likelihood predictions, Coneclusions and Significance: Patients
stratified as having high likelihood of OS may be managed with Sx+RT. Further external validation studies are

needed to confirm these results.

KEYWORDS: Tongue cancer; Overall surwival; Machine learning; Chemoradiotherapy; Radiotherapys;

Radiation; Surgery; SEER
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Introduction

Tongue squamous cell carcinoma (TSCC) represents the most frequent site for oral cavity
cancer [1]. The rates for incidence, recurrence, and mortality of TSCC 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 [2]. Therefore, a
concise effort is needed to predict TSCC tumor behavior, but the lack of specific prognostic
indicators still constitutes a major challenge [2]. In addition, the decision-making regasding the
best treatment approach is somewhat challenging for many cases with TSCC despite the
generally improved overall survival (OS) in this patient population,

Traditionally, the main tumor-related parameters for TSCEymanagement decision are
based on the American Joint Committee on Cancer (AJCC) tumor-nodal-metastasis (TNM)
staging scheme. However, there are valid concerns regarding the sufficiency of TSCC stage
for prognostication [2]. Additionally, the ideal treatment for patients with advanced-stage
TSCC at diagnosis remains controversial. Therefore, accurate and efficient risk-stratification
of patients at advanced stage TSCC is necessary for their treatment recommendations.

TSCC patients at advanced stage usually experience higher rates of recurrence and poor
survival despite the recent improvements in diagnostic and management approaches [3.,4].
Additionally, the treatment options for these patients may contribute to significant morbidity
and psychosocial concerns. Advanced-stage TSCC is characterized by 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 [3]. Thus, it is important to properly examine the
patients to plan a targeted individualized treatment option by stratifying the advanced stage
patients into risk groups i.e. — either low likelihood or high likelihood of 5-year overall survival

(0S).
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Of note, some advanced-stage TSCC patients may be deemed at diagnosis unsuitable
for curatively intended therapy [5]. Therefore, a non-curative approach aiming at palliative care
and enhancing quality of life has been proposed [3]. The clinicians need to make informed
decisions regarding curative or non-curative treatment intent for advanced-stage TSCC. Based
on this, it is important to create an OS likelihood stratification system that enables the survival
outcomes of patients with advanced-stage TSCC at initial diagnosis to be predicted:\IThis is
poised to offer a targeted therapeutic intervention for the patient.

In recent years, machine learning (ML), a subfield of artificial intelligence (Al) has
gained increased interest in clinical research due to its feasibility and ‘ability to analyze the
complex relationships between clinical variables for prognosti€ation»{6]. These relationships
can be modeled by ML techniques for outcome predictien. \Thus, several studies have been
published regarding the prognostication of outcomes’ in, various sites of the head and neck
region [7,8]. Due to the promising results obtained from these ML algorithms and
advancements in technology, several miodifications to these algorithms have been developed.
For example, some of these medifications include understanding the dependent and
independent relationships _between these variables for risk of bias to enhance the effective
estimation of various foutcemes in oncology. These modifications are aimed at improving the
performance of these models for effective prognostication of outcomes to enhance patient-
centered edre (personalized medicine) and proper management of cancer.

In this study, we examined the treatment options regarding the 5-year OS in advanced
stage TSCC. Furthermore, we aimed to explore the potential of two distinct ML algorithms —
k-nearest neighbor oracle (KNORA), which is derived from dynamic ensemble selection
techniques and extreme random trees for OS likelihood prediction of advanced-stage TSCC
patients. This prognostication can assist in the personalized risk stratification, to allow tailoring

an adequate treatment alternative for each patient.
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2. Material and Methods

2.1.  Study population

The Surveillance, Epidemiology, and End Results (SEER) program database was used in this
study. Access to this database was approved by identification number 17247-Nov2020 (alabir)
for research plus data for November 2020 Submission. From this selection, the SEER database
was queried for tongue cancer patients from 2010 - 2015. A total of 428 cases was_extracted
and considered advanced-stage (T3NO and T3N1) oral tongue cancer patients. Owing to the
limitations of the SEER database in terms of the recorded cases, there wete no extracted cases
for T3N2 and extremely limited cases for T3N3. Therefore, these were=€xcluded from the
analyses. A detailed description of data extraction from the SEER~database is given in Figure
1.

2.2. Data process and selection of attributes

2.2.1 Inclusion and exclusion criteria

The inclusion criteria comprised patiénts*with pathologically confirmed tongue cancer with
clinicopathological parameters available including age at diagnosis, ethnicity, gender, marital
status, grade, and stage classification according to the American Joint Committee on Cancer
(AJCC) tumor-nodal-metastasis (TNM) 7™ edition (Table 1). Overall survival was the primary
endpoint and targetyariable. The extracted clinicopathological parameters were differentiated
into categoricalyand quantitative variables (Table 1). The categorical parameters were
normaliz€d-for the ML training phase (Section 2.4). In the SEER database, overall survival is
eonsidered as the time until death as a result of any cause and follow-up period as the time
from diagnosis until the last follow-up or death of any cause. The exclusion criteria include all
unknown cases (i.e., cases with missing information) in each of the considered
clinicopathological parameters. In addition, all other tumor sites than oral tongue were

excluded.
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2.2.2 Treatment endpoints

In terms of the treatment parameters (surgery, radiotherapy, and chemotherapy), surgical
treatment is the primary option for tongue cancer patients (Table 1). For advanced-stage tongue
cancer patients, surgical treatment only (Sx), surgery followed by either postoperative
radiotherapy (Sx+RT) or postoperative chemoradiotherapy (Sx+CRT) were the used treatment
options (Table 1).

2.3.  Statistical analysis

The statistical analyses were conducted using Python version 3.10.0 in the<dupyter notebook.
The Kaplan—Meier method was used to calculate the OS. Additionally,/Cox proportional
hazards models were used to assess the association of vaffables»with the survival and
unadjusted hazard ratio (HR) and confidence interval (CEHwStatistical significance was defined
as p <0.05.

2.4. Machine learning model training

We compared an extreme random treedlgorithm with a dynamic ensemble selection (DES) to
stratify advanced-stage TSCC patients into the likelihood of overall survival. The DES was
achieved using k-nearest neighber oracle (KNORA). Following the data preprocessing (sub-
section 2.2.1), the processedrdata were loaded into Jupyter notebook using Python version
3.10.0. Then, the advanced-stage tongue cancer was extracted from the main data loaded to the
Jupyter netebook, A 10-fold cross-validation was used with various hyperparameters tunning
to maximize'the performance of the model (Figure 1). The hyperparameters that give the best
aceuracy for each model were selected and used in the KNORA model training (k = 7 for the
s¢lection of the local neighborhood for making predictions). We used bagged decision trees as
the pool of classifier model (repeated k-fold cross-validation with 3 repeats and 10 folds). To
ensure that a vibrant model was developed, we considered two variants of this algorithm —

KNORA-eliminate (KNORA-E) and KNORA-Union (KNORA-U) for the likelihood of OS of
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advanced-stage TSCC. The performances of each of these variants were evaluated in terms of
mean accuracy. The schematic of the ML training process with regards to KNORA
methodology is given in Figure 1. The mean accuracy of the KNORA methodology was
compared with an extreme gradient boosting algorithm that was trained using a 10-fold cross
validation. The training of the extreme boosting algorithm was done using Microsoft Aztre
Machine Learning Studio (Azure ML 2021) to build the predictive model. The performance, of
the extreme random tree was evaluated using weighted accuracy.

2.5. Model prediction: High and low likelihood of overall survival

The trained ML model predicts the individual patients with advancéd-tongue cancer as either
having a high likelihood of OS or low likelihood of OS. A highslikelthood of OS means that
the trained model predicts the patient to be alive from the date of diagnosis to the last follow-
up. Conversely, a low likelihood of survival indicates that the trained ML model predicts the

patient to die during the follow-up and consider all causes of death.
3. Results

3.1. Patient characteristics

The patient-, tumor- and treatment-related characteristics of the main group (entire patient
population) are summarized in Table 1. The median age of patients at diagnosis was 63 years
(range, 18—85;.average’ age of 63.0; SD + 14.5) and stratifying the age group into young and
old using(4Q years as the cut-off point indicated that 28 (6.5%) were younger patients while
400 (98,5%) can be regarded as older patients with advanced-stage TSCC. Furthermore, the
male-to-female ratio was 1.9:1 (278 male, 150 female). Other important parameters such as
ethnicity showed that, 336 (78.5%) were from the white origin, 52 (12.2%) were black, and 40
(9.4%) were from other origins including American Indian/AK Native, Asian/Pacific Islander.
Considering marital status, 195 (45.6%) were married while 233 (54.4%) were considered

unmarried (single, divorced, widowed, and separated) at the time of diagnosis (Table 1).
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According to the SEER classification, the most common primary site was the mobile
tongue (58.4%, n = 250) including the anterior two-third while the remaining sites (41.6%, n =
178) which included dorsal surface of tongue, border of tongue, overlapping lesion of tongue,
and ventral surface of the tongue. All of the extracted cases were T3 (100.0%, n = 428) [Table
1]. The most prominent pathologic N-stage was NO which covered a total of 273 (63.8%)
patients, while 142 (33.2%) had N1 and 13 (3.0%) had N3 in accordance with the AJCC'staging
scheme. Of note, there were no extracted cases with N2 (Table 1). Regarding”M stage, 418
(97.7%) had MO and 10 (2.3%) had M1. Regarding tumor grading, in 83%194%) out of the
428 cases, the grade was well differentiated, 255 (59.6%) moderately diffetentiated, 90 (21.0%)
poorly differentiated, and there were no undifferentiatedi~eases. The histopathologic
characteristics are briefly summarized in Table 1. Summarily,the sub-groups considered for
the advanced stage of the disease include a total 0f273(63.8%) having T3NO, 142 (33.2%)
had T3N1, and 13 (3.0%) had T3N3. Thus, the T3N3 subgroup were excluded in this analysis
due to few numbers of cases. There wefe no T3N2 cases.

3.1.4 Treatment options for theisubgroups

The treatment options werg cofisidered from three different perspectives — standard treatment
of surgery followed by eithetypostoperative radiotherapy (Sx+RT) or postoperative concurrent
chemoradiotherapy (Sx+CRT), and surgical treatment only (Sx). A total of 194 (45.3%)
patients had Sx+RT, 72 (16.8%) had Sx+CRT, and 138 (32.2%) had Sx only, while 24 (5.6%)
patientS'received none of the available treatment options (Table 1). The follow-up time ranged
between 0 to 107 months with the majority (61.4%) of the patients being alive at the last follow-
up.

3.2.  Survival analysis

In the entire TSCC cohort, the following parameters showed to be significant with p < 0.005

and hazard ratio (HR) of 1.03 for the age of the patient, HR of 0.74 for the marital status, HR
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of 1.49 for N stage, HR of 0.25 for surgery, and HR of 2.23 for Sx+CRT (Figure 2). All the
considered cases were of advanced stage (T3) with majority of them presenting as M stage
(MO). Therefore, these two parameters (i.e., T stage and M stage) were kept constant in the
analysis. In terms of other treatment approach, the Kaplan-Meier analysis demonstrated that
the treatment option of surgery followed by postoperative radiotherapy (Sx+RT) showed bettex
OS than either surgery with chemoradiotherapy (Sx+CRT) or surgery only (Sx) [Figurey3].
Similarly, in the T3NO subgroup, the same result was obtained (Figure 4).

However, in the T3N1 subgroup, the Kaplan-Meier plot for thestreatment option
revealed that Sx+CRT appeared promising for 5-year OS (Figure™5). “Chere were no cases
extracted with T3N2 from the dataset and too few cases with{E3N3; and thus no insightful
conclusion regarding the 5-year OS could be made from ‘these subgroups. Therefore, the
conclusions from this study are based on the treatmeént’ outcome of stages T3NO and T3NI1.
3.3. Model performance
The hyperparameter tunings showedathe performance of various values for the k-nearest
neighbour for a vibrant KNORA mdel(k = 7 and bagging). In terms of the performances of
the KNORA variants, the KNORA-Union (KNORA-U) showed a mean accuracy of 84.6% and
0.050 as the standarnd deyiation of the accuracy of the model while KNORA-Eliminate
(KNORA-E) gave, a mean accuracy of 83.9% and 0.048 as the standard deviation of the
accuracy of the'model across all repeats and folds in the OS likelihood estimation of advanced-
stage TSEC Likewise, an extreme random tree showed a weighted accuracy of 86.3% and 0.91
fordhieweighted area under curve (Figure 6). Other performance metrics of the extreme random
tree is presented in Table 2. Hence, these ML models showed extremely similar performance
ability in the OS likelihood stratification of advanced-stage TSCC. This further emphasized

that ensemble ML algorithms have great potential in predictive oncology.
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4. Discussion

We examined the 5-year overall survival (OS) of patients with advanced-stage tongue cancer
in the SEER database with respect to their given treatment options. We developed a machine
learning model that can stratify the patients into a high likelihood or low likelihood of OS.
Additionally, we examined the Kaplan-Meier plot for the available treatment options within
the extracted cohort, which revealed that patients that had received surgery followed\by
postoperative radiotherapy (Sx+RT) showed a better 5-year OS than their counterparts that had
received either surgery only (Sx) or surgery with postoperative chemoradiotherapy (Sx+CRT).
A similar result was obtained in the T3NO subgroup. However, for‘patients with T3N1,
Sx+CRT showed a more promising 5-year OS. Therefore, it is §videntthat the survival results
are not uniform in all the advanced-stage TSCC, which remains a-challenging group to manage.
This makes the decision-making regarding the 'deSign of the best treatment approach
challenging for advanced-stage TSCC. To th€ best of our knowledge, our study represents the
first attempt to examine the potential©f ML model for the likelihood of overall survival in
advanced-stage tongue cancer.

The examined ML models showed promising results in the likelihood of OS prediction
for this patient populationytorenhance targeted treatment. These models were built based on
ensemble maching,learning paradigm. For example, an extreme random tree used in this study
randomly,Samples the entire dataset. During training phase, that is, in the model development,
it constructs ' trees over every observation in the dataset but with different subsets of features
[9) This makes it faster since the node splits are randomized [9]. Thus, producing a low
variance which makes it suitable for likelihood of OS estimation. Similarly, the k-nearest
Neighbor Oracle (KNORA) is based on the dynamic ensemble selection (DES) paradigm
where the oracle appellation in the KNORA describes the selected ensemble of models used

for the prediction of outcome [10]. It dynamically selects one or more models (i.e., an ensemble

10
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of models) to make a prediction. The final prediction is derived based on voting on the
predictions made by these ensembles of models. Therefore, the final prediction made by using
the DES paradigm is based on the consideration of predictions of multiple models instead of a
single best model [10]. In effect, the DES approach is poised to provide a highly accurate
outcome prediction that is of utmost importance in cancer management such as in the likelihgod
of OS prediction for advanced-stage TSCC.

Remarkably, advanced-stage tongue cancer is characterized by a worse prognosis at
diagnosis. By standard, the recommended treatment for late-stage tongueseancer is surgery
followed by postoperative radiotherapy [11]. This recommendation ‘was,corroborated in this
study as it was observed that patients that received Sx+RT shewed a better chance of OS
(Figure 3 — 4). Similarly, the European Organization fersReéscarch and Treatment of Cancer
(EORTC) and Radiation Therapy Oncology Gfoup (RTOG) has suggested the use of
concurrent chemotherapy [11]. This latter suggestion’'was also supported by the finding in this
study specifically for advanced-stage{patients’ with T3N1 disease where having received
Sx+CRT showed promising results,in terms of 5-year OS [11] (Figure 5). With the current
radiotherapy (RT) techniques stieh as the intensity-modulated radiotherapy treatment (IMRT),
this treatment modalify may be poised to be a vibrant treatment approach for advanced-stage
tongue cancer. Pest-operative chemoradiotherapy is typically indicated for patients with
multiple nietastases, extra nodal spread, or positive surgical margin.

Therefore, based on the afore-mentioned treatment options, patients with a high
likglihood of OS may be targeted with either SXx+RT or Sx+CRT as their primary treatment
approach (Figure 4). Similarly, patients with more advanced stage (> T3N1) with a high chance
of disease recurrences, Sx+RT or Sx+CRT may be the treatment option of choice. Conversely,
in cases where the ML model stratifies the patients as having low likelihood of survival (i.e.,

low chance of survival category), curatively intended treatment modalities may be

11
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unwarranted. In such a scenario, non-curative treatment aimed at life-prolonging treatment or
palliative care may be considered portion of patients are reported to experience early death
after head and cancer treatment. Several studies have been published emphasizing the
importance of palliative care with or without traditional life-prolonging treatment [5,12].
Notably, the study by Mroueh et al. emphasized the importance of non-curative treatment as it
comprises both life-prolonging treatments including Sx+RT, Sx+CRT, and RT and thoSe,aimed
at alleviating tumor-related symptoms [3]. With this likelihood of survival predictionby a ML
model and individualization of the treatment approach, the quality of lifevefradvanced-stage
TSCC patients can be improved and survival time may be prolonged 13}

Certainly, the stage of tongue cancer at diagnosis remain§'the most important prognostic
factor [ 14]. Therefore, advanced stages are usually associated\with high disease recurrence and
mortality rates. Despite the concerted efforts towards/¢arly-stage detection of tongue cancer,
late-stage presentation is still common. Indhis“study, age of the patient was found to be
associated with OS in late-stage OTSCC as has been reported previously [15]. However, some
conflicting results have been published)regarding the prognosis between younger and older
adults [15]. Recent studies_have, improved the methodology and an insightful cut-off point
regarding age stratificationjasryoung or old. As a result, it was considered that younger patients
were associated with better OS due to their age [15]. Several reasons have been attributed to
this. Notably, younger patients may be able to better tolerate aggressive approaches [15].
Similatlys,ethnicity of the patient was deemed significant to the OS in advanced TSCC. This
may be’largely attributable to socioeconomic status, stage of presentation at diagnosis, level of
awareness regarding TSCC, disposition towards the health care system, and attitude towards
oral screening examination [16]. Likewise, marital status was found to be significant to the OS

in TSCC. This is in accordance with several of previous studies considering the social support

12
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from the family members and the consequent emotional state having a decreasing effect on the
psychological distress [17].

Focusing on lymph nodal status and the presence of distant metastases are directly
related to the oncological stage and, consequently, to the prognosis [15]. Thus, as the patients
are characterized by advanced stage of the disease, it is expected that these two parametets
(Iymph nodal status and distant metastasis) are significant as reported in our study (Tableyl).
The surgical treatment was considered significant for OS and this corroborategwithithe study
by Boonpoapichart et al. where the survival improved in patients who werespresented with a
late disease stage but had surgery [18]. Therefore, the primary treatmentstrategy for TSCC is
upfront surgery [19]. In advanced stages, surgical treatment i§«followed by radiotherapy or
chemoradiotherapy based on final histopathological findings, according to international
guidelines [15,19].

Having a ML model that can stratifydhe patients into respective likelihood of OS will
ensure that targeted treatment intervention is offered to the patients even at presentation. This
approach is poised to improve the quality of life of the patients, most importantly, incorporate
the possibility of palliative care, from the onset, especially for low likelithood of survival
patients. Despite this tratification possibility by the ML model, it is important to monitor the
treatment intervention for advanced and progressive disease. Thus, a swift shift in the treatment
objective Becomges pertinent where progression of the disease is noticed during the treatment
phase ‘Omufollow-up or the patient becomes unresponsive to the initially planned treatment
intérvention [3]. However, the final decision regarding the most appropriate treatment lies with
the clinicians after considering many parameters such as growth pattern of the tumor, margins
and the histopathological examination of the specimen, performance status, and co-morbidities

of the patients.
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Despite the potentials of Al for the proper management of cancer, there are certain
ethical and legal issues relating to the use of ML in daily clinical practice. Alabi et al.
mentioned that the data privacy and confidentiality, bias or discrimination, peer disagreement
(contradictory diagnostic or prognostic opinion between the model and the clinician), and
patient’s liberty to decide the type of treatment may be violated were some of the ethical dnd
legal issues [20]. Indeed, there are currently no well-defined regulations in place to addiessithe
legal and ethical issues that may arise because of the potential usage of Al i daily clinical
practice [20]. Therefore, there is a need for AI/ML algorithmic transparencyssdata privacy and
confidentiality protection, and an overall ethical and legal framework“or' the use of Al in
oncology [20].

This study has some limitations. First, there are-€estain‘limitations that are inherent to
the SEER database. For example, confounding factors’such as comorbidity, tumor recurrence,
duration of therapy, dose of radiation, and chemotherapy agents that could affect survival could
not be directly extracted from the SEER database. Thus, this constitutes a limitation in terms
of the dataset used in this study. Seeond, the retrospective nature of the dataset means that the
developed model may be pois€dito be biased. In some of the cases, the number of cases used
in the analyses were (relatively small. Due to this small sample size, the authors could not
provide the clinical characteristics of the subgroups. As a result of the limitations of the SEER
database, furthegstudies in the form of external independent validation should be performed to
verify the.results and recommendations in terms of the treatment.

In conclusion, our registry-based study showed that for advanced stage TSCC, the
patients predicted to have a high likelihood of OS can benefit from any of the treatment options
(Sx+RT or Sx+CRT) while the patients with low likelihood of survival should be offered the
option for palliative care in addition to the traditional treatment option. This approach is poised

to ensure that the quality of life of advanced-stage tongue cancer patients can be improved, and
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the survival of these patients can be prolonged. Remarkably, the onus is on the clinicians to
make insightful conclusions regarding the best treatment for the patients. For example, the
administration of RT techniques if necessary. Due to these limitations, external validation

studies may be warranted to confirm these results.
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Radiation -057 0.56 0.33 -1.23 0.08 0.29 108 -1.72 0.09 3565
Sx+RT 0N 111 0.37 -0.62 0.84 0.54 231 029 077 0.38
Chemotherapy -0.01 0.99 0.37 -0.74 0.73 0.48 207 -0.02 0.99 0.02
CRT -070 0.50 0.49 -1.65 0.26 0.19 129 -1.43 0.15 272
Sx+CRT 080 223 0.39 0.04 1.57 1.04 479 205 0.04 464
7
8  Figure 2. The hazard ratios of the input features.
9
10
11
12

16



(98]

N

The Kaplan Meier curve for the whole cohort

=== Surgery at advanced stage
=== Sx+RT at advanced stage
=== Sx+4CRT at advanced stage

—
=]

o
r-}

e
=]

=
~

(=]
(=3

=
i

Estimated survival probability

e
&

<
[

Time in months

v
Figure 3. The Kaplan Meier curve for the advance@

&

The Kaplan Meier curve for the T3NO subgroup

=== Surgery at advanced stage
=== Sx+RT at advanced stage
wess Sy+CHT at advanced stage

—
=

S
wo

b
@

o
~

Estimated survival probability

Time in months

Figure 4. The Kaplan Meier curve for the T3NO advanced stage.

17

S

Y



The Kaplan Meier curve for the T3N1 subgroup
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10 Figure Legend Q ;

11 Figure 1. S;Ir{ ic of the machine learning workflow for model training.

12 e hazard ratio plot of the included variables.

13 e Kaplan Meier curve for the advanced stage.

14 e 4. The Kaplan Meier curve for the T3NO advanced stage.
15 igure 5. The Kaplan Meier curve for the T3N1 advanced stage.
16  Figure 6. Area under curve for extreme random tree model training.
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1 Table 1. Baseline demographic and tumor characteristics of advanced stage tongue cancer
2 patients in the SEER database.

3
Variables Total (N = 428) (%) Categorization for machine learning analysis P value and HR
(Definition) Significance
Year of TSCC diagnosis
2010 62 (14.5%)
2011 69 (16.1%)
2012 74 (17.3%) No categorization (Not used in training) Not evaluated
2013 70 (16.4%)
2014 71 (16.6%)
2015 82 (19.2%)
Ethnicity
White 336 (78.5%) 0 = White p <0718
Black 52 (12.1%) 1 = Black HR: W 14
Others 40 (9.4%) 2 = Others (American Indian /AK Native, Asian |( Not significant
pacific
Age at diagnosis
<40 years old (young) 28 (6.5%) No categorization (Not used in training) p <0.005
>=4() years old (old) 400 (93.5%) HR: 1.03
Significant
Gender
Male 278 (64.9%) 0 = Male p<0.39
Female 150 (35.1%) 1 = Female. HR: 0.89
Not significant
Marital status at the time of diagnosis
Single (never married) 106 (24.8%) 0 = Single (never married) p <0.02
Married 195 (45.6%) 1 = Married HR: 0.74
Divorced 58 (13.6%) 0 = Divorced Significant
Widowed 60 (14.0%) 0 = Widowed
Separated 9 (2.1%) 0 = Separated
Unmarried/Domestic Partner 0 (0.0%) 0 =Unmarried/ Domestic Partner
AJCC 7" edition, T stage
AJCC T3 428 (100.0%) T3%3 | Not evaluated
AJCC 7" edition, N stage
AJCC NO; No regional lymph node | 273 (63.8%) NO=0 p <0.005
metastasis HR: 1.49
AJCC NI; Single regional lymph node | 142 (33.2%) Nl=1 Significant
metastasis
AJCC N3; Advanced neck metastases 13 (3.0%) N3=3
AJCC 7" edition, M stage
AJCC MO; No distant metastasis 418 (9%.7%) MO=0 Not evaluated
AJCC M1; Presence of distant metastasis 10" (2:3%) Ml=1
Grade
Differentiation of tumor
Grade I: Well differentiated 83 (19.4%) Grade [ =1 p<0.75
Grade II: Moderately differentiated 255 (59.6%) Grade [1=2 HR: 1.03
Grade III: Poorly differentiated 90 (21.0%) Grade 11 =3 Not significant
Grade IV: Undifferentiated 0 (0.0%) Grade IV =4
Treatment options
Only surgery (Sx) 138 (32.2%) 1 = Only Sx Significant (p < 0.005)
Surgery  followed 1\ ‘“by,  pOstoperative | 194 (45.3%) 1 =Sx+RT Not significant
radiotherapy (Sx+RT)
Surgery  followed by  postoperative | 72 (16.8%) 1=Sx+CRT Significant (p < 0.005)
chemoradiotherapy, (SX¥*CRT)
None ofithe availablg'treatments 24 (5.6%) 0 =None Not significant
Status at the end of follow-up
Alive 165 (38.6%) 0= Alive Target parameter
Dead 263 (61.4%) 1 = Dead
4
5
6
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1 Table 2. Performance metrics of extreme random tree ML algorithm

Metrics Values
Accuracy Accuracy Balanced_accuracy Weighted_accuracy
86.0% 82.1% 85.3%
F1 score F1 score F1 score_weighted F1 score_micro F1 score_macro
0.866 0.864 0.859 0.818
AUC AUC_weighted AUC_micro AUC macro
0.914 0.923 00914
Other metrics Sensitivity Specificity Precision Mathew’s correlation
coefficient
0.80 0.90 0.84 0.64

4 Tables

Table 1. Baseline demographic and tumor characteristics of ‘advanced stage tongue cancer
patients in SEER database.
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