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Abstract  1 
Background: The mortality rates of laryngeal squamous cell carcinoma cancer (LSCC) have not significantly decreased in 2 
the last decades. Objectives: We primarily aimed to compare the predictive performance of DeepTables with the state-of-the-3 
art machine learning (ML) algorithms (Voting ensemble, Stack ensemble, and XGBoost) to stratify patients with LSCC into 4 
chance of overall survival (OS). In addition, we complemented the developed model by providing interpretability using both 5 
global and local model-agnostic techniques. Methods: A total of 2792 patients in the Surveillance, Epidemiology, and End 6 
Results (SEER) database diagnosed with LSCC were reviewed. The global model-agnostic interpretability was examined using 7 
SHapley Additive exPlanations (SHAP) technique. Likewise, individual interpretation of the prediction was made using Local 8 
Interpretable Model Agnostic Explanations (LIME). Results: The state-of-the-art ML ensemble algorithms outperformed 9 
DeepTables. Specifically, the examined ensemble algorithms showed comparable weighted area under receiving curve of 76.9, 10 
76.8, and 76.1 with an accuracy of 71.2%, 70.2%, and 71.8%, respectively. The global methods of interpretability (SHAP) 11 
demonstrated that the age of the patient at diagnosis, N stage, T stage, tumor grade, and marital status are among the prominent 12 
parameters. Conclusions: A ML model for OS prediction may serve as an ancillary tool for treatment planning of LSCC 13 
patients.  14 
 15 
 16 
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Introduction  1 
Laryngeal squamous cell carcinoma (LSCC) was expected to affect 12,470 (0.7% of all new 2 
cancer diagnoses) new cases and lead to 3,820 (0.6% of all cancer mortality) deaths in 2022 3 
[1]. The marked decrease (about 2.4% yearly decrement) in the annual incidence of LSCC is 4 
mainly due to the continuous decrease in the use of tobacco products and excessive 5 
consumption of alcohol [1]. Despite the incidence decrement, little or no change has been 6 
observed in the 5-year overall survival of LSCC patients for the past years [2]. The chance of 7 
survival depends on several factors such stage at diagnosis. Remarkably, a significant number 8 
of LSCC are diagnosed at a late stage with the chance of survival having decreased to as low 9 
as 40% [1]. Therefore, it is important to properly develop and plan for overall management of 10 
LSCC and thus, to improve the chance of survival.  11 

The treatment paradigm of LSCC has evolved due to poor quality of life and 12 
deterioration in important functions that involve swallowing, voice, and breathing because of 13 
the sequelae of treatment - surgery, radiotherapy, chemotherapy, and multimodality treatment. 14 
Therefore, it becomes important to avoid overtreatment and undertreatment of LSCC patients 15 
to improve their quality of life without sacrificing survival rates. Disease extent and anatomic 16 
parameters warrants careful consideration of the treatment approach [1]. An important and 17 
insightful approach in achieving this is to stratify the patients into risk groups to ensure a 18 
targeted treatment approach [3]. In recent years, machine learning (ML) which is a subfield of 19 
artificial intelligence (AI) has shown a promising ability as an ancillary tool to aid clinicians in 20 
the overall survival (OS) risk stratification of various cancers [4–7]. In recent years, another 21 
subfield of AI, deep learning (DL), has shown promising results in medical image analysis 22 
aimed at improving management of cancer [8–10]. However, for tabular data, DL has arguably 23 
found little or no usage for developing diagnostic/prognostic models for personalized 24 
oncology. 25 
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Based on the recent success of artificial intelligence (AI) in health care [10–12], we 1 
aimed to examine the potential of ML in the prediction of overall of LSCC patients for careful 2 
treatment planning. We primarily aimed to explore the potential of DeepTables, which is a DL 3 
approach on tabular data for overall survival prediction in LSCC. Secondarily, we aimed to 4 
compare the performance of DeepTables to the state-of-the-art ensemble approaches – voting 5 
ensemble, stacked machine learning, and extreme gradient boosting ML algorithms. In 6 
addition, we explored the contributions of each variable to the overall performance of the 7 
predictive model using SHapley Additive exPlanations (SHAP) techniques. Similarly, the local 8 
interpretation, i.e., the contribution of each variable for the prediction of an instance was 9 
examined using the Local Interpretable Model Agnostic Explanations (LIME). 10 
2. Material and Methods 11 
2.1. Study endpoint 12 
The endpoint in this study was the OS of LSCC patients. This endpoint was stratified into two 13 
groups – alive or dead. Alive as an endpoint of overall survival means that the trained model 14 
will predict the patient to be alive while dead as an endpoint of overall survival indicates that 15 
the trained ML model predicts the patient to die during the follow-up and considering all causes 16 
of death. 17 
2.2. Dataset creation/curation and patients’ attributes selection 18 
All patients were extracted from the Surveillance, Epidemiology, and End Results (SEER) 19 
program by selecting the Research Plus Data for 8 Registries, Nov 2022 Sub (1975 – 2020). 20 
The permission to use the SEER database was approved by identification number 17247-21 
Nov2020. The inclusion criteria were: (1) histologically confirmed SCC of the larynx; (2) 22 
known OS status at the end of follow-up; (3) known follow-up time in months. Conversely, the 23 
exclusion criteria were: (1) Other cancer subsites (2) patients with incomplete data records or 24 
“lost to follow-up”; and (3) patients with unknown overall survival status. Following this 25 
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inclusion and exclusion criteria, a total of 2792 LSCC patients were curated. Clinical and 1 
pathological parameters were recorded as follows: year of diagnosis, age at diagnosis (No cut 2 
off was used), ethnicity, gender, marital status, grade, and stage classification according to the 3 
American Joint Committee on Cancer (AJCC) tumor-nodal-metastasis (TNM) 7th edition 4 
(Table 1). The included treatment parameters were surgery, radiotherapy, and chemotherapy. 5 
OS was the primary endpoint and target variable (Table 1). These extracted parameters were 6 
in conformity with a similar study where these parameters were considered significant [13]. 7 
2.3. Dataset pre-processing 8 
Following the dataset curation process (Section 2.2), a series of preprocessing operations were 9 
carried out on the extracted raw data to optimize the information extraction process by 10 
identifying missing values. All cases of missing values were deleted from the extracted data. 11 
String parameters were converted into categorical variables for model development (Section 12 
2.4).  13 
2.4.  Machine learning model training 14 
We used Python 3.11.4 and Microsoft Machine Learning Azure for model training. We used 15 
Python for 3.11.4 for the training of the DeepTables while the ensemble models (voting, 16 
stacked, and extreme gradient boosting) were developed in Microsoft Machine Learning Azure.  17 
Following the data preprocessing (Section 2.3), the processed data were loaded into Jupyter 18 
Notebook using Python version 3.11.4. The necessary dependencies for the DeepTables were 19 
imported. The extracted data were randomly divided into 50:50 training and testing set for 20 
DeepTables model development (Figure 1). Various hyperparameters were tuned to ensure that 21 
the model’s performance is reasonable. The DeepTables model was evaluated based on 22 
accuracy. 23 
 Similarly, the ensemble machine learning models were developed using a 5-fold cross-24 
validation. Following data importation, attributes (inputs and output) definition, algorithm 25 
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selection, hyperparameters tunning, the model was trained. The performance of the trained 1 
model was primarily evaluated based on its accuracy. Following the model training phase, the 2 
hyperparameters were further tuned to maximize the performance of the model (Figure 1). 3 
Other performance metrics of the ensemble method are given in Table 2. 4 
2.5.  Model interpretation 5 
We explored the model’s interpretation from two distinct perspectives. First, we examined the 6 
contribution of each variable for the prediction of an instance (local interpretation) using the 7 
Local Interpretable Model Agnostic Explanations (LIME). Second, we explored the 8 
contributions of each variable to the overall performance of the predictive model (global 9 
interpretability) using SHapley Additive exPlanations (SHAP) techniques. Both LIME and 10 
SHAP were examined on the algorithm that showed the best predictive accuracy. 11 
 12 
3. Results 13 
3.1. Patient characteristics 14 
The patient-, tumor- and treatment-related characteristics of the extracted cohort are 15 
summarized in Table 1. Many of the patients in our series were middle-aged and elderly men 16 
over 40 years of age (Table 1). As shown in Table 1, 2261 (81.0%) were above 40 years of age. 17 
In general, the average age at diagnosis for LSCC patients included in this study was 65.3 years 18 
(range, 21– 90; median age at diagnosis of 65.0; SD ± 11.1). The male-to-female ratio was 19 
4.3:1 (81.0% male, 19.0% female). In terms of ethnicity, 2325 (83.3%) were Caucasian, 285 20 
(10.2%) were black, and 182 (6.5%) were from other origins including American Indian/AK 21 
Native, Asian/Pacific Islander. The marital status of LSCC revealed that 1432 (51.3%) were 22 
married while 1360 (54.4%) were considered unmarried (single, divorced, widowed, and 23 
separated) at the time of diagnosis (Table 1). 24 
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Considering the TNM classification, 887 (31.8%) had T1, 775 (27.8%) had T2, 674 1 
(24.1%) had T3, and 456 (16.3%) had T4. Regarding the N-stage, N0 covered a total of 1940 2 
(69.5%) patients, while 288 (10.3%) had N1 and 533 (19.1%) had N2 and 31 (1.1%) had N3. 3 
A significant number of patients (97.4%) had M0. In terms of tumor grading, 464 (16.6%) 4 
tumors were well differentiated, 1648 (59.0%) moderately differentiated, 656 (23.5%) were 5 
poorly differentiated, and 24 (0.86%) were undifferentiated tumors. The histopathologic 6 
characteristics are briefly summarized in Table 1. Three different treatment options were 7 
provided for the LSCC. A total of 2160 (77.4%) patients received radiotherapy treatment. 8 
3.3. Model performance 9 
The ensemble algorithms – voting ensemble, stack ensemble, and XGBoost showed a weighted 10 
area under receiving curve of 76.9, 76.8, and 76.1 with an accuracy of 71.2%, 70.2%, and 11 
71.8%, respectively. Conversely, the DeepTables showed an accuracy of 59.7%. This shows 12 
that the ensemble algorithms clearly outperformed the DeepTables algorithm. Although, the 13 
ensemble algorithms showed comparatively similar predictive performances.  14 
3.4. Model variable performance 15 
As shown in Figure 2, the local interpretation of the prediction made by the model showed that 16 
the degree of accuracy (prediction probabilities) of the prediction was 52.0% for the LSCC to 17 
have a poor overall survival and 48.0% for good overall survival. In addition, for this particular 18 
instance of prediction, the age of the patients at diagnosis and marital status contributed to the 19 
prediction (dead as the endpoint of overall survival) made by the model. Similarly, in terms of 20 
the global interpretation of the model, that is, the contribution of each variable to the predictive 21 
ability of the model, the age of the patient at diagnosis, N-stage, T-stage, tumor grade, and 22 
marital status are among the most important parameters (Figure 3). 23 
 24 
 25 
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4.  Discussion  1 
We examined the prediction of overall survival (OS) of laryngeal cancer patients using the 2 
subfields of artificial intelligence (AI) – classic and deep machine learning paradigms. We 3 
provided interpretations to the predictions made by this model using SHapley Additive 4 
exPlanations (SHAP) and Local Interpretable Model Agnostic Explanations (LIME) 5 
techniques. We found that the ensemble methods (voting ensemble, stack ensemble, and 6 
extreme gradient boosting (XGBoost) outperformed the deep learning (DL) methodology 7 
(DeepTables) for tabular data. In addition, we found that the examined ensemble machine 8 
learning (ML) methods showed comparable performance. Furthermore, LIME provided the 9 
probability of the correctness of the prediction while SHAP explained how each parameter 10 
contributed to the overall predictive ability of the model. 11 
 DL has shown promising results in medical image analysis [8]. However, for tabular 12 
data, these methods have not been widely used. As shown in this study, tree-based ensemble 13 
models remain state-of-the-art for tabular data [14]. Our finding is corroborated by the findings 14 
of Grinsztajn et al. [15]. Several factors may have contributed to the better performance of the 15 
ensemble method over the DL method. For example, the size of the data [15]. Grinsztajn et al. 16 
further emphasized that tabular data are usually characterized by uninformative features,  17 
irregular patterns in the target function, and non-rotationally-invariant data in such a way that 18 
the linear combinations of features misrepresent the information [15]. In our study, we used a 19 
relatively small amount of data. It remains unclear how the deep learning approach would 20 
perform on a clearly larger dataset (typically more than 10,000 samples). 21 
 The development of a predictive model for the chance of OS prediction in laryngeal 22 
cancer would serve as an ancillary tool for the clinician to aid in decision-making. Considering 23 
the high mortality and morbidity associated with laryngeal cancer [2], having prior information 24 
about the chance of survival of LSCC can facilitate the development of a more personalized 25 
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treatment plan for effective management of this neoplasm [16]. Having a prior information 1 
about the probability of overall survival can inform targeted treatment intervention. This can 2 
further guide the treatment decisions by the clinician. With this type of ancillary tool, clinician 3 
can further make insightful decisions that would spare patients from possibly ineffective 4 
treatment approaches. The predictive performance showed by the ML model presented in this 5 
study is capable of assisting clinicians in selecting a treatment approach that contributes to 6 
reducing morbidity, improving the chance of overall survival, and enhancing function and 7 
quality of life.  8 
 Despite the touted benefits of ML in oncology, several factors have impeded the 9 
recommendation of these models for further external validation and clinical evaluations [17]. 10 
Explainability and interpretability are among these factors [4]. In this study, the LIME 11 
paradigm provided the degree of correctness of the prediction. Most importantly, it highlights 12 
how each of the input variables contributed to the prediction made by the model and thus 13 
provides an interpretation of the prediction made by the model. The significance of this is that 14 
the clinicians using the model can clearly see how each of the input prognostic parameters 15 
contribute to the prediction made by the model.  16 
 Beyond the interpretation made by the model for a single patient, the SHAP approach 17 
explains how each variable contributed to the overall predictive performance of the model. In 18 
our study, the age of the patient at diagnosis, N stage, T stage, tumor grade, and marital status 19 
are among the prominent prognostic parameters for the predictive ability of the model. The 20 
study by Li et al. supported our finding that the age of the patients at diagnosis is an important 21 
prognostic factor since younger patients are likely to present less aggressive tumor biology than 22 
older ones [18]. Interestingly, this finding is further justified since a sizeable number of the 23 
patients in our series were above 40 years of age. 24 
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Presently, TNM staging forms the cornerstone of the treatment of laryngeal cancer [13]. 1 
This further explains why both T and N stages are among the prominent factors for the model’s 2 
predictive ability. Tumor grading is an important prognostic factor because poorly 3 
differentiated tumors usually have a higher rate of metastatic disease. In addition, the accuracy 4 
of the degree of differentiation is usually affected by the subjectivity of interpretation by 5 
experienced pathologists [19]. Besides the T and N stages and tumor grade, marital status was 6 
found to be an important prognostic factor contributing to the predictive performance of the 7 
model. This is also supported by several previous studies where marital status has long been 8 
recognized as an important prognostic factor for many cancers [20]. Our finding was in tandem 9 
with a recent study by Ding et al. which emphasized that marital status is an independent factor 10 
affecting the prognosis of laryngeal cancer [20].  11 

Our study has some limitations. We have used SEER that has certain inherent 12 
limitations. For example, the SEER database lacks important information of the patients such 13 
as parameters impacting OS such as performance status, comorbidities, smoking status and so 14 
on. In addition, there are limitations regarding the recording of the radiotherapy and 15 
chemotherapy information in the SEER registry. For example, there were no clear information 16 
regarding the exact radiation techniques. Another limitation was that the SEER database has 17 
no possibility to download the corresponding the image data of these patients. As a result, it 18 
was not feasible to perform radiomics analysis. Additionally, we did not compare the 19 
performance of our model with statistical analyses. Therefore, in the future, a ML model that 20 
combines important parameters such as comorbidities and smoking status with other 21 
clinicopathologic information is warranted. A radiomics-based model that incorporates 22 
radiomics generated features with clinicopathologic parameters would be beneficial for 23 
improved prediction of overall survival of laryngeal cancer patients. In the future, we foresee 24 
that our model would be enhanced with radiomics and radiogenomics-generated data. This 25 
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enhanced model can be integrated as a web-based tool for improved performance, accessibility, 1 
and continuous model improvement. This can assist clinicians in selecting a targeted treatment 2 
approach that contributes to reducing morbidity and enhancing function and quality of life. 3 

In conclusion, laryngeal cancer remains an economic and social burden to the 4 
healthcare system, caregivers, and patients. Considering the possibility of bias and subjectivity 5 
that may arise from radiologists, pathologists, surgeons, and oncologists, ML predictive models 6 
may serve as an auxiliary tool to aid in treatment planning and decision-making. In this study, 7 
we demonstrated that deep learning for tabular data did not outperform state-of-the-art 8 
ensemble methods despite its promising performance on text (language), image, or even audio 9 
datasets. Additionally, we developed ensemble decision-tree algorithms that were highly 10 
effective in predicting the chance of overall survival of laryngeal cancer. We provided the 11 
degree of correctness of the prediction made by the model and evaluated how each variable 12 
contributed to the overall predictive performance of the model. The present study used 13 
retrospective data and therefore prospective cohort is necessary. In addition, the developed 14 
models require further external independent validation. 15 
 16 
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 1 
Figure Legend 2 
Figure 1. The schematic of machine learning training process. 3 
Figure 2. The LIME interpretability for a prediction instance. 4 
Figure 3. The SHAP interpretability on the contribution of each variable. 5 
 6 
 7 
Tables 8 
Table 1. Baseline demographic and tumor characteristics of laryngeal cancer patients 9 extracted from SEER database. 10  11 Table 2. Performance metrics of the ensemble methods. 12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42 
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 1 Table 1. Baseline demographic and tumor characteristics of laryngeal cancer patients in the SEER database. 2 Variables (Definition) Total (N = 2792) (%) Categorization for ML analysis Data type after categorization Race Ethnicity of the patient  
White 2325 (83.3%) 0 = White  Numeric Black 285 (10.2%) 1 = Black Others 182 (6.5%) 2 = Others (American Indian /AK Native, Asian pacific Age at diagnosis Age of the patient at diagnosis  
<40 years old (Young) 31 (1.1%) No categorization for model training Discrete >=40 years old (Old) 2761 (98.9%) Gender Biological sex  
Female 531 (19.0%) 0 = Female  Numeric Male 2261 (81.0%) 1 = Male. Marital Status Marital status of the patient at the time of diagnosis of NPC  
Single (never married)  1360 (48.7%) 0 = Single (never married)    Numeric 
Married 1432 (51.3%) 1 = Married 

AJCC 7th edition, T-stage (2010 – 2015)  AJCC T1 887 (31.8%) T1 = 1   Numeric AJCC T2 775 (27.8%) T2 = 2 AJCC T3 674 (24.1%) T3 = 3 AJCC T4 456 (16.3%) T4 = 4 AJCC 7th edition, N-stage (2010 – 2015)  AJCC N0; No regional lymph node metastasis 1940 (69.5%) N0 = 0    Numeric 
AJCC N1; Single node regional lymph node metastasis 288 (10.3%) N1 = 1 AJCC N2; Cancer has spread to single lymph nodes 533 (19.1%) N2 = 2 AJCC N3; Cancer has spread to one or more lymph node 31 (1.1%) N3 = 3 AJCC 7th edition, M-stage (2010 – 2015)    AJCC M0; No distant metastasis 2720 (97.4%) M0 = 0 Numeric AJCC M1; Presence of distant metastasis 72 (2.6%) M1 = 1 Grade The differentiation of cancer cell  
Grade I: Well differentiated 464 (16.6%) Grade I = 1  Numeric Grade II: Moderately differentiated 1648 (59.0%) Grade II = 2 Grade III: Poorly differentiated 656 (23.5%) Grade III = 3 Grade IV: Undifferentiated 24 (0.86%) Grade IV = 4 Surgical resection Indication of the performance of surgery  
No surgery performed 1581 (56.6%) 0 = No surgery performed Numeric Surgery performed 1211 (43.4%) 1 = Surgery performed Radiotherapy This describes whether the patient receives radiation or not  
No exposure to radiotherapy 632 (22.6%) 0 = No exposure to radiation Numeric Exposure to radiation therapy 2160 (77.4%) 1 = Exposure to radiation Chemotherapy  No chemotherapy administered 1759 (63.0%) 0 = No chemotherapy administered Numeric Chemotherapy was administered 1033 (37.0%) 1 = Chemotherapy was administered Overall Status  Alive 1113 (39.9%) 0 = Alive Numeric Dead 1679 (60.1%) 1 = Dead  3  4  5  6  7 
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 1 Table 2. Overview of the performance model of ensemble methods (voting ensemble, stack ensemble, and extreme gradient 2 
boosting [XGBoost]). 3 

      Performance metrics  Voting ensemble Stack ensemble XGBoost 
     

Con
fusi

on 
mat

rix 
par

ame
ters

 True positive 664 498 664     False positive 449 615 449     False negative 339 216 339     True negative 1340 1463 1340      

Pre
dict

ive 
valu

e PPV (Precision) 0.60 0.45 0.60     NPV 0.80 0.87 0.80 
     

Rat
e 

False positive rate 0.25 0.30 0.25 
    

False negative rate 0.34 0.30 0.34 
     

Oth
er 

met
rics

 Sensitivity (recall) 0.66 0.69 0.66     Specificity 0.75 0.70 0.75     F1 score 0.63 0.55 0.63      

Acc
ura

cy 

Accuracy 71.8% 70.2% 71.8%     Balanced accuracy 70.0% 66.0% 70.0%     

Cor
rela

tion
 Mathew’s correlation coefficient 

0.40 0.36 0.40 

     

A U C Weighted AUC 0.77 0.77 0.76 
 4  5  6  7 
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 1  2 Figure 1. The schematic of machine learning training process. 3 
 4  5 

 6  7  8  9 Figure 2. The LIME interpretability for a prediction instance. 10 
 11 
 12 
 13 
 14 
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 1 
 2 

 3 
Figure 3. The SHAP interpretability on the contribution of each variable. 4 
 5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26 
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