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Background: Thymoma and thymic carcinoma are the most common tumors of the anterior mediastinum. 
However, there are little research on applying machine learning (ML) approaches to the prognostic prediction 
of thymoma and thymic carcinoma. The study aims to develop predictive models utilizing ML techniques to 
accurately forecast the 5-year survival of patients with thymoma and thymic carcinoma.
Methods: Patients with malignant thymic neoplasms were identified in the Surveillance, Epidemiology, 
and End Results (SEER) 17 database, and their demographic and clinicopathological characteristics were 
collected. ML classifiers, including elastic net regularized logistic regression, random forest (RF), non-linear 
support vector machine (SVM), extreme gradient boosting (XGBoost) machine, and categorical boosting 
(CatBoost) were trained. The hyper-parameter of the algorithms was optimized by a grid search with five 
repeats of 10-fold cross-validation. Ensemble models were built based on the three algorithms with the 
highest area under the receiver operator characteristic (ROC) curve (AUC) in the validation set. The best 
model among the single models and ensemble model was selected as the final model. Calibration curve and 
decision curve were adopted to evaluate the calibration performance and clinical utility. For comparison, we 
constructed a baseline model consisting of age and Masaoka stages using logistic regression.
Results: After data cleaning, 1,363 patients and 841 patients were included in the overall survival (OS) 
dataset and disease-specific survival (DSS) dataset, respectively. CatBoost [AUC: 0.755; 95% confidence 
interval (CI): 0.698–0.811] had the best performance in the OS prediction for the original dataset. The 
ensemble model achieved the highest prognostic efficiency for the original dataset, with an AUC of 0.833 
(95% CI: 0.765–0.901). Calibration showed favorable goodness of fit and was further verified with the 
Hosmer-Lemeshow test (CatBoost: χ2=12.63, P=0.13; ensemble model: χ2=7.61, P=0.47). The decision 
curve showed that the final model provided a high net benefit. The model could significantly distinguish 
the prognosis of patients (all P values <0.001). Finally, World Health Organization (WHO) histological 
classification, Masaoka stage, and age were the variables that significantly contributed to the models’ 
prediction of OS and DSS.
Conclusions: We trained ML-based predictive models that could accurately predict the 5-year OS and 
DSS of patients with thymoma and thymic carcinoma.
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Introduction

Thymoma and thymic carcinoma are the most common 
tumors of the anterior mediastinum and account for 20% 
of mediastinal neoplasms (1,2), but their prognoses vary 
considerably (3,4). Previous research has identified several 
factors that can influence the prognosis of patients with 
thymoma and thymic carcinoma (4-9). 

The Masaoka staging system has been widely accepted 
in clinical practice (9-11), with which thymic epithelial 
tumors can be categorized into stages I to IV according 
to the extent of local tumor invasion and the involvement 
of adjacent organs (11). The prognostic significance of 
the Masaoka staging system has been confirmed in several 
studies (10-12). Histological type is another significant 
prognostic factor for thymic epithelial tumors and is 
strongly correlated with Masaoka stage (4,13). Patients 
diagnosed with type A, AB, or B1 disease tend to present 
with stage I or II disease and are associated with a more 
favorable prognosis (13). In contrast, individuals with B2 
or B3 thymoma or thymic carcinoma are more likely to 

have advanced stage disease and are associated with higher 
rates of recurrence and mortality (13). In addition to these 
two factors, neoadjuvant therapy, surgical extent, lymph 
nodes metastasis and distant metastasis have also been 
demonstrated to be associated with the prognosis of patients 
with thymoma and thymic carcinoma (5,14-17). Despite so 
many valuable factors are found, it is challenging for clinical 
practitioners to comprehensively consider all the relevant 
factors without the help of certain tools. However, due to 
the rarity of thymic epithelial tumors, this area has garnered 
relatively little research attention, and the models that are 
currently available have deficiencies in diagnostic efficacy 
and goodness of fit (8).

Machine learning (ML) has become widely adopted 
in the analyses of medical data (18-20). Research has 
proven that these ML approaches exhibit superior 
predictive performance as compared to conventional 
statistical methods (21,22). This can be ascribed to ML’s 
ability to model the high-dimensional and nonlinear 
relationships that are common in clinical information (18). 
Moreover, prior features selection is usually unnecessary 
in ML algorithms, allowing greater flexibility in model 
fitting. Although the interpretability of deep learning 
models reminds one of main drawbacks to this approach, 
significant advancements in recent years have been made 
in enhancing the interpretability of ML (23-25). In the 
context of thymoma and thymic carcinoma, ML methods 
may presumably offer robust performance in predicting 
outcomes. However, little research has been conducted to 
confirm this speculation.

Therefore, in this study, we assessed the prognostic 
performance of ML methods in thymoma and thymic 
carcinoma using the Surveillance, Epidemiology, and End 
Results (SEER) database. We included patients who had 
undergone surgery and trained single and ensemble models 
base on these data. We also compared the prognostic 
significance of complex ML models and the baseline models 
comprising only age and Masaoka classification. We present 
this article in accordance with the TRIPOD reporting 
checklist (available at https://jtd.amegroups.com/article/
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Methods

Study population

Patients with malignant thymic neoplasms were identified in 
the SEER 17 database, which contains data collected from 
2000 to 2021. International Classification of Oncology, 
Third Edition (ICO-O-3) histology codes of thymoma 
[8580-8585] and thymic carcinoma [8586], along with the 
malignant behavior code [3] were used to screen patients 
with malignant thymic neoplasms. A total of 5,222 patients 
were identified on the preliminary screen. Other inclusion 
criteria included patients (I) with definite pathological 
diagnosis; (II) with a history of completed surgery; (III) 
with complete follow-data; (IV) with complete radiotherapy 
and chemotherapy records; (V) with complete surgical 
treatments records; and (VI) with complete postoperative 

pathological data. A flowchart of the patient screening 
process is shown in Figure 1. The demographic and 
clinicopathological characteristics of patients were collected, 
which included age, sex, race, chemotherapy, radiotherapy, 
tumor size, number of harvested lymph nodes, number of 
positive lymph nodes, histological type, distant metastasis, 
pulmonary metastasis, and previous tumor history. The 
Masaoka stage of patients were determined based on the 
primary tumor extension records in the SEER database. The 
staging scheme included the following categories: stage I–
IIA (localized; confined to the gland of origin, not otherwise 
specified), stage IIB (regional; invasion to the adjacent 
connective tissue), and stage III–IV (distant; invasion to the 
adjacent organs/structures or pleural/pericardial implants 
and metastases). These classification criteria were used in a 
previous research as neither tumor-node-metastasis (TNM) 
nor Masaoka staging is directly available in the SEER 
database (26). The study was conducted in accordance with 

Thymic carcinoma records in SEER
database

(N=5,222, 2000–2021)

Patients with complete data
(entire cohort, N=2,559)

OS dataset
(N=1,363)

DSS dataset
(N=1,203)

Exclude 160 patients diagnosed
without histological evidences

Exclude 896 patients who did not
undergo surgery

Exclude 843 patients with complete
radiotherapy and chemotherapy records

Exclude 320 patients with
missing postoperative pathological data

Exclude 388 patients without complete
follow-up data

Exclude 56 patients without complete
surgical treatment records

Exclude 1,196 patients without
sufficient follow-up for

5-year overall survival analysis

Exclude 1,356 patients without
sufficient follow-up for

5-year overall survival analysis

Figure 1 Flow diagram of samples inclusion and exclusion. SEER, Surveillance, Epidemiology, and End Results; OS, overall survival; DSS, 
disease-specific survival.
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the Declaration of Helsinki (as revised in 2013).

Data preprocessing

Patients with missing data were excluded during the 
screening process. Therefore, only samples with intact data 
were incorporated into the model building and validation 
stages. To meet the requirements of ML algorithms, all the 
categorical data were converted to numeric format. One-
hot-encoding was adopted to process all the categorical 
data. However, for improved interpretation of the models 
and comparison of data preprocessing, the original data 
were also preserved and used to build the model. Dataset 
were divided into a training set and validating set in a ratio 
of 7:3 ratio. To reduce the influence of different quantitative 
scales and alleviate data leakage, data were centered and 
scaled after division. Finally, the synthetic minority over-
sampling technique, an improved algorithm based on 
oversampling, was performed to optimize the imbalanced 
distribution of negative and positive samples. 

Model building and validation 

Five ML classifiers were trained in the study, including 
elastic net regularized logistic regression (ELR) (27), 
random forest (RF) (28), nonlinear support vector machine 
(SVM), extreme gradient boosting (XGBoost) (29), and 
categorical boosting (CatBoost) (30). A brief description 
of these algorithms can be found in Table S1. The 
hyperparameter of the algorithms was optimized via a grid 
search with five repeats of 10-fold cross-validation, and 
cross-entropy loss was set as the metric for optimization. 
The final hyper-parameters are shown in Table S2.

The discrimination ability of the models was evaluated 
via the area under the receiver operator characteristic 
(ROC) curve (AUC). The final AUC in the training set 
was obtained with 1,000 times of 0.632 bootstrapping. 
Ensemble models were built according to the prediction of 
the three algorithms that demonstrated the highest AUC 
in the internal validating set. The best model within the 
single models and ensemble model was selected as the final 
model. Calibration curve and decision curve were adopted 
to evaluate calibration performance and clinical utility. 

To further validate the advantages of ML, we constructed 
a baseline model incorporating age and Masaoka stage via 
logistic regression. The building and evaluation process 
of the baseline model was consistent with that of the ML 
models.

Variable significance

In the concise liner regression model, variable significance 
can be obtained easily via coefficients. However, the 
interpretability of ML models is a persistent issue in ML. In 
this study, we used the VarImp function in the “caret” package 
of R (The R Foundation for Statistical Computing, Vienna, 
Austria), which can calculate an AUC for each variable and 
access its contribution to the entire ROC curve (31). 

Risk score

The surv_cutpoint function in the “survminer” package 
(https://github.com/kassambara/survminer) was used to 
determine the best classification thresholds for the predictive 
value in the training sets. This threshold was used to separate 
the patients into a high-risk group (predictive value over the 
threshold) and a low-risk group (predictive value under the 
threshold). Survival analysis was performed according to this 
grouping in the validation set and the entire cohort.

Statistical analysis

Continuous variables are expressed as the median and 
interquartile range and were compared between groups using 
the Wilcoxon test. Categorical variables are expressed as the 
frequency (percentage) and were compared with Chi-squared 
test or Fisher exact test. The outcomes examined in this 
study included both 5-year overall survival (OS) and 5-year 
disease-specific survival (DSS). OS was defined as the interval 
between surgery and either the occurrence of death or the 
date of the last follow-up. DSS was defined as the interval 
between surgery procedure and the occurrence of death 
caused by malignant thymic tumors. Survival analysis was 
conducted with Kaplan-Meier curves and the log-rank test. 

All tests were two-sided, with a P value <0.05 indicating 
statistical significance. All statistical analyzes were 
performed using R version 4.2.1.

Results

Patient characteristics

A total of 2,559 patients with complete data were screened 
from the raw data (Figure 1). Patients with a follow-
up duration of less than 5 years and lacking survival 
outcomes were excluded from the study in order to meet 
the requirements for conducting 5-year OS and 5-year 
DSS analyzes. Finally, 1,363 patients and 1,203 patients 
were included in the OS dataset (Table 1) and DSS dataset  

https://cdn.amegroups.cn/static/public/JTD-24-1263-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JTD-24-1263-Supplementary.pdf
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Table 1 Demographic and clinical characters for patients in the overall survival dataset

Variables Overall (N=1,363) Training set (n=954) Validating set (n=409) P

Age (years) 61 [11, 89] 61 [11, 89] 60 [17, 86] 0.20

Sex 0.92

Female 671 (49.2) 471 (49.4) 200 (48.9)

Male 692 (50.8) 483 (50.6) 209 (51.1)

History of other tumors 0.97

Yes 414 (30.4) 289 (30.3) 125 (30.6)

No 949 (69.6) 665 (69.7) 284 (69.4)

Race 0.90

White 938 (68.8) 659 (69.1) 279 (68.2)

Black 185 (13.6) 130 (13.6) 55 (13.4)

Other 240 (17.6) 165 (17.3) 75 (18.3)

Tumor size, mm 0.31

≤6 969 (71.1) 670 (70.2) 299 (73.1)

>6 394 (28.9) 284 (29.8) 110 (26.9)

Masaoka stage 0.91

I–IIA 528 (38.7) 373 (39.1) 155 (37.9)

IIB 646 (47.4) 449 (47.1) 197 (48.2)

III–IV 189 (13.9) 132 (13.8) 57 (13.9)

Chemotherapy 0.61

Yes 324 (23.8) 231 (24.2) 93 (22.7)

No 1,039 (76.2) 723 (75.8) 316 (77.3)

Radiotherapy 0.61

Yes 647 (47.5) 448 (47.0) 199 (48.7)

No 716 (52.5) 506 (53.0) 210 (51.3)

Surgery type 0.36

Radical/total resection 807 (59.2) 558 (58.5) 249 (60.9)

Local/partial excision 517 (37.9) 365 (38.3) 152 (37.2)

Debulking 39 (2.9) 31 (3.2) 8 (2.0)

WHO classification 0.64

Type A 96 (7.0) 70 (7.3) 26 (6.4)

Type AB 249 (18.3) 182 (19.1) 67 (16.4)

Type B1 147 (10.8) 105 (11.0) 42 (10.3)

Type B2 220 (16.1) 147 (15.4) 73 (17.8)

Type B3 213 (15.6) 141 (14.8) 72 (17.6)

Thymic carcinoma 222 (16.3) 157 (16.5) 65 (15.9)

NOS 216 (15.8) 152 (15.9) 64 (15.6)

Table 1 (continued)
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(Table S3) respectively. All characteristics were well 
balanced between the training set and the validation set (all 
P values >0.05).

Model performance

The performances of the models are presented in Figure 2.  
All the models performed excellently in the training set, with 
RF demonstrating the best performance in all the situations. 
However, this superiority did not persist into the validation 

sets. CatBoost [AUC: 0.755; 95% confidence interval 
(CI): 0.698–0.811] had the best performance in the OS 
prediction for the original dataset (Figure 2 and Figure 3A).  
Additionally, the ensemble model consisting of ELR, RF 
and CatBoost achieved the highest prognostic efficiency 
in DSS prediction over the original dataset, with an AUC 
of 0.833 (95% CI: 0.765–0.901) (Figure 2 and Figure 3B). 
Thus, these two models were selected as the final models.

The transverse contrast indicated that all the models 
performed generally better in the DSS prediction task than 

Table 1 (continued)

Variables Overall (N=1,363) Training set (n=954) Validating set (n=409) P

Number of harvested lymph nodes 0.49

≤5 419 (30.7) 284 (29.8) 135 (33.0)

>5 166 (12.2) 118 (12.4) 48 (11.7)

No node dissection performed 778 (57.1) 552 (57.9) 226 (55.3)

Lymph node invasion 0.60

Negative 526 (38.6) 363 (38.1) 163 (39.9)

Positive 59 (4.3) 39 (4.1) 20 (4.9)

No node dissection performed 778 (57.1) 552 (57.9) 226 (55.3)

Lung metastasis 0.54

Yes 54 (4.0) 41 (4.3) 13 (3.2)

No 919 (67.4) 637 (66.8) 282 (68.9)

Unknown 390 (28.6) 276 (28.9) 114 (27.9)

Data were presented as n (%) or median [IQR]. WHO, World Health Organization; NOS, not otherwise specified; IQR, interquartile range. 

Elastic net regression 

Random forest   

Support vector machine  

XGBoost

CatBoost

Ensemble

Baseline

Traning set Validating set

Original One-hot Original One-hot Original One-hot Original One-hot

OS DSS OS DSSAUC
0.7 0.8 0.9 1

0.758 0.773 0.817 0.876

0.896 0.899 0.927 0.930

0.750 0.771 0.810 0.857

0.863 0.858 0.900 0.901

0.864 0.884 0.917 0.922

0.833 0.839 0.883 0.889

0.700 0.702 0.757 0.757

0.713 0.750 0.787 0.819

0.738 0.750 0.818 0.832

0.700 0.736 0.727 0.759

0.742 0.739 0.822 0.815

0.755 0.740 0.829 0.832

0.747 0.754 0.824 0.833

0.681 0.681 0.745 0.745

Figure 2 Heatmap for the model performance of each machine learning algorithm for 5-year OS and 5-year DSS prediction. AUC, area under 
the curve; OS, overall survival; DSS, disease-specific survival; XGBoost, extreme gradient boosting machine; CatBoost, categorical boosting.

https://cdn.amegroups.cn/static/public/JTD-24-1263-Supplementary.pdf
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Figure 3 Performance of the final classification model. (A,C,E) ROC, calibration and DCA for CatBoost in 5-year OS prediction. (B,D,F) 
ROC, calibration and DCA for ensemble model in 5-year DSS prediction. The ensemble model consisted of elastic net regression, random 
forest and CatBoost. Baseline model was logistic regression model based only on age and Masaoka stage. AUC, area under the curve; ROC, 
receiver operator characteristic; DCA, decision curve analysis; CatBoost, categorical boosting; OS, overall survival; DSS, disease-specific 
survival.



Journal of Thoracic Disease, Vol 17, No 2 February 2025 831

© AME Publishing Company. J Thorac Dis 2025;17(2):824-835 | https://dx.doi.org/10.21037/jtd-24-1263

1.00

0.75

0.50

0.25

0.00

O
ve

ra
ll 

su
rv

iv
al

1.00

0.75

0.50

0.25

0.00

O
ve

ra
ll 

su
rv

iv
al

0 24 48 72 96 120 144 168 192
Time, months

0 24 48 72 96 120 144 168 192
Time, months

Validating set Entire cohort

Log-rank

P<0.0001

HR: 1.69 (95% CI: 1.24–2.32)

259

150

237

130

219

120

182

88

132

57

76

28

41

14

13

2

0

0

1532

1027

1063

651

798

461

581

297

411

187

262

98

155

51

49

8

0

0

Log-rank

P<0.0001

HR: 2.29 (95% CI: 1.93–2.71)

A B

1.00

0.75

0.50

0.25

0.00

D
is

ea
se

-s
pe

ci
fic

 s
ur

vi
va

l

1.00

0.75

0.50

0.25

0.00

D
is

ea
se

-s
pe

ci
fic

 s
ur

vi
va

l

0 24 48 72 96 120 144 168 192
Time, months

0 24 48 72 96 120 144 168 192
Time, months

Risk group        Low         High

Validating set Entire cohort

Log-rank

P<0.0001

HR: 5.79 (95% CI: 3.27–10.27)

314

47

307

41

299

33

241

23

168

18

104

11

57

8

13

1

0

0

2227

332

1508

206

1155

104

839

39

572

26

344

16

198

8

56

1

0

0

Log-rank

P<0.0001

HR: 19.48 (95% CI: 14.66–25.87)

C D

Figure 4 Kaplan Meier survival curves for low and high-risk groups in both validating set and entire cohort for the final models. The 
efficacy of the CatBoost (A,B) predictive value and the ensemble model (C,D) predictive value in distinguish the prognosis of patients. HR, 
hazard ratio; CI, confidence interval; CatBoost, categorical boosting.

in the OS task (Figure 2). Moreover, the more complex ML 
models had a higher prognostic efficiency compared to the 
baseline model comprised only of age and Masaoka stage in 
the longitudinal contrast (Figure 2 and Figure 3A,3B).

The calibrations from the validation set are presented in 
Figure 3C,3D. Both the CatBoost model and the ensemble 
model showed favorable goodness of fit and can be further 
verified via Hosmer-Lemeshow test (CatBoost: χ2=12.63, 
P=0.13; ensemble model: χ2=7.61, P=0.47) (Figure 3C,3D). 
Additionally, the results from the decision curve analysis 

confirmed that the final model provided high net benefit 
(Figure 3E,3F).

Survival analysis

To further verify the prognostic value of our models, we 
conducted a survival analysis with the optimal classification 
thresholds identified via the “surv_cutpoint” function. 
The optimal cut-off values for OS and DSS prediction 
were 0.62 and 0.75, respectively. Kaplan-Meier curves for 
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Table 2 Variable importance

Variables
Contribution to the ROC curves

OS (%) DSS (%)

Age 23.43 14.42

Sex 0.00 1.37

History of other tumors 1.53 1.62

Race 3.77 0.00

Tumor size 6.15 1.28

Masaoka stage 12.50 14.45

Chemotherapy 6.43 10.60

Radiotherapy 6.11 2.23

Surgery type 8.14 7.75

WHO classification 16.81 31.00

Number of harvested lymph 
nodes

6.12 6.65

Lymph node invasion 7.02 2.63

Lung metastasis 1.99 6.00

ROC, receiver operation characteristic; OS, overall survival; 
DSS, disease-specific survival; WHO, World Health Organization.

the validation set and the entire cohort for each outcome 
are shown in Figure 4. Patients in the low-risk group had 
significantly better survival than did those in the high-risk 
group (all P values <0.001).

Variable significance

The significance of variables from the optimal model in 
the original dataset are shown in Table 2. The five most 
significant variables for OS prediction were age, World 
Health Organization (WHO) histological classification, 
Masaoka stage, surgery type, and chemotherapy; meanwhile, 
the most significant variables for DSS prediction were 
WHO histological classification, Masaoka stage, age, 
chemotherapy, and surgery type. Table S4 presents the 
significant variables of the best model in the one-hot 
encoding dataset.

Discussion

In this study, we examined the prognostic value of ML 
algorithms in patients who had undergone surgery for 
thymoma and thymic carcinoma. Our models receive 

routinely available clinical data and categorize patients 
into low- and high-risk groups in terms of 5-year OS and 
DSS. Our models demonstrated robust performance in the 
prognostic prediction of thymoma and thymic carcinoma, 
especially in the prediction of 5-year DSS. 

In general, all of the models exhibited superior 
discrimination ability and consistency as compared to the 
basic prognostic model consisting of only age and Masaoka 
stage. All the variables contributed to the final models 
to some degree, but the significance of variables varied 
across the different models and different prediction tasks. 
Accounting for the myriad array of risk predictors can 
be challenging for clinicians, and thus developing these 
complex models is sensible and productive. Several factors 
contributed significantly to the prediction of both OS and 
DSS. There is a general consensus regarding the relevance 
of WHO histological classification, Masaoka stage, 
surgery type and lymph node invasion (4-10); meanwhile, 
age, which has also been established as a relevant factor, 
surpassed our expectation in OS prediction (8,32,33). 
This may be explained by the following: first, older adults 
have a higher rate of thymic carcinoma as compared to 
younger individuals (34). The proportion of postoperative 
myasthenia gravis is lower in younger patients, but that of 
complete stable remission is higher (35,36). Myasthenia 
gravis is a significant paraneoplastic disorder of thymoma, 
and it is often fatal (34-36). Other contributing risk 
factors, such as remaining life expectancy and resilience to 
concurrent diseases, may further explain the significance of 
age in OS prediction.

Chemotherapy was also found to be a significant factor 
in this study. However, the role of chemotherapy in the 
thymoma and thymic carcinoma remains controversial 
(4,16). Chemotherapy can be adopted as neoadjuvant 
therapy for patients with potentially resectable thymoma 
or thymic carcinoma and may serve as primary therapy 
for patients with unresectable thymoma or thymic 
carcinoma (37). For patients with a positive margin or 
residual disease after resection, chemotherapy is also 
practicable (37). However, the majority of (61.3%) the 
patients in the presenting study do not belong to the above-
mentioned condition. Which supported the potential effect 
of chemotherapy on patients with thymoma or thymic 
carcinoma. It should be noted, however, that ML algorithms 
are not particularly suited to characterizing the relationship 
between variables and outcomes. Thus, further work is 
needed to determine the prognostic effect of chemotherapy 
on patients with thymoma and thymic carcinoma.

https://cdn.amegroups.cn/static/public/JTD-24-1263-Supplementary.pdf
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As expected, we found that all the models examined in 
our study generally performed better in DSS prediction 
than in OS prediction. The features included in the 
presenting study are more likely to have a stronger 
connection with disease-related prognosis, rather than 
the general prognosis of patients. Features from the data 
directly determines the performance ceiling of the models, 
while more powerful algorithms can merely determine how 
close the model gets to that ceiling. 

Although several methods were adopted to avoid 
overfitting, our model demonstrated overfitting in the 
training set to some degree. This could potentially be 
attributed to a relatively lower number of positive cases, 
possibly arising from a comparatively favorable prognosis. 
However, we consider this overfitting to be acceptable 
for the following reasons: first, our models had a fairly 
good performance in the validation set. Second, more 
stringent control of overfitting during the training process 
did not significantly improve the performance of model. 
Regardless, our final model yielded a better performance 
in OS prediction that that reported in a previous study 
based on Cox regression (AUC in the validation set: 
0.746) (8). Although the differences were not substantial, 
this is significant, as the improvement was completely 
“free”. The Cox regression model has limitations in that 
the proportional hazard assumption and linearity of each 
variable are difficult to be satisfied in real-world data (19).  
Second, in tied samples, approximations are used for better 
computational efficiency, but this can lead to significantly 
different outcomes (38). Furthermore, issues related to 
multiple-testing may arise when a comparatively substantial 
number of variables are processed. Potential false positives 
from significant features may reduce the reliability of 
models (39). Introducing one-hot encoding did not 
significantly improve the performance of models in the 
presenting study; rather, one-hot encoding may entail risks, 
including dimensionality increase, information loss, and 
reduction in the interpretability of the clinical data. Thus, 
the application of one-hot encoding in the clinical data 
should not be considered a necessity but should be carefully 
examined in this context.

Several limitations to this study should be acknowledged. 
First, due to the morbidity of thymoma and thymic 
carcinoma, external validation was lacking in this study. 
Therefore, larger-scale studies are required to confirm 
our results. Second, imaging data and biological data are 
not available from the SEER database and were thus not 
included for the further boosting of model performance. 

Using a multimodal dataset to construct more robust 
models is not merely a prevalent direction in current 
mainstream research but is also an effective approach for 
more comprehensively exploiting clinical information and 
thus improving model performance.

Conclusions

We trained ML-based predictive models that demonstrated 
good accuracy in predicting the 5-year OS and DSS 
of patients with thymoma and thymic carcinoma. The 
application of ML algorithms has not yet been widely 
applied in the prognostic prediction of cancers, especially 
in patients with thymoma and thymic carcinoma. ML tools 
have the potential to render clinical judgement more swift, 
precise, and objective, and the inclusion of multimodal data 
may confer additional benefit and should be investigated.
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