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Abstract

This study utilized data from 140,294 prostate cancer cases from the Surveillance,
Epidemiology, and End Results (SEER) database. Here, 10 different machine learning
algorithms were applied to develop treatment options for predicting patients with
prostate cancer, differentiating between surgical and non-surgical treatments. The
performances of the algorithms were measured using the area under the receiver
operating characteristic curve (AUC), accuracy, sensitivity, specificity, positive pre-
dictive value, negative predictive value. The Shapley Additive Explanations (SHAP)
method was employed to investigate the key factors influencing the prediction pro-
cess. Survival analysis methods were used to compare the survival rates of differ-
ent treatment options. The CatBoost model yielded the best results (AUC=0.939,
sensitivity =0.877, accuracy=0.877). SHAP interpreters revealed that the T stage,
cancer stage, age, cores positive percentage, prostate-specific antigen, and Gleason
score were the most critical factors in predicting treatment options. The study found
that surgery significantly improved survival rates, with patients undergoing surgery
experiencing a 20.36% increase in 10-year survival rates compared with those receiv-
ing non-surgical treatments. Among surgical options, radical prostatectomy had the
highest 10-year survival rate at 89.2%. This study successfully developed a predic-
tive model to guide treatment decisions for prostate cancer. Moreover, the model
enhanced the transparency of the decision-making process, providing clinicians with

a reference for formulating personalized treatment plans.
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1 | INTRODUCTION

Prostate cancer is a malignant tumor that is prevalent in men world-
wide. GLOBOCAN 2022%* reported that it is considered a signif-
icant public health issue, with the second-highest incidence and
fifth-highest mortality rates among men.

Clinical research and practical experience have demonstrated
that surgical treatment can prevent or delay tumor recurrence and
progression, leading to a significant improvement in the disease-
free and overall survival rates of patients. Besides surgical treat-
ment, there are also some non-surgical options that can help,
such as radiation therapy (external radiation radiotherapy and
brachytherapy), chemotherapy, hormone therapy, and targeted
drug therapy.> It is imperative to choose the most suitable treat-
ment options for prostate cancer patients because of the wide
range of disease progression stages, individual physiological con-
ditions, and quality of life aspirations. The decision has a direct
impact on disease control and prognosis, as well as on minimizing
healthcare resource consumption and alleviating patient burden in
daily life and the economy.

In recent years, there have been significant advances in prostate
cancer diagnosis and treatment research. Machine learning technol-
ogy has demonstrated excellent potential in personalized treatment
plan design.”*? By systematically considering individual factors such
as age, health status, and lifestyle, machine learning models aid re-
searchers in discerning subtle differences in tumor characteristics
among prostate cancer patients. This provides strong technical sup-
port for creating personalized treatment plans. Despite the use of
machine learning techniques in some studies to propose personal-
ized treatment plans for prostate cancer,*>"8 this field still struggles
with several challenges. First, small sample sizes and data sources
being concentrated in individual research centers have generally
resulted in the weakening of the representativeness and general-
izability of past studies. Second, the variables used in past studies
are not comprehensive in terms of dimension and breadth.**° This
limitation affects the predictive performance of the model to a cer-
tain extent, which in turn affects the reliability of the experimental
results and the understanding of the model of complex treatment
decisions."’ Finally, machine learning models currently in use tend
to rely on a single or limited combination of types. Comprehensive
comparisons of multivariate models are lacking, which may restrict
the generalizability and adaptability of the models necessary in real
and complex clinical settings.1**¢

This study aims to construct a more accurate and reliable pros-
tate cancer treatment recommendation model by using a large-scale,
multicenter dataset of prostate cancer patients, combined with ma-
chine learning algorithms and Shapley Additive Explanations (SHAP)
interpreter technology.!? Additionally, we employ the SHAP algo-
rithm to investigate the impact of various variables on the choice
of treatment methods and assess the prognostic survival rates of
different therapies. The research provides important references for
clinical decision-making, promoting the optimization of treatment
effects and improving the quality of life for prostate cancer patients.

2 | MATERIALS AND METHODS

2.1 | Data source and study population

This study was based on the Surveillance, Epidemiology, and End
Results (SEER) database, which is maintained by the National Cancer
Institute in the United States. Previous studies and clinical treatment
guidelines?°-?% have pointed out that the patient's age, race, cancer
stage, Gleason score, TNM stage, PSA level, etc. are all important
indicators that affect the choice of treatment methods. Therefore,
this study used SEER*Stat software to extract relevant demographic
information and clinical characteristics records of patients initially
diagnosed with primary malignant prostate cancer from the SEER
database between 2010 and 2015.

We developed a series of inclusion criteria to ensure the quality
and applicability of the included data: (1) All included cases were
confirmed as prostate cancer based on the pathological diagnosis.
(2) It contains complete basic patient information, covering a range
of core clinical variables, such as age, gender, and detailed grading
information about cancer. (3) The study was restricted to males aged
40years and above.

After filtering the data and excluding missing values, the charac-
teristic variables are obtained:

(1) Demographic information, including age at first diagno-
sis, total annual household income, total population at home and
ethnicity.

(2) Clinical characteristics, including tumor histological type,
overall cancer stage, cancer grading, Gleason score (major and minor
scores), TNM stage (T stage indicating primary tumor status, N-stage
indicating lymph node metastasis, and M stage indicating distant
metastasis), PSA level, and the proportion of prostate cancer cells in
the biopsy tissue (core positive proportion).

(3) Outcome characteristics, including the specific treatment mo-
dality received by the patient, the actual survival time, and the survival
status. Figure 1 shows the process of establishing a prostate cancer
treatment decision model and the principles of survival analysis.

2.2 | Data preprocessing and feature selection

For more detailed and targeted data analysis, the categorical varia-
bles were analyzed using code conversion. Adult male subjects were
classified into 10 continuous age groups based on their actual age at
diagnosis, which ranged from 40 to 44 years to 85years and older.
We divide annual household income into 10 levels, with the lowest
level below $35,000 and the highest level being $75,000 and above.
The study subjects' regions were classified into five major categories
based on different population sizes: mega-urban areas (population
over 1 million), large urban areas (population between 250,000 and
1 million), medium urban areas (population less than 250,000), near-
urban non-urban areas, and distant non-urban areas. In addition,
the subjects were divided into three main racial categories: White,
Black, and Other.
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FIGURE 1 Framework diagram. AUC, area under the receiver operating characteristic curve; F, feature; LASSO, least absolute shrinkage
and selection operator; NPV, negative predictive value; PPV, positive predictive value.

In defining the clinical characteristics of prostate cancer pa-
tients, we adopted the criteria published by the American Joint
Committee on Cancer (AJCC 7th edition, 2009) for unified clas-
sification and description. This study aimed to predict treatment
options for prostate patients based on their specific character-
istics, differentiating between surgical and non-surgical treat-
ments. Surgical treatment included radical prostatectomy and
cryotherapy.

We employed two methods, least absolute shrinkage and selec-
tion operator (LASSO) regression and recursive feature elimination
with cross-validation (RFECV), for feature selection to ensure the
rationality of the selected features. LASSO regression introduces
an L1 regularization penalty term on top of the classical linear re-
gression model, which can drive certain less important feature co-
efficients close to zero, thereby achieving feature selection and
dimensionality reduction. The advantage of this method is its ability
to identify and eliminate redundant features with low contribution
to prediction performance.

RFECV iteratively removes features deemed least important
and utilizes cross-validation to evaluate the performance of the
selected feature subsets at each step, determining the optimal
number of features. The primary advantage of RFECV is its auto-
mated feature selection process, which reduces the subjectivity

of feature selection and enhances the accuracy and generalization
capability of the model.

2.3 | Model establishment and performance

In this study, we selected 10 well validated supervised ma-
chine learning algorithms that have proven utility in medical re-
search.'%?42? These algorithms encompass linear, tree-based,
ensemble, and neural network models, including support vector
machine (SVM), k-nearest neighbors (KNN), decision tree (DT),
logistic regression (LR), random forest (RF), adaptive boosting
(AdaBoost), extreme gradient boosting (XGBoost), light gradient
boosting machine (LightGBM), categorical boosting (CatBoost),
and multi-layer perceptron (MLP). Our goal was to address the
limitations of model simplicity in current research by compre-
hensively exploring data characteristics and capturing complex
relationships.

The KNN algorithm provides an easily understandable and im-
plementable solution for classification tasks, owing to its simple
and intuitive principles and robustness to outliers. SVM excel in
handling small sample sizes and high-dimensional data, particularly
in nonlinear problems, by utilizing kernel techniques to efficiently



TANG ET AL.

EEBRWATSE Cancer SCience

delineate decision boundaries. LR is renowned for its practical
interpretability and model transparency, often serving as a base-
line model. Ensemble learning strategies, such as RF and Gradient
Boosting Machine, are highly regarded for their excellent perfor-
mance and robustness on complex datasets. By combining the
predictions of multiple weak learners, these methods significantly
enhance model accuracy and generalization capability. Additionally,
MLP leverages deep neural network architectures to automatically
learn complex patterns within data, thereby improving classifica-
tion accuracy.

These algorithms were programmed using Python (version
3.10.9) and implemented with open-source machine learning li-
braries (scikit-learn). The dataset was randomly shuffled and split
into training and test sets in a 7:3 ratio. The parameters of the
ML methods were determined through grid search, where each
algorithm's performance was repeatedly evaluated by setting pa-
rameters to different values within a feasible range to identify
those that yielded the best results (Table S1). The evaluation met-
rics included: Area Under the Curve (AUC), sensitivity, specificity,
accuracy, negative predictive value (NPV), and positive predictive
value (PPV).

2.4 | Model explanation and survival analysis

We analyzed and discussed the model with the highest overall per-
formance using an interpretive approach based on SHAP to uncover
its predictive mechanisms and feature contributions. SHAP theory,
derived from cooperative game theory, provides a rigorous and
highly interpretable tool capable of quantifying the specific influ-
ence and relative importance of each feature on the model's predic-
tion outcomes. Subsequently, Kaplan-Meier survival analysis was
used to evaluate the effects of different treatment methods on the
survival time of prostate cancer patients.

The study presents continuous variables as means and standard
deviations and uses the t-test or Mann-Whitney test to determine
differences between groups. Categorical variables are expressed as
numbers and percentages, and the chi-squared test or Fisher's exact
test is used for group comparisons. The statistical significance was
determined by p<0.05.

3 | RESULTS

3.1 | Baseline characteristics

In this study, we include a total of 140,294 patients with prostate
cancer for detailed retrospective analysis. Based on the treatment
chosen, the study population was divided into two groups. The sur-
gical treatment group accounted for 35% of the total sample volume
and included patients who had undergone radical prostatectomy,

cryotherapy of the prostate. The non-surgical treatment group

comprises the remaining 65% and includes individuals managed with
endocrine therapy, radiation therapy, and active surveillance.

Table 1 shows the characterization of patients with prostate
cancer treated surgically versus non-surgically. Compared with the
patients treated without surgery, the patients in the surgery group
are concentrated in their age of about 60years old, with a lower PSA
level, and most of them show low-to-medium grade characteristics

in terms of tumor grade, stage, tumor size, and lymph node status.

3.2 | Feature extraction
Figure 2A,B illustrates the regularization path diagram and the mean
squared error curve of the LASSO regression model. It was ob-
served that, when the logarithm of A equaled -4.0, the model's mean
squared error reached its minimum level, indicating the effective-
ness of including all 14 features in model construction.
Furthermore, Figure 2C presents the results of the RFECV
method for feature selection. This method utilized five-fold cross-
validation based on an RF classifier, using the average AUC as the
evaluation criterion to automatically select the optimal number of
features. As the number of features increases, Figure 2C demon-
strates an upward trend in the model's average AUC, thus re-
affirming the importance of these 14 features in constructing a

high-performance predictive model.

3.3 | Performance analysis

Our results showed that XGBoost, LightGBM and CatBoost have
the highest AUC values, achieving a combined 0.939 as an optimal
performance metric. In terms of sensitivity as an evaluation crite-
rion, SVM, AdaBoost and LR demonstrated the ability to correctly
identify true positives, achieving rates of 0.931, 0.925, and 0.902,
respectively. Conversely, in terms of specificity, CatBoost and RF
emerged as superior performers (Table 2).

To further compare the performance differences between the
XGBoost, LightGBM, and CatBoost models, we adjusted the number
of weak classifiers and analyzed their AUC results on the test set and
their scores during the 10-fold cross-validation phase (Figure 3). Our
study found that, as the number of weak classifiers was increased,
both LightGBM and XGBoost experienced a significant decline
in AUC values on the validation set, indicating a potential overfit-
ting issue in these models. In contrast, CatBoost's scores remained
stable, suggesting its strong generalization ability to better handle
unknown data. Furthermore, in the 10-fold cross-validation score
graph, XGBoost and CatBoost performed similarly when the number
of weak classifiers was less than 100. However, when the number of
weak classifiers exceeded 100, CatBoost's scores were significantly
higher than the other two methods. Based on both generalization
capability and model accuracy, we concluded that CatBoost was the

most effective option.
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TABLE 1 Characteristics of prostate cancer patients undergoing
surgical and non-surgical treatments.

Characteristic
Age group, years
40-44
45-49

50-54

55-59

60-64

65-69

70-74

75-79

80-84

85+

Surgery?,
N=49,394

458 (0.77%)
1989 (3.34%)
6136 (10.32%)

10,258 (17.25%)

12,451 (20.92%)

11,963 (20.11%)
4911 (8.26%)
1058 (1.78%)
148 (0.25%)
22 (0.04%)

Median annual household income, $

<35,000

35,000-39,999
40,000-44,999
45,000-49,999
50,000-54,999
55,000-59,999
60,000-64,999
65,000-69,999
70,000-74,999
70,000+

670 (1.13%)
1207 (2.03%)
2012 (3.38%)
3069 (5.16%)
4713 (7.93%)
4037 (6.78%)
9680 (16.28%)
5769 (9.70%)
3614 (6.08%)

14,623 (24.57%)

Residential population (million)

Metro (pop > 1)

Metro
(0.25<pop <1)

Metro (pop
<0.25)

Nonmetro
(adjacent)

Nonmetro (not)
Race/ethnicity
White

Black

Other races
Histological type
Adenoma
Neoplasm
Carcinoma
Clinical grade

|

Il

1l

\Y

28,392 (57%)
11,527 (23%)

3914 (7.9%)

3171 (6.4%)

2390 (4.8%)

40,149 (81%)
6158 (12%)
3087 (6.3%)

49,373 (100%)
13 (<0.1%)
8 (<0.1%)

2441 (4.9%)
19,495 (39%)
27,406 (55%)

52 (0.1%)

No surgery?,
N=90,900

235 (0.26%)
1279 (1.41%)
4676 (5.14%)

10,522 (11.58%)
16,781 (18.46%)
21,792 (23.97%)
17,419 (19.16%)
11,401 (12.54%)
4807 (5.29%)
1988 (2.19%)

1709 (1.88%)
2834 (3.12%)
4232 (4.66%)
5788 (6.37%)
7611 (8.37%)
7617 (8.38%)
16,171 (17.79%)
10,862 (11.95%)
6198 (6.82%)
27,878 (30.67%)

54,206 (60%)
19,629 (22%)

6931 (7.6%)

6071 (6.7%)

4063 (4.5%)

68,175 (75%)
15,550 (17%)
7175 (7.9%)

90,745 (100%)
58 (<0.1%)
97 (0.1%)

13,007 (14%)
38,606 (42%)
39,175 (43%)

112 (0.1%)

p-valueb

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

Cancer Science U103 e

TABLE 1 (Continued)

Surgery?, No surgery?,
Characteristic N=49,394 N=90,900 p-valueb
Clinical stage
In situ 0 (0%) 2 (<0.1%) <0.001
Localized 32,018 (65%) 82,295 (91%)
Regional 17,229 (35%) 3160 (3.5%)
Distant 147 (0.3%) 5443 (6.0%)
Tumor stage
TO 0(0.0%) 1(<0.1%) <0.001
T1 748 (1.52%) 62,243 (68%)
T2 34,529 (70.23%) 24,491 (27%)
T3 13,932 (28.32%) 2931 (3.2%)
T4 185 (0.38%) 868 (1.0%)
TX 0(0.0%) 366 (0.4%)
Node stage
NO 47,052 (95%) 84,980 (93%) <0.001
N1 2078 (4.2%) 2653 (2.9%)
NX 264 (0.5%) 3267 (3.6%)
Metastasis stage
MO 49,257 (99.72%) 85,496 (94%) <0.001
M1 137 (0.28%) 5404 (5.9%)
Clinical primary Gleason grade
1 1(<0.1%) 5(<0.1%) <0.001
2 27 (<0.1%) 131 (0.1%)
3 34,579 (70%) 60,317 (66%)
4 14,016 (28%) 26,848 (30%)
5 771 (1.6%) 3599 (4.0%)
Clinical secondary Gleason grade
1 1(<0.1%) 0 (0%) <0.001
2 23 (<0.1%) 113 (0.1%)
3 25,307 (51%) 49,965 (55%)
4 21,149 (43%) 32,203 (35%)
5 2914 (5.9%) 8619 (9.5%)
PSA level
Mean (SD) 8.586 (9.505) 14.819 (21.530)  <0.001
Core positive proportion
Mean (SD) 0.404 (0.262) 0.404 (0.299) <0.001

Abbreviations: Mean, mean value; pop, population; PSA, prostate-
specific antigen; SD, standard deviation.

n (%).

bWilcoxon rank sum test; Pearson's chi-squared test.
3.4 | Explanatory analysis

In this study, we utilized SHAP tools to generate bee swarm plots
and bar charts for three models with identical AUC values (XGBoost,
LightGBM, and CatBoost) (Figure S1), providing a clear and de-

tailed explanation of the models' prediction processes. Radar chart

(Figure 4, left) illustrates the relative impact of different features on
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the prediction outcomes of the three models. The bee swarm plots
on the right side of Figure 4 illustrate the impact of different feature

values on model prediction outputs.
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(B) Conducting 10-fold cross-validation to select the optimal
parameter (lambda) for the LASSO model. (C) Five-fold cross-
validation, the number of optimal features of the recursive feature
selection cross-validation (RFECV) method.

The study found that T stage (mean SHAP value of 1.72), cancer
stage (mean SHAP value of 0.62), age (mean SHAP value of 0.47),
and CPP (mean SHAP value of 0.46) had a dominant influence on
the models' predictive performance. Further analysis revealed that
lower levels of T stage, cancer stage, and cancer grade led to predic-
tions favoring non-surgical treatments. Conversely, higher values of
CPP, age, PSA, and Gleason score led to predictions favoring non-
surgical treatments. This aligns with the standard recommendations
of major guidelines that use conventional clinicopathological char-
acteristics (clinical stage, cancer grade, Gleason score, etc.) to guide
treatment, %! validating the feasibility of our models.

Notably, in our study, the impact of PSA and Gleason score on
treatment prediction was significantly lower than that of the T stage
and cancer stage. This contrasts with existing research, which identi-
fies PSA and Gleason score as independent predictors of metastatic
disease progression in patients with biochemical recurrence,??323%
especially those with higher PSA levels and Gleason scores, who may
have a biochemical recurrence rate exceeding 50% within 5years.>*
This discrepancy may be due to differences in our dataset, experi-

mental design, and prediction objectives.

3.5 | Survival analysis

The survival curves established for each age group (Figure 5) reveal
the impact of different treatment methods on the survival progno-
sis of patients at different ages. Specifically, the surgical treatment
group performed well in the 5-year and 10-year survival rates, which
are detailed in Table 3. Through a detailed comparative analysis of
these survival curves, we revealed the following key conclusions:

The survival rate of the non-surgical treatment group was sig-
nificantly lower than those who had undergone surgical treatments
in the comparative study of survival rates for prostate cancer treat-
ment plans. Across all age groups, patients who had undergone rad-
ical prostatectomy demonstrated the highest survival rates in both
5 and 10years. The survival rates of patients who had undergone
cryotherapy were similar to those who had not undergone surgery.

Cryotherapy was found to have a greater survival benefit for
elderly prostate cancer patients, particularly those aged 75 and
above, compared with other surgical methods. This suggested that
this therapy might have a better survival-improving effect in older
patients.

With age, the survival curve for all treatments decreased.
However, to fully interpret these survival curve data, we need to
fully consider many potential confounding variables including, but
not limited to, the patient's general health status, the stage and
grade of the tumor, and other factors.

4 | DISCUSSION

This study used the data for 140,294 prostate cancer patients in the
SEER database to construct an accurate, reliable, and personalized
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TABLE 2 Evaluation metrics for 10

machine learning models. AU.C’
Models train
SVM 0.926
KNN 0.976
DT 0.938
LR 0.921
RF 0.985
AdaBoost 0.935
XGBoost 0.969
LightGBM 0.958
CatBoost 0.968
MLP 0.944

H 3761
Cancer Science Auiian

t/-\eL:tC : Sensitivity Specificity Accuracy NPV PPV

0.922 0.931 0.805 0.850 0.954 0.728
0.899 0.856 0.839 0.845 0.912 0.749
0.809 0.767 0.849 0.820 0.867 0.740
0.917 0.902 0.834 0.859 0.938 0.753
0.929 0.852 0.876 0.868 0.913 0.795
0.928 0.925 0.815 0.855 0.951 0.738
0.939 0.880 0.875 0.877 0.928 0.798
0.939 0.890 0.867 0.876 0.934 0.790
0.939 0.877 0.878 0.877 0.927 0.801
0.937 0.895 0.862 0.874 0.936 0.784
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FIGURE 3 Areaunder the receiver operating characteristic (ROC) curve and scores of the 10-fold cross-validation test set of XGBoost,
LightGBM and CatBoost with different numbers of weak classifiers. The performance of three models (XGBoost, LightGBM, and CatBoost)
at different numbers of estimators. (A) Displays the AUC values on the test set for these models, while (B) shows their scores on the 10-fold

cross-validation set.

prostate cancer treatment recommendation model based on a va-
riety of machine learning algorithms. At the same time, the SHAP
algorithm was used to analyze in depth the importance and influence
mechanism of variables. After rigorous and meticulous performance

evaluation, the CatBoost model performed well in predicting the
most suitable treatment regimen for prostate cancer patients,
with an AUC value of 0.939, sensitivity, and specificity of 0.877
and 0.878, respectively. The analysis method constructed by the
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FIGURE 4 SHAP value model feature importance analysis. (A) lllustrates the SHAP values of CatBoost, LightGBM, and XGBoost on
different features, representing the relative importance of features under different models. Each feature is assigned to a quadrant, with
colors representing different models. (B) Demonstrates the impact of each feature on prediction results in the CatBoost model. The
horizontal axis represents the SHAP values, where the SHAP value of each feature indicates its impact on the model output. The vertical
axis represents feature ranking, with higher ranks indicating greater influence of the feature on the model output.

Kaplan-Meier Survival Curves
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FIGURE 5 Survival curves for different treatment modalities among prostate cancer patients of different age groups. Comprising

10 subplots, each subplot represents the changes in survival probability over time for patients in different age groups. The horizontal

axis of each subplot represents time (in months), while the vertical axis represents survival probability. Survival probability refers to the
likelihood of patients surviving during a given time period. The curves in each subplot represent the changes in survival probability over
time for patients undergoing different surgical methods. The colors of the curves denote different surgical methods, including no surgery,
cryotherapy, radical prostatectomy.

CatBoost model holds substantial guiding value for clinical practice, In recent years, some researchers have carried out machine
providing strong support for doctors to make more accurate and rea- learning-based research on prostate cancer treatment recommen-
sonable decisions when formulating individualized treatment plans dation models, but have mainly focused on the prediction of non-

for prostate cancer. surgical strategies. Hu et al. used an LR model to establish a model to
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TABLE 3 Five-year and 10-year

survival rates for different treatments. Treatment

No surgery

Cryotherapy

Radical prostatectomy
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5years® 10years®
0.846 (0.844,0.849)
0.861 (0.837, 0.886)

0.962 (0.960, 0.964)

0.678 (0.672,0.684)
0.644 (0.578, 0.718)
0.892(0.889,0.899)

®The 5-year and 10-year survival rates for various treatment modalities were estimated using the

Kaplan-Meier method.

distinguish between active surveillance and watchful waiting treat-
ment strategies in conservative treatment, with an AUC of 0.73, an
F-value of 0.79, and an accuracy of 0.71.2° Alatas et al. considered
five influencing factors (Gleason score, biopsy results, PSA level,
SUVmax and age) on 88 patient data and used the XGBoost model to
conduct recommendation predictions for hormone therapy, radio-
therapy and combination therapy.13 Compared with previous stud-
ies, this study not only greatly increases the size of the experimental
population but also considers more factors influencing treatment
decisions, and carries out comprehensive and detailed comparative
optimization of a variety of machine learning models.

Through in-depth research, we revealed that T stage, cancer
stage, and cancer grade at lower stages have a significant impact
on the choice of non-surgical treatment options for prostate can-
cer patients, which deepens the understanding of early prostate
cancer treatment decisions. This view is supported by empirical
studies, including a 29-year follow-up study®® that the presence of
extracapsular invasion or a Gleason score of 8 to 9 predicts a higher
risk of fatality in patients who have undergone radical prostatec-
tomy. Therefore, when patients are in the early stages of the disease
and there is no significant spread of the disease, non-surgical treat-
ments, including active monitoring and observational waiting, may
be a more sensible initial treatment strategy.

Age is a key consideration in prostate cancer treatment deci-
sions. In our study, younger patients are more inclined to opt for
surgery. Cryotherapy is becoming the preferred alternative treat-
ment options for older patients due to their low risk of invasiveness
and complications.?® Several studies have noted a poor prognosis
in older patients who had undergone radical prostatectomy.3>3-4
As an example, Bill-Axelson et al. found that men aged 65years
and older had a lower response to radical prostatectomy compared
with men younger than 65years of age.*! In a large-scale analysis
of 160,787 men treated with radical prostatectomy in the United
States, patients who were older at diagnosis had higher rates of
prostate cancer mortality.42 In patients with prostate cancer aged
75years and older, cryotherapy has shown a survival advantage over

4344 \which is consistent

other surgical modalities at a specific age,
with the results in our study. However, there is some controversy
in the academic community about the effect of age on the risk of
death from prostate cancer. The study by Pettersson A et al. did not
find a strong inherent effect of age on the risk of death from pros-
tate cancer, but instead noted that, in current clinical practice, older
patients with prostate cancer may not receive adequate diagnostic

t.45

testing and subsequent curative treatment.”™ A study of 29 years of

follow-up further revealed that neither age nor treatment regimen

had demonstrated that age plays a decisive role in the outcome of
radical prostatectomy.35

Our study revealed that radical prostatectomy as a mainstream
treatment for prostate cancer is significantly more than 50% in
young and middle-aged patients, especially in the age group of
40-54vyears, highlighting the centrality of the procedure in the
treatment of patients in this specific age group. This not only re-
flects the affirmation of the therapeutic effect of radical prosta-
tectomy in young and middle-aged patients, but also suggests that
clinicians tend to choose radical resection as an effective means to
improve survival and quality of life after a comprehensive evaluation
of the patient's age, disease stage, and physical condition.’%*¢ We
also found that patients with prostate cancer treated with radical
prostatectomy showed significant advantages in 5-year and 10-year
survival, regardless of age stratification. A long-term follow-up also
confirmed that when 80% of participants died, the radical prostatec-
tomy group had lower overall mortality, prostate cancer mortality,
and metastatic risk, and that such procedures increased the average
life expectancy of patients by about 2.9years.35 A long-term sur-
vival study further confirmed that radical prostatectomy was associ-
ated with higher survival rates in patients with early-stage prostate
cancer, particularly in cases with a good prognosis, in which the
probability of survival was relatively high for 10years or more after
surgery.”

In the study of the treatment effect of prostate cancer, we used
survival curve analysis to reveal a significant advantage of surgical
treatment over non-surgical treatment in a 10-year survival rate,
which is consistent with the results of previous studies.*®*’ A 10-
year study® revealed that surgery and radiotherapy had a more
positive performance than active surveillance in inhibiting the risk
of disease progression and metastasis. The fact that patients with
prostate cancer who had not undergone surgery generally had a
shorter survival rate reveals the importance of factors such as late
diagnosis, severe comorbidities, and surgical inappropriateness in
treatment decisions.

Therefore, in the process of making decisions on the treatment of
prostate cancer, it is necessary to carefully evaluate the differences
in the effects of various treatment modalities and realize the individ-
ualization and precision of the treatment plan based on the specific
situation of the patient. Following current internationally accepted
clinical practice guidelines,’®>! for young prostate cancer patients,
surgery may be a more appropriate option due to its long-term ef-
ficacy and quality of life advantages compared with endocrine
therapy alone, although endocrine therapy can inhibit tumor prolif-
eration to some extent by blocking androgen signaling. In the elderly
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population of prostate cancer patients, it is particularly important to
strictly implement prostate cancer screening and treatment guide-
lines to determine the most suitable individualized treatment strat-
egy for them, given the increasing trend of life expectancy.

In this study, machine learning methods and SHAP tools are used
to construct a predictive model, which effectively realizes the inter-
pretability of the model. However, there are some limitations to the
study. On the one hand, in the current data set, all biomedical indi-
cators that may influence treatment decisions, such as the patient's
overall health, comorbidities, quality of life, etc., may not be ade-
quately covered. On the other hand, sample size, especially in the
patient population of rare or specific types of prostate cancer, may
not be sufficient to reveal all potential correlations. Although SHAP
analysis helps us understand the importance of feature values for
prediction outcomes, this importance should not be interpreted as a
causal relationship. Focusing on the future, the research team plans
to expand data sources, including but not limited to imaging data,
genomic information and other detailed clinical data, to build a more
accurate and comprehensive prediction model, hoping to provide a
more accurate and comprehensive basis for treatment decisions for
prostate cancer, and further improve the scientificity and practica-
bility of individualized treatment and prognosis assessment.”?

Based on the SEER database, this study applies a variety of ma-
chine learning techniques to predict the optimal treatment for pros-
tate cancer patients. Among them, the CatBoost model performs
best with an AUC value of 0.939, showing its advantages in prostate
cancer treatment prediction. The SHAP tool is used to reveal the
internal mechanism of the model, and the key role of clinical indi-
cators such as T stage, cancer stage, core positive ratio, and age in
the treatment decision of prostate cancer is clarified. In addition, by
plotting and comparing the survival curves under different surgical
methods, the difference in the impact of each treatment regimen
on the survival prognosis of patients is visually displayed. Combined
with machine learning and SHAP explanatory analysis, this study
successfully constructs a model that accurately predicts the treat-
ment mode of prostate cancer, which strongly supports clinically ac-

curate and personalized diagnosis and treatment decisions.
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