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1. Abstract

Our study aimed to systematically evaluate the impact of par-
tial nephrectomy (PN), local tumour excision (LTE), and local
tumour destruction (LTD) on the survival prognosis of patients
with T1la renal cell carcinoma (RCC), and further explore and
analyse the key features affecting ten-year prognosis and their
predictive value by combining multiple machine learning mod-
els and interpretable machine learning techniques. Based on
follow-up data from the Surveillance, Epidemiology, and End
Results (SEER) database, we included RCC patients who un-
derwent PN, LTE, or LTD surgery. Kaplan-Meier survival curve
analysis, in combination with Cox regression and logistic regres-
sion models, was used to compare the overall survival (OS) and
ten-year survival rates among the three groups. At the same time,
the best-performing survival prediction model was selected from
various machine learning models, and the contributions of indi-
vidual variables to postoperative survival were explained using
Shapley Additive explanations (SHAP) and Local Interpretable
Model-agnostic Explanations (LIME) methods. After adjust-
ing for all covariates, Cox regression results showed that LTE
significantly reduced OS compared to PN (HR = 0.87, 95%ClI:
0.80-0.94). Meanwhile, LTD did not show a significant improve-
ment in ten-year survival (OR = 0.83, 95%CI: 0.73-0.94). The
Naive Bayes (NB) algorithm demonstrated the best predictive
performance, with patient age and tumour size being critical fea-
tures for predicting postoperative survival. Our findings suggest
that RCC patients treated with PN have a higher ten-year surviv-

al rate compared to those treated with other surgical methods.
Age and tumour size are key predictors of postoperative surviv-
al. Our study advocates the development of patient-centred sur-
gical strategies and the implementation of predictive modelling
tools to enhance clinical decision-making.

2. Introduction

Renal Cell Carcinoma (RCC) is the most common urologic
malignancy, accounting for approximately 2.4% of all cancer
deaths worldwide each year [1], with worldwide population
aging and lifestyle changes, the cases of RCC continue to in-
crease. According to official U.S. statistics, the annual incidence
of RCC is up to 3%, and it is projected that by 2024, there will be
81,610 new cases in the U.S., resulting in 14,390 RCC-related
deaths [2]. Currently, the treatment of RCC depended on surgi-
cal procedures, including radical nephrectomy (RN) and partial
nephrectomy (PN), combined with radiation therapy strategies
[3]. Although surgery is the primary treatment for RCC, the cur-
rent choice of surgical treatment modality as well as impact on
patient prognosis remained controversial. PN, as a surgical pro-
cedure that preserved renal units, has been shown to minimize
loss of renal function while controlling tumours [4]. However,
studies have shown that removal of surrounding normal renal
tissue may result in impaired renal function, and even removal
of 1 mm of normal tissue may have unwanted effects [5]. In
addition, the operational complexity of PN and the requirement
of the patient’s general condition are relatively high. Therefore,
investigators have proposed local tumour excision (LTE) as a
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more conservative treatment, where blunt dissection is per-
formed only along the wall of the tumour capsule to minimize
the damage to normal tissues [6]. However, there is a lack of
evidence from long-term follow-up studies on postoperative
patient recurrence [7]. Local tumour destruction (LTD), on the
other hand, locally destroys the tumour tissue through non-sur-
gical methods such as radiofrequency ablation or cryoablation,
and has shown good efficacy and low complication rate in some
patients with early-stage renal cancer [8,9]. Studies have shown
that LTD provided better local control in patients with tumours
up to 3 cm and is superior to PN in terms of renal function pro-
tection and complication rates. Among patients with tumours in
the range of 3-4 cm, LTD may be associated with higher can-
cer-specific mortality [10]. Although several studies have anal-
ysed the impact of different surgical approaches on the survival
prognosis of patients with stage Tla renal cancer (tumour di-
ameter <4 cm) [11], there are still many research gaps regard-
ing how these surgeries affect long-term survival and how to
identify key factors. The assessment of survival in postoperative
renal cancer patients was dependent on statistical models, such
as Cox proportional risk models. However, traditional methods
have limitations in analysing multivariate interactions and iden-
tifying nonlinear relationships, which may result in certain risk
factors being overlooked [12]. Compared with traditional statis-
tical models, machine learning (ML) techniques are able to anal-
yse multidimensional and large-scale datasets, identify complex
associations between variables that are difficult to detect with
traditional analytical methods, and demonstrate high predictive
accuracy especially in patient cohorts with significant heteroge-
neity [13]. In urologic tumours, there have been researchers who
have attempted to apply machine learning to survival prediction,
such as, Chen et al. [14], Nusinovici et al. [15], Shakhssalim et
al. [16]. Considering the role of the three surgical approaches,
LTD, LTE and PN, in the long-term survival of RCC patients
and the identification of critical variables affecting patients’ ten-
year survival using machine learning techniques, there is still a
lack of systematic analysis. Our study based on the Surveillance,
Epidemiology, and End Results (SEER) database, Cox propor-
tional model, logistic regression model and machine learning
methods were combined to explore the effects of the three sur-
gical modalities on the survival outcomes of RCC patients. The
Shapley Additive Explanations (SHAP) and Local Interpretable
Model-Agnostic Explanations (LIME) models were utilized to
analyse the key postoperative prognostic variables with interac-
tions, in the hope of providing more comprehensive data support
for optimizing the surgical treatment strategies and improving
the prognosis of patients.

3. Methods
3.1. Criteria for the Study Population

In order to investigate the impact of three different surgical on
the survival outcomes of patients with RCC, we screened data
from SEER database. The inclusion criteria for subjects were 1)
patients firstly diagnosed with RCC between 2000 and 2021; 2)

2

clinical stage Tla RCC without any lymph node or metastatic
status and renal tumours with a mass size of no more than 4 cm;
and 3) RCC diagnosed by ICD-0-3 codes and WHO 2008 clas-
sification, with subtypes including clear cell type (codes 8310,
8313), papillary type (codes 8050, 8260 , 8342), smectic type
(codes 8270, 8317), and other clearly classified renal malignan-
cies; and 4) underwent LTD (codes 10-15), LTE (codes 20-27),
or PN (code 30). Patients with survival time of less than 1 month
were excluded, who usually have other serious comorbidities or
specific diseases that may not reflect the true outcome of surgical
treatment. Those with positive lymph nodes or metastases were
also excluded. Overall survival (OS) and ten-year postoperative
survival were used as the primary survival outcomes for analy-
sis. We used publicly available anonymized data in SEER, did
not involve informed consent from patients, nor did we require
ethics committee approval due to the retrospective nature of the
analysis.

3.2. Construction of Predictive Models Based on Machine
Learning Methods

To further analyse the impact of clinical features and surgical
strategies on the survival prognosis of Tla RCC patients, we
included more comprehensive features for machine learning
modelling. We first randomly divided the dataset into two sets,
with 80% of the training set and 20% of the test set. Then we
selected 10 common machine learning algorithms for analysis,
which include neural network (NN), support vector machine
(SVM), multilayer perceptron (MLP), gradient boosting ma-
chine (GBM), logistic regression (LR), plain Bayes (NB), XG-
Boost (XGB), C5.0 decision tree (C5.0), k-nearest neighbour
(KNN), Random Forest (RF). With these diverse models, we
seek to capture the advantages of different algorithms in surviv-
al prediction. To evaluate the predictive ability of each model,
we focused on the area under the curve (AUC) under the sub-
ject operating characteristic curve (ROC) as the main evaluation
metrics, and models with higher AUC values performed more
accurately in disease risk differentiation. In addition, to compre-
hensively assess the model performance, we combined several
metrics, such as sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), and so on. We selected
the model with the best prediction effect and optimized the mod-
el parameters by grid search and cross-validation.

3.3. Explanation of The Predictive Model

After determining the optimal model, we further used the SHAP
method to assess the importance of each covariate in the predic-
tion. The SHAP values provided the contribution of each feature
to the final prediction outcome and help us identify the critical
factors that are most predictive of the patient’s postoperative
survival outcome. Furthermore, the SHAP method has the abil-
ity to automatically filter the pair of variables with the strongest
interaction. Considering that the interactions between variables
may have important impact on the predicted outcomes, we used
the SHAP method to automatically identify the combinations of
variables with the strongest interactions. We also applied par-
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tial dependency plot (PDP) and accumulated local effects (ALE)
analysis. These two methods can reveal the effects of different
variable values on survival outcomes and help us to understand
the differences between global and local effects, especially the
complex nonlinear relationships between variables and dose-re-
sponse effects.

3.4. Covariate Selection

A variety of covariates that may affect survival were combined
in assessing the impact of three surgical approaches on survival
outcomes in patients with RCC. Differences in kidney cancer
incidence, tumour biological behaviour, and response to treat-
ment may exist by gender (male or female) and race (non-His-
panic white, non-Hispanic black, Asian, other). Marital status
(married, unmarried) and income level (low-income, low-mod-
erate-income, upper-moderate-income, and high-income) are
thought to reflect the patient’s social support status, which af-
fects the treatment and postoperative recovery, due to the fact
that higher-income patients are likely to have better healthcare
resources and higher-quality care. Clinical and pathological
characteristics of the tumours were also included in the analy-
sis, mainly including tumour size, stage, and degree of differ-
entiation. These covariates were included in the relevant model
analyses to control for possible confounding bias and to adjust
for their confounding effects on the assessment of survival out-
comes. In particular, in Cox regression analyses, we performed
multifactorial adjustments to determine the independent effect of
type of surgery on patient survival. Also, these covariates were
incorporated into machine learning models for feature selection
and model training to help identify the factors that are most im-
portant for postoperative survival outcomes.

3.5. Statistical Analysis

First, the clinical characteristics of patients were analysed by
descriptive statistics, with categorical variables expressed as fre-
quencies and percentages, and continuous variables presented as
medians and interquartile ranges. Differences between the two
groups were compared by chi-square test or Fisher’s exact test.
To control for potential confounders, multiple-factor models
including Cox proportional risk and logistic regression models
were used in this study. In addition, Kaplan-Meier (KM) curves
were used to plot the survival curves of patients under differ-
ent surgical modalities and to test for differences in survival be-
tween groups by log-rank test (LRT). Analysis of OS using Cox
proportional risk regression, and multiple logistic regression
models were applied to further explore the ten-year survival of
patients. Crude model was the base model (unadjusted), model
1 was further adjusted for age and gender, and model 2 incor-
porated potential confounders such as tumour size, histological
type. All statistical analyses were performed using R software
(version 4.3.2), and variables with p-values less than 0.05 were
considered statistically significant.

4. Results

The effects of different surgical approaches (LTD, LTE, PN)
on the survival prognosis of patients with stage Tla RCC were
clarified by KM survival curve analysis (Figure 1). The results
showed that the ten-year survival rate of patients in the PN group
was significantly higher than that in the LTD and LTE groups (p
< 0.0001). Survival probability gradually decreased over time
in all three groups, but the slowest rate of decline was observed
in the PN group. Of the 18,981 included RCC patients who un-
derwent surgery, 3,933 (20.7%) were still alive after 10 years,
and 79.3% (15,048) of patients survived less than 10 years after
surgery. The majority of RCC patients who survived 10 years
after undergoing surgery were married or partnered (69%), up-
per-moderate income level (55%), histologic type ccRCC (57%),
and underwent PN surgery (86%), as well as being younger on
average (59 vs. 62) and having smaller tumor size (24 vs. 25)
compared to patients who did not survive to 10 years (Table 1).

The results of the Cox survival analysis showed that the crude
model, without adjusting for any covariates, did not reveal any
statistical differences (Table 2). However, after adjusting for age
and gender, the results of model 1 indicated that the HR for RCC
patients undergoing the LTE approach was 0.84 (95% CI: 0.80-
0.94). Similarly, after further adjusting for all covariates, the
HR for RCC patients undergoing LTE remained 0.84 (95% CI:
0.80-0.94). However, the results for the PN and LTD approaches
did not show any statistical differences. When logistic regres-
sion modelling was applied, the likelihood of ten-year survival
was significantly decreased in patients after LTD compared to
PN (OR=0.83, 95%CI: 0.73-0.94) (Table 3). This is consistent
with the trend of the KM survival curves, further validating that
PN performed better in controlling the risk of patient death. In
the initial screening, the AUC values of all 10 machine learning
models were calculated to assess the predictive ability (Figure
S1). The results showed that the AUC values of most models
are close to 0.6, indicating the relatively average discriminative
ability. The relative best among them was the NB model with an
AUC value of 0.596. Combined with other evaluation metrics
(Table S1), the NB algorithm was finally used to construct a sur-
vival prediction model for RCC patients. Then we assessed the
importance of different features for model prediction by SHAP
method (Figure 2A) and LIME method (Figure 2B). Both age
and tumour size were shown to be the most important features,
indicating a central role for survival prediction. In contrast, so-
cioeconomic factors (e.g., income) and pathologic factors (e.g.,
grades, histologic type) were also important in the model. As
shown in Figure S2, combined with the ALE analysis, the effect
of patient age on survival probability showed a negative trend,
while factors such as tumour size and postoperative chemother-
apy exhibited complex nonlinear effects. The interaction results
showed that the interaction between patient age and tumour size
was the most significant, and the strength reached the highest
value, reflecting the common trend of poorer prognosis for pa-
tients with older age and larger tumours (Figure S3).
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Table S1: Predicting performance of ten machine learning models in test set.

SVM NN MLP GBM LR NB XGB C5.0 KNN RF

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.95 0.99
Sensitivity (1.00, (1.00, (1.00, (1.00, (1.00, (1.00, (1.00, (1.00, (0.94, (0.98,
1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 0.96) 0.99)

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.02
Specificity (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.05, (0.01,
0.00) 0.01) 0.00) 0.00) 0.00) 0.00) 0.00) 0.00) 0.08) 0.03)

0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79
PPV (0.78, (0.78, (0.78, (0.78, (0.78, (0.78, (0.78, (0.78, (0.78, (0.78,

0.81) 0.81) 0.81) 0.81) 0.81) 0.81) 0.81) 0.81) 0.81) 0.81)

NaN 1.00 NaN NaN NaN NaN NaN NaN 0.25 0.25
NPV (0.00, (0.29, (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.19, (0.14,

1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 0.31) 0.38)

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.01 1.00
LR+ (1.00, (1.00, (1.00, (1.00, (1.00, (1.00, (1.00, (1.00, (0.99, (0.99,

1.00) 1.01) 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 1.03) 1.01)

NaN 0.00 NaN NaN NaN NaN NaN NaN 0.79 0.80
LR- (NaN, (0.00, (NaN, (NaN, (NaN, (NaN, (NaN, (NaN, (0.59, (0.44,
NaN) NaN) NaN) NaN) NaN) NaN) NaN) NaN) 1.08) 1.46)

False T+ 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.94 0.98
proportion for (1.00, (0.99, (1.00, (1.00, (1.00, (1.00, (1.00, (1.00, (0.92, (0.97,
true D- 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 0.95) 0.99)
False T- propor- 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.01
tion for tI;uepD+ (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.04, (0.01,
0.00) 0.00) 0.00) 0.00) 0.00) 0.00) 0.00) 0.00) 0.06) 0.02)

False T+ pro- 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21
ortion folll' T+ (0.19, (0.19, (0.19, (0.19, (0.19, (0.19, (0.19, (0.19, (0.19, (0.19,
p 0.22) 0.22) 0.22) 0.22) 0.22) 0.22) 0.22) 0.22) 0.22) 0.22)
False T- propor- NaN 0.00 NaN NaN NaN NaN NaN NaN 0.75 0.75
tion f(I))r le (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.00, (0.69, (0.62,
1.00) 0.71) 1.00) 1.00) 1.00) 1.00) 1.00) 1.00) 0.81) 0.86)

Correctly Clas- 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.77 0.79
sified Propor- (0.78, (0.78, (0.78, (0.78, (0.78, (0.78, (0.78, (0.78, (0.75, (0.77,
tion 0.81) 0.81) 0.81) 0.81) 0.81) 0.81) 0.81) 0.81) 0.78) 0.80)

Abbreviations: SVM, supported vector machine; NN, neural network; MLP, Multi-Layer Perceptron, GBM, Gradient Boosting Machine; LR,
Logistic Regression; NB, Naive Bayes; XGB, XGBoost; C5.0, C5.0 Decision Trees; KNN, k-nearest neighbor; RF, Random Forest; PPV, Positive
predictive value; NPV, Negative predictive value; LR+, Positive likelihood ratio; LR-, Negative likelihood ratio.

Table 1: Baseline characteristics of patients with T1a renal cell carcinoma (RCC) undergoing three surgical proceduresa.

Total Non-survival 10 years after Survival 10 years after sur-
surgery gery p
n-18981 n=15048 n=3933
Age,y 61 (52, 69) 62 (52,70) 59 (50, 66) <0.001
Survival duration, months 95 (77, 116) 87 (74, 102) 130 (125, 137) <0.001
Tumor size, mm 25 (19, 31) 25(20,31) 24 (18, 30) <0.001
Sex 0.499
Male 11693 (62) 9289 (62) 2404 (61)
Female 7288 (38) 5759 (38) 1529 (39)
Race 0.433
White 15554 (82) 12341 (82) 3213 (82)
Black 2088 (11) 1656 (11) 432 (11)
Asian or Pacific Islander 1054 (6) 817 (5) 237 (6)
American Indian/Alaska Native 157 (1) 131 (1) 26 (1)
Unknown 128 (1) 103 (1) 25(1)
Marital status <0.001
Unmarried or other 6370 (34) 5168 (34) 1202 (31)
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Married or living with a partner 12611 (66) 9880 (66) 2731 (69)
Income level <0.001
Low 1488 (8) 1205 (8) 283 (7)
Low-moderate 6097 (32) 5047 (34) 1050 (27)
Upper-moderate 9374 (49) 7208 (48) 2166 (55)
High 2022 (11) 1588 (11) 434 (11)
Laterality (Tumor side) 0.489
Right 9829 (52) 7823 (52) 2006 (51)
Left 9139 (48) 7214 (48) 1925 (49)
Others 13 (0) 11 (0) 2(0)
Histologic type <0.001
ccRCC 11379 (60) 9125 (61) 2254 (57)
pRCC 2990 (16) 2351 (16) 639 (16)
chRCC 1072 (6) 813 (5) 259 (7)
nosRCC 2851 (15) 2193 (15) 658 (17)
others 689 (4) 566 (4) 123 (3)
Grade <0.001
I 2750 (14) 2097 (14) 653 (17)
I 9291 (49) 7309 (49) 1982 (50)
I 2813 (15) 2259 (15) 554 (14)
v 154 (1) 131 (1) 23 (1)
Unknown 3973 (21) 3252 (22) 721 (18)
Surgery <0.001
LTD 2284 (12) 1927 (13) 357.(9)
LTE 1042 (5) 837 (6) 205 (5)
PN 15655 (82) 12284 (82) 3371 (86)

Abbreviations: ccRCC, clear cell renal cell carcinoma; pRCC, papillary renal cell carcinoma; chRCC, chromophobe renal cell carcinoma; nos-
RCC, not otherwise specified renal cell carcinoma; LTD, local tumor destruction; LTE, local tumor excision; PN, partial nephrectomy. A Continu-
ous Data are expressed as median and interquartile rage rates (IQR), and categorical data are expressed as numbers (%).

Table 2: Cox survival analysis of RCC patients with three surgical procedures.

HR (95%CI)*"
Surgery
Crude Model® Model 1 Model 2
PN Ref Ref Ref
LTD 0.99(0.94,1.04) 0.99(0.94,1.05) 1.00(0.94, 1.06)
LTE 0.86(0.80,0.93) 0.87(0.80,0.94) " 0.87(0.80, 0.94) ™

Abbreviations: LTD, local tumor destruction; LTE, local tumor excision; PN, partial nephrectomy.

“The effective value for the Cox survival analysis was hazard ratio (HR) value.

bStatistically significant data are bolded (*: p0.05; **: pK0.01).

‘Crude model was unadjusted for any parameters, and Model 1 with adjustment of age, sex, as well as in Model 2further adjustments were made

for race, marital status, grade, tumor size, tumor side.
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Table 3: Logistic regression analysis of stage T1a RCC patients with three surgical procedures.

OR (95%CI)*®
Surgery
Crude Model® Model 1 Model 2
PN Ref Ref Ref
LTD 0.68(0.60,0.76) 0.79(0.70,0.89) " 0.83(0.73, 0.94)"
LTE 0.89(0.76,1.04) 1.04(0.88,1.22) 1.08(0.92, 1.27)

Abbreviations: LTD, local tumor destruction; LTE, local tumor excision; PN, partial nephrectomy.

“The effective value for the Logistic regression analysis of ten years survival after surgery of RCC patients was odds ratio (OR) value.

bStatistically significant data are bolded (*: p K0.05; **: pX0.01).

°Crude model was unadjusted for any parameters, and Model 1 with adjustment of age, sex, as well as in Model 2further adjustments were made

for race, marital status, grade, tumor size, tumor side.

5. Discussion

KM survival curves and Cox regression analysis demonstrat-
ed that PN surgery significantly prolonged ten-year survival in
patients with RCC compared with LTD and LTE surgery (p <
0.0001). In addition, logistic regression analysis further verified
that the ten-year survival of patients with LTD surgery was sig-
nificantly lower than that of the PN group (HR = 0.83, 95% CI:
0.73-0.94). Machine learning model evaluation showed that age
and tumor size were the core factors for survival prediction, with
ALE and interaction analyses collectively confirming the trend
of poorer prognosis for patients who were older and had larg-
er tumours. Our study provided a research basis for optimizing
clinical surgical selection, and should prioritize the promotion
of surgical approaches with significant survival improvement
and enhance early intervention and personalized management
of patients with advanced age and higher tumour burden. PN
is considered by investigators to be the standard of care for the
treatment of non-metastatic RCC, effectively balancing tumour
control and renal function protection [13]. We similarly revealed
the significant benefits of PN surgery in improving the ten-year
survival of patients with RCC, which is consistent with the evi-
dence of existing epidemiologic studies. The study by Motta et
al. demonstrated that PN surgery was able to completely remove
the tumour while preserving normal renal tissue, thereby reduc-
ing the recurrence and metastasis rates (17). In contrast, LTD
and LTE, as minimally invasive treatments, may be inadequate
for local control of poorly defined or larger tumours, despite
their efficacy in small tumours (<3 cm). This is also reflected in
the study of LTD surgery by Source et al, which found that in
patients with larger stage Tla tumours, cancer-specific mortali-
ty after LTD treatment was significantly higher than that of PN
surgery (5). This may explain the significant decrease in ten-year
survival in the LTD group in the present study. The superior-
ity of PN surgery in preserving renal units may be an import-
ant reason for its improved patient survival. Renal impairment
leads to progression of chronic kidney disease, which increases
the incidence of cardiovascular disease and overall mortality. In
addition, a study by Abdelsalam et al. showed that PN surgery
significantly reduced the incidence of postoperative chronic kid-

ney disease, which is particularly important in older patients [9].
The survival advantage of the older patients in the PN group in
the present study may be attributable in part to the long-term
preservation of renal function. Tumour size and patient age were
identified as the most important predictive features for survival,
suggesting the crucial role for both in influencing surgical prog-
nosis. It has been noted that older patients are more likely to
have poor prognosis due to decreased immune function and in-
creased comorbidities [18]. The larger the tumour size, the more
aggressive and the greater the risk of metastasis, which in turn
exacerbated disease progression (19). Moreover, the results of
PDP and ALE were combined in this study to reveal the adverse
effect of tumour size-age interaction on survival, which further
supported that PN surgery improved the prognosis of high-risk
patients through more complete tumour resection. Moreover, the
effect of socioeconomic status (e.g., income) on patient surviv-
al was also validated in this study, suggesting that low-income
patients may be at higher risk of death due to inadequate access
to healthcare resources or delayed diagnosis and treatment [20].
Our study had several advantages. First, our study is the first to
systematically investigate the impact of different surgical mo-
dalities (LTD, LTE, PN) on ten-year survival in patients with
RCC using machine learning modelling. Second, we compre-
hensively analysed the impact of surgical modalities on patients’
OS and ten-year survival by combining Cox regression and lo-
gistic regression models, which validated the important role of
PN surgery in improving patients’ long-term prognosis from a
conventional statistical perspective. The potential benefits of PN
surgery on patients’ survival, despite its technical complexity,
support the use of it as the preferred therapeutic option for pa-
tients with stage Tla RCC. This finding is an important refer-
ence for optimizing surgical strategies, reducing unnecessary in-
dications for minimally invasive surgery, and improving patient
survival. In addition, the application of machine learning mod-
els and the assessment of multidimensional feature significance
(e.g., SHAP and LIME methods) revealed for the first time the
central predictive role of factors such as tumour size and age, as
well as the interactions between important features. Moreover,
the study data were obtained from high-quality clinical databas-
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es with sufficient sample size to ensure the representativeness of
the findings. However, this study also has some limitations. First-
ly, due to the retrospective design of this study, there was some
retrospective bias. Although we have adjusted for a variety of
potential covariates, some factors that may affect patients’ prog-
nosis could not be taken into account due to limitations in data
sources. For example, the quality of postoperative follow-up and
the patient’s lifestyle were not fully documented in the SEER
database so that they could not be controlled for in the mod-
el. In addition, some potential confounders not captured by the
SEER database, such as patients’ socioeconomic status, mental
health, and treatment details, may have affected the accuracy of
the results. Second, the predictive performance of the machine
learning model has not yet reached the desired level, and further
optimization of the algorithm or introduction of more high-qual-
ity features are still needed to improve the discriminative ability
of the model. Besides, the study data were mainly derived from
a single database, which may limit the applicability to patients
from different regions or ethnicities. Nevertheless, results pro-
vided an important basis for the selection of surgical methods
and the development of individualized intervention strategies for
patients with RCC, as well as methodological reference for long-
term prognostic studies.

6. Conclusion

We evaluated the impact of different surgical approaches (PN,
LTE, LTD) on the survival prognosis of T1a RCC patients based
on the SEER database system, and explored the predictive value
of key features through machine learning. The results showed
that PN surgery significantly improved patients’ survival prog-
nosis and ten-year survival rate, demonstrating a significant ad-
vantage in reducing the risk of death compared to LTD and LTE
surgeries. Additionally, multiple machine learning models and
interpretable machine learning techniques further revealed the
importance of patient characteristics, such as age and tumour
size, in surgical prognosis. Our study not only provides an ev-
idence-based basis for the selection of surgical options for Tla
RCC patients but also emphasizes the importance of precision
medicine in optimizing treatment strategies.

7. Funding: This study was supported by the Anhui Institute of
Translational Medicine (2021zhyx-C43).
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