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Background: Existing research on the development of prognostic models for
renal cell carcinoma (RCC) patients with brain metastases (BM) remains limited.
This study aimed to develop a prognostic prediction model for RCC patients with
BM and to identify critical factors influencing clinical outcomes.

Methods: Patients diagnosed with BM between 2010 and 2019 were identified
and extracted from the Surveillance, Epidemiology, and End Results (SEER)
database. Potential risk factors were initially screened applying the eXtreme
Gradient Boosting (XGBoost) and Random Forest (RF) machine learning
algorithms. Subsequently, multivariate COX regression analysis was performed
to identify independent risk factors for constructing the predictive nomogram.
Nomogram performance was comprehensively evaluated based on Harrell's
concordance index (C-index), receiver operating characteristic (ROC) curve
analysis, calibration plots, and decision curve analysis (DCA). The SHapley
Additive exPlanations (SHAP) method was employed to demonstrate the
ranking of feature importance affecting patient prognosis at different time
points. Moreover, we conducted propensity score matching (PSM) and Kaplan-
Meier (K-M) survival analysis to compare clinical outcomes between surgical and
non-surgical treatment subgroups.

Results: In total, 982 patients were assigned to the training cohort and 420 to the
validation cohort. The constructed nomogram included four clinical variables:
histologic type, T stage, N stage, surgery and chemotherapy. The AUC, C-index,
calibration curves, and DCA curves showed excellent performance of the
nomogram. In addition, the SHAP values indicated that surgical treatment was
the most important prognostic risk factor for OS at 6-months, 1-year, 2-years,
and 3-years. After further balancing the baseline characteristics between the
surgical and non-surgical groups using PSM, we observed that patients with BM
who underwent surgical intervention showed significantly better survival
outcomes across all subgroups compared to non-surgical patients, though
unmeasured confounders may contribute to this association.

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2025.1572580/full
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1572580/full
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1572580/full
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1572580/full
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1572580/full
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fimmu.2025.1572580&domain=pdf&date_stamp=2025-06-30
mailto:wlq92507@126.com
mailto:zhihuiyu432@sina.com
https://doi.org/10.3389/fimmu.2025.1572580
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/immunology#editorial-board
https://www.frontiersin.org/journals/immunology#editorial-board
https://doi.org/10.3389/fimmu.2025.1572580
https://www.frontiersin.org/journals/immunology

Wang et al.

10.3389/fimmu.2025.1572580

Conclusion: We developed a novel nomogram for predicting prognostic factors
in RCC patients with BM, offering a valuable tool to support accurate clinical
decision-making. Our research also confirmed that surgical intervention was
significantly associated with improved survival outcomes for patients with BM.

renal cell carcinoma, brain metastases, nomogram, surgery, SEER

1 Introduction

Over the past two decades, the global incidence of renal cell
carcinoma (RCC) has shown a persistent upward trend, now
representing approximately 3% of all newly diagnosed malignancies
(1). The disease burden is substantial, with 431,288 new cases and
179,368 deaths reported worldwide in 2020 alone (2). The three major
histopathological subtypes of RCC are clear cell carcinoma (ccRCC),
papillary carcinoma (pRCC), and chromophobe renal cell carcinoma
(chrRCQ). Studies have reported that ccRCC has the poorest survival
rate among these subtypes (3, 4). In addition to primary renal lesions,
metastatic lesions may occur at other sites, which are referred to as
metastatic renal cell carcinoma (mRCC). Metastatic progression
remains a critical challenge, as evidenced by the fact that one-third
of patients already present with mRCC at initial diagnosis (5).

The brain is one of the most common sites for metastatic spread in
malignant tumors. Nearly 10% of cancer patients will develop brain
metastases (BM) at some point during the course of their disease, and
approximately 10-26% of cancer-related deaths are attributable to BM
(6, 7). A study based on data from the International Metastatic Renal
Cell Carcinoma Database Consortium (IMDC) found that 8.1% of
patients with advanced RCC had BM at the time of initiating systemic
treatment, and these patients had a significantly worse prognosis
compared to those without BM (8). A multicenter retrospective study
involving 226 patients with histologically diagnosed RCC and
radiographic evidence of BM revealed a median overall survival
(OS) of 18.8 months (interquartile range: 6.2-43 months) (9).
Additionally, a retrospective review demonstrated that among 72
patients with asymptomatic BM from mRCC, 38.5% had multifocal
central nervous system involvement, 40% had brain tumors larger
than 1 cm in diameter, and their median OS was only 10.3 months
(10). Such findings underscore BM as an independent predictor of
mortality in RCC, highlighting the urgent need for reliable prognostic
tools to guide clinical management.

In recent years, the nomogram has emerged as a widely utilized
tool in oncological prognostic studies, exhibiting exceptional
predictive performance across diverse cancer types (11-14). As a
comprehensive predictive model, the nomogram represents a
significant advancement in personalized medicine, offering
clinicians an effective and user-friendly instrument for evaluating
cancer prognosis and facilitating individualized treatment strategies
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(15). Given the low incidence of BM in RCC patients, well-
established prognostic models specifically tailored for this patient
population remain scarce in clinical practice. Although Zhuang
et al. (16) developed a nomogram for RCC patients with BM using
the Surveillance, Epidemiology, and End Results (SEER) data,
limitations such as loose inclusion criteria, high missing data
rates, and lack of external validation hinder its clinical utility. A
more robust and generalizable prognostic tool is urgently needed to
guide personalized management.

To address these gaps, we analyzed SEER data from 2010 to
2019 and proposed an innovative approach integrating eXtreme
Gradient Boosting (XGBoost) and Random Forest (RF) algorithms
to identify key prognostic variables. Subsequently, a multivariate
Cox regression-based nomogram was constructed and rigorously
validated. Furthermore, to enhance interpretability, SHapley
Additive exPlanations (SHAP) values were utilized to quantify
feature importance, while propensity score matching (PSM) was
employed to evaluate the survival benefits associated with
surgical intervention.

In this paper, our study addresses two pivotal research
questions: (1) what are the independent prognostic factors
influencing overall survival in RCC patients with BM? (2) Does
surgical intervention confer a significant survival benefit in this
patient population? Our findings aim to provide evidence-based
support for clinical decision-making.

2 Materials and methods
2.1 Data acquisition and data extraction

This retrospective study utilized data from the National Cancer
Institute’s SEER 17 Registries Database (Incidence-SEER Research
Data, 17 Registries, Nov 2023 Sub [2000-2021], released April 2024,
version 8.4.4). The institutional review board granted a waiver of
informed consent as the study involved analysis of de-identified
public surveillance data. All procedures were conducted in
accordance with the ethical standards of the Declaration of
Helsinki. The dataset included cases diagnosed between January
1, 2010, and December 31, 2019, extracted from the most recent
SEER database update.
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The SEER database initially yielded 2,068 patients diagnosed
between 2010 and 2019. Eligibility criteria comprised: (1)
histologically confirmed RCC (ICD-O-3 site code C64.9); (2)
RCC was the patients’ only cancer that had been diagnosed; (3)
all RCC patients showed histopathological evidence of the disease;
(4) all RCC patients developed BM at the time of initial diagnosis.
Exclusion criteria were: (1) age <18 years at diagnosis; (2) non-
unilateral RCC; (3) incomplete records (demographics, surgical
intervention, survival data). After applying these criteria, 1,402
patients constituted the final analytic cohort.

2.2 Variable extraction

The analysis incorporated a comprehensive set of risk factors,
including: age at diagnosis, sex, race, marital status (categorized as
married, single, or divorced/separated/widowed [DSW]), histological
subtype [ccRCC), pRCC and others], tumor laterality, tumor grade
(ranging from well-differentiated [I] to undifferentiated [IV], with an
additional category for unknown grade), surgical intervention status,
tumor size (defined as the maximum diameter of the primary renal
tumor, measured in millimeters), chemotherapy and radiotherapy
status, presence of distant metastases (in bone, liver, or lung), time
interval from diagnosis to treatment initiation, survival status, and
survival time. Furthermore, tumor staging was conducted according to
the AJCC classification system, with T-stage categorized as T1 through
T4 and N-stage as NO or N1.

10.3389/fimmu.2025.1572580

2.3 Handling missing values

Missing data represents a prevalent challenge in clinical research,
where the common practice of simply deleting incomplete cases may
result in significant information loss and inefficient utilization of
valuable resources. To address this issue, data imputation emerges as
a more scientifically sound and methodologically robust approach.
Figure 1 presents a comprehensive visualization of the missing data
patterns observed in our study dataset. Moving beyond conventional
imputation techniques, such as multiple imputation and median
imputation, we implemented the K-nearest neighbors (KNN)
imputation method, which has been extensively validated and
showed superior performance in numerous studies (16, 17). Our
implementation specifically utilized the VIM R package
(hyperparameters: k=10, meth="most”) to handle variables with
limited missing data. To ensure methodological rigor, we
partitioned the dataset into training and testing subsets using a 7:3
ratio, thereby facilitating robust model development and validation.

2.4 Selection of prognostic feature
variables

Identifying risk factors associated with tumor prognosis was
challenging, as traditional statistical methods might not always have
yielded satisfactory results. As a result, researchers turned to ML
algorithms to identify potential risk variables, achieving promising
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FIGURE 1

Missing data for research variables, including T stage, N stage, Time (time from diagnosis to therapy), Tumor size, Marital status, Lung meta (lung
metastases), Liver meta (liver metastases) and Bone meta (bone metastases).
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predictive outcomes (18-20). In the training set, we employed both
XGBoost and RF algorithms to select variables related to the
prognosis of RCC patients with BM. The intersection of variables
selected by both algorithms was visualized through a Venn diagram,
ensuring robust feature selection. Subsequently, multivariable Cox
proportional hazards regression was performed on these consensus
variables to identify independent predictors of OS for patients
with BM.

2.5 Nomogram model development and
validation

Based on variables selected through multivariable regression
analysis, we constructed a nomogram to predict the prognosis of
RCC patients with BM, aiming to guide clinical decision-making.
The model’s predictive performance was assessed using the
concordance index (C-index), receiver operating characteristic
(ROC) curves, calibration plots, and decision curve analysis
(DCA). To rigorously evaluate model robustness, we performed
1000 bootstrap resampling replicates in addition to the initial 70:30
split. The mean C-index across bootstrap iterations was calculated
to correct for overoptimism bias. Additionally, risk stratification
was implemented based on the model, and survival differences
among distinct risk subgroups were compared via Kaplan-Meier
(KM) analysis.

2.6 Model explanation

The XGBoost, an algorithmic framework based on the Gradient
Boosting Decision Tree (GBDT), has been widely utilized in tumor
prognostic studies and has demonstrated promising predictive
performance (21, 22). The SHAP represents a methodology
rooted in cooperative game theory, designed to interpret black-
box models such as ML systems (23). The SHAP approach enhances
model transparency and interpretability by quantifying the
contribution of each feature to prediction outcomes through both
local instance-specific and global model-wide explanations (24). In
our study, we selected the XGBoost model as our predictive
framework and systematically ranked the importance of features
influencing prognostic risk factors in descending order for RCC
patients with BM.

2.7 Statistical analysis

We performed data analysis and model development using R
(version 4.4.1; R Foundation for Statistical Computing) and
Python (version 3.11.5; Python Software Foundation). To
evaluate potential differences in baseline characteristics between
the training and validation cohorts, we applied the Mann-
Whitney U test for non-normally distributed continuous
variables and the Chi-squared test for categorical variables. PSM
was implemented to balance baseline characteristics between the
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non-surgical group and the radical nephrectomy group. We
subsequently investigated the differences in survival outcomes,
specifically OS and cancer-specific survival (CSS), between the
surgical and non-surgical groups across various subgroups. All
statistical tests were two-tailed, and a significance threshold of P <
0.05 was adopted.

3 Results

3.1 Baseline characteristics of included
patients

A total of 1,402 RCC patients with BM (68.05% male and
31.95% female) were included in the derivation dataset, with a
median age of 61.00 years. Among them, 1,205 (85.95%) were
White, 833 (59.42%) were married, and 982 (70.04%) had a median
annual household income between $50000 to $89999. A total of 696
patients (49.64%) had ccRCC. Regarding tumor grade, 27 patients
(1.93%) were grade I, 129 (9.20%) were grade II, 237 (16.90%) were
grade III, and 164 (11.70%) were grade IV. The tumor was located
on the left side in 708 patients (50.50%). Additionally, 359 patients
(25.61%) underwent surgery, 1,035 (73.82%) received radiotherapy,
and 681 (48.57%) received chemotherapy. The median tumor
diameter was 90.00 mm. Tumor stages were distributed as
follows: T1 in 309 patients (22.04%), T2 in 454 (32.38%), T3 in
489 (34.88%), and T4 in 150 (10.70%). Among the patients, 979
(69.83%) had NO stage. A total of 579 patients (41.30%) had bone
metastases, 270 (19.26%) had liver metastases, and 1,002 (71.47%)
had lung metastases. The time from diagnosis to treatment was less
than one month for 1,104 patients (78.74%). The median follow-up
time was 5 months. No significant statistical differences were
observed between the training and validation cohorts except for
median age. Table 1 summarizes the baseline characteristics of
patients with BM in the training and validation cohorts.

3.2 Potential predictors of OS in patients
with BM

The preliminary screening of feature variables was performed
using two ML algorithms, namely XGBoost (Figure 2A) and RF
(Figure 2B). Both algorithms were employed to identify the top 10
most important variables in their respective models. A
comprehensive analysis using a Venn diagram revealed 8 key
variables: age, histologic type, grade, T stage, N stage, surgery,
chemotherapy, and tumor size (Figure 2C). Subsequently,
multivariable Cox regression analysis was performed to control
for confounding factors and identify independent variables
associated with OS (Figure 3). The analysis indicated that surgery,
chemotherapy, and N stage were significantly associated with worse
OS. Patients with histologic subtypes other than ccRCC exhibited
worse OS compared to those with ccRCC. Unexpectedly, T2, T3 and
T4 stages were associated with better OS than T1 stage, while no
significant difference in OS was observed between T1 and T4 stages.
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TABLE 1 Demographic and clinicopathological characteristics for RCC patients with BM.

Characteristics Total Training cohort Validation cohort
(N =1,402) (N = 982) (N = 420)
Age (years) 61.00 (55.00, 68.00) 61.00 (54.00, 67.00) 62.50 (55.00, 69.00) 0.021
Age group (years) 0.217
<40 26 (1.85%) 22 (2.24%) 4 (0.95%)
40-49 139 (9.91%) 102 (10.39%) 37 (8.81%)
50-59 429 (30.60%) 308 (31.36%) 121 (28.81%)
60-69 513 (36.59%) 357 (36.35%) 156 (37.14%)
70-79 235 (16.76%) 154 (15.68%) 81 (19.29%)
80+ 60 (4.28%) 39 (3.97%) 21 (5.00%)
‘ Sex ‘ ‘ 0.971
Male 954 (68.05%) 669 (68.13%) 285 (67.86%)
Female 448 (31.95%) 313 (31.87%) 135 (32.14%)
‘ Race ‘ ‘ 0.543
White 1,205 (85.95%) 841 (85.64%) 364 (86.67%)
Black 92 (6.56%) 69 (7.03%) 23 (5.48%)
Other 105 (7.49%) 72 (7.33%) 33 (7.86%)
‘ Marital status ‘ ‘ 0.652
Married 833 (59.42%) 583 (59.37%) 250 (59.52%)
Single 288 (20.54%) 207 (21.08%) 81 (19.29%)
D/SIW 281 (20.04%) 192 (19.55%) 89 (21.19%)
‘ Histologic type ‘ ‘ 0.800
ccRCC 696 (49.64%) 482 (49.08%) 214 (50.95%)
pRCC 36 (2.57%) 25 (2.55%) 11 (2.62%)
Other 670 (47.79%) 475 (48.37%) 195 (46.43%)
‘ Grade ’ ‘ 0.484
I 27 (1.93%) 18 (1.83%) 9 (2.14%)
I 129 (9.20%) 84 (8.55%) 45 (10.71%)
111 237 (16.90%) 173 (17.62%) 64 (15.24%)
v 164 (11.70%) 110 (11.20%) 54 (12.86%)
Unknown 845 (60.27%) 597 (60.79%) 248 (59.05%)
‘ Laterality ’ ‘ 0.388
Left 708 (50.50%) 488 (49.69%) 220 (52.38%)
Right 694 (49.50%) 494 (50.31%) 200 (47.62%)
‘ T stage ‘ ‘ 0.816
Tl 309 (22.04%) 217 (22.10%) 92 (21.90%)
T2 454 (32.38%) 316 (32.18%) 138 (32.86%)
T3 489 (34.88%) 339 (34.52%) 150 (35.71%)
T4 150 (10.70%) 110 (11.20%) 40 (9.52%)

(Continued)
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TABLE 1 Continued
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Characteristics Total Training cohort Validation cohort

(N =1,402) (N =982) (N = 420)
N stage 0.877
NO 979 (69.83%) 684 (69.65%) 295 (70.24%)
N1 423 (30.17%) 298 (30.35%) 125 (29.76%)
Surgery ‘ 0.184
No 1,043 (74.39%) 741 (75.46%) 302 (71.90%)
Yes 359 (25.61%) 241 (24.54%) 118 (28.10%)
Radiation ‘ 0.648
No 367 (26.18%) 261 (26.58%) 106 (25.24%)
Yes 1,035 (73.82%) 721 (73.42%) 314 (74.76%)
Chemotherapy ‘ 0.381
No 721 (51.43%) 497 (50.61%) 224 (53.33%)
Yes 681 (48.57%) 485 (49.39%) 196 (46.67%)
Size (mm) 90.00 (68.00, 110.00) 90.00 (69.04, 111.00) 87.50 (65.00, 108.25) 0.078
Months from diagnosis 0.591
to therapy
0 month 1,104 (78.74%) 769 (78.31%) 335 (79.76%)
> 1 month 298 (21.26%) 213 (21.69%) 85 (20.24%)
Bone metastases ‘ 0.154
No 823 (58.70%) 589 (59.98%) 234 (55.71%)
Yes 579 (41.30%) 393 (40.02%) 186 (44.29%)
Liver metastases ‘ 0.724
No 1,132 (80.74%) 790 (80.45%) 342 (81.43%)
Yes 270 (19.26%) 192 (19.55%) 78 (18.57%)
Lung metastases ‘ 0.111
No 400 (28.53%) 293 (29.84%) 107 (25.48%)
Yes 1,002 (71.47%) 689 (70.16%) 313 (74.52%)
Median household income ‘ 0.830
< 50,0008 116 (8.27%) 84 (8.55%) 32 (7.62%)
50,000-69,999$ 432 (30.81%) 296 (30.14%) 136 (32.38%)
70,000-89,999$ 550 (39.23%) 387 (39.41%) 163 (38.81%)
90,0008 + 304 (21.68%) 215 (21.89%) 89 (21.19%)
Survival time (months) 5.00 (2.00, 14.00) 5.00 (2.00, 15.00) 5.00 (2.00, 14.00) 0.868

D/S/W, divorced/separated/widowed; ccRCC, clear cell renal cell carcinoma; pRCC, papillary renal cell carcinoma.

3.3 Construction and performance of the
nomogram

We constructed a nomogram model based on 5 independent
risk factors (Figure 4). The validation cohort was used to assess the
efficiency of the model. The initial 70:30 split yielded a C-index of
0.689 (95% CI: 0.671-0.707) in the training cohort and 0.689 (95%
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CI: 0.660-0.718) in the validation cohort. To address overfitting
concerns, 1000 bootstrap resampling produced a bias-corrected C-
index of 0.650. It indicates that the model had good discriminatory
power. In the training cohort, the AUC of predicted nomogram for
6-months 1-year, 2-year and 3-year were 0.769 (0.738-0.799), 0.743
(0.708-0.777), 0.728 (0.685-0.771) and 0.743 (0.687-0.799)
(Figure 5A). In the validation cohort, the AUC of predicted
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nomogram for 6-months 1-year, 2-year and 3-year were 0.755
(0.707-0.802), 0.722 (0.666-0.777), 0.727 (0.664-0.790) and 0.795
(0.726-0.863) (Figure 5B). The calibration plots for the training
cohort predicting OS demonstrated a strong agreement between
observed outcomes and model predictions (Figure 5C). Likewise,
the calibration plots of the nomogram for predicting OS in the
validation cohort also indicated a high level of accuracy (Figure 5D).
The DCA demonstrated that the nomogram exhibited superior
clinical utility, confirming its robust clinical value in both the
training and validation cohorts (Figure 6). Additionally, a risk
stratification system based on the total nomogram score was
established to categorize patients into two groups: low-risk and
high-risk. Notably, in the overall cohorts, patients with BM in the

Frontiers in Immunology

high-risk group exhibited significantly shorter OS compared to
those in the low-risk and medium-risk group (Figure 7).

3.4 Visualization of feature importance in
influencing OS

After fitting the XGBoost model, we used SHAP summary plots
to show the impact of five features on predicting OS for RCC patients
with BM. Figure 8 illustrates the relative influence of predictive
features on model outcomes through a descending-ordered bar plot
of mean absolute SHAP values, where larger SHAP magnitudes
indicate stronger prognostic impact of the corresponding feature.
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Interestingly, the importance of SHAP plot features revealed that
surgery was the most critical factor in the XGBoost model for
predicting OS at 6-months, 1 year, 2 years, and 3 years.

3.5 Benefits of surgical treatment in RCC
patients with BM across different
subgroups

As shown in Table 2, there were significant differences in age,
marital status, histologic type, grade, T stage, N stage, radiation,
tumor size, bone metastases, liver metastases and lung metastases
between the surgical and non-surgical groups (P < 0.05). To
minimize potential confounding variables, a 1:1 PSM method was
applied. After matching, 230 surgical patients and an equal number
of non-surgical patients (460 patients in total) were successfully

Frontiers in Immunology

included. Notably, the baseline characteristics between the two
groups were well-balanced (Table 3), with no significant
differences observed (P > 0.05).

In the PSM-adjusted cohort, the surgical group demonstrated a
48.4% reduction in overall mortality risk (P < 0.001, HR: 0.516; 95%
CI: 0.423-0.630) (Figure 9A) and approximately a 45.4% reduction
in BM-related mortality risk (P < 0.001, HR: 0.546; 95% CI: 0.444-
0.670) (Figure 9B). According to the stratified Kaplan-Meier
survival analysis, OS and CSS of patients with BM in the entire
cohort, ccRCC subgroup, non-ccRCC subgroup, non-
chemotherapy group, and chemotherapy group were significantly
improved after undergoing radical nephrectomy, leading to a
notable extension of patient survival (Figure 9C-]).

Furthermore, we conducted subgroup analyses to evaluate
potential interaction effects, with adjustments for relevant
covariates. As shown in Supplementary Table S1 (Supplementary

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1572580
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.
o
— Nomogram — Nomogram
04 — Al — Al
— None — Nore
§ oz
H
g
° ~N
o
[—— f—
— Nomogram — Nomogram
— Al — Al

— None

H
H

Net Beneft

) \ W

Risk Threshold

FIGURE 6

10.3389/fimmu.2025.1572580

— Nomogram

— Al

— None

— Nomogram
— Al

— None,

Net Beneft
Net Benaft

om-

7 P

7 ) e
Risk Threshold Risk Threshole

— Nomogram — Nomogram
— Al — Al

— None — None

Net Beneft
Net Beneft

\

Risk Threshold

A

Risk Threshold

(A-D) DCA analysis predicting 6-months 1-year, 2-year and 3-year OS in the training cohort. (E-H) DCA analysis predicting 6-months 1-year, 2-year

and 3-year OS in the validation cohort.

File 1), radical nephrectomy provided significant survival benefits
(all P<0.05) for most BM patients except: age extremes (<50 or >70
years), black race, low-grade tumors (Grade I), and patients with
liver metastases. Multivariable-adjusted interaction tests revealed
no significant subgroup heterogeneity (all interaction P>0.05),
confirming the general applicability of surgical benefits in the
majority of patients.

4 Discussion

This study utilized data from the SEER database to construct a
predictive model for OS in RCC patients with BM, addressing some
of the limitations present in previous research (25). The XGBoost
and RF algorithms were innovatively employed for the preliminary
selection of features, followed by multivariate Cox regression
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analysis to control for potential confounding effects among the
variables. We subsequently developed a nomogram model
incorporating five variables, which demonstrated strong
performance in the validation cohort and revealed its substantial
clinical applicability. In addition, we constructed a feature
importance ranking using SHAP values to identify variables that
influenced the prognosis. Our analysis indicated that surgical
treatment was the most important prognostic risk factor for OS at
6-months, 1-year, 2-years, and 3-years, with patients who
underwent surgery showing better survival at each time point
compared to those who did not undergo surgery.

While cytoreductive nephrectomy (CN) was historically
considered standard for metastatic RCC, its role in the targeted
therapy era remains debated (26, 27). Existing evidence on CN
primarily derives from non-BM cohorts (28, 29), leaving its utility
in RCC patients with BM unaddressed. Furthermore, the
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CARMENA trial in patients with mRCC indicated that sunitinib
monotherapy was non-inferior to the combined approach of
nephrectomy plus sunitinib in the majority of patients, as
evidenced by a hazard ratio of 0.97 (95% confidence interval:
0.79-1.19; p = 0.8) (27).

In contrast to the aforementioned findings, a large-scale
retrospective study encompassing 15,390 mRCC patients
receiving targeted therapies confirmed significantly prolonged
median OS in the CN-treated group (17.1 months) compared to
the non-CN group (7.7 months), with the CN cohort maintaining
superior prognostic outcomes even after PSM adjustment for
baseline characteristics (30). Bhindi et al. observed that CN
remains clinically beneficial for patients with limited metastatic
burden, carefully selected patient subgroups, and those exhibiting
favorable responses to initial systemic therapy (31). A separate
IMDC-based study demonstrated that both therapeutic sequences
incorporating CN and sunitinib—specifically primary CN with
subsequent sunitinib versus sunitinib pretreatment followed by
CN—yielded significantly superior median OS outcomes relative
to sunitinib monotherapy (32). Our PSM-adjusted analysis
specifically in BM patients demonstrates that CN confers a 48.4%
reduction in mortality risk (HR: 0.516), supporting its selective
utility in this high-risk subgroup. Moreover, Takemura et al.
analyzed data from the IMDC and found that, among select
mRCC patients receiving frontline immuno-oncology-based
combination therapies, the addition of CN was associated with a
survival benefit (33). Other studies had also substantiated that CN
could provide extended survival time for mRCC patients (34-36).
Our study observed an association between CN and improved
prognosis in RCC patients with BM, consistent with previous
observational studies (25). However, causality cannot be
definitively established due to potential residual confounding.
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Currently, the relationship between RCC histological subtypes
and prognosis in patients with BM remains inconclusive. In a
cohort study of 325 mRCC patients, researchers pointed out that
non-ccRCC patients exhibited significantly worse progression-free
survival (PFS) and OS compared to their ccRCC counterparts (37).
This finding was further supported by Delahunt et al., who reported
that ccRCC was associated with improved survival outcomes, while
collecting duct RCC and undifferentiated RCC presented the most
unfavorable prognosis (38). Additionally, Luo et al. substantiated
these observations in mRCC patients, revealing that ccRCC was
correlated with superior OS and CSS (39). These findings align with
multiple studies consistently indicating better survival rates
associated with the ccRCC subtype (19, 40). In line with these
established patterns, our study findings revealed that patients with
BM originating from non-ccRCC histological subtypes had a
significantly poorer prognosis compared to those with ccRCC,
thereby corroborating previous research outcomes.

The TNM staging system is currently the most widely adopted
international framework for tumor classification and serves as the
standard methodology for clinical staging of malignant neoplasms.
Within the TNM staging system, the T category denotes the
primary tumor’s size, depth of invasion, and anatomical extent,
while the N category indicates the regional lymph node
involvement in terms of location and number of metastatic nodes,
with higher T and N categories being associated with increased
probability of distant metastasis (41, 42). Unexpectedly, we
observed a strong correlation between T1 stage tumors and a
poorer prognosis, which contrasts with previous large population
studies on RCC metastasizing to other organs, where higher T stage
mRCC was associated with a worse prognosis (19, 40, 43, 44). This
paradoxical finding may be attributed to several factors: data
artifacts: potential misclassification of T-stage in the SEER
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TABLE 2 Comparison of baseline variables between the non-surgical and radical nephrectomy groups before PSM.

Before PSM
Characteristics P-value
Non-Surgery (N = 1,043) Surgery (N = 334)
Age (years) <0.001
<40 15 (1.44%) 10 (2.99%)
40-49 89 (8.53%) 47 (14.07%)
50-59 311 (29.82%) 108 (32.34%)
60-69 387 (37.10%) 118 (35.33%)
70-79 187 (17.93%) 46 (13.77%)
80+ 54 (5.18%) 5 (1.50%)
‘ Sex ‘ 0.736
Male 709 (67.98%) 231 (69.16%)
Female 334 (32.02%) 103 (30.84%)
‘ Race ‘ 0.133
White 894 (85.71%) 289 (86.53%)
Black 75 (7.19%) 15 (4.49%)
Other 74 (7.09%) 30 (8.98%)
‘ Marital status ‘ <0.001
Married 592 (56.76%) 225 (67.37%)
Single 237 (22.72%) 47 (14.07%)
S/D/W 214 (20.52%) 62 (18.56%)
‘ Histologic Type ‘ <0.001
ccRCC 457 (43.82%) 227 (67.96%)
pRCC 25 (2.40%) 10 (2.99%)
Other 561 (53.79%) 97 (29.04%)
‘ Grade ‘ <0.001
I 23 (2.21%) 4 (1.20%)
11 89 (8.53%) 38 (11.38%)
11 112 (10.74%) 120 (35.93%)
v 39 (3.74%) 117 (35.03%)
Unknown 780 (74.78%) 55 (16.47%)
‘ Laterality ‘ 0.403
Left 517 (49.57%) 175 (52.40%)
Right 526 (50.43%) 159 (47.60%)
‘ T stage ‘ <0.001
Tl 269 (25.79%) 32 (9.58%)
T2 390 (37.39%) 57 (17.07%)
T3 267 (25.60%) 214 (64.07%)
T4 117 (11.22%) 31 (9.28%)

(Continued)
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TABLE 2 Continued
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Before PSM

Characteristics

Non-Surgery (N = 1,043)

Surgery (N = 334)

N stage 0.005
NO 707 (67.79%) 254 (76.05%)

N1 336 (32.21%) 80 (23.95%)

Radiation 0.009
No 293 (28.09%) 69 (20.66%)

Yes 750 (71.91%) 265 (79.34%)

Chemotherapy 0.491
No 543 (52.06%) 166 (49.70%)

Yes 500 (47.94%) 168 (50.30%)

Size (mm) 89.00 (66.00, 110.00) 90.50 (72.00, 116.50) 0.007
Months from diagnosis 0.960
to therapy

0 month 821 (78.72%) 264 (79.04%)

> 1 month 222 (21.28%) 70 (20.96%)

Bone metastases <0.001
No 578 (55.42%) 229 (68.56%)

Yes 465 (44.58%) 105 (31.44%)

Liver metastases <0.001
No 811 (77.76%) 300 (89.82%)

Yes 232 (22.24%) 34 (10.18%)

Lung metastases <0.001
No 256 (24.54%) 133 (39.82%)

Yes 787 (75.46%) 201 (60.18%)

Median household income 0.708

< 50,000$ 89 (8.53%)

50,000-69,999% 324 (31.06%)
70,000-89,999% 406 (38.93%)

90,000$ + 224 (21.48%)

22 (6.59%)
103 (30.84%)
135 (40.42%)

74 (22.16%)

database may introduce bias into survival association analyses;
biological characteristics: T1 tumors presenting with early BM
may represent a distinct subgroup harboring aggressive molecular
features such as sarcomatoid differentiation or CDKN2A/B loss;
treatment disparities: patients with higher T-stage (T2-T4) are more
likely to receive multimodal therapies, potentially diluting the
independent prognostic value of T-stage; residual confounding:
unmeasured clinical factors may exert confounding effects on
survival outcomes (31, 45, 46). The higher N-stage being
indicative of a poorer prognosis is consistent with prior research.
Although chemotherapy showed limited efficacy in the treatment of
RCC, our study revealed that it remained one of the primary
therapeutic modalities for a substantial proportion of patients

Frontiers in Immunology

with mRCC, demonstrating a significant improvement in OS (47).
Additionally, emerging evidence from independent studies had
clarified that chemotherapy administration was associated with
improved OS and CSS in RCC patients with bone metastases (48).

Despite rigorous adjustments through multivariate Cox
regression and PSM, our findings may still be influenced by
residual confounding from unmeasured selection biases. Patients
undergoing surgery may have had intrinsic advantages that were
not adequately captured in the available data. These latent factors
could partially explain the observed survival benefit, indicating that
the association between surgery and improved outcomes requires
cautious interpretation. To translate these findings into clinical
practice, the developed nomogram provides clinically actionable
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TABLE 3 Comparison of baseline variables between the non-surgical and radical nephrectomy groups after PSM.

After PSM
Characteristics P-value
Non-Surgery (N = 230) Surgery (N = 230)
Age (years) 0.869
<40 5 (2.17%) 7 (3.04%)
40-49 22 (9.57%) 29 (12.61%)
50-59 70 (30.43%) 69 (30.00%)
60-69 84 (36.52%) 83 (36.09%)
70-79 44 (19.13%) 38 (16.52%)
80+ 5 (2.17%) 4 (1.74%)
‘ Sex ‘ 0.362
Male 165 (71.74%) 155 (67.39%)
Female 65 (28.26%) 75 (32.61%)
‘ Race ‘ 0.863
White 203 (88.26%) 200 (86.96%)
Black 12 (5.22%) 12 (5.22%)
Other 15 (6.52%) 18 (7.83%)
‘ Marital status ‘ 0.924
Married 153 (66.52%) 149 (64.78%)
Single 31 (13.48%) 33 (14.35%)
S/D/W 46 (20.00%) 48 (20.87%)
‘ Histologic Type ‘ 0.761
ccRCC 150 (65.22%) 149 (64.78%)
pRCC 12 (5.22%) 9 (3.91%)
Other 68 (29.57%) 72 (31.30%)
‘ Grade ‘ 0.184
I 5 (2.17%) 4 (1.74%)
11 43 (18.70%) 36 (15.65%)
11 75 (32.61%) 80 (34.78%)
v 37 (16.09%) 55 (23.91%)
Unknown 70 (30.43%) 55 (23.91%)
‘ Laterality ‘ 0.926
Left 117 (50.87%) 119 (51.74%)
Right 113 (49.13%) 111 (48.26%)
‘ T stage ‘ 0.446
Tl 42 (18.26%) 30 (13.04%)
T2 49 (21.30%) 54 (23.48%)
T3 113 (49.13%) 122 (53.04%)
T4 26 (11.30%) 24 (10.43%)

(Continued)
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TABLE 3 Continued

10.3389/fimmu.2025.1572580

After PSM

Characteristics

Non-Surgery (N = 230)

Surgery (N = 230)

N stage 0.917
NO 167 (72.61%) 165 (71.74%)

N1 63 (27.39%) 65 (28.26%)

Radiation 0.824
No 54 (23.48%) 51 (22.17%)

Yes 176 (76.52%) 179 (77.83%)

Chemotherapy 1.000
No 115 (50.00%) 115 (50.00%)

Yes 115 (50.00%) 115 (50.00%)

Size (mm) 88.25 (65.00, 109.50) 89.57 (70.00, 115.00) 0.243
Months from diagnosis 1.000
to therapy

0 month 181 (78.70%) 180 (78.26%)

> 1 month 49 (21.30%) 50 (21.74%)

Bone metastases 0.100
No 136 (59.13%) 154 (66.96%)

Yes 94 (40.87%) 76 (33.04%)

Liver metastases 1.000
No 203 (88.26%) 203 (88.26%)

Yes 27 (11.74%) 27 (11.74%)

Lung metastases 0.561
No 80 (34.78) 87 (37.83%)

Yes 150 (65.22) 143 (62.17%)

Median household income 0.140

< 50,000$ 18 (7.83%)

50,000-69,999% 61 (26.52%)
70,000-89,999% 108 (46.96%)

90,000$ + 43 (18.70%)

15 (6.52%)
77 (33.48%)
86 (37.39%)

52 (22.61%)

support for RCC patients with BM by: quantifying surgical benefit-
risk ratios during multidisciplinary preoperative evaluations (e.g.,
favoring intervention when predicted survival exceeds 50%);
screening potential clinical trial candidates (e.g., excluding high-
risk patients with <3-month predicted survival); enabling rapid risk
stratification in primary care settings using basic parameters (T/N
stage, histology); and visualizing outcome differences for treatment
decision-making. Compared to existing models, it demonstrates
superior dynamic time-dependent prediction (6-month to 3-year
intervals), BM-specific optimization (incorporating neurosurgical/
radiotherapy variables), and SHAP-enhanced interpretability.

Frontiers in Immunology

We acknowledge several limitations in our study. Firstly, the
sample size was relatively small, and the imputation of missing data
using ML algorithms may introduce discrepancies compared to real-
world data. Secondly, the SEER database lacks detailed information on
treatment regimens and follow-up data (including tumor recurrence
and progression) for RCC patients with BM, which poses challenges
for more comprehensive prognostic analysis. Thirdly, the SEER
database does not capture key prognostic variables such as MDC
risk stratification parameters (e.g., hemoglobin, serum calcium, LDH),
comorbidity indices (Charlson score), performance status (KPS/
ECOG), detailed BM characteristics (number, location, hemorrhage
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PSM-adjusted OS and CSS in brain metastatic RCC patients undergoing surgical treatment. Kaplan—Meier (K—M) survival analysis: (A) OS of all RCC
patients with BM; (B) CSS of all RCC patients with BM; (C) OS of RCC patients with BM in the ccRCC subgroup; (D) CSS of RCC patients with BM in
the ccRCC subgroup; (E) OS of RCC patients with BM in the non-ccRCC subgroup; (F) CSS of RCC patients with BM in the non-ccRCC subgroup;

(G) OS of RCC patients with BM not receiving chemotherapy; (H) CSS of RCC patients with BM not receiving chemotherapy; (I) OS of RCC patients
with BM receiving chemotherapy; (J) CSS of RCC patients with BM receiving chemotherapy.

status), neurological symptoms, or other laboratory markers,
potentially limiting the model’s capacity to capture clinical
complexity (49-52). Prospective validation in enriched cohorts is
needed to refine this nomogram’s utility for guiding multimodal
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therapy in RCC patients with BM. Finally, to further address
confounding, future studies should employ advanced causal
inference methods, such as inverse probability treatment weighting
(IPTW), instrumental variable analysis, or target trial emulation.
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5 Conclusion

This study presents a novel nomogram specifically designed for
RCC patients with BM, incorporating machine learning-based feature
selection (XGBoost/RF), SHAP interpretability analysis, and PSM-
validated surgical outcomes. The nomogram exhibited superior
predictive performance in the training and validation cohorts.
Through SHAP value analysis, surgical intervention was identified
as the most critical factor influencing OS. The nomogram specifically
addresses the clinical challenge of identifying BM patients who are
most likely to benefit from surgery, while also providing clinically
actionable thresholds to guide multidisciplinary decision-making.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Ethics statement

The studies involving humans were approved by The data for this
study was obtained from the SEER database. The studies were
conducted in accordance with the local legislation and institutional
requirements. The participants provided their written informed
consent to participate in this study. Written informed consent was
obtained from the individual(s) for the publication of any potentially
identifiable images or data included in this article.

Author contributions

FW: Conceptualization, Data curation, Formal analysis,
Methodology, Software, Writing — original draft, Writing — review
& editing. XW: Conceptualization, Data curation, Formal analysis,
Methodology, Software, Writing - review & editing. ZF:
Conceptualization, Data curation, Methodology, Supervision,
Writing - review & editing. JL: Conceptualization, Investigation,
Methodology, Writing - review & editing. HX: Formal analysis,
Investigation, Writing - review & editing. HL: Methodology,
Software, Writing - review & editing. LW: Conceptualization,
Formal analysis, Methodology, Supervision, Writing — review &
editing. ZL: Conceptualization, Data curation, Funding acquisition,

References

1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2022. CA Cancer |
Clin. (2022) 72:7-33. doi: 10.3322/caac.21708

2. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al. Global
cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for
36 cancers in 185 countries. CA Cancer ] Clin. (2021) 71:209-49. doi: 10.3322/
caac.21660

Frontiers in Immunology

10.3389/fimmu.2025.1572580

Methodology, Project administration, Resources, Supervision,
Writing - original draft, Writing — review & editing.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This study was supported
by the Henan Provincial Medical Science and Technology Research
Project (LHGJ20231011) and Henan Province Science and
Technology Research Project (242102310235).

Acknowledgments

We extend our gratitude to the SEER database for providing
publicly available data. The detailed information from the database
has been invaluable in supporting our research, allowing for in-
depth analysis and exploration.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fimmu.2025.1572580/
full#supplementary-material

3. Alongi P, Picchio M, Zattoni F, Spallino M, Gianolli L, Saladini G, et al. Recurrent
renal cell carcinoma: clinical and prognostic value of FDG PET/CT. Eur ] Nucl Med
Mol Imaging. (2016) 43:464-73. doi: 10.1007/s00259-015-3159-6

4. Ricketts CJ, De Cubas AA, Fan H, Smith CC, Lang M, Reznik E, et al. The cancer
genome atlas comprehensive molecular characterization of renal cell carcinoma. Cell
Rep. (2018) 23:3698. doi: 10.1016/j.celrep.2018.06.032

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2025.1572580/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1572580/full#supplementary-material
https://doi.org/10.3322/caac.21708
https://doi.org/10.3322/caac.21660
https://doi.org/10.3322/caac.21660
https://doi.org/10.1007/s00259-015-3159-6
https://doi.org/10.1016/j.celrep.2018.06.032
https://doi.org/10.3389/fimmu.2025.1572580
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

5. Griinwald V, Eberhardt B, Bex A, Florcken A, Gauler T, Derlin T, et al. An
interdisciplinary consensus on the management of bone metastases from renal cell
carcinoma. Nat Rev Urol. (2018) 15:511-21. doi: 10.1038/s41585-018-0034-9

6. Mahashabde RV, Bhatti SA, Martin BC, Painter JT, Rodriguez A, Ying J, et al.
Immune checkpoint inhibitors as subsequent treatment in older adults with non-small
cell lung cancer and synchronous brain metastases. Transl Lung Cancer Res. (2024)
13:1620-34. doi: 10.21037/tlcr-24-205

7. Lemke J, Scheele J, Kapapa T, Von Karstedt S, Wirtz CR, Henne-Bruns D, et al.
Brain metastases in gastrointestinal cancers: is there a role for surgery? Int J Mol Sci.
(2014) 15:16816-30. doi: 10.3390/ijms150916816

8. Takemura K, Lemelin A, Ernst MS, Wells JC, Saliby RM, El Zarif T, et al
Outcomes of patients with brain metastases from renal cell carcinoma receiving first-
line therapies: results from the international metastatic renal cell carcinoma database
consortium. Eur Urol. (2024) 86:488-92. doi: 10.1016/j.eururo.2024.01.006

9. Internd V, Massari F, Ruda R, Maiorano BA, Caffo O, Procopio G, et al. An Italian
multicenter retrospective real-life analysis of patients with brain metastases from renal
cell carcinoma: the BMRCC study. ESMO Open. (2023) 8:101598. doi: 10.1016/
j.esmoop.2023.101598

10. Kotecha RR, Flippot R, Nortman T, Guida A, Patil S, Escudier B, et al. Prognosis
of incidental brain metastases in patients with advanced renal cell carcinoma. J Natl
Compr Canc Netw. (2021) 19:432-8. doi: 10.6004/jnccn.2020.7634

11. Zhu ], Wang L, Gong W, Li X, Wang Y, Zhu C, et al. Development and
evaluation of a risk assessment tool for the personalized screening of breast cancer in
Chinese populations: A prospective cohort study. Cancer. (2024) 130:1403-14.
doi: 10.1002/cncr.35095

12. Huang W, Xiong W, Tang L, Chen C, Yuan Q, Zhang C, et al. Non-invasive CT
imaging biomarker to predict immunotherapy response in gastric cancer: a multicenter
study. J Immunother Cancer. (2023) 11(11):e007807. doi: 10.1136/jitc-2023-007807

13. Pasquali S, Iadecola S, Vanzulli A, Infante G, Bologna M, Corino V, et al.
Radiomic features of primary retroperitoneal sarcomas: a prognostic study. Eur |
Cancer. (2024) 213:115120. doi: 10.1016/j.¢jca.2024.115120

14. Xia L, Shi W, Cai Y, Liao Z, Huang Z, Qiu H, et al. Comparison of long-term
survival of neoadjuvant therapy plus surgery versus upfront surgery and the role of
adjuvant therapy for T1b-2N0-1 esophageal cancer: a population study of the SEER
database and Chinese cohort. Int J Surg. (2024) 111:70-9. doi: 10.1097/
j$9.0000000000001886

15. Wu J, Zhang H, Li L, Hu M, Chen L, Xu B, et al. A nomogram for predicting
overall survival in patients with low-grade endometrial stromal sarcoma: A population-
based analysis. Cancer Commun (Lond). (2020) 40:301-12. doi: 10.1002/cac2.12067

16. Karamti H, Alharthi R, Anizi AA, Alhebshi RM, Eshmawi AA, Alsubai S, et al.
Improving prediction of cervical cancer using KNN imputed SMOTE features and
multi-model ensemble learning approach. Cancers (Basel). (2023) 15(17):4412.
doi: 10.3390/cancers15174412

17. Pires IM, Hussain F, Marques G, Garcia NM. Comparison of machine learning
techniques for the identification of human activities from inertial sensors available in a
mobile device after the application of data imputation techniques. Comput Biol Med.
(2021) 135:104638. doi: 10.1016/j.compbiomed.2021.104638

18. Yan J, Xu Y, Cheng Q, Jiang S, Wang Q, Xiao Y, et al. Light GBM: accelerated
genomically designed crop breeding through ensemble learning. Genome Biol. (2021)
22:271. doi: 10.1186/s13059-021-02492-y

19. Wang F, Wang P, Wang X, Lu H, Han Y, Wang L, et al. Development and
validation of a prediction model for the prognosis of renal cell carcinoma with liver
metastases: a population-based cohort study. Front Med (Lausanne). (2024)
11:1464589. doi: 10.3389/fmed.2024.1464589

20. Guo QH, Xie FC, Zhong FM, Wen W, Zhang XR, Yu X]J, et al. Application of
interpretable machine learning algorithms to predict distant metastasis in ovarian clear
cell carcinoma. Cancer Med. (2024) 13:e7161. doi: 10.1002/cam4.7161

21. Li C, Liu M, Zhang Y, Wang Y, Li J, Sun S, et al. Novel models by machine
learning to predict prognosis of breast cancer brain metastases. /] Transl Med. (2023)
21:404. doi: 10.1186/s12967-023-04277-2

22. Wang Z, Gu Y, Huang L, Liu S, Chen Q, Yang Y, et al. Construction of machine
learning diagnostic models for cardiovascular pan-disease based on blood routine and
biochemical detection data. Cardiovasc Diabetol. (2024) 23:351. doi: 10.1186/s12933-
024-02439-0

23. Rodriguez-Pérez R, Bajorath J. Interpretation of compound activity predictions
from complex machine learning models using local approximations and shapley values.
J Med Chem. (2020) 63:8761-77. doi: 10.1021/acs.jmedchem.9b01101

24. Hou F, Zhu Y, Zhao H, Cai H, Wang Y, Peng X, et al. Development and
validation of an interpretable machine learning model for predicting the risk of distant
metastasis in papillary thyroid cancer: a multicenter study. EClinicalMedicine. (2024)
77:102913. doi: 10.1016/j.eclinm.2024.102913

25. Zhuang W, Li Y, Chen P, Wang J, Liu W, Chen J. Do renal cell carcinoma
patients with brain metastases still need nephrectomy? Int Urol Nephrol. (2019)
51:941-9. doi: 10.1007/s11255-019-02139-9

26. Méjean A, Ravaud A, Thezenas S, Colas S, Beauval JB, Bensalah K, et al. Sunitinib
alone or after nephrectomy in metastatic renal-cell carcinoma. N Engl ] Med. (2018)
379:417-27. doi: 10.1056/NEJM0al803675

Frontiers in Immunology

19

10.3389/fimmu.2025.1572580

27. Méjean A, Ravaud A, Thezenas S, Chevreau C, Bensalah K, Geoffrois L, et al.
Sunitinib alone or after nephrectomy for patients with metastatic renal cell carcinoma:
is there still a role for cytoreductive nephrectomy? Eur Urol. (2021) 80:417-24.
doi: 10.1016/j.eururo.2021.06.009

28. Heng DY, Wells JC, Rini BI, Beuselinck B, Lee JL, Knox JJ, et al. Cytoreductive
nephrectomy in patients with synchronous metastases from renal cell carcinoma:
results from the International Metastatic Renal Cell Carcinoma Database Consortium.
Eur Urol. (2014) 66:704-10. doi: 10.1016/j.eururo.2014.05.034

29. Massari F, Di Nunno V, Gatto L, Santoni M, Schiavina R, Cosmai L, et al. Should
CARMENA really change our attitude towards cytoreductive nephrectomy in
metastatic renal cell carcinoma? A systematic review and meta-analysis evaluating
cytoreductive nephrectomy in the era of targeted therapy. Target Oncol. (2018) 13:705—
14. doi: 10.1007/s11523-018-0601-2

30. Hanna N, Sun M, Meyer CP, Nguyen PL, Pal SK, Chang SL, et al. Survival
analyses of patients with metastatic renal cancer treated with targeted therapy with or
without cytoreductive nephrectomy: A national cancer data base study. J Clin Oncol.
(2016) 34:3267-75. doi: 10.1200/jc0.2016.66.7931

31. Bhindi B, Abel EJ, Albiges L, Bensalah K, Boorjian SA, Daneshmand §, et al.
Systematic review of the role of cytoreductive nephrectomy in the targeted therapy era
and beyond: an individualized approach to metastatic renal cell carcinoma. Eur Urol.
(2019) 75:111-28. doi: 10.1016/j.eururo.2018.09.016

32. Bhindi B, Graham J, Wells JC, Bakouny Z, Donskov F, Fraccon A, et al. Deferred
cytoreductive nephrectomy in patients with newly diagnosed metastatic renal cell
carcinoma. Eur Urol. (2020) 78:615-23. doi: 10.1016/j.eururo.2020.04.038

33. Takemura K, Ernst MS, Navani V, Wells JC, Bakouny Z, Donskov F, et al.
Characterization of patients with metastatic renal cell carcinoma undergoing deferred,
upfront, or no cytoreductive nephrectomy in the era of combination immunotherapy:
results from the international metastatic renal cell carcinoma database consortium. Eur
Urol Oncol. (2024) 7:501-8. doi: 10.1016/j.€u0.2023.10.002

34. Dahm P, Ergun O, Uhlig A, Bellut L, Risk MC, Lyon JA, et al. Cytoreductive
nephrectomy in metastatic renal cell carcinoma. Cochrane Database Syst Rev. (2024) 6:
Cd013773. doi: 10.1002/14651858.CD013773.pub2

35. Meagher MF, Minervini A, Mir MC, Cerrato C, Rebez G, Autorino R, et al.
Does the timing of cytoreductive nephrectomy impact outcomes? Analysis of
REMARCC registry data for patients receiving tyrosine kinase inhibitor versus
immune checkpoint inhibitor therapy. Eur Urol Open Sci. (2024) 63:71-80.
doi: 10.1016/j.eur0s.2024.02.001

36. Fiala O, Buti S, Bamias A, Massari F, Pichler R, Maruzzo M, et al. Real-world
impact of upfront cytoreductive nephrectomy in metastatic non-clear cell renal cell
carcinoma treated with first-line immunotherapy combinations or tyrosine kinase
inhibitors (A sub-analysis from the ARON-1 retrospective study). Target Oncol. (2024)
19:587-99. doi: 10.1007/s11523-024-01065-w

37. You D, Lee C, Jeong IG, Song C, Lee JL, Hong B, et al. Impact of metastasectomy
on prognosis in patients treated with targeted therapy for metastatic renal cell
carcinoma. ] Cancer Res Clin Oncol. (2016) 142:2331-8. doi: 10.1007/s00432-016-
2217-1

38. Delahunt B, Cheville JC, Martignoni G, Humphrey PA, Magi-Galluzzi C,
Mckenney J, et al. The International Society of Urological Pathology (ISUP) grading
system for renal cell carcinoma and other prognostic parameters. Am J Surg Pathol.
(2013) 37:1490-504. doi: 10.1097/PAS.0b013e318299{0fb

39. Luo Z, Jiao B, Xu Q, He W, Zhao H, Liu Y, et al. Do patients with metastatic renal
cell carcinoma obtain survival benefits from cytoreductive nephrectomy? A population-
based study. J Cancer Res Clin Oncol. (2023) 149:9657-70. doi: 10.1007/s00432-023-
04885-x

40. Jiang L, Tong Y, Wang J, Jiang J, Gong Y, Zhu D, et al. A dynamic visualization
clinical tool constructed and validated based on the SEER database for screening the
optimal surgical candidates for bone metastasis in primary kidney cancer. Sci Rep.
(2024) 14:3561. doi: 10.1038/s41598-024-54085-x

41. Jiang L, Tong Y, Jiang J, Zhao D. Individualized assessment predictive models for
risk and overall survival in elderly patients of primary kidney cancer with bone
metastases: A large population-based study. Front Med (Lausanne). (2023)
10:1127625. doi: 10.3389/fmed.2023.1127625

42. Feng T, Wang Y, Zhang W, Cai T, Tian X, Su J, et al. Machine learning-based
framework develops a tumor thrombus coagulation signature in multicenter cohorts
for renal cancer. Int J Biol Sci. (2024) 20:3590-620. doi: 10.7150/ijbs.94555

43. Li W, Wang B, Dong S, Xu C, Song Y, Qiao X, et al. A novel nomogram for
prediction and evaluation of lymphatic metastasis in patients with renal cell carcinoma.
Front Oncol. (2022) 12:851552. doi: 10.3389/fonc.2022.851552

44. Chen J, Cao N, Li S, Wang Y. Identification of a risk stratification model to
predict overall survival and surgical benefit in clear cell renal cell carcinoma with
distant metastasis. Front Oncol. (2021) 11:630842. doi: 10.3389/fonc.2021.630842

45. Chen M, Nie Z, Huang D, Gao Y, Cao H, Zheng L, et al. Machine learning-based
on cytotoxic T lymphocyte evasion gene develops a novel signature to predict prognosis
and immunotherapy responses for kidney renal clear cell carcinoma patients. Front
Immunol. (2023) 14:1192428. doi: 10.3389/fimmu.2023.1192428

46. Linehan WM, Ricketts CJ. The Cancer Genome Atlas of renal cell carcinoma:
findings and clinical implications. Nat Rev Urol. (2019) 16:539-52. doi: 10.1038/
s41585-019-0211-5

frontiersin.org


https://doi.org/10.1038/s41585-018-0034-9
https://doi.org/10.21037/tlcr-24-205
https://doi.org/10.3390/ijms150916816
https://doi.org/10.1016/j.eururo.2024.01.006
https://doi.org/10.1016/j.esmoop.2023.101598
https://doi.org/10.1016/j.esmoop.2023.101598
https://doi.org/10.6004/jnccn.2020.7634
https://doi.org/10.1002/cncr.35095
https://doi.org/10.1136/jitc-2023-007807
https://doi.org/10.1016/j.ejca.2024.115120
https://doi.org/10.1097/js9.0000000000001886
https://doi.org/10.1097/js9.0000000000001886
https://doi.org/10.1002/cac2.12067
https://doi.org/10.3390/cancers15174412
https://doi.org/10.1016/j.compbiomed.2021.104638
https://doi.org/10.1186/s13059-021-02492-y
https://doi.org/10.3389/fmed.2024.1464589
https://doi.org/10.1002/cam4.7161
https://doi.org/10.1186/s12967-023-04277-2
https://doi.org/10.1186/s12933-024-02439-0
https://doi.org/10.1186/s12933-024-02439-0
https://doi.org/10.1021/acs.jmedchem.9b01101
https://doi.org/10.1016/j.eclinm.2024.102913
https://doi.org/10.1007/s11255-019-02139-9
https://doi.org/10.1056/NEJMoa1803675
https://doi.org/10.1016/j.eururo.2021.06.009
https://doi.org/10.1016/j.eururo.2014.05.034
https://doi.org/10.1007/s11523-018-0601-2
https://doi.org/10.1200/jco.2016.66.7931
https://doi.org/10.1016/j.eururo.2018.09.016
https://doi.org/10.1016/j.eururo.2020.04.038
https://doi.org/10.1016/j.euo.2023.10.002
https://doi.org/10.1002/14651858.CD013773.pub2
https://doi.org/10.1016/j.euros.2024.02.001
https://doi.org/10.1007/s11523-024-01065-w
https://doi.org/10.1007/s00432-016-2217-1
https://doi.org/10.1007/s00432-016-2217-1
https://doi.org/10.1097/PAS.0b013e318299f0fb
https://doi.org/10.1007/s00432-023-04885-x
https://doi.org/10.1007/s00432-023-04885-x
https://doi.org/10.1038/s41598-024-54085-x
https://doi.org/10.3389/fmed.2023.1127625
https://doi.org/10.7150/ijbs.94555
https://doi.org/10.3389/fonc.2022.851552
https://doi.org/10.3389/fonc.2021.630842
https://doi.org/10.3389/fimmu.2023.1192428
https://doi.org/10.1038/s41585-019-0211-5
https://doi.org/10.1038/s41585-019-0211-5
https://doi.org/10.3389/fimmu.2025.1572580
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Wang et al.

47. Montironi R, Cheng L, Scarpelli M, Lopez-Beltran A. Pathology and genetics:
tumours of the urinary system and male genital system: clinical implications of the 4th
edition of the WHO classification and beyond. Eur Urol. (2016) 70:120-3. doi: 10.1016/
j.eururo.2016.03.011

48. Wang K, Wu Z, Wang G, Shi H, Xie J, Yin L, et al. Survival nomogram for
patients with bone metastatic renal cell carcinoma: A population-based study. Int Braz ]
Urol. (2021) 47:333-49. doi: 10.1590/s1677-5538.1bju.2020.0195

49. Lehrer EJ, Ahluwalia MS, Gurewitz ], Bernstein K, Kondziolka D, Niranjan A,
et al. Imaging-defined necrosis after treatment with single-fraction stereotactic
radiosurgery and immune checkpoint inhibitors and its potential association with
improved outcomes in patients with brain metastases: an international multicenter
study of 697 patients. ] Neurosurg. (2023) 138:1178-87. doi: 10.3171/2022.7.Jns22752

Frontiers in Immunology

20

10.3389/fimmu.2025.1572580

50. Tawbi HA, Forsyth PA, Hodi FS, Algazi AP, Hamid O, Lao CD, et al. Long-term
outcomes of patients with active melanoma brain metastases treated with combination
nivolumab plus ipilimumab (CheckMate 204): final results of an open-label,
multicentre, phase 2 study. Lancet Oncol. (2021) 22:1692-704. doi: 10.1016/s1470-
2045(21)00545-3

51. Riecke K, Miiller V, Neunhéfter T, Park-Simon TW, Weide R, Polasik A, et al.
Long-term survival of breast cancer patients with brain metastases: subanalysis of the
BMBC registry. ESMO Open. (2023) 8:101213. doi: 10.1016/j.esmo00p.2023.101213

52. Berghoff AS, Wolpert F, Holland-Letz T, Koller R, Widhalm G, Gatterbauer B,
et al. Combining standard clinical blood values for improving survival prediction in
patients with newly diagnosed brain metastases-development and validation of the
LabBM score. Neuro Oncol. (2017) 19:1255-62. doi: 10.1093/neuonc/now290

frontiersin.org


https://doi.org/10.1016/j.eururo.2016.03.011
https://doi.org/10.1016/j.eururo.2016.03.011
https://doi.org/10.1590/s1677-5538.Ibju.2020.0195
https://doi.org/10.3171/2022.7.Jns22752
https://doi.org/10.1016/s1470-2045(21)00545-3
https://doi.org/10.1016/s1470-2045(21)00545-3
https://doi.org/10.1016/j.esmoop.2023.101213
https://doi.org/10.1093/neuonc/now290
https://doi.org/10.3389/fimmu.2025.1572580
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	A novel nomogram for survival prediction in renal cell carcinoma patients with brain metastases: an analysis of the SEER database
	1 Introduction
	2 Materials and methods
	2.1 Data acquisition and data extraction
	2.2 Variable extraction
	2.3 Handling missing values
	2.4 Selection of prognostic feature variables
	2.5 Nomogram model development and validation
	2.6 Model explanation
	2.7 Statistical analysis

	3 Results
	3.1 Baseline characteristics of included patients
	3.2 Potential predictors of OS in patients with BM
	3.3 Construction and performance of the nomogram
	3.4 Visualization of feature importance in influencing OS
	3.5 Benefits of surgical treatment in RCC patients with BM across different subgroups

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


