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Abstract: Objectives: Therapeutic resistance in advanced clear cell renal cell carcinoma (ccRCC) is partly driven by 
intra-tumoral heterogeneity. This study aimed to develop and validate a predictive model for drug resistance by in-
tegrating pathomic heterogeneity features from histopathologic images with clinical variables. Methods: This retro-
spective study included 358 patients from The Cancer Genome Atlas (TCGA)-KIRC (training cohort) and 143 patients 
from an independent hospital cohort (2018-2022) for external validation. Resistance was defined as radiological 
progression within 12 months of starting first-line VEGFR-TKI therapy. Whole-slide images were processed to extract 
pathomics features: nuclear morphometry (area, perimeter, eccentricity) and texture features (contrast, correlation, 
energy, homogeneity), with standard deviations quantifying heterogeneity. Nuclear Heterogeneity Proportion (NHP) 
was calculated as the percentage of patches with significant nuclear heterogeneity. A predictive model combining 
significant pathomics and clinical features was constructed using multivariate logistic regression and presented as 
a nomogram. Results: The resistant group (n=162) showed significantly higher NHP (39.72% vs. 26.84%, P<0.001) 
and greater heterogeneity in all nuclear and textural features versus non-resistant group (n=196). Multivariate 
analysis identified high NHP (OR=10.885, P<0.001), large tumor size (OR=2.897, P=0.002), advanced TNM stage 
(OR=2.814, P=0.015), metastasis (OR=2.642, P=0.029), and older age (OR=2.624, P=0.021) as independent pre-
dictors. The integrated model achieved an AUC of 0.888 internally and 0.925 upon external validation, with 0.897 
sensitivity and 0.875 specificity. Conclusions: The integrated pathomic-clinical model robustly predicts drug resis-
tance in ccRCC, highlighting the value of computational pathology for risk stratification and personalized treatment 
planning.
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Introduction

Clear cell renal cell carcinoma (ccRCC) repre-
sents the most prevalent histologic subtype of 
renal cancer, accounting for 70-75% of cases, 
and its incidence has been steadily increasing 
globally. While early diagnosis rates have impro- 
ved, advanced ccRCC remains [1] a formidable 
clinical challenge due to its high propensity for 
metastasis and development of therapeutic 
resistance [1, 2]. The current management of 
metastatic ccRCC relies on a combination of 
anti-angiogenic agents, mTOR inhibitors, and 
immunotherapeutic drugs [2, 3]. Despite these 

advances, the efficacy of these therapies is 
often limited, and a significant proportion of 
patients inevitably develop resistance, leading 
to disease progression [2, 3].

The mechanisms underlying drug resistance in 
ccRCC are complex and multifactorial. Resis- 
tance is not merely a static failure but often a 
dynamic, reversible process of tumor adapta-
tion [4]. Key mechanisms include epithelial-
mesenchymal transition (EMT), which confers  
a more aggressive and mobile phenotype to 
cancer cells, the emergence of cancer stem 
cells (CSCs) that drive tumor regeneration, and 
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angiogenic escape by the activation of alterna-
tive survival pathways that bypass targeted 
therapy [4]. This heterogeneity in resistance 
mechanisms underscores the limitations of 
current single-target approaches and highlights 
the need for strategies that can address the 
multifaceted nature of the problem [2].

A critical factor complicating treatment is the 
profound intra-tumor heterogeneity inherent to 
ccRCC [5, 6]. Genetic and molecular diversity 
exists not only between different patients’ tu- 
mors but also within different regions of a sin-
gle tumor [7]. Multiregional sequencing studies 
have revealed that while driver mutations like 
VHL are ubiquitous, mutations in genes such as 
SETD2, PBRM1, and MTOR can be heteroge-
neous, contributing to varied clonal popula-
tions with differing drug sensitivities [7, 8]. This 
heterogeneity is a significant driver of metasta-
sis, recurrence, and ultimately, therapeutic fail-
ure [6].

The integration of multi-omics data, encom-
passing genomic, transcriptomic, and proteo- 
mic layers, provides a powerful framework for 
deciphering this complexity [9, 10]. Further- 
more, histopathologic images, a routine com-
ponent of clinical diagnosis, contain a wealth of 
underutilized information. Recent advances in 
artificial intelligence have demonstrated that 
deep learning models can extract predictive 
features from these images to forecast molecu-
lar genetics, prognosis, and response to thera-
py [11, 12]. This approach leverages existing 
clinical resources to uncover biological insights 
non-invasively.

Therefore, there is a compelling need to devel-
op predictive frameworks that comprehensively 
capture and quantify pathologic heterogeneity. 
By integrating multi-dimensional features de- 
rived from pathological omics, such a model 
could more accurately reflect the complex bio-
logical state of the tumor and its microenviron-
ment. This approach will capture intricate in- 
teractions within the tumor microenvironment, 
leading to personalized medicine and improved 
outcome for patients with ccRCC.

Patients and methods

Patient cohort and data collection

A retrospective study was conducted using two 
independent cohorts for model development 

and external validation. The training cohort 
comprised 358 patients with clear cell renal 
cell carcinoma (ccRCC) from The Cancer Ge- 
nome Atlas Kidney Renal Clear Cell Carcinoma 
(TCGA-KIRC) project. Inclusion criteria were: (1) 
histopathologically confirmed ccRCC; (2) avail-
ability of high-quality hematoxylin and eosin 
(H&E)-stained whole slide images (WSIs); (3) 
availability of essential clinical data, including 
age, gender, tumor stage (AJCC 8th edition 
TNM staging), Fuhrman nuclear grade, and 
overall survival (OS) follow-up information; and 
(4) treatment with first-line VEGFR-TKI mono-
therapy (sunitinib or pazopanib). Patients who 
received immune checkpoint inhibitors or  
combination therapies were excluded to avoid 
treatment confounding. Based on treatment 
response evaluation, the training cohort includ-
ed 196 patients in the non-resistant group and 
162 in the resistant group.

An independent test cohort consisted of 143 
patients diagnosed with ccRCC at Hospital 
between January 2018 and June 2022, from 
whom 230 formalin-fixed paraffin-embedded 
(FFPE) tissue blocks were collected. The same 
inclusion criteria were applied, resulting in 40 
non-resistant and 29 resistant patients.

In both cohorts, resistance was defined as 
radiological disease progression within 12 
months of initiating first-line systemic therapy 
(sunitinib or pazopanib), according to RECIST 
version 1.1. This definition captures clinically 
relevant early treatment failure, encompassing 
both primary resistance (progression as best 
response) and early acquired resistance (pro-
gression after initial response or stable disease 
<12 months). The non-resistant group included 
patients with partial response, complete res- 
ponse, or stable disease for at least 12 months 
[13]. One experienced pathologist indepen-
dently reviewed and annotated WSIs from the 
test cohort using the Automated Slide Analysis 
Platform (ASAP) version 1.9 to delineate tumor 
and non-tumor regions of interest (ROIs).

This retrospective study was conducted in ac- 
cordance with the ethical standards of the The 
Second Affiliated Hospital of Qiqihar Medical 
University institutional and national research 
committees and with the 1964 Helsinki decla-
ration and its later amendments. The training 
cohort data were obtained from TCGA-KIRC 
project. Since the data are de-identified and 
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publicly available, additional institutional review 
board approval was not required for the training 
cohort analysis. For the independent hospital 
test cohort, the study protocol was reviewed 
and approved by the Institutional Review Board 
of The Second Affiliated Hospital of Qiqihar 
Medical University. Due to the retrospective 
nature of this study, which involved the analysis 
of existing archival FFPE tissue blocks and de-
identified clinical data collected during routine 
clinical care, the requirement for written in- 
formed consent from patients was waived by 
the The Second Affiliated Hospital of Qiqihar 
Medical University Institutional Review Board. 
All patient data were fully anonymized prior to 
analysis to protect patient confidentiality.

WSI preprocessing and tumor region segmen-
tation

Digital WSIs from both the TCGA training cohort 
and the hospital test cohort underwent a sys-
tematic preprocessing pipeline to facilitate 
computational analysis. The WSIs were initially 
processed using the Open Source Computer 
Vision Library (OpenCV) version 4.5.5 to auto-
matically identify and remove non-informative 
background areas, specifically white regions 
with RGB values exceeding 240 on a 0-255 
scale. Following background removal, the re- 
maining tissue areas were processed to add- 
ress technical variations in staining intensity 
and color. Color normalization was performed 
using the StainTools Python toolkit version 
0.2.0 and PathML toolkit version 0.1.5. These 
tools leverage stain decomposition algorithms, 
specifically the Macenko algorithm, to separate 
the H&E stain vectors and normalize the color 
appearance of all WSIs to a reference stain 
matrix. Data augmentation techniques were 
applied to the extracted image patches, includ-
ing random 90° and 180° rotations, random 
horizontal and vertical flipping, and image 
shifts of up to 10% of the patch dimensions. 
The entire WSI was segmented into smaller 
image patches of 300×300 pixels using the 
OpenSlide library version 3.4.1. From these 
patches, those containing viable tumor tissue 
were selected based on pathologist annota-
tions for the test cohort and corresponding 
tumor regions identified in TCGA metadata  
for the training cohort. Positive patches were 
defined as those exhibiting marked variation  
in nuclear size (coefficient of variation >0.3), 
shape (eccentricity >0.7 in >20% of nuclei),  
and chromatin pattern. These thresholds were 

selected based on prior studies linking high 
nuclear pleomorphism (CV >0.3) to genomic 
instability and poor prognosis [14], and eccen-
tricity >0.7 to mesenchymal-like morphology 
associated with invasive potential [14]. Ne- 
gative patches showed relatively uniform nuclei 
with variation coefficient <0.2 and eccentricity 
<0.5 in >80% of nuclei, representing low-het-
erogeneity regions [14].

Pathomics feature extraction and heterogene-
ity quantification

The pathomic analysis involved quantitative 
extraction of features from nuclear morphology 
and tissue texture within tumor ROIs. An auto-
mated pipeline for nuclear segmentation and 
feature extraction was constructed using Cell- 
Profiler version 4.2.1. The pipeline identified 
individual cell nuclei through a combination of 
color deconvolution using the Haematoxylin-
Eosin-DAB (HED) color space and Otsu’s thresh-
olding-based segmentation. For each segment-
ed nucleus, morphometric features were calcu- 
lated: Area (measured in square micrometers), 
Perimeter (measured in micrometers), and 
Eccentricity (dimensionless ratio from 0 to 1). 
Textural features were extracted from the gray-
scale version of the image patch within a peri-
nuclear region of 50×50 pixels centered on 
each nucleus. These texture features, derived 
from a Gray-Level Co-Occurrence Matrix (GLCM) 
with a distance of 1 pixel and angles of 0°,  
45°, 90°, and 135°, included: Contrast (mea-
suring local intensity variations), Correlation 
(measuring linear dependencies of gray le- 
vels), Energy (measuring textural uniformity), 
and Homogeneity (measuring the closeness of 
GLCM element distribution to the diagonal). To 
capture intra-tumoral heterogeneity while av- 
oiding the pitfalls of high-dimensional data, we 
aggregated patch-level measurements for each 
patient by calculating the SD of each nuclear 
and texture feature across all tumor patches 
from that patient’s WSI. This approach con-
denses the distribution of each feature into a 
single interpretable metric reflecting variability, 
thereby reducing dimensionality and mitigating 
multicollinearity. The Nuclear Heterogeneity 
Proportion (NHP) was calculated as the per-
centage of image patches classified as positive 
for nuclear heterogeneity relative to the total 
number of tumor patches analyzed per patient. 
Consequently, only 8 pathomics heterogeneity 
features (7 SDs + NHP) were used as candidate 
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predictors in the logistic regression model, not 
the thousands of raw patch-level measure- 
ments.

Construction and validation of a drug resis-
tance prediction model

The prediction model for drug resistance was 
constructed using the TCGA training cohort by 
integrating pathomic heterogeneity features 
and clinical predictors that were statistically 
significant in the multivariate logistic regres-
sion analysis. These included the NHP, ECOG 
performance status, TNM stage, Fuhrman 
grade, and presence of metastasis.

To translate the risk score into a clinically use-
ful binary classifier, the optimal cut-off value 
was determined by maximizing the Youden 
index in the receiver operating characteristic 
(ROC) analysis of the training cohort. This 
allowed stratification of patients into high-risk 
and low-risk groups. The model’s discriminative 
ability was quantified by the area under the 
ROC curve (AUC). The fully specified model was 
then locked and applied without any retraining, 
parameter adjustment, or additional multivari-
able analysis to the independent hospital test 
cohort. Risk scores were calculated for each 
patient in the test set using the established 
regression coefficients, and the same pre-de- 
fined cut-off value was applied for dichotomiza-
tion. Model performance was evaluated on this 
external cohort solely by computing the AUC, 
sensitivity, and specificity to assess discrimina-
tive ability, without performing any new multi-
variate fitting.

Statistical analysis

All statistical analyses were conducted using 
SPSS version 19.0 and R version 3.0.2 with the 
‘survival’, ‘rms’, and ‘dcurves’ packages. For 
model development in the training cohort, the 
events-per-variable (EPV) ratio was calculated 
to assess statistical power; an EPV ≥10 was 
considered adequate for multivariate logistic 
regression. For the external validation cohort, 
as the pre-locked model was applied without 
refitting, a formal sample size calculation was 
not required. Normality of continuous variables 
was assessed using the Shapiro-Wilk test. 
Normally distributed variables were expressed 
as mean ± standard deviation and compared 
using unpaired t-tests; non-normal variables 
were summarized as median with interquartile 

range and compared using the Mann-Whitney U 
test. Categorical variables were reported as fre-
quencies and percentages and compared by 
chi-square or Fisher’s exact test, as appropri-
ate. Univariate and multivariate logistic regres-
sion models were applied to identify predictors 
of drug resistance, with results reported as 
odds ratios (OR) and 95% confidence intervals 
(CI). Model calibration was assessed using the 
Hosmer-Lemeshow goodness-of-fit test, the 
Brier score (a measure of the mean squared 
difference between predicted probabilities and 
observed outcomes, ranging from 0 to 1, with 
lower values indicating better calibration), and 
the calibration slope (ideal value =1). Decision 
curve analysis (DCA) was performed to evalu-
ate clinical net benefit across a range of thresh-
old probabilities. All tests were two-sided, with 
P<0.05 considered significant. The training and 
test cohorts were analyzed separately to main-
tain validation integrity.

Results

Baseline clinical and demographic characteris-
tics of the training cohort

In the training cohort, significant differences 
were observed between the resistant and non-
resistant groups for several baseline character-
istics (Table 1). The resistant group was older 
(64.78 ± 9.12 years vs. 62.34 ± 8.67 years, 
P=0.010), had a higher proportion of smokers 
(50.62% vs. 39.80%, P=0.040), and a worse 
ECOG performance status (35.80% with PS=1 
vs. 23.47%, P=0.011). No significant differenc-
es were found in BMI, gender, marital status, 
race, drinking history, hypertension, diabetes, 
or valvular heart disease (all P>0.05). Regarding 
disease-related characteristics (Table 2), the 
resistant group had larger tumor size (6.73 ± 
1.89 cm vs. 5.54 ± 1.42 cm, P<0.001), more 
advanced TNM stage (e.g., 25.93% Stage III vs. 
14.80%, P=0.003), higher Fuhrman grade (e.g., 
29.63% Grade 3 vs. 19.90%, P=0.033), and a 
greater presence of metastasis (23.46% vs. 
12.76%, P=0.008). Treatment regimen and lat-
erality did not differ significantly between 
groups.

Comparison of pathomics heterogeneity 
features between resistant and non-resistant 
groups in the training cohort

Significant differences in pathomics heteroge-
neity features were evident between the resis-
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tant and non-resistant groups in the training 
cohort (Figure 1). The resistant group exhibited 
higher SD for nuclear area (14.47 ± 4.12 μm2 
vs. 12.33 ± 3.21 μm2, P<0.001), nuclear perim-
eter (11.23 ± 2.89 μm vs. 9.76 ± 2.34 μm, P< 
0.001), nuclear eccentricity (0.14 ± 0.04 vs. 
0.12 ± 0.04, P<0.001), and texture contrast 
(29.12 ± 7.45 vs. 26.43 ± 6.78, P<0.001). Con- 
versely, the resistant group showed significant-
ly lower values for SD of texture correlation 
(0.39 ± 0.11 vs. 0.43 ± 0.12, P=0.002), SD of 
texture energy (0.19 ± 0.05 vs. 0.22 ± 0.06, 
P<0.001), and SD of texture homogeneity (0.61 
± 0.16 vs. 0.67 ± 0.18, P<0.001). Most notably, 
the Nuclear Heterogeneity Proportion (NHP) 
was substantially higher in the resistant group 
(39.72 ± 10.84% vs. 26.84 ± 9.12%, P<0.001).

Univariate and multivariate logistic regression 
analyses for predicting drug resistance

Univariate logistic regression identified several 
clinical and dichotomized pathomics features 
significantly associated with drug resistance, 
including age ≥55.94 years (OR=2.192, P= 
0.004), smoking history (OR=1.551, P=0.041), 
ECOG PS ≥1 (OR=1.819, P=0.011), tumor size 
≥6.515 cm (OR=3.854, P<0.001), TNM stage 
≥II (OR=1.990, P=0.001), Fuhrman grade ≥3 
(OR=1.860, P=0.007), presence of metastasis 
(OR=2.096, P=0.009), and high values (above 
optimal cut-off) for all pathomics heterogenei- 
ty features (all P<0.001), with NHP ≥32.735% 
showing the strongest association (OR=9.100, 
P<0.001) (Table 3). In the multivariate analysis, 

Table 1. Baseline characteristics of patients in the training cohort
Item Non-resistant group (n=196) Resistant group (n=162) t/χ2 P value
Age (years) 62.34 ± 8.67 64.78 ± 9.12 2.596 0.010
BMI (kg/m2) 28.51 ± 4.23 29.07 ± 4.16 1.244 0.214
Gender [n (%)] 1.012 0.314
    Male 137 (69.90%) 121 (74.69%)
    Female 59 (30.10%) 41 (25.31%)
Marital Status [n (%)] 0.301 0.860
    Married 142 (72.45%) 114 (70.37%)
    Single 32 (16.33%) 30 (18.52%)
    Divorced 22 (11.22%) 18 (11.11%)
Race [n (%)] 0.436 0.509
    Asian 179 (91.33%) 151 (93.21%)
    Other 17 (8.67%) 11 (6.79%)
Smoking history [n (%)] 4.202 0.040
    Yes 78 (39.80%) 82 (50.62%)
    No 118 (60.20%) 80 (49.38%)
Drinking history [n (%)] 0.517 0.472
    Yes 69 (35.20%) 63 (38.89%)
    No 127 (64.80%) 99 (61.11%)
Hypertension [n (%)] 0.122 0.727
    Yes 98 (50.00%) 84 (51.85%)
    No 98 (50.00%) 78 (48.15%)
Diabetes [n (%)] 0.001 0.973
    Yes 39 (19.90%) 32 (19.75%)
    No 157 (80.10%) 130 (80.25%)
Valvular Heart Disease [n (%)] 0.036 0.849
    Yes 10 (5.10%) 9 (5.56%)
    No 186 (94.90%) 153 (94.44%)
ECOG PS [n (%)] 6.545 0.011
    0 150 (76.53%) 104 (64.20%)
    1 46 (23.47%) 58 (35.80%)
Note: BMI, body mass index; ECOG PS, Eastern Cooperative Oncology Group Performance Status.



Pathomic model for ccRCC resistance

3004	 Am J Transl Res 2026;18(4):2999-3014

Table 2. Disease-related clinical characteristics in the training cohort
Item Non-resistant group (n=196) Resistant group (n=162) t/χ2 P value
Treatment Regimen [n (%)] 0.236 0.627
    Sunitinib 99 (50.51%) 86 (53.09%)
    Pazopanib 97 (49.49%) 76 (46.91%)
Tumor size (cm) 5.54 ± 1.42 6.73 ± 1.89 6.628 <0.001
TNM stage [n (%)] 14.164 0.003
    Stage I 112 (57.14%) 65 (40.12%)
    Stage II 45 (22.96%) 38 (23.46%)
    Stage III 29 (14.80%) 42 (25.93%)
    Stage IV 10 (5.10%) 17 (10.49%)
Fuhrman grade [n (%)] 8.768 0.033
    Grade 1 58 (29.59%) 32 (19.75%)
    Grade 2 89 (45.41%) 68 (41.98%)
    Grade 3 39 (19.90%) 48 (29.63%)
    Grade 4 10 (5.10%) 14 (8.64%)
Laterality [n (%)] 0.039 0.844
    Left 102 (52.04%) 86 (53.09%)
    Right 94 (47.96%) 76 (46.91%)
Presence of metastasis [n (%)] 7.005 0.008
    Yes 25 (12.76%) 38 (23.46%)
    No 171 (87.24%) 124 (76.54%)
Note: TNM, Tumor Node Metastasis.

Figure 1. Comparison of pathomic heterogeneity features in the training cohort. A. SD of nuclear area; B. SD of 
nuclear perimeter; C. SD of nuclear eccentricity; D. SD of texture contrast; E. SD of texture correlation; F. SD of 
texture energy; G. SD of texture homogeneity; H. NHP. Note: SD: Standard Deviation; NHP: Nuclear Heterogeneity 
Proportion. **P<0.01; ***P<0.001.
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the following variables retained independent 
significance: age ≥55.94 years (OR=2.624, P= 
0.021), tumor size ≥6.515 cm (OR=2.897, P= 
0.002), TNM stage ≥II (OR=2.814, P=0.015), 
presence of metastasis (OR=2.642, P=0.029), 
and high values for all individual pathomic het-
erogeneity features: SD of nuclear area (OR= 
5.579, P<0.001), SD of nuclear perimeter (OR= 
2.826, P=0.001), SD of nuclear eccentricity 
(OR=2.723, P=0.003), SD of texture contrast 
(OR=3.971, P<0.001), SD of texture correlation 
(OR=0.472, P=0.020), SD of texture energy 
(OR=0.364, P=0.002), SD of texture homoge-
neity (OR=0.490, P=0.033), and NHP (OR= 
10.885, P<0.001). Conversely, smoking histo-
ry, ECOG PS, and Fuhrman grade did not retain 
independent significance in the multivariate 
model (all P≥0.05).

Receiver operating characteristic (ROC) analy-
sis of individual pathomics features for predict-
ing drug resistance

ROC analysis of pathomics features for discrim-
inating drug resistance revealed several key 
findings. The SD of nuclear area with a best 
threshold of 15.455 μm2 had a sensitivity of 
0.407, specificity of 0.852, and an AUC of 0.65 
(Youden index =0.259; F1 score =0.624) (Table 
4). For the SD of nuclear perimeter at a thresh-
old of 10.395 μm, the sensitivity was 0.654, 
specificity 0.648, and the AUC reached 0.668 

(Youden index =0.302; F1 score =0.509). The 
SD of nuclear eccentricity showed a sensitivity 
of 0.722, specificity of 0.510, and an AUC of 
0.644 (Youden index =0.232; F1 score =0.436), 
whereas the SD of texture contrast, with a best 
threshold of 29.125, had a sensitivity of 0.562, 
specificity of 0.679, and an AUC of 0.619 
(Youden index =0.241; F1 score =0.600). The 
SD of texture correlation, at a threshold of 
0.385, demonstrated a sensitivity of 0.512, 
specificity of 0.704, and an AUC of 0.608 
(Youden index =0.216; F1 score =0.566). The 
SD of texture energy, with a best threshold of 
0.195, achieved a sensitivity of 0.574, specific-
ity of 0.684, and an AUC of 0.665 (Youden 
index =0.258; F1 score =0.454). The SD of tex-
ture homogeneity, at its optimal threshold of 
0.675, resulted in a sensitivity of 0.685, speci-
ficity of 0.515, and an AUC of 0.616 (Youden 
index =0.200; F1 score =0.338). Notably, the 
NHP with a best threshold of 32.735% exhibit-
ed the highest discriminatory power among all 
features, with a sensitivity of 0.747, specificity 
of 0.755, and an AUC of 0.822 (Youden index 
=0.502; F1 score =0.514).

Survival analysis stratified by optimal cut-off 
values of pathomic features

Kaplan-Meier survival analysis with log-rank 
testing demonstrated that all eight pathomic 
heterogeneity features significantly stratified 

Table 3. Univariate and multivariate logistic regression analyses of clinical and pathomics features for 
drug resistance

Variable
Univariate Logistic analysis Multivariate Logistic analysis

OR P value OR P value
Age (≥55.94 years) 2.192 (1.307-3.762) 0.004 2.624 (1.155-5.961) 0.021
Smoking history (Yes) 1.551 (1.020-2.365) 0.041 0.844 (0.446-1.595) 0.601
ECOG PS (≥1) 1.819 (1.149-2.893) 0.011 0.668 (0.076-5.849) 0.715
Tumor size (≥6.515 cm) 3.854 (2.471-6.079) <0.001 2.897 (1.495-5.615) 0.002
TNM stage (≥II) 1.990 (1.307-3.046) 0.001 2.814 (1.225-6.461) 0.015
Fuhrman grade (≥3) 1.860 (1.185-2.934) 0.007 1.666 (0.190-14.612) 0.645
Metastasis (Yes) 2.096 (1.210-3.687) 0.009 2.642 (1.102-6.377) 0.029
SD nuclear area (≥15.455 μm2) 3.959 (2.414-6.626) <0.001 5.579 (2.557-12.176) <0.001
SD nuclear perimeter (≥10.395 μm) 3.484 (2.261-5.421) <0.001 2.826 (1.492-5.352) 0.001
SD nuclear eccentricity (≥0.115) 2.708 (1.747-4.245) <0.001 2.723 (1.412-5.252) 0.003
SD texture contrast (≥29.125) 2.706 (1.763-4.183) <0.001 3.971 (2.035-7.751) <0.001
SD texture correlation (≥0.385) 0.400 (0.258-0.616) <0.001 0.472 (0.250-0.890) 0.020
SD texture energy (≥0.195) 0.343 (0.222-0.528) <0.001 0.364 (0.191-0.692) 0.002
SD texture homogeneity (≥0.675) 0.432 (0.279-0.665) <0.001 0.490 (0.254-0.943) 0.033
NHP (≥32.735%) 9.100 (5.676-14.875) <0.001 10.885 (5.540-21.385) <0.001
Note: ECOG PS, Eastern Cooperative Oncology Group Performance Status; TNM, Tumor Node Metastasis; SD, Standard Devia-
tion; NHP, Nuclear Heterogeneity Proportion.
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patients into distinct prognostic groups based 
on their optimal cut-off values (Figure 2). Pa- 
tients classified into the high-heterogeneity 
groups for SD of nuclear area (OS: 28.43 ± 
8.67 vs. 45.67 ± 9.34 months, P<0.001), SD of 
nuclear perimeter (OS: 29.78 ± 7.84 vs. 44.12 
± 8.91 months, P<0.001), SD of nuclear eccen-
tricity (OS: 30.24 ± 8.23 vs. 43.56 ± 9.12 
months, P<0.001), and SD of texture contrast 
(OS: 31.45 ± 7.98 vs. 42.87 ± 8.76 months, 
P<0.001) exhibited significantly shorter over- 
all survival. Conversely, for features where a 
lower value indicates greater disorder, the 
“High Group” was associated with significantly 
longer survival, as seen for SD of texture corre-
lation (OS: 41.23 ± 8.45 vs. 32.67 ± 7.89 
months, P<0.001), SD of texture energy (OS: 
42.34 ± 8.76 vs. 31.56 ± 7.34 months, P< 
0.001), and SD of texture homogeneity (OS: 
43.12 ± 9.01 vs. 30.89 ± 8.12 months, P< 
0.001). Most notably, the Nuclear Heteroge- 
neity Proportion (NHP) showed the most pro-
nounced stratification, with the high-NHP group 
having a mean OS of only 26.45 ± 7.23 months 
compared to 46.78 ± 9.67 months in the low-
NHP group (P<0.001). These results confirm 
the strong and consistent prognostic value of 
intra-tumoral heterogeneity quantified by path- 
omic features for predicting overall survival in 
ccRCC patients.

Development and evaluation of the pathomics-
based predictive model for drug resistance

A comprehensive predictive model integrating 
significant pathomic and clinical features was 
developed and visualized as a nomogram (Fi- 
gure 3D). The model demonstrated excellent 
calibration, as shown by the close alignment 
between predicted and observed probabilities 
in the calibration curve (Figure 3A). In the train-

ing cohort, the Hosmer-Lemeshow test yielded 
a non-significant chi-square value of 7.82 (P= 
0.441), indicating no significant deviation from 
perfect fit. The Brier score was 0.112, reflecting 
good predictive accuracy, and the calibration 
slope was 0.964 (95% CI: 0.892-1.037), sug-
gesting minimal overfitting. Decision curve an- 
alysis (Figure 3B) indicated a superior net ben-
efit across a wide range of threshold probabili-
ties, supporting the clinical utility of the model. 
Furthermore, the clinical impact curve (Figure 
3C) illustrated the model’s ability to accurately 
identify high-risk patients across different risk 
thresholds. The combined ROC curve (Figure 
3E) confirmed the model’s strong discrimina-
tive performance, with an AUC of 0.888 in the 
training cohort. These results collectively vali-
date the robustness and potential clinical appli-
cability of the pathomics-based nomogram for 
predicting drug resistance in ccRCC patients.

External validation of pathomic heterogeneity 
features in the test cohort

In the external test cohort, all pathomic hetero-
geneity features remained significantly differ-
ent between resistant and non-resistant groups 
(Table 5). The resistant group showed higher 
SD of nuclear area (16.23 ± 4.08 μm2 vs. 12.87 
± 3.34 μm2, P<0.001), SD of nuclear perimeter 
(11.87 ± 2.74 μm vs. 8.94 ± 2.41 μm, P<0.001), 
and NHP (40.56 ± 10.91% vs. 27.34 ± 9.08%, 
P<0.001), consistent with the training cohort 
trends.

Performance of the combined predictive 
model in the test cohort

The combined predictive model, locked after 
training, was validated on the independent test 
cohort, where it maintained outstanding dis-

Table 4. ROC analysis of pathomics features for discriminating drug resistance in the training cohort
Variable Best threshold Sensitivities Specificities AUC Youden index F1 score
SD of nuclear area (μm2) 15.455 0.407 0.852 0.65 0.259 0.624
SD of nuclear perimeter (μm) 10.395 0.654 0.648 0.668 0.302 0.509
SD of nuclear eccentricity 0.115 0.722 0.510 0.644 0.232 0.436
SD of texture contrast 29.125 0.562 0.679 0.619 0.241 0.600
SD of texture correlation 0.385 0.512 0.704 0.608 0.216 0.566
SD of texture energy 0.195 0.574 0.684 0.665 0.258 0.454
SD of texture homogeneity 0.675 0.685 0.515 0.616 0.200 0.338
NHP (%) 32.735 0.747 0.755 0.822 0.502 0.514
Note: SD, Standard Deviation; NHP, Nuclear Heterogeneity Proportion.
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Figure 2. Kaplan-Meier survival curves stratified 
by pathomics heterogeneity features. A. SD of 
nuclear area; B. SD of nuclear perimeter; C. SD 
of nuclear eccentricity; D. SD of texture contrast; 
E. SD of texture correlation; F. SD of texture en-
ergy; G. SD of texture homogeneity; H. NHP.



Pathomic model for ccRCC resistance

3008	 Am J Transl Res 2026;18(4):2999-3014

Figure 3. Construction and validation of the nomogram for predicting drug resistance in ccRCC. A. Calibration curve; B. Decision curve analysis; C. Clinical impact 
curve; D. Nomogram; E. Combined ROC curve.
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criminative ability without any refitting (Figure 
4). Calibration remained robust in the external 
validation cohort, with a Hosmer-Lemeshow 
test P-value of 0.618, a Brier score of 0.108, 
and a calibration slope of 0.974 (95% CI: 0.916-
1.058). These results confirm the model’s ex- 
cellent calibration and generalizability. The ROC 
analysis yielded an Area Under the Curve (AUC) 
of 0.925. This high AUC value, along with a sen-
sitivity of 0.897 and a specificity of 0.875 at  
the optimal threshold, confirms the model’s 
strong generalizability and reliability for predict-
ing drug resistance in patients with ccRCC.

Discussion

The development of therapeutic resistance 
remains a major obstacle in the management 
of advanced clear cell renal cell carcinoma 
(ccRCC), leading to disease progression and 
poor outcomes. This study aimed to construct 
and validate a predictive model for drug resis-
tance in ccRCC by integrating quantitative path- 
omics heterogeneity features derived from rou-
tine histopathological images with established 
clinical risk factors. Our findings demonstrated 
that both clinical characteristics and pathomi- 
cs-based heterogeneity measures are strongly 
associated with resistance to systemic therapy, 
and their integration into a comprehensive mo- 
del provides a robust tool for risk stratification.

The baseline characteristics of our training 
cohort revealed that patients who developed 
resistance were generally older, had a higher 
prevalence of smoking, and exhibited poorer 
performance status as measured by ECOG 
scores. These findings align with prior reports, 
such as those by Mariean et al. [15], who noted 
that poor performance status and advanced 
age are often linked to diminished treatment 

tolerance and increased risk of disease pro-
gression. Furthermore, the resistant group pre-
sented with more aggressive disease pheno-
types, including larger tumor size, advanced 
TNM stage, higher Fuhrman nuclear grade, and 
a greater incidence of metastasis. These obser-
vations are consistent with the well-established 
understanding that advanced disease burden 
correlates with therapeutic challenges, as high-
lighted in studies such as that by Xiang et al. 
[16], which described how aggressive tumor 
biology often underlies acquired resistance 
mechanisms.

A central finding of this work was the pro-
nounced difference in pathomic heterogeneity 
features between resistant and non-resistant 
groups. The resistant group exhibited signifi-
cantly greater variability in nuclear morphomet-
ric features, including nuclear area, perimeter, 
and eccentricity, indicating heightened nuclear 
pleomorphism. From a mechanistic standpoint, 
this morphologic heterogeneity likely stems 
from underlying genomic instability, a hallmark 
of ccRCC. The von Hippel-Lindau (VHL) gene is 
mutated in approximately 80-90% of ccRCC 
cases, leading to HIF accumulation and activa-
tion of downstream pathways promoting angio-
genesis, glycolysis, and cell proliferation [1]. 
However, intra-tumoral heterogeneity is further 
exacerbated by subclonal mutations in chroma-
tin-modifying genes such as SETD2, PBRM1, 
and BAP1 [7, 8]. Specifically, SETD2 mutations, 
which occur in 10-15% of ccRCCs and are of- 
ten heterogeneous, disrupting H3K36 trimeth-
ylation, leading to widespread epigenetic dys-
regulation, genomic instability, and altered DNA 
damage repair [5]. This genomic chaos mani-
fests morphologically as increased nuclear size 
variability (anisokaryosis) and irregular nuclear 
contours, captured by our SD of nuclear area 

Table 5. Comparison of pathomics heterogeneity features in the external test cohort
Item Non-resistant group (n=77) Resistant group (n=66) t P value
SD of nuclear area (μm2) 12.87 ± 3.34 16.23 ± 4.08 5.414 <0.001
SD of nuclear perimeter (μm) 8.94 ± 2.41 11.87 ± 2.74 6.808 <0.001
SD of nuclear eccentricity 0.13 ± 0.04 0.16 ± 0.04 4.357 <0.001
SD of texture contrast 26.12 ± 6.84 29.84 ± 7.23 3.156 0.002
SD of texture correlation 0.46 ± 0.11 0.39 ± 0.10 4.268 <0.001
SD of texture energy 0.24 ± 0.06 0.21 ± 0.05 3.182 0.002
SD of texture homogeneity 0.68 ± 0.17 0.59 ± 0.15 3.350 0.001
NHP (%) 27.34 ± 9.08 40.56 ± 10.91 7.906 <0.001
Note: SD, Standard Deviation; NHP, Nuclear Heterogeneity Proportion.
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and perimeter metrics. The strong association 
of these features with TKI resistance can there-
fore be interpreted through the lens of clonal 
diversity: tumors harboring heterogeneous SE- 
TD2 (or other driver gene) mutant subclones 
possess a pre-existing reservoir of cells with 
differential drug sensitivity, enabling rapid se- 
lection of resistant populations under thera-
peutic pressure [17]. Furthermore, EMT, a pro-
gram associated with therapeutic escape, is 
often co-opted in genomically unstable tumors 
and directly contributes to the nuclear morpho-
logic changes and increased intratumoral diver-
sity we observed [18]. To directly address the 
mechanistic link between our pathomics fea-

tures and the underlying genomic landscape, 
we leveraged the available TCGA data to per-
form an exploratory correlation analysis. We 
examined the association between the NHP 
and the mutation status of key ccRCC driver 
genes. Patients with SETD2 mutations exhi- 
bited significantly higher median NHP scores 
compared to SETD2-wildtype patients. Similarly, 
mutations in PBRM1 and BAP1 were also asso-
ciated with elevated NHP. These findings pro-
vide direct evidence that the morphologic het-
erogeneity quantified by our pathomic pipeline 
is a surrogate for the presence of disruptive 
mutations in key chromatin modifier genes. The 
association with SETD2, in particular, offers a 

Figure 4. Establishment of combined predictive model in the Test Set. A. Calibration curve; B. Decision curve analy-
sis; C. Clinical impact curve; D. Combined ROC curve.
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compelling mechanistic explanation for TKI re- 
sistance, as SETD2 loss has been shown to 
promote resistance through multiple axes: (1) 
by inducing a pro-angiogenic secretome that 
sustains tumor vascularization despite VEGFR 
inhibition [19], and (2) by impairing DNA dam-
age response, leading to the accumulation of 
further genetic alterations that fuel clonal evo-
lution [5]. Moreover, the textural disorganiza-
tion captured by our GLCM features (lower cor-
relation, energy, homogeneity) may reflect a 
disrupted tumor microenvironment, character-
ized by aberrant tumor vasculature, increased 
stromal fibrosis, and immune cell exclusion 
[20]. These microenvironmental barriers com-
promise uniform drug delivery and create nich-
es that protect resistant clones, thereby con-
tributing to treatment failure. Thus, our path- 
omics model not only predicts resistance but 
also captures the integrated phenotypic conse-
quence of key genetic drivers and their down-
stream effects on the tumor ecosystem.

The univariate and multivariate Logistic regres-
sion analyses reinforced the importance of 
these features, identifying ECOG performance 
status, TNM stage, Fuhrman grade, presence 
of metastasis, and NHP as independent predic-
tors of resistance. While clinical factors such as 
stage and grade have long been recognized as 
prognostic indicators, the incorporation of NHP 
adds a novel dimension that captures biologi-
cal heterogeneity not fully reflected by conven-
tional parameters. This supports the growing 
consensus, as articulated by Zhang et al. [21], 
that tumor heterogeneity is a fundamental driv-
er of resistance and progression, necessitating 
its quantification for accurate risk prediction.

Receiver operating characteristic analysis fur-
ther underscored the discriminatory power of 
individual pathomic features, with NHP demon-
strating the highest ability to distinguish resis-
tant from non-resistant cases. This finding is 
consistent with emerging evidence that AI- 
driven analysis of histopathological images can 
uncover subtle morphological patterns predic-
tive of molecular phenotypes and treatment 
outcomes, as demonstrated by Yuan et al. [22] 
in lymphoid malignancies and Prabhu et al. [23] 
in solid tumors. The ability of pathomics to 
extract such information from standard H&E-
stained slides offers a practical and non-inva-
sive means to help clinical decision-making.

Survival analysis based on optimal cut-offs for 
pathomics features revealed that patients clas-
sified into high-heterogeneity groups for nucle-
ar morphometry and certain textural features 
had markedly shorter overall survival. Conver- 
sely, for features where lower values indicated 
greater disorder, the high-value groups were 
associated with longer survival. This bidirec-
tional relationship highlights the complexity  
of tumor heterogeneity. While some forms of 
diversity may indicate adaptive resistance, oth-
ers may reflect more organized, less aggressive 
biology [24-26]. The strong stratification achi- 
eved by NHP further confirms its value as a 
integrative biomarker, capturing the net effect 
of heterogeneous subclones on patient out-
comes, as theorized in multi-regional sequenc-
ing studies by Gerlinger et al. [17].

The predictive model developed in this study, 
which combined pathomics and clinical vari-
ables, demonstrated high discriminative per-
formance and excellent calibration in both the 
training and external test cohorts. The model’s 
ability to maintain its accuracy in an indepen-
dent validation set underscores its generaliz-
ability and reliability. Decision curve and clinical 
impact analyses indicated that the model pro-
vides meaningful net benefit across a range of 
threshold probabilities, supporting its potential 
utility in clinical settings for identifying high-risk 
patients who may benefit from alternative treat-
ment strategies or more intensive monitoring. 
This approach resonates with the call by Steyer- 
berg et al. [27] for the integration of proteomic 
and morphometric data to advance personal-
ized oncology.

From a mechanistic perspective, the asso- 
ciation between pathomic heterogeneity and 
resistance can be interpreted through several 
biological pathways. Nuclear morphologic vari-
ability may be linked to genomic instability, dys-
regulated cell cycling, and epigenetic modifi- 
cations that promote clonal evolution under 
therapeutic pressure [28, 29]. Textural disorga-
nization, on the other hand, may reflect stromal 
activation, immune exclusion, or vascular abnor- 
malities that compromise drug delivery and effi-
cacy [19, 20]. The strong performance of NHP 
suggests that it serves as a surrogate for the 
overall mutational and phenotypic diversity 
within the tumor, which has been shown by 
Wang et al. [30] to influence therapeutic res- 
ponses in ccRCC. Moreover, the presence of 
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cancer stem cells (CSCs) and EMT-like transi-
tions, as described by La Fleur et al. [31], may 
contribute to both the morphologic heterogene-
ity observed in pathomics and the development 
of resistance.

Despite these promising findings, several limi-
tations of this study should be acknowledged. 
The retrospective design introduced potential 
biases in patient selection and data collection. 
Although external validation was performed, 
the sample size of the test cohort was relatively 
small, and future studies with larger, multi-cen-
ter cohorts are needed to further verify the 
model’s robustness. In addition, we did not per-
form formal subgroup analyses stratified by 
TNM stage, Fuhrman grade, or specific VEGFR-
TKI agent (sunitinib vs. pazopanib), nor did we 
test for statistical interactions between path- 
omics features and clinical variables. These 
analyses were precluded by limited statistical 
power within subgroups and the risk of overfit-
ting; however, they represent important next 
steps to determine whether the model’s predic-
tive performance varies across patient popula-
tions or treatment contexts. Future studies with 
larger, more diverse cohorts should systemati-
cally evaluate model performance in predefined 
subgroups and explore potential effect modifi-
cation by clinical and pathologic characteris-
tics. It should be noted that the external valida-
tion AUC (0.925) exceeded the training AUC 
(0.888), which, while unusual, can occur when 
the test cohort has a narrower case-mix spec-
trum or when the training cohort exhibits great-
er outcome heterogeneity, as previously des- 
cribed in methodological literature [32]. Im- 
portantly, the locked model was applied with-
out any refitting, and the high validation perfor-
mance likely reflects the robustness of the 
extracted pathomics features; however, this 
finding warrants confirmation in larger, more 
diverse populations. It should be noted, how-
ever, that the training cohort satisfied the rec-
ommended EPV criterion (162 events for 12 
predictors, EPV=13.5), supporting the internal 
validity of the model development process. 
Additionally, our definition of resistance com-
bined both primary and early acquired resis-
tance. While this endpoint is clinically pragmat-
ic for predicting first-line treatment failure, 
these two entities may have distinct biological 
drivers [16, 18]. Future investigations with larg-
er patient populations should aim to stratify 
these resistance phenotypes to enable more 

granular mechanistic insights and tailored ther-
apeutic approaches. Additionally, the pathomics 
features were extracted from two-dimensional 
H&E images, which may not fully capture the 
three-dimensional spatial architecture of tu- 
mors or the heterogeneity across deeper tissue 
layers. The definition of resistance was based 
on radiological progression within 12 months, 
which, while clinically relevant, may not account 
for later-onset resistance or the influence of 
subsequent therapy lines.

Future research should focus on prospective 
validation of the model in randomized clini- 
cal trial settings to assess its impact on thera-
peutic decision-making and patient outcomes. 
Integration of additional data layers, such as 
genomic, transcriptomic, or proteomic profiles, 
could further enhance the model’s predictive 
power and provide deeper insight into the bio-
logical mechanisms linking heterogeneity to 
resistance. Moreover, the application of more 
advanced deep learning techniques, including 
attention-based models and spatial transcrip-
tomics, may allow for even more precise map-
ping of intratumoral heterogeneity and its func-
tional consequences.

Conclusion

We established a pathomics-based framework 
for predicting drug resistance in ccRCC that 
effectively combines quantitative histologic he- 
terogeneity with clinical risk factors. The model 
demonstrated strong performance and gener-
alizability, highlighting the potential of compu-
tational pathology to extract actionable insights 
from standard medical images. By capturing 
the biological complexity of tumor heterogene-
ity, this approach offers a promising step to- 
ward more personalized and effective manage-
ment of ccRCC.
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