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Abstract
Objectives  The composition of the tumour microenvironment is very complex, and measuring the extent of 
immune cell infiltration can provide an important guide to clinically significant treatments for cancer, such as immune 
checkpoint inhibition therapy and targeted therapy. We used multiple machine learning (ML) models to predict 
differences in immune infiltration in clear cell renal cell carcinoma (ccRCC), with computed tomography (CT) imaging 
pictures serving as a model for machine learning. We also statistically analysed and compared the results of multiple 
typing models and explored an excellent non-invasive and convenient method for treatment of ccRCC patients and 
explored a better, non-invasive and convenient prediction method for ccRCC patients.

Methods  The study included 539 ccRCC samples with clinicopathological information and associated genetic 
information from The Cancer Genome Atlas (TCGA) database. The Single Sample Gene Set Enrichment Analysis 
(ssGSEA) algorithm was used to obtain the immune cell infiltration results as well as the cluster analysis results. 
ssGSEA-based analysis was used to obtain the immune cell infiltration levels, and the Boruta algorithm was further 
used to downscale the obtained positive/negative gene sets to obtain the immune infiltration level groupings. 
Multifactor Cox regression analysis was used to calculate the immunotherapy response of subgroups according to 
Tumor Immune Dysfunction and Exclusion (TIDE) algorithm and subgraph algorithm to detect the difference in 
survival time and immunotherapy response of ccRCC patients with immune infiltration. Radiomics features were 
screened using LASSO analysis. Eight ML algorithms were selected for diagnostic analysis of the test set. Receiver 
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Introduction
Renal cell carcinoma (RCC) has a high incidence in 
human urinary system tumors, accounting for about 3% 
of all cancers, and is also the most common ten cancers, 
and the incidence is increasing [1–3]. RCC accounts for 
about 90% of kidney cancers, and the main types include 
clear cell RCC (ccRCC). Surgical treatment has a good 
clinical benefit for patients with localised renal cell car-
cinoma, but surgery may not be the best choice for meta-
static ccRCC [4, 5]. Surgical treatment combined with 
targeted therapy or immunotherapy can effectively pro-
long the survival of RCC patients, among which immune 
checkpoint inhibitor (ICI) plays a crucial role in RCC 
treatment [6, 7].

The outcome of tumor is related to immune infiltra-
tion, which is heterogeneous among different cancer 
types and cancer patients [8]. The tumor environment 
composed of immune infiltrating cells has become an 
important research field [9, 10], and the difference of 
immune infiltration affects the treatment outcomes in 
cancer patients. Renal cancer is a highly immunogenic 
tumour, and a high level of immune infiltration is one of 
its characteristics, which can mediate immune dysfunc-
tion by inducing immunosuppressive cells to infiltrate the 
tumour microenvironment [11, 12]. Immune infiltration 
may influence the response of ccRCC to immune check-
point inhibitor therapy, and high levels of immune infil-
tration may enhance the efficacy of ICI in the treatment 
of ccRCC [13]. Therefore, predicting the level of immune 
infiltration in ccRCC may provide a more optimal treat-
ment regimen for ccRCC patients. Currently, results of 
immune infiltration levels usually require invasive pro-
cedures such as percutaneous kidney biopsy and tissue 

sampling after surgery, however, these may not be ideal 
for patients who require dynamic assessment. How to 
predict the difference in immunoinfiltration of ccRCC by 
non-invasive methods needs to be developed.

Radiomics is a study that has received increasing atten-
tion from researchers in recent years, analysing data to 
create models that can help predict outcomes of interest 
[14]. Researchers are now using them to predict cancer 
diagnosis, progression and outcome and outcome with 
promising results [15–18]. ‘Radiogenomics’ is exploring 
the relationship between imaging data and disease gen-
otypes [19, 20]. At present, most researchers use cancer 
genome information, clinical information and medical 
images provided by The Cancer Genome Atlas (TCGA) 
and The Cancer Imaging Archive (TCIA) for radioge-
nomics studies [21–24]. Computed tomography (CT) is 
used to examine renal masses because it is easier to use 
and less expensive than enhanced CT, and more stud-
ies have been conducted to apply the imaging genomics 
of enhanced CT to predict renal cancer grading, prog-
nosis and other related information. But fewer stud-
ies have been conducted to apply the imaging genomics 
of CT to predict differences in immune infiltration in 
ccRCC. Here, we used the data of patients from both the 
TCGA and TCIA databases to develop a CT image-based 
radiomics to predict the level of immune infiltration in 
RCC, which makes it possible to noninvasively predict 
the survival status of ccRCC patients and the degree of 
response to ICI therapy.

operating characteristic (ROC) curve was used to evaluate the performance of the model. Draw decision curve 
analysis (DCA) to evaluate the clinical personalized medical value of the predictive model.

Results  The high/low subtypes of immune infiltration levels obtained by optimisation based on the Boruta algorithm 
were statistically different in the survival analysis of ccRCC patients. Multifactorial immune infiltration level combined 
with clinical factors better predicted survival of ccRCC patients, and ccRCC with high immune infiltration may benefit 
more from anti-PD-1 therapy. Among the eight machine learning models, ExtraTrees had the highest test and training 
set ROC AUCs of 1.000 and 0.753; in the test set, LR and LightGBM had the highest sensitivity of 0.615; LR, SVM, 
ExtraTrees, LightGBM and MLP had higher specificities of 0.789, 1.000, 0.842, 0.789 and 0.789, respectively; and LR, 
ExtraTrees and LightGBM had the highest accuracy of 0. 719, 0.688 and 0.719 respectively. Therefore, the CT-based 
ML achieved good predictive results in predicting immune infiltration in ccRCC, with the ExtraTrees machine learning 
algorithm being optimal.

Conclusion  The use of radiomics model based on renal CT images can be noninvasively used to predict the immune 
infiltration level of ccRCC as well as combined with clinical information to create columnar plots predicting total 
survival in people with ccRCC and to predict responsiveness to ICI therapy, findings that may be useful in stratifying 
the prognosis of patients with ccRCC and guiding clinical practitioners to develop individualized regimens in the 
treatment of their patients.

Keywords  Tumour immune infiltration, Immune checkpoint inhibitors, Prognosis, Clear cell renal cell carcinoma, 
Machine learning, Radiomics
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Materials and methods
Genetic data collection
The sample inclusion criteria are as follows: [1] A total of 
539 samples of the TCGA-KIRC project were obtained 
from the TCGA database, including tumor and para-
cancer mRNA-seq TPM data, clinical data (such as age, 
survival time, survival state, etc.) and pathological stage 
and grade data, of which 72 had para-cancer tissue 
(tumor = 539, normal = 72), and subsequent prognostic 
analysis was performed to include samples with a sur-
vival time of more than 30 days (n = 470).

Immune cell correlation analysis
The results of the immune infiltration and clustering 
analysis were obtained for 539 samples based on the SIN-
GLE SAMPLE GSEA algorithm and presented in a heat 
map, and the correlation coefficients of the co-expression 
relationship between different immune cells as well as 
the P-value of the risk ratio and prognostic correlation 
of these cells were calculated based on the quantitative 
differences of immune infiltration in the samples, and 
the co-expression relationships of the immune cells were 
based on the P-value of these cells. clustering.

Grouping of samples based on immune cell infiltration 
levels
Based on the immune infiltration levels obtained from 
the ssGSEA analysis, clustering analysis was used to 
group the samples (R package: ClassDiscovery, clustering 
method: ward.D). Then, based on the expression levels of 
more than 700 genes used to adjust the immune cells, we 
used unsupervised consensus clustering to classify these 
genes into sets of positively/negatively correlated genes. 
The obtained positive/negative gene set was further 
reduced using Boruta’s algorithm and based on Equation 
(The ICI score quantifies the extent of immune infiltra-
tion that).

	 ICI score =
∑

PC1A −
∑

PC1B� (1)

Multivariate Cox regression analysis was used to calcu-
late the survival time of ccRCC patients with immune 
infiltration. We then performed subgroup immuno-
therapy response calculations based on the Tumor 
Immune Dysfunction and Exclusion (TIDE) and Submap 
algorithms to assess the difference in immunotherapy 
response by level of immune infiltration.

CT data collection
Plain CT data of renal cancer patients from TCIA were 
initially registered for a total of 268 samples. Exclusion 
criteria for study samples were [1] no TCGA transcrip-
tome data [2], low quality TCIA CT data, and [3] pre-
operative plain CT of non-renal cancer patients. After 
screening, we selected cases co-existing in the TCIA 
database and the TCGA database for the next radiomics 
study, and finally screened 163 cases.

Tumor segmentation and pyradiomic feature extraction
Image voxels were first resampled to 1 × 1 × 1 mm3, fol-
lowed by normalisation of image signal intensity and 
z-score normalisation of grey scale (The layer thick-
ness of the CT images is all 5  mm). Regions of interest 
(ROIs) were selected from tumor regions in CT images 
of ccRCC patients, and segmentation of ROIs was done 
independently by an experienced urologist and reviewed 
by another physician. They were not aware of the clini-
cal and pathologic information of the patients. One of 
the urologists (urologist A, with 9 years of experience) 
manually plotted the ROIs on the CT images using 3D 
Slicer 4.11 software, and the ROIs in all cases were first 
done independently by this physician, which reduced 
the errors generated by plotting by different physicians. 
Another urologic surgeon (Urologist B, with 12 years 
of experience) reviewed the ROIs manually plotted by 
Physician A. The ROIs were reviewed by another uro-
logic surgeon (Urologist B, with 12 years of experience). 
(Fig.  1). We then used the pyradiomicv3.0 toolkit in 
Python 3. 4 to perform feature extraction on the acquired 
ROIs, which includes First-order features, Shape features 

Fig. 1  The ROIs were manually drawn layer by layer in ccRCC plain CT images using 3D Slicer 4.11 software
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and texture features. Shape features describe the geo-
metric properties of ROI based on the shape, and tex-
ture features describe the second-order and higher-order 
spatial distribution of the pattern [25]. The yaml files 
used to extract the features are described in the attached 
material.

Normalisation of eigenvalues using Z-score. The fea-
tures were filtered using Pearson’s correlation coefficient 
(p < 0.05) and the features were filtered based on the cor-
relation coefficient, with one of the two features having a 
correlation coefficient > 0.9. In order to select the model 
with the most accurate prediction and the best general-
ization ability, the dataset was divided into a training set 
and a test set, each accounting for 50%.

Predictive model construction based on radiomics
To investigate the correlation between differences in 
radiomics and immune infiltration and disease outcomes 
and immunotherapy, LASSO regression analysis was 
used to construct a model, and the selected features were 
further selected (coefficient > 0). Based on the selected 
tumor radiomics features as the independent variable 
and immune cell infiltration level as the dependent vari-
able. A total of eight machine learning algorithms includ-
ing Logistic Regression (LR), Support Vector Machine 
(SVM), k-Nearest Neighbour (KNN), Random Forest 
(RF), ExtraTrees, XGBoost, LightGBM and Multilayer 

Perceptron (MLP) were used to select features with 
high classification performance on the test set to per-
form diagnostic analyses. Cross-validation was then per-
formed, each time using 80% training and a random 20% 
for testing, to find the best model, and the corresponding 
best division of the data, so as to select the one with a 
high level of classification performance. To evaluate the 
diagnostic performance and clinical utility of the predic-
tion model, we drew the receiver operating characteristic 
(ROC) curve of each model, calculated and compared the 
area under the curve (AUC), and drew the decision curve 
analysis (DCA). (Fig. 2 shows the flowchart of the study).

Statistical analyses
Comparison between groups was done by Kruskal-Wallis 
test Non-parametric test Survival analysis was done by 
Kaplan-Meier test p-value correction was done by Bon-
ferroni test.

Results
Fitting score of immune infiltration level and sample 
clustering
The results of immune cell infiltration of 539 samples 
obtained based on the SINGLE SAMPLE GSEA algo-
rithm as well as the results of clustering analysis are 
shown in a heat map. The results show that the immune 
infiltration level of C1 clusters is low, while the immune 

Fig. 2  Flow chart of the study
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infiltration level of C2 clusters is high (Fig.  3A). Based 
on the quantitative differences of immune infiltration in 
the samples, we calculated the correlation coefficients of 
the co-expression relationship between different immune 
cells, as well as the P-value of the risk ratio and prog-
nostic correlation of these cells, while clustering these 
immune cells according to their co-expression relation-
ship (Fig.  3B). The results showed that some immune 
cells were strongly correlated with the prognosis of 
ccRCC patients. The immune cells are mainly activated 
dendritic cell, activated CD4 T cell, Neutrophil, macro-
phage, mast cell and other cells directly involved in the 
immune process. However, some auxiliary and regulatory 
immune cells did not have a strong correlation. The for-
mer is mainly distributed in Cell cluster-B, while the lat-
ter is mostly distributed in Cell cluster A/C.

Clustering of samples by degree of immune cell infiltration
However, the clustering results we obtained for the two 
cohorts based on this approach still did not reflect the 
large variability in survival. Therefore, we decided to 
further improve the cohort clustering method. Cluster-
ing the cohort based on the gene expression levels of 
the matched immune cells is a feasible way. By principal 
component analysis, we distinguished between genes 
with positive and negative correlation to the survival of 
the samples, and Boruta’s algorithm was used to filter 
these genes and calculate ICI score values for each sam-
ple based on Eq. 1 (Fig. 4A, B). After these analyses, we 
obtained more prognostically differentiated subgroups, 
as well as an ICI score with a stronger prognostic corre-
lation that could demonstrate the differences of immune 
infiltration in the samples (Fig. 4C-E).

Based on the 29 immune cell infiltration scores 
obtained from the ssGSEA analysis, clustering analysis 
was used to group the samples (R package: ClassDiscov-
ery, clustering method: ward.D). Subsequently, based 
on the expression levels of more than 700 genes used to 
adjust the immune cells, we used unsupervised consen-
sus clustering to classify these genes into sets of posi-
tively/negatively correlated genes. The obtained positive/
negative gene set was further downscaled using Boruta’s 
algorithm and based on Eq. 1. Subsequently, to construct 
an imaging histological model for prediction, we grouped 
the samples according to the degree of immune cell infil-
tration. We calculated the ICI score value of all samples 
(n = 539), took the median as the boundary, set the sam-
ples whose ICI score value was less than the median as 
group B, and the remaining samples as group A, and inte-
grated the group with the cases in the TCIA database.
nd finally we classified 163 cases as label 0 (95 cases) and 
label 1 (68 cases).Among them, label 1 was the group 
with higher level of immune infiltration, which was posi-
tive for immune infiltration.

Level of immune infiltration associated with survival in 
renal cancer patients
Multifactorial Cox regression analysis was then used to 
calculate response to immunotherapy based on TIDE 
and subgroup submap algorithms to calculate the prog-
nostic value of immune infiltration levels and differences 
in response to immunotherapy in BRCA patients. The 
results of multifactorial COX regression showed a sig-
nificant effect (p < 0.05) on the survival time of ccRCC 
patients based on ICI.score as well as a variety of clini-
cal factors including age, grade, stage, T and M. The 

Fig. 3  Fitting scores of immune infiltration levels and clustering of samples. (A) Results of immune cell infiltration. The top panel of the heat map shows 
the clinical data of the samples, and the inner panel shows the infiltration of each immune cell; (B) Communication between immune cells
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clinical factor HR > 1 was positively correlated with the 
final death status of the patients, and the ICI.score was 
negatively correlated (see Fig. 5A). We then evaluated the 
predictive power of ICI.score and clinical information 
using ROC (Fig. 5C and D), which showed that the AUC 
of 1,3,5-year survival for a single ICI.score was 0.71, 0.62 
and 0.58, and the AUC of 1,3,5-year survival of ICI.score 
combined with clinical factors were 0.84, 0.74 and 0.78, 
suggesting that the multifactorial of ICI.score combined 
with clinical factors better predicts the survival time of 
renal cancer patients. Finally, we used Nomogram to 
present the multifactorial Cox regression results visually 
and effectively (Fig. 5B).

Level of immune infiltration correlates with response to 
immunotherapy in patients with ccRCC
To further investigate the likelihood of our subgroups 
responding to immunotherapy, after correcting for the 
p-value, we performed immunotherapy responsiveness 
calculations based on the TIDE and submap algorithms 
for label0 and label1, and the results showed (Fig. 5E) that 
label1 was more promising for responding to anti-PD-1 

therapy, reinforcing the idea that our grouping of samples 
based on the level of immune cell infiltration has clinical 
and prognostic significance.

Predicting the degree of immune infiltration by 
constructing radiomics model
We extracted 1832 features using pyradiomicv3.0 pro-
gram in Python 3.8 (Fig. 6), and used Pearson’s correla-
tion coefficient for feature screening to find 31 relevant 
features, and the correlation coefficient between features 
is shown in Fig. 6, and filtered the features according to 
the correlation coefficient to get 18 features, and we used 
LASSO to select 7 highly weighted features, as shown 
in Fig.  7. Among these 7 features, we found 3  Gy Level 
Size Zone Matrix (GLSZM) feathers, 2  Gy Level Co-
occurence Matrix (GLCM) features and 2 (Neighbouring 
Gray Tone Difference Matrix) NGTDM features. These 
features are second-order features, which describe the 
second-and higher-order spatial distribution of patterns 
or intensities, and involve the description of intensity 
distributions and the spatial relationship between vari-
ous intensity levels [26]. These characteristics reflect the 

Fig. 4  Cluster analysis of the cohort based on gene expression levels of the fitted immune cells. (A is before fitting, B is after fitting); C. Survival curves 
of the two clusters before and after fitting; D. Dimensionality reduction based on PCA principal component analysis; E. Violin plots showing the ICI score 
values of the samples in the two clusters
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biological characteristics such as intra-tumor and inter-
tumor heterogeneity, and may be related to intratumoral 
immune infiltration.

We used 8 machine learning algorithms to build 
radiomics models and used ROC curves to assess the 
performance of the radiomics models in predicting 
immune infiltration levels. Subsequently, cross-validation 

Fig. 5  Multivariate Cox regression analysis calculated the survival time of ccRCC patients with immune infiltration. (A) Hazard ratio of ICI score as well as 
multiple clinical factors on the survival time of patients with renal cancer; (B) Prediction of patient’s survival probability based on ICI. score and multiple 
clinical factors including age, grade, stage, T, M) survival probability at 1,3,5 years; (C) ROC curve for single ICI-score predicting patient survival; (D) ROC 
curve of ICI combined with clinical information for predicting survival; (E) Correlation of our subgroups with immunotherapies
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was performed to find the best primary division method 
and saved in the results. Among the eight machine learn-
ing classifiers, ExtraTrees produced the highest test and 
training set ROC AUCs of 0.753 and 1.000 (Figs.  8 and 
9A). Moreover, Fig.  9B-E shows the confusion matrix 

predicted by the ExtraTrees model in the test set (9B), the 
weights of the 7 features (9 C), and the histogram of sam-
ple prediction of the ExtraTrees model in the training set 
(9D) and the test set (9E), respectively. LR and LightGBM 
had the highest sensitivity in the test set of 0. 615; and LR, 

Fig. 6  (A) Distribution of features after feature extraction. A total of 1820 features, including 14 Shape features, 356 First order features, 440 GLCM fea-
tures,320 GLRLM features,320 GLSZM features, 280 GLDM features and 100 NGTDM features; (B) Correlation coefficients between 31 relevant features after 
feature screening using Pearson’s correlation coefficient; (C) Cluster analysis of 31 features
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SVM, ExtraTrees, LightGBM and MLP had higher speci-
ficities of 0.789, 1.000, 0.842, 0.789 and 0.789 respec-
tively, and LR, ExtraTrees and LightGBM had the highest 
accuracy of 0.719, 0.688 and 0.719 respectively (Table 1). 
From the results, it can be seen that the ExtraTrees 
machine learning algorithm has a better overall perfor-
mance than the other algorithms in predicting the level 
of immune infiltration. Meanwhile, decision curve anal-
ysis (DCA) was performed to assess the clinical utility 
of the prediction model. The results are shown in Fig. 9 
(F, G), where the ExtraTrees model provided a high net 

benefit (10-80%). In summary, ExtraTrees demonstrated 
comprehensive and strong predictive ability.

Discussion
In the present study, we developed and validated CT-
based radiomics models for predicting the level of 
immune infiltration in RCC, and thus the prognos-
tic survival of patients as well as their responsiveness 
to ICI therapy, and compared their performance. Our 
study demonstrated that ct-based multi-modelling 
achieved good results in predicting the prognostic 

Fig. 7  A, B: 7 highly weighted features selected for building our model using the LASSO method; C. Weights occupied by each feature
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and treatment-related levels of immune infiltration in 
the immune microenvironment of clear cell renal cell 
carcinoma.

With the gradual development of radiomics and deep 
learning, more and more researchers are committed to 
predicting certain properties of Rcc, such as pathologi-
cal grading, tumour heterogeneity, immune microenvi-
ronment, etc., in a non-invasive manner, and ultimately 
reap the benefits in terms of patients’ survival [27–29] et 
al. reported that radiomics model created by them was 
used to predict the prognosis of patients with clear cell 
renal cell carcinoma by reflecting tumour heterogeneity 
and microenvironment. prognosis, and the AUCs for 1, 
3, and 5 year-OS of this model reached more than 0.83 
[29]. Wang et al.‘s model also had good predictive perfor-
mance in predicting pathological grading and prognosis 
of ccRCC [28]. The model of Fan et al. predicts the extent 
of macrophage infiltration in gliomas [30]. All of the 
above mentioned studies provide effective aids for clini-
cal decision making for ccRCC patients in a non-invasive 
situation. In addition, patients may be more interested 
in knowing about the effect of drug treatment, so we 
constructed a multi-model combining radiomics, deep 
learning, and genomic features to predict the prognos-
tic and treatment-related levels of immune infiltration 
in the immune microenvironment of ccRCC. Compared 
with other radiomics models, our experiment quantifies 
the immune infiltration by making it possible to pre-
dict the survival and responsiveness to ICI treatment of 
renal cancer patients by predicting the degree of immune 
infiltration. It provides new ideas related to the progno-
sis of renal cancer patients, and can also determine the 
efficacy of ICI drugs to a certain extent, and better help 
patients to decide their treatment. It is a supplement 

and extension of the previous radiomics model, and, as 
the study of immune infiltration and tumour continues 
to deepen, we will have more evidence and direction to 
improve this model in the future.

In our study, we used plain CT rather than enhanced 
CT because plain CT is more universal and economi-
cal for patients and the use of enhanced CT is limited in 
patients with impaired renal function [31]. A procedure 
may be more necessary to assist the physician in diagno-
sis with a plain CT than with enhanced CT images. For 
those patients who have only had a plain CT, this model 
may also provide a means of quickly understanding the 
condition. Fewer studies have focused on radiomics 
based on scanning CT for ccRCC, so this study is more 
valuable in terms of clinical utility and economy. Regard-
ing ROI outlining, at the beginning of the study, we tried 
several automated or semi-automated means, includ-
ing AI-assisted and completed procedures, but after our 
review, the results at junctions (e.g. between tumour and 
normal tissue) were not as good as we would have liked, 
which would likely affect the accuracy of feature extrac-
tion and machine learning, so after weighing up the situa-
tion, we decided to still use manual outlining of ROIs, the 
and reduce the error by reviewing it. We selected a total 
of eight machine learning models. LR, SVM, KNN, Extra-
Trees, and MLP are single models, which are trained and 
validated independently of each other, and RF, XGBoost, 
and LightGBM are integrated models, which combine 
multiple single models to form a single model that takes 
the best of all the single models and achieves a relative 
best performance. These algorithms are supervised mod-
els. From the results, it can be seen that ExtraTrees, a 
machine learning algorithm has a better overall perfor-
mance than other algorithms.

Fig. 8  (A) ROC plots of 8 models for predicting immune infiltration subgroups in the test set; (B) ROC plots of 8 models for predicting immune infiltration 
subgroups in the training set
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Fig. 9  (A) ROC plots of the predictions of the ExtraTrees models in the training set and the test set; (B) Confusion matrix of the predictions of the Ex-
traTrees models in the test set; (C) Weights assigned to the 7 features of the ExtraTrees models; D, E: Histograms of the predictions of the samples in the 
training set (D) and the test set (E); F, G: DCA evaluation of the clinical usefulness of the ExtraTrees prediction model
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There are more types of immune cells, and their distri-
bution and heterogeneity are large and vary significantly 
among different tumors [32]. It is well known that RCC 
is considered one of the solid tumors with the great-
est degree of immune infiltration [11, 33]. Studies have 
found that ccRCC has a high immune infiltration score 
as well as a t cell infiltration score [34]. However, more 
advanced tumors may exhibit a stronger immunosup-
pressive phenotype [35]. This suggests that immune cells 
in the tumor microenvironment are dynamic and that 
the level of immune infiltration may be a factor in clini-
cal prognosis [36]. In this study, we could find a strong 
correlation between some immune cells and prognosis of 
ccRCC patients. In order to reflect the stronger survival 
differentiation, we distinguished the genes with positive 
and negative correlation on the survival of the samples by 
principal component analysis, and after the above analy-
sis we obtained more prognostically differentiated sub-
groups, as well as the ICIscore demonstrating the level 
of immune cell infiltration of the samples.Subsequently, 
in order to evaluate the prognostic value of the immune 
cell infiltration level of the patients with BRCA, we used 
used a multifactorial Cox regression using analysis, and 
the results proved our conjecture that the ICI.score com-
bined with the clinical factors of the multifactorial more 
well predicted the kidney cancer patients’ survival time.

ICI is crucial in the treatment of RCC, in which PD-1/
PD-L1 is the major pathway and plays an essential role 
in tumor immunity tumor progression, the binding of 
PD-1 and PD-L1 leads to tumor immune escape, and 
PD-L1 is overexpressed in about 30% of ccRCC [37]. On 
the basis of this mechanism, a variety of types of anti-pd 
-1/PD-L1 antibodies have been used for the treatment of 
ccRCC [38–40]. In addition to predicting patient progno-
sis and survival status, immune infiltration of tumors is 
closely related to ICI therapeutic responsiveness. It has 
been found that tumor cells infiltrated with high immune 
cells (e.g., CD8 + T vs. MHCII cells, etc.) are more sus-
ceptible to receive benefit from ICI therapy [41, 42]. In 
RCC, Braun et al. noted that infiltrated tumors depleted 
of favorable PBRM1 mutations and enriched for unfavor-
able chromosomal losses of 9p21.3. These chromosomal 

alterations associated with response or resistance to PD-1 
blockade [43]. In this experiment, we performed immu-
notherapy responsiveness calculations based on TIDE 
and submap algorithms, and the outcome surfaced that 
the highly immune infiltrated group was more promising 
to respond to antiPD-1 therapy, which makes our sample 
grouping clinically and prognostically significant.

In the process of building the radiomics model, we first 
selected 18 features using the Pearson correlation coef-
ficient feature screening method. The Pearson correla-
tion coefficient mainly measures the linear correlation 
between the features and the target variables, which is 
quick and easy to understand [44], but it is only sensitive 
to the linear relationship, and if the relationship between 
the variables is non-linear, it may not accurately reflect 
the relationship between the variables. We then used 
lasso regression to select seven highly weighted features 
that prevent overfitting and are able to handle high-
dimensional data. We used multiple machine learning 
methods to compare and plot DCA to assess the clini-
cal utility of prediction models. Metrics such as sensitiv-
ity, specificity and area under the ROC curve measure 
the predictive model’s diagnostic accuracy, whereas the 
advantage of DCA is that it integrates patient or decision 
maker preferences into the analysis which is in line with 
the current trend of personalized medicine. This new 
approach provides insights into clinical outcomes based 
on the probability of thresholds, from which there can be 
a net gain [45–47].

Despite our novel findings, this study has some limita-
tions. Due to the strict inclusion and exclusion criteria, 
the overall small size of the dataset in this study and the 
relatively small number of cases in the label 1 group (68 
cases) compared to the number of cases in the label 0 
group (95 cases) may lead to the presence of selection 
bias as well as underfitting of the results; therefore, future 
studies should have larger sample sizes, multi-vendor 
images, and external test sets [48]. It is worth mention-
ing that among all the models, the SVM model shows a 
less favourable AUC (0.251), we speculate that the reason 
is due to the mismatch of the test set caused by overfit-
ting, and the second reason is due to the impact of the 

Table 1  Prediction results of the eight machine learning models in the test set. PPV: positive prediction value; NPV: negative predictive 
value; F1: F1 score‌
Model name Accuracy AUC 95% CI Sensitivity Specificity PPV NPV Precision Recall F1 Threshold
LR 0.719 0.648 0.4175–0.8781 0.615 0.789 0.667 0.75 0.667 0.615 0.64 0.537
SVM 0.594 0.251 0.0628–0.4392 0 1 0 0.594 0 0 NaN 0.285
KNN 0.5 0.571 0.3627–0.7790 0.385 0.579 0.385 0.579 0.385 0.385 0.385 0.8
RF 0.594 0.626 0.4308–0.8202 0.385 0.737 0.5 0.636 0.5 0.385 0.435 0.3
ExtraTrees 0.688 0.753 0.5850–0.9210 0.462 0.842 0.667 0.696 0.667 0.462 0.545 0.7
XGBoost 0.531 0.595 0.3845–0.8058 0.462 0.579 0.429 0.611 0.429 0.462 0.444 0.263
LightGBM 0.719 0.603 0.3626–0.8438 0.615 0.789 0.667 0.75 0.667 0.615 0.64 0.521
MLP 0.625 0.668 0.4650–0.8710 0.385 0.789 0.556 0.652 0.556 0.385 0.455 0.485
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unbalanced number of samples in the two data sets. At 
the same time, this study lacks an external validation set 
to further validate the prediction results of the model. 
However, as mentioned above, we verified the diagnostic 
performance of the model by drawing ROC curves and 
other methods. In future studies, external validation sets 
need to be considered for inclusion in relevant studies to 
strengthen the reliability of the explanatory results. And 
considering the generality of application, we chose plain 
CT as the image source for the study of imaging genom-
ics, which is easy to operate and less expensive compared 
to enhanced CT, but for diagnostic accuracy, it is not as 
good as enhanced CT. Therefore, in the future, we can 
apply based on enhanced CT combined with genomics to 
predict the relevant information. Due to the constraints 
of the TCIA database, the number of samples that aligned 
with the bioinformatics analysis might not fulfill the 
requirements for sample size calculation. Nonetheless, in 
our machine learning hyperparameter optimization pro-
cess, we managed to maintain the highest possible model 
accuracy by appropriately reducing the sample size. We 
are also cognizant of our limitations, as the integration 
of genomics/transcriptomics with radiomics research 
necessitates the preservation of both the genetic data 
integrity and the availability of imaging data. The absence 
of either in these two omics could result in the exclusion 
of our research samples. Consequently, we must confront 
the loss of a significant number of samples (from n = 539 
to n = 163) and the potential negative effects on the final 
predictive model. Such effects may include selection 
bias leading to bias in effect estimation and waste of 
resources. It can be solved by more stringent matching 
design in the future. We also aspire to address these chal-
lenges in future research, leveraging larger datasets from 
more comprehensive platforms to enhance our samples, 
thereby making our work more scientifically rigorous and 
open to discussion.

Conclusion
The use of radiomics model based on renal CT images 
can be noninvasively used to predict the immune infil-
tration level of ccRCC as well as combined with clinical 
information to create columnar plots predicting total 
survival in people with ccRCC and to predict responsive-
ness to ICI therapy, findings that may be useful in strati-
fying the prognosis of patients with ccRCC and guiding 
clinical practitioners to develop individualized regimens 
in the treatment of their patients.
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