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Abstract
Aims/BackgroundClear cell renal cell carcinoma (ccRCC) is a common and aggressive form of kidney
cancer, where early diagnosis is crucial for improving prognosis and treatment outcomes. Radiomics,
which utilizes machine learning techniques, presents a promising approach in medical imaging for the
early detection and characterization of such conditions. This study aims to explore the clinical utility
of a machine-learning-based radiomics model in the early diagnosis of ccRCC.
Methods Case data and abdominal computed tomography (CT) tumour images of patients with ccRCC
were obtained from The Cancer Imaging Archive (TCIA) database. The dataset included 31 cases
in the training set (19 males and 12 females, with an average age of 58.1 years) and 13 cases in the
validation set (8 males and 5 females, with an average age of 69.6 years). The volume of interest (VOI)
was manually delineated, slice by slice, along the tumour’s edge in cross-sectional images of ccRCC.
Radiomics features were extracted from each region of interest (ROI) using the “PyRadiomics” plug-in
in 3D Slicer software (version 5.1.0, Massachusetts Institute of Technology and Brigham and Women’s
Hospital, Boston, MA, USA). Feature selection was performed using Least Absolute Shrinkage and
Selection Operator (LASSO) regression analysis, followed by 10-fold cross-validation. The selected
radiomics features were then used to construct prediction models based on two different supervised
machine learning algorithms: logistic regression and random forest. The diagnostic performance of
these models was evaluated using receiver operating characteristic (ROC) curves and calibration curves.
Finally, clinical data were integrated with the radiomics features to enhance the prediction model.
Results A total of 44 radiomics features were ultimately selected to establish the prediction model
based on the training set results. Among the twomachine learning models, the logistic regression model
demonstrated superior diagnostic performance. An evaluation of model establishment, considering both
individual radiomics features (DifferenceVariance, JointEnergy.1, JointEntropy.2, MeanAbsoluteDevi-
ation.7, SmallAreaHighGrayLevelEmphasis.7) and clinical data, indicated that the logistic regression
model was stable and exhibited strong diagnostic performance, good calibration, and clinical applica-
bility in patients with ccRCC. When clinical data were combined with radiomics features in the model,
the area under the curve (AUC) reached 0.969, with an optimal threshold of –2.290, and sensitivity
and specificity values of 89.3% and 95.2%, respectively. The calibration curve also confirmed that the
logistic regression model had high calibration accuracy and greater clinical application value.
Conclusion This machine-learning-based radiomics prediction model demonstrated significant value
in the early diagnosis of clear cell renal cell carcinoma (ccRCC).
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Introduction
Clear cell renal cell carcinoma (ccRCC) is the most aggressive subtype of renal

cell carcinoma (RCC), associated with the poorest prognosis and highest mortality
rate (Liu et al, 2022). RCC, the second most common urogenital malignancy, ac-
counts for approximately 3% of all cancers and is one of the most prevalent primary
renal malignancies (Jonasch et al, 2021; Lv et al, 2021; Siegel et al, 2020). Despite
its prevalence, the pathogenesis of RCC remains inadequately understood. RCC
is histologically classified into three main subtypes: ccRCC, papillary renal cell
carcinoma (PRCC), and chromophobe renal cell carcinoma (ChRCC) (Frank et al,
2003; Xu et al, 2024). Globally, more than 400,000 individuals are diagnosed with
RCC annually, with the majority being over 60 years old, and two-thirds of pa-
tients are male. According to Global Cancer Statistics 2018, RCC accounted for
403,262 new cases (2.2%) and a mortality rate of 1.8% (Bray et al, 2018). ccRCC
is the most common subtype, representing over 80% of all RCC cases (Hsieh et
al, 2017). ccRCC is frequently associated with the familial cancer syndrome Von
Hippel-Lindau disease (VHL), which arises from inactivation or silencing of the
normal (wild-type) allele. About 60% of sporadic ccRCC cases are also linked to
VHL gene defects (Cohen and McGovern, 2005; Jonasch et al, 2021).

In China, there are approximately 304,000 new cases of ccRCC diagnosed an-
nually, with around 31,000 deaths reported each year (Luo et al, 2020). Notably,
30% of patients with ccRCC present with metastatic disease at diagnosis, and 20%–
30% experience relapse after partial or radical nephrectomy (Lv et al, 2021; Wolff
et al, 2016). ccRCC is highly malignant, with a strong tendency for local invasion
and distant metastasis. While partial or total nephrectomy remains the primary
treatment for localized ccRCC, prognosis is favorable only if metastasis has not oc-
curred. In cases of metastasis, the opportunity for curative surgery is often missed,
and systemic targeted therapies or immunotherapy become the main treatment op-
tions. The survival rate for patients with advanced metastatic ccRCC remains low
(Ran, 2022). Given the aggressive nature of ccRCC, it is essential to develop more
sensitive, reliable, and accurate diagnostic techniques to improve tumour assess-
ment and management (Su et al, 2015).

With the rapid advancement ofmedical imaging technology, radiomics is emerg-
ing as an important component of the artificial intelligence (AI) field in healthcare
(Walsh et al, 2019). First introduced by Dutch scholar Lambin et al (2012), ra-
diomics is a computer-aided diagnosis (CAD) technology. It allowsmedical images
to be converted into high-dimensional data that can be deeply mined for valuable
insights (Liu et al, 2019). Radiomics refers to the rapid extraction of quantitative
features from imaging modalities such as computed tomography (CT), magnetic
resonance imaging (MRI), positron emission tomography (PET), and ultrasound
(US). These features are used to transform medical images into analyzable, high-
dimensional data (Orlhac et al, 2021).

The rationale behind radiomics is that medical images contain information re-
flecting the underlying pathophysiology of diseases, and quantitative image analy-
sis can reveal these relationships. Radiomics can be integrated with additional data
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such as genetic and clinical information to aid in diagnosis, treatment evaluation,
and prognosis prediction. Its main advantages include: (a) almost all cancer pa-
tients undergo digital imaging, providing a vast potential source of radiomics data;
(b) radiomics offers non-invasive assessments of temporal and spatial changes in
tumours; and (c) it can be routinely performed throughout treatment, allowing for
continuous monitoring.

Radiomics involves extracting features from medical images and using statis-
tical models to diagnose diseases, predict outcomes, and assess treatment efficacy.
This approach supports personalized and precise treatment by guiding the selection
of therapeutic strategies. The radiomics workflow includes steps such as image data
acquisition, region of interest (ROI) segmentation, feature extraction, feature selec-
tion, model construction, and evaluation (Shur et al, 2021). Traditional imaging
methods have not evolved to meet the growing demand for precise tumour diag-
nosis. These methods are often limited to qualitative and semi-quantitative assess-
ments, which cannot detect subtle details through visual analysis alone (Chen et
al, 2017). Radiomics, in contrast, reveals deeper insights from medical images, in-
cluding information about disease severity, progression, or recurrence (Song et al,
2018). Compared to traditional CAD, radiomics provides more detailed and sophis-
ticated information about tumours, particularly by identifying high-dimensional
heterogeneity in images—an advantage that traditional CAD cannot match.

In recent years, radiomics has been applied to the study of various diseases,
including colorectal cancer, nasopharyngeal carcinoma, glioma, lung cancer, liver
tumours, and prostate cancer (Taha et al, 2021; Binczyk et al, 2021). Additionally,
machine learning algorithms, particularly those utilizing supervised learning, have
emerged as powerful computer-based methods. These algorithms can train on ex-
isting data to develop models capable of classifying unknown data with high accu-
racy. Despite the growing use of radiomics in oncology, there are currently limited
reports on machine learning-based CT radiomics research focused on ccRCC.

Thus, this study aims to use CT radiomics features of ccRCC to construct a
machine learning-based radiomics prediction model, with the goal of identifying
early-stage ccRCC patients. This approach seeks to provide valuable insights for
clinical decision-making in the management of ccRCC.

Methods
Image Data Download and Collection

The case data and abdominal CT tumour images for ccRCC were downloaded
from The Cancer Imaging Archive (TCIA) database (https://tcia.at/home). TCIA
provides comprehensive immunogenic analysis results based on next-generation se-
quencing (NGS) data for 20 solid cancers from The Cancer Genome Atlas (TCGA)
and other sources. After downloading the data, “case enrollment” was performed.
The enrollment process involved formulating criteria to exclude images and clinical
medical records that did not meet the requirements.

Specifically, the inclusion criteria required that patients have histologically con-
firmed ccRCC, available preoperative abdominal CT scans in the TCIA database,
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and images of adequate quality for radiomic analysis. This meant that the images
needed to be free from significant motion artifacts and have sufficient resolution
for proper tumour delineation. Conversely, the exclusion criteria removed patients
without histologically confirmed ccRCC, those lacking available preoperative ab-
dominal CT scans in the TCIA database, or those with CT scans of poor quality,
such as those with significant motion artifacts or insufficient resolution for accurate
tumour identification and analysis.

The procedure was conducted in full accordance with the principles set out in
the Declaration of Helsinki. All data used in this study was sourced from TCIA, and
its usage strictly adhered to TCIA’s data usage policies and conditions, including
restrictions on commercial use. This study was conducted in accordance with the
Declaration of Helsinki. The ethics committee of The First Affiliated Hospital of
Chongqing Medical University waived the requirement for informed consent for
this study.

Radiomics Analysis
ROI Segmentation

ROI or volume of interest (VOI) typically refers to a specific area within med-
ical imaging, such as a lesion, cancer, or tumour region. The segmentation of
ROI/VOI is a crucial step in radiomics, requiring high repeatability and accuracy
since radiomics features are primarily extracted from these segmented areas. ROI/VOI
segmentation can be performed in three ways: manual segmentation, semiauto-
matic segmentation, and automatic segmentation. In this study, manual delineation
and segmentation were carried out using the software 3D Slicer (version 5.1.0, Mas-
sachusetts Institute of Technology and Brigham and Women’s Hospital, Boston,
MA, USA) to create the 3D map of ROI/VOI, as illustrated in Fig. 1.

Fig. 1. Delineation of the region of interest (ROI) in renal clear cell carcinoma. (A) Drawing
of abdominal computed tomography (CT) tumour contour. (B) 3D pictures presented after manual
segmentation.
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Feature Extraction
Shape features were used to describe the geometry of a tumour, including its

shape and size. First-order statistical features analyzed the distribution of voxel
intensity within the ROI. Texture features quantified the spatial distribution of gray
values in the image and assessed the tumour’s heterogeneity. To calculate texture
features, they must first be extracted from the transformation matrix, such as the
gray co-occurrence matrix. Additionally, features based on filtering or transforma-
tion involve extracting gray or texture features from the transformed image after
applying transformations to the original image. Common transformation methods
include wavelet transform and Gaussian filtering. In this study, radiomics features
for each ROI were extracted using the “PyRadiomics” plug-in of 3D Slicer (version
5.1.0, Massachusetts Institute of Technology and Brigham and Women’s Hospital,
Boston, MA, USA).

Feature Selection
Feature selection is a critical step in the radiomics workflow, aiming to pre-

vent overfitting and identify reproducible and reliable features. This process, also
known as dimensionality reduction, reduces the number of features to focus on
the most crucial ones. Feature selection can be categorized based on the nature
of the data: supervised (labeled), unsupervised (unlabeled), and semi-supervised
(partially labeled) methods (Avanzo et al, 2020).

In this study, the extracted radiomics features were standardized using classical
methods and then subjected to Least Absolute Shrinkage and Selection Operator
(LASSO) regression and cross-validation. The complexity adjustment in LASSO
regression is controlled by the parameter λ. A larger λ imposes greater penalties
on the inclusion of additional variables, ultimately resulting in a model with a more
representative combination of fewer variables.

Machine Learning Model Establishment and Evaluation
Two different supervised machine learning algorithms, logistic regression and

random forest, were employed to construct the prediction model. To avoid over-
fitting, 10-fold cross-validation was utilized. The diagnostic performance of the
prediction model was assessed using the calibration curve and receiver operating
characteristic (ROC) curve.

The selection of logistic regression and random forest algorithms for our study
was based on several important considerations. Logistic regression, known for its
simplicity and efficiency in binary classification tasks, is a fundamental tool in
clinical research. Its straightforward operation facilitates easy interpretation and
validation of results, which is crucial for medical applications. In contrast, the
random forest algorithm, recognized for its robustness and versatility, complements
logistic regression by addressing potential nonlinear relationships and interactions
among features. This ensemble method enhances model prediction and reliability,
particularly in complex datasets typical of radiomics research.

Our choice was guided by the nature of our research question and the specific
characteristics of the data. Both algorithms have demonstrated significant success
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in previous radiomics studies, particularly for handling high-dimensional data ef-
fectively. By using these two distinct yet complementary algorithms, our study
aims to leverage the strengths of both approaches: the interpretability and clini-
cal applicability of logistic regression, and the predictive power and robustness of
random forest. This methodological diversity provides a comprehensive analysis,
accommodating the complexities of radiomic data and improving the reliability of
our findings. For model construction and evaluation, tumour stages were used as
labels, with Stage I and Stage II set to 0, and Stage III and Stage IV set to 1. This bi-
nary classification was intended to differentiate between early and advanced stages
for the purpose of model development.

Combined Clinical Data with Radiomics Features
Tumour/Normal, Age,Weight_kg,Weight_lb, BodyMass Index (BMI), Grade,

and Path Stage_Primary_Tumour_pT were selected through univariate analysis.
These seven features were combined with radiomics classification of cancer (ra-
diomics), resulting in a total of 8 variables. Age, Weight_lb, and radiomics, iden-
tified through forward and backward stepwise screening methods, were utilized
to visualize the logistic regression model in a nomogram. Finally, the calibration
curve and ROC curve were employed to evaluate the model’s performance.

Statistical Analysis
Data for ccRCC cases and abdominal CT images were obtained from the TCIA

database (https://tcia.at/home). The ROI was manually delineated using 3D Slicer
(version 5.1.0, Massachusetts Institute of Technology and Brigham and Women’s
Hospital, Boston, MA, USA). Radiomics features from each ROI were extracted
using the “PyRadiomics” plug-in for 3D Slicer (version 5.1.0, Massachusetts Insti-
tute of Technology and Brigham and Women’s Hospital, Boston, MA, USA). The
machine learning prediction model was developed using the R software package
version 4.2.1 (Lucent Technologies Inc., Union, NJ, USA). The calibration curve
and ROC curve were utilized to predict and evaluate the model.

Statistical analysis was performed using SPSS (version 20.0, IBM, SPSS, Chicago,
IL, USA). Continuous variables were assessed for normality using the Shapiro-Wilk
test. Continuous variables are presented as median [minimum, maximum], with
intergroup comparisons conducted using the Mann-Whitney U test. Categorical
variables are presented as frequencies (percentages), and intergroup comparisons
were performed using Pearson’s Chi-squared test or Fisher’s exact test. A p-value
of <0.05 was considered statistically significant.

Result
General Patient Information

A total of 44 patients with renal clear cell carcinoma were enrolled in this study,
comprising 31 patients in the training set (19 males and 12 females, with a mean
age of 58.1 [range 31–90] years) and 13 patients in the validation set (8 males and
5 females, with a mean age of 69.6 [range 51–84] years). Relevant information and
data from the clinical medical records were summarized, as detailed in Table 1.
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Table 1. Patient characteristic.

Characteristic Training cohort Internal validation Test
statistic1 p-value1

N = 31 N = 13
Tumour/Normal, n (%) <0.001
T 17 (54.8%) 0 (0%)
TN 14 (45.2%) 13 (100%)

Gender, n (%) 0.000 0.988
Female 12 (38.7%) 5 (38.5%)
Male 19 (61.3%) 8 (61.5%)

Age, Median [Min, Max] 57.00 [31.00, 90.00] 69.00 [51.00, 84.00] –2.493 0.013
Height_cm, Median [Min, Max] 172.00 [156.00, 185.00] 170.00 [156.00, 177.00] 1.461 0.144
Height_inch, Median [Min, Max] 68.00 [62.00, 73.00] 67.00 [61.00, 70.00] 1.653 0.098
Weight_kg, Median [Min, Max] 96.00 [52.00, 167.00] 84.00 [73.00, 92.00] 2.242 0.025
Weight_lb, Median [Min, Max] 212.00 [115.00, 369.00] 185.00 [162.00, 203.00] 2.229 0.026
BMI, Median [Min, Max] 33.96 [19.00, 68.59] 28.00 [25.00, 37.00] 1.624 0.104
Race, n (%) 0.053
Unknown 14 (45.2%) 11 (84.6%)
Asian 1 (3.2%) 0 (0%)
White 16 (51.6%) 2 (15.4%)

Ethnicity_self_identify, n (%) 0.760
American 1 (3.2%) 1 (7.7%)
Caucasian 16 (51.6%) 9 (69.2%)
Hispanic 1 (3.2%) 0 (0%)
Indian 1 (3.2%) 0 (0%)
Medical record does not state 3 (9.7%) 0 (0%)
Slavonic 3 (9.7%) 2 (15.4%)
White 6 (19.4%) 1 (7.7%)

Tumour_site, n (%) 0.309
Lower pole 7 (22.6%) 0 (0%)
Middle 7 (22.6%) 4 (30.8%)
Other 5 (16.1%) 2 (15.4%)
Upper pole 12 (38.7%) 7 (53.8%)

Tumour_site_other, n (%) 0.167
Unknown 26 (83.8%) 11 (84.6%)
Deep renal tumour 3 (9.7%) 0 (0%)
Involves all three poles 0 (0%) 1 (7.7%)
Mid lower pole 0 (0%) 1 (7.7%)
Upper and middle pole 2 (6.5%) 0 (0%)

Tumour_size_cm, Median [Min, Max] 4.10 [1.00, 11.00] 6.00 [4.00, 12.00] –2.642 0.008
Tumour_focality, n (%) 0.301
Multifocal 5 (16.1%) 0 (0%)
Unifocal 26 (83.9%) 13 (100%)

Histologic_type, n (%) 0.082
Clear cell renal cell carcinoma 31 (100%) 11 (84.6%)
Other 0 (0%) 2 (15.4%)

7 British Journal of Hospital Medicine | 2024 | https://doi.org/10.12968/hmed.2024.0238

https://www.magonlinelibrary.com/journal/hmed
https://doi.org/10.12968/hmed.2024.0238


ARTICLEARTICLEARTICLE

Table 1. Continued.

Characteristic Training cohort Internal validation Test
statistic1 p-value1

N = 31 N = 13
Grade, n (%) 0.046

G1 1 (3.2%) 0 (0%)
G2 23 (74.2%) 5 (38.5%)
G3 7 (22.6%) 8 (61.5%)

Tumour_stage_pathological, n (%) <0.001
Stage I 22 (71.0%) 0 (0%)
Stage II 9 (29.0%) 0 (0%)
Stage III 0 (0%) 12 (92.3%)
Stage IV 0 (0%) 1 (7.7%)

AJCC_cancer_staging_edition, n (%)
Seventh edition (2010) 31 (100%) 13 (100%)

Sarcomatoid_features, n (%)
Not identified 31 (100%) 13 (100%)

Sarcomatiod_percent, n (%)
0 31 (100%) 13 (100%)

Path_stage_primary_tumour_pT, n (%) <0.001
pT1a 13 (41.9%) 0 (0%)
pT1b 11 (35.5%) 0 (0%)
pT2a 6 (19.4%) 0 (0%)
pT2b 1 (3.2%) 1 (7.7%)
pT3 0 (0%) 2 (15.4%)
pT3a 0 (0%) 10 (76.9%)

Path_stage_reg_lymph_nodes_pN, n (%) 0.082
pN1 0 (0%) 2 (15.4%)
pNX 31 (100%) 11 (84.6%)

Path_stage_dist_mets_pM, n (%) 0.943 0.332
No pathologic evidence of distant
metastasis

11 (35.5%) 2 (15.4%)

Staging incomplete 20 (64.5%) 11 (84.6%)
Clin_stage_dist_mets_cM, n (%) 0.739

cM0 3 (9.7%) 2 (15.4%)
cM1 1 (3.2%) 0 (0%)
Staging incomplete 27 (87.1%) 11 (84.6%)

Serum_calcium, n (%) 0.065
Low 5 (16.1%) 0 (0%)
Normal 2 (6.5 %) 2 (15.4%)
Not evaluated 11 (35.5%) 9 (69.2%)
Unknown 13 (41.9%) 2 (15.4%)

Hemoglobin, n (%) >0.999
Elevated 1 (3.2%) 0 (0%)
Low 17 (54.8%) 8 (61.5%)
Normal 7 (22.6%) 3 (23.1%)
Unknown 6 (19.4%) 2 (15.4%)
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Table 1. Continued.

Characteristic Training cohort Internal validation Test
statistic1 p-value1

N = 31 N = 13

Platelets, n (%) >0.999
Normal 24 (77.4%) 11 (84.6%)
Not evaluated 1 (3.2%) 0 (0%)
Unknown 6 (19.4%) 2 (15.4%)

White_cell_count, n (%) 0.805
Elevated 3 (9.7%) 0 (0%)
Low 1 (3.2%) 0 (0%)
Normal 21 (68.7%) 11 (84.6%)
Unknown 6 (19.4%) 2 (15.4%)

History_of_cancer, n (%) 0 (0%) 3 (23%) 0.022
History_of_treatment, n (%) 0.022

Unknown 31 (100%) 10 (76.9%)
Surgery 0 (0%) 3 (23.1%)

Vital_status, n (%) >0.999
Deceased 1 (3.2%) 0 (0%)
Living 30 (96.8%) 13 (100%)

1Pearson’s Chi-squared test; Wilcoxon rank sum test; Fisher’s exact test.
BMI, Body Mass Index; AJCC, American Joint Committee on Cancer; pT, Pathological Stage of Pri-
mary Tumour; pN, Pathological Stage of Regional Lymph Nodes; pM, Pathological Stage of Distant
Metastasis; cM, Clinical Stage of Distant Metastasis.

Feature Extraction from CT Images of ccRCC
The “PyRadiomics” plug-in for 3DSlicer software (version 5.1.0,Massachusetts

Institute of Technology and Brigham and Women’s Hospital, Boston, MA, USA)
automatically extracted 851 radiomics features from each ROI. These features in-
clude first-order statistical features (such as energy, entropy, mean, standard devi-
ation, maximum value, etc.), shape-based and size-based morphological features
(including maximum 3D diameter, volume, surface area, etc.), texture features
(such as gray level co-occurrence matrix (GLCM) and gray level run-length ma-
trix (GLRLM)), and wavelet transform-based features.

Feature Selection of CT Images of ccRCC
As shown in Fig. 2, as the regularization coefficient λ increases, the coeffi-

cients of each feature gradually approach 0, with some features rapidly reaching 0.
Different ranges of λ correspond to varying numbers of features, and the most suit-
able λ value determines the selected features. To verify the stability of the LASSO
results, 10-fold cross-validation was conducted, ultimately identifying 11 important
features.
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Fig. 2. Minimum absolute contraction and selection operator regression analysis for screen-
ing radiomics features. (A) Radiomics feature coefficient distribution map. (B) Plot of binomial
deviation as a function of parameter λ.

Model Construction and Evaluation
Logistic Regression Model Construction and Evaluation

Before constructing the logistic regression model, the forward-to-backward
stepwise regression method was employed to further identify important features
(Table 2). Stepwise regression reduces multicollinearity by eliminating variables
that are less significant and highly correlated with other variables. Variables were
introduced into the model one by one, with an F test performed on each explanatory
variable. The t-test was then conducted on the variables that had been selected. If an
originally introduced explanatory variable became non-significant due to the intro-
duction of subsequent variables, it was removed to ensure that only significant vari-
ables were retained in the regression equation before each new variable was added.
This process was repeated until no more significant explanatory variables could be
added and no insignificant variables could be removed, ensuring that the final set of
explanatory variables was optimal. Ultimately, 5 radiomics features were selected
to construct the prediction model: JointEnergy.1, JointEntropy.2, DifferenceVari-
ance, MeanAbsoluteDeviation.7, and SmallAreaHighGrayLevelEmphasis.7. The
non-zero coefficients of these features, determined through the forward and back-
ward stepwise regression method, were used to create radiomics labels for the
LASSO-logistic model, as illustrated in the nomogram (Fig. 3).

The calibration curve and ROC curve were used to evaluate the performance of
the logistic regression predictionmodel. The calibration curve results demonstrated
that the logistic regression model had good calibration in both the training set and
the validation set, with no significant deviation between the predicted curve and
the ideal curve. The Hosmer-Lemeshow test showed that the logistic regression
model was not statistically significant in the training set and validation set (p =
0.05), indicating that the predicted probabilities were well aligned with the actual
probabilities, and the calibration curve was not deviated from the fit, as shown
in Fig. 4A,B. The ROC curve further indicated that the logistic regression model
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Table 2. Forward and backward method for screening feature vectors.

Estimate Std. error z value Pr (>|z|)

(Intercept) –4.64062 2.347688 –1.97668 0.048078
Difference variance –1.81066 1.557942 –1.16221 0.04515
JointEnergy.1 –34.0186 17.78523 –1.91275 0.035781
JointEntropy.2 2.529273 1.006815 2.512153 0.012
MeanAbsoluteDeviation.7 –0.58615 0.304806 –1.92303 0.044476
SmallAreaHighGrayLevelEmphasis.7 0.26949 0.178397 1.510625 0.030884
Note: Pr <0.05 was selected as the final feature.
Pr, Probability.

exhibited high diagnostic efficacy and stability in both the training and validation
sets, with an area under the curve (AUC) of 0.839, an optimal threshold of 0.090, a
specificity of 96.8%, and a sensitivity of 61.5%, as shown in Fig. 4C.

Fig. 3. Nomogram of the logistic regression prediction model.

Random Forest Model Construction and Evaluation
First, the training and test sets were divided in a 7:3 ratio for the construction

of the random forest model. The model was then established (Fig. 5A) to evalu-
ate the relationship between model error and the decision tree. After establishing
the decision tree model, the saliency of each feature was assessed. In terms of
the importance of radiomics features in the model, features positioned closer to
the upper right corner were considered more important (Fig. 5B). The results indi-
cated that the radiomics features Percentile.4, Percentile.5, and SizeZoneNonUni-
formity.6 were particularly significant.

After the model was established, the prediction accuracy was evaluated by the
ROC curve. Each point on the ROC curve reflected the receptivity to the same
signal stimulus. ROC curve showed that the random forest model had a high di-
agnostic efficacy and stability in the training and validation sets, with an AUC of
0.913, an optimal threshold of 1.500, a 90.3% specificity, and a 92.3% sensitivity,
as shown in Fig. 6.
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Fig. 4. Calibration curve and receiver operating characteristic (ROC) curve of a logistic re-
gression model. (A) Calibration curve of the training set. (B) Calibration curve of the test set. The
horizontal axis represents predicted probability, while the vertical axis represents probability, which
ranges from 0 to 1. Apparent: line of reference; The predicted value is equal to the actual value;
Ideal: The theoretical curve predicted by the model; Bias-corrected: active curve. (C) Area under
the curve (AUC) is the area under the ROC curve. The maximum value is 1. The point in the upper
left corner is the optimal threshold; specificity and sensitivity are listed in parentheses.

Clinical Data Combined with Radiomics Features
Clinical features (Tumour/Normal, Age, Weight_kg, Weight_lb, BMI, Grade,

and Path Stage_Primary_Tumour_pT) were combined with radiomics for cancer
classification, resulting in a total of 8 variables. Through forward and backward
stepwise selection, three features (Age, Weight_lb, and radiomics) were identified,
as shown in Fig. 7.

The calibration curve andROC curvewere used to evaluatemodel performance
(Fig. 8). The results indicated that the logistic regression model demonstrated high
and stable diagnostic performance in identifying patients with renal clear cell car-
cinoma based on clinical data and radiomics features. The calibration curve and
Hosmer-Lemeshow goodness-of-fit test confirmed that the predicted probabilities
were well aligned with the actual probabilities. The model achieved an AUC of
0.969, with an optimal threshold of –2.290, a sensitivity of 89.3%, and a specificity
of 95.2%.
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Fig. 5. Random forest predictionmodel. (A) Random forest model construction and error analysis.
The horizontal axis represents the number of decision trees. The vertical axis represents the model
error. (B) Feature importance ranking for the random forest model. The horizontal axis represents
the feature importance. The vertical axis represents the feature name.
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Fig. 6. ROC curve of the random forest prediction model. The horizontal axis represents 1-
specificity, while the vertical axis represents sensitivity. The AUC is the area under the ROC curve,
with a larger AUC indicating a better model performance. The maximum possible AUC value is 1.
The blue shaded area in the figure represents the AUC corresponding to the blue curve. The point
in the upper left corner of the plot indicates the optimal threshold, with specificity and sensitivity
values listed in parentheses.

Fig. 7. Nomogram of a logistic regression prediction model for clinical data combined with
radiomics features.

14 British Journal of Hospital Medicine | 2024 | https://doi.org/10.12968/hmed.2024.0238

https://www.magonlinelibrary.com/journal/hmed
https://doi.org/10.12968/hmed.2024.0238


ARTICLEARTICLEARTICLE

Fig. 8. Calibration curve and ROC curve. (A) The horizontal axis represents the predicted prob-
ability, while the vertical axis represents probability, which ranges from 0 to 1. Apparent: line of
reference. The predicted value is equal to the actual value; Ideal: the theoretical curve predicted by
the model. Bias-corrected: active curve. (B) The horizontal axis represents 1-specificity, while the
vertical axis represents sensitivity. The larger the AUC is, the better the model is. The maximum
value is 1. The point in the upper left corner is the optimal threshold. specificity and sensitivity are
listed in parentheses.

Discussion
Surgery is considered the optimal treatment for early-stage ccRCC, as this ma-

lignancy is resistant to both chemotherapy and radiotherapy. While targeted ther-
apies are available, their efficacy is limited. Current research in renal carcinoma
focuses on enhancing early diagnosis rates and extending patient lifespans. Ra-
diomics, combined with CAD technology, offers a promising approach for the early
diagnosis and precise treatment of ccRCC. In our study, we developed two machine
learning-based radiomics prediction models using CT radiomics features: logistic
regression and random forest. Evaluation of these models revealed that the logistic
regression model exhibited strong diagnostic efficiency, calibration, and clinical
applicability when integrating clinical data with radiomics features.

Radiomics combines radiology with omics fields such as genomics and pro-
teomics, enhancing our understanding of various medical conditions. It involves
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extracting quantitative features from medical images that are often difficult to ob-
serve visually. AI encompasses algorithms that make predictions based on patterns
learned from provided data. Recently, imaging techniques have been applied to
early diagnosis, treatment, and prognosis, particularly in tumour diagnosis (Xu et
al, 2020).

One study investigated whether CT imaging features could predict coagulation
necrosis (CN) in renal clear cell carcinomas before surgery. Radiomics features of-
fer a potential noninvasive tool for preoperative prediction of CN in ccRCC. Addi-
tionally, radiomic analysis of MRI was evaluated to predict high-grade (HG) histol-
ogy of ccRCC, with results showing thatMRI-based radiomic analysis was superior
to tumour size in predicting HG histology (Dwivedi et al, 2021). Similarly, a study
developed amachine learningmodel to predict 5-year mortality risk in patients with
ccRCC using imaging data and constructed 8 different models (Nazari et al, 2021).
The study found that the XGBoost model, which combined radiological character-
istics with patient stage and grade, achieved the best performance (AUC = 0.97)
among the eight models. This radiologically based classifier accurately predicts
RCC survival, aiding in the prognosis of ccRCC patients.

In the realm of the US, a meta-analysis on the diagnostic value of contrast-
enhanced US (CEUS) in renal clear cell carcinoma showed that CEUS offers high
sensitivity and specificity, with excellent diagnostic accuracy (AUC between 0.9
and 1). CEUS, developed based on grayscale US, is more sensitive to microvessels
in lesions and provides continuous, dynamic observations of blood perfusion in the
lesion.

In this study, radiomics analysis was performed on CT images of kidney clear
cell carcinoma. Five key radiomics features were ultimately selected based on
the results from LASSO and the forward sequential method. The findings demon-
strated that the logistic regression model exhibited high and stable diagnostic per-
formance for patients with renal clear cell carcinoma. Machine learning not only
integrates large volumes of imaging data but also deeply mines multidimensional
imaging information to achieve accurate diagnosis and prediction (Heo et al, 2019).
By integrating big data, machine learning can generate precise diagnostic and pre-
dictive insights from complex imaging data.

Two different supervised machine learning algorithms were employed to con-
struct prediction models based on radiomics features. Among them, the logistic
regression model showed superior and more stable diagnostic performance. This
model is also widely used in clinical practice due to its ease of operation and suit-
ability for constructing models with dichotomous variables (Christodoulou et al,
2019).

However, this study has several limitations, including its retrospective nature,
small sample size, and lack of an external validation dataset. Future research should
involve a large external validation set from multicenter studies to further develop
and validate the proposed diagnostic model.
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Conclusion
In conclusion, the machine learning-based radionics prediction model demon-

strates excellent diagnostic efficiency, calibration, and clinical applicability for
identifying patients with renal clear cell carcinoma. It holds promise as a valuable
auxiliary tool for clinical decision-making.

Key Points
• A total of 44 radiomics features were utilized to develop the model.
• The logistic regression model demonstrated high diagnostic performance

and stability in assessing clear cell renal cell carcinoma (ccRCC).
• Integrating clinical data with radiomics features improved the model’s

performance, achieving an area under the curve (AUC) of 0.969, with a
sensitivity of 89.3% and a specificity of 95.2%.

• The calibration curve confirmed the model’s high calibration accuracy
and clinical utility.
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