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Abstract
Aims/Background Colorectal cancer (CRC) is one of the major global health problems, with high
morbidity and mortality, underscoring the need for new diagnostic and prognostic tools. Therefore, this
study aims to evaluate the significance of integrating radiomics with genetic data in CRC prognostic
assessment and improve the accuracy of prognosis prediction.
Methods This study included computed tomography (CT) images from 225 CRC patients and RNA-seq
information from 654 patients, obtained from the TICA database. Key radiomics features and genes
were identified through radiomics feature extraction, least absolute shrinkage and selection operator
(LASSO) regression analysis, and Kaplan-Meier survival analysis. Furthermore, a CRC prognostic
model was constructed using these key genes and radiomics features.
Results This study identified 170 key radiomics features. Out of them, five were significantly associ-
ated with CRC prognosis. Transcriptome data analysis identified 8 key genes, among which the high
expressions of Inhibin Subunit Beta B (INHBB), Potassium Voltage-Gated Channel Subfamily Q Mem-
ber 2 (KCNQ2), and Ubiquilin Like (UBQLNL) were significantly correlated with poor prognosis. Age,
tumor stage, pathological T stage, and pathological N stage were determined as independent prognostic
factors. Moreover, immune infiltration analysis demonstrated that the immune score of the low-risk
group was higher than that of the high-risk group, with significant differences in some immune cells,
and key genes were correlated with immune cells. Additionally, the constructed CRC prognostic model
incorporating three genes, INHBB, KCNQ2, and UBQLNL, exhibited high prediction accuracy in the
validation set, with area under the curve (AUC) values of 0.80, 0.87, and 0.84 at 1-year, 3-year, and
5-year, respectively, indicating good prediction performance and reliability of the model.
Conclusion The multimodal data combining radiomics features and gene expression data can improve
the accuracy of CRC prognostic assessment, providing a valuable prognostic prediction tool for clinical
practice and helping to guide the selection and optimization of treatment regimens.
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Introduction
Colorectal cancer (CRC), awidespread gastrointestinal tumorworldwide, ranks

among the primary causes of cancer-induced fatalities. Its prevalence presents sub-
stantial challenges to public health, casting a long shadow over the well-being of
populations worldwide (Chen et al, 2020). In 2020, CRC ranked third globally in
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incidence, accounting for approximately 11%of all cancer cases, and second inmor-
tality, accounting for about 9%, with the emerging trend of CRC onset in younger
individuals under 50 (Klimeck et al, 2023; Sung et al, 2021). According to projec-
tions, by 2040, China is likely to witness the peak incidence and mortality rates for
cancer (Zhang et al, 2023). Despite advancements in therapeutic approaches such
as radiotherapy, chemotherapy, and surgical interventions, the current screening
and treatment options for CRC remain inadequate to address its high morbidity and
mortality rates, particularly in developing countries with large populations (Cao et
al, 2024). Therefore, it highlights the need for comprehensive research focused on
improving the diagnosis, treatment, and prognosis of CRC to achieve a significant
reduction in its morbidity and mortality.

In recent years, advancements in surgical techniques, the introduction of new
adjuvant therapies, and the rapid development in diagnostic imaging have signifi-
cantly improved the treatment of CRC (Li et al, 2024). Among these, radiomics
has emerged as a crucial approach to treating rectal cancer. By extracting a wide
array of quantitative features frommedical imaging data, which is rich in numerical
information but invisible to the naked eye, radiomics utilizes machine learning and
artificial intelligence algorithms for comprehensive analysis. This analytical tech-
nique captures the biological characteristics and heterogeneity of tumors, providing
a low-risk and efficient method for cancer diagnosis, classification, and prognosis
(Aerts et al, 2014; Fan et al, 2022; Limkin et al, 2017).

Since its inception in 2012, radiomics has been widely applied in oncology,
demonstrating its potential as a non-invasive imaging biomarker and promoting the
shift of imaging technology from qualitative to quantitative (Lambin et al, 2017).
It is crucial in cancer diagnosis, staging, prognosis assessment, and patient moni-
toring (Caruso et al, 2021). Particularly in the diagnosis and management of CRC,
radiomics holds promise in assisting clinicians in identifying high-risk diseases. An
investigation has indicated that radiomics features are associated with the patholog-
ical response of rectal cancer and can predict pathological complete response (pCR)
(Wen et al, 2023). Furthermore, radiomics is increasingly applied to the prognosis
prediction of rectal cancer. By combining clinical information with radiomics fea-
tures, predictive models such as nomograms can be constructed, providing more
personalized treatment plans for patients (Inchingolo et al, 2023; Xue et al, 2022).

Genetic data is increasingly crucial in the prognosis assessment of CRC. By
using whole-genome and transcriptome sequencing analyses, researchers can iden-
tify driver genes associated with different stages of CRC and uncover key prog-
nostic factors (Xu et al, 2023; Zhang et al, 2021). For instance, the largest global
multi-omics study on CRC has revealed numerous disease-related genes, including
24 newly discovered potential driver genes associated with the wingless/integrated
(WNT), epidermal growth factor receptor (EGFR), and transforming growth factor-
beta (TGF-β) pathways, which are significantly correlated with the survival of CRC
(Nunes et al, 2024). The integration of genetic data is transforming the progno-
sis assessment of CRC, providing more precise molecular typing and prognostic
markers. This technological improvement helps develop personalized and effec-
tive treatment strategies (Mortezapour et al, 2023; Wei et al, 2023). Despite these
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advancements, there are limited studies combining radiomics with genomic data for
the prognosis assessment of CRC. Our study retrieved radiomics and transcriptome
sequencing data from CRC liver metastasis, as well as from the Cancer Genome At-
las Colon Adenocarcinoma (TCGA-COAD) and Rectal Adenocarcinoma (TCGA-
READ) databases. Subsequently, by integrating radiomics features with key ge-
netic markers, we constructed a predictive model for CRC prognosis, providing a
basis for more precise and personalized treatment strategies.

Methods
Data Collection and Preprocessing

The CRC liver metastasis, TCGA-COAD, and TCGA-READ datasets were ob-
tained from the TICA database (https://public.cancerimagingarchive.net/). These
datasets include computed tomography (CT) tumor images from 225 CRC patients
and RNA-seq information from 654 patients. The original CT images were seg-
mented using 3D Slicer software (version 5.1.0, National Institutes of Health (NIH);
available at https://www.slicer.org/, Cities of Boston and Cambridge, MA, USA).
Manual segmentation was performed to outline the region of interest (ROI) and a
3D image with the segmented ROI was developed for subsequent analysis.

Data Feature Extraction
Feature extraction was performed using the “PyRadiomics” plugin within 3D

Slicer v5.1.0 software. This tool effortlessly extracted 851 radiomic features from
each ROI. These features included 162 initial statistical parameters (e.g., power,
disorder, average, standard deviation, and maximum value), 107 shape and size-
based features (e.g., maximum 3D diameter, volume, and surface area), 675 texture
attributes, and 744 wavelet transform-based features. The extracted features were
standardized via Z-scores. Feature selection was performed using least absolute
shrinkage and selection operator (LASSO) regression analysis, implemented with
the ‘glmnet’ package in R (version 4.0.1; R Core Team; https://www.r-project.org).
Finally, radiomics features significantly associated with CRC were selected.

Differential gene expression analysis of RNA sequencing data from TCGA-
COAD and TCGA-READ datasets was performed using the ‘DESeq2’ package
in R software. Principal component analysis (PCA) was subsequently conducted
on the datasets using R software. Subsequently, the results were visualized using
the “ggplot” and “pheatmap” packages, and then volcano plots and heatmaps were
generated to obtain key differentially expressed genes (DEGs).

Risk Grouping and Prognostic Analysis of Radiomics Features
Survival analysis was performed on selected key features to calculate predic-

tive risk scores using the “survival” package in the R program. Determine the op-
timal risk score threshold based on the risk score and the patient’s survival status
using the default parameters of the “survminer” package in R. Then, individuals
were divided into high-risk and low-risk groups according to the cut-off value. The
significance of the survival curves between the two groups was evaluated using
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Log-Rank test, with the optimal cut-off point defined as the value indicating the
largest difference in survival rate. The core formula for this calculation is:

Z(c) =
O1 − E1√

V1

Where: O1 indicates the number of deaths observed in the high-risk group. E1
is the expected deaths in the low-risk group, and V1 is the variance.

Employing this formula, the risk score was derived for each sample. The 225
imaging samples were categorized into high-risk and low-risk groups based on the
optimal threshold. Kaplan-Meier curves were generated to compare survival prob-
abilities between these groups. Statistical significance was achieved at p < 0.05.

Risk Grouping and Survival Analysis of RNA Sequencing Information
From the TCGA-COADandTCGA-READdatasets, 654 eligible sampleswere

randomly allocated to training (n = 455) and validation (n = 199) sets (7:3 ratio).
Risk scores were then determined for the validation set based on the expression of
key DEGs. LASSO regression analysis was utilized to investigate the DEGs, with
key genes selected through 10-fold cross-validation. The LASSOmodel calculated
linear predictive values (i.e., risk scores) using the features with non-zero regres-
sion coefficients and their corresponding values. The prediction function from the
“survminer” package in R was used to compute the risk scores for each patient by
taking the dot product of each patient’s feature matrix and the vector of LASSO-
selected coefficients. The equation for the risk score is given below:

Risk Score i = ∑p
j=1 β jXij

 where βj is the coefficient of regression for the feature selected by LASSO, and
Xij is the value of the jth feature for the ith patient. A higher risk score indicates a
greater risk of death for the patient. Patients were stratified into high- and low-risk
groups based on their risk scores. Kaplan-Meier curves were plotted to compare
the survival rates between the two groups. Furthermore, multivariate COX regres-
sion analysis was performed on the selected core genes using the “survival” and
“survminer” packages in R. The findings were visualized with a forest plot gener-
ated using the “forestplot” package.

Analysis of Independent Prognostic Factors
Differences in risk scores between the two groups were assessed by compar-

ing the high-risk and low-risk groups using t-tests in terms of age, sex, tumor grade,
pathological T-stage, and pathological N-stage. Univariate COX regression analy-
ses then evaluated the independent effect of each factor on survival. Following
this, all factors were incorporated into multivariate COX regression analyses, con-
trolling for the effects of other variables and identifying independent prognostic
factors.
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Assessment of Infiltrating Immune Cells
The relative composition of infiltrating immune cells and their association with

gene expression levels were assessed using the Cell-type Identification by Estimat-
ing Relative Subsets of RNA Transcripts (CIBERSORT) method. Variations in
tumor-infiltrating immune cell populations between high- and low-risk groups were
subsequently examined using the Wilcoxon test. The correlation between immune
cell types and selected genes was visually displayed using a heatmap created with
the R package “ggplot2”.

Gene-Radiomics Combined Analysis and Evaluation
The TCGA-COAD and TCGA-READ datasets were randomly partitioned into

training and validation sets at a 7:3 ratio. Within the training set, multivariable
COX regression analysis was conducted on selected genes and imaging features to
identify key indicators associated with CRC prognosis. Forward-backward step-
wise regression was used for feature selection, and findings were visualized with a
forest plot.

Time-dependent receiver operating characteristic (ROC) curves and calibra-
tion plots were employed to evaluate model performance in the validation set. A
nomogram predicting CRC prognosis based on key gene expression levels and risk
scores, was then generated using the “rms” package in R. The final calibration plot
visually displayed the calibration curve and its performance.

Model performance, as determined by the LASSOmodel, was assessed through
ROC curves, which plotted the true positive rate (TPR) as the vertical coordinate
and the false positive rate (FPR) as the horizontal coordinate. A larger area under
the curve (AUC) indicates better model performance. Calibration curves were then
utilized to evaluate the model’s predictive accuracy, and a p value less than 0.05
was considered statistically significant. The predicted probabilities were plotted on
the horizontal axis, and the actual observed proportion was plotted on the vertical
axis, at various probability levels. These curves offered valuable insights into the
accuracy of the model in forecasting outcomes.

Statistical Analysis
Statistical analyses were conducted using the R program. Manual segmenta-

tion of the ROIs was performed using 3D Slicer v5.1.0 software. Imaging feature
extraction from each ROI was conducted using the “PyRadiomics” plugin in 3D
Slicer v5.1.0 software.

Continuous variables were compared using Student’s t-tests after assessing nor-
mality with the Kolmogorov-Smirnov test. However, categorical variables under-
went comparison were compared using the chi-square tests. Overall survival (OS),
a critical measure for evaluating treatment efficacy outcomes and prognosis in on-
cology, was defined as the time from randomization or treatment initiation to death
from any cause. OS serves as the gold standard for assessing patient survival ben-
efits. Survival curves were developed using the Kaplan-Meier method, and group
differences were evaluated using the log-rank test. To identify independent prog-
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nostic factors, univariate and multivariate COX proportional hazards regression
analyses were performed with a significance level set at p < 0.05.

Results
Analysis of Imaging Histological Characteristics and Prognostic Evaluation
of CRC Patients

Initially, 170 key features were identified through the quasi-quantification of
radiomic data from 225 patients extracted from the TICA database before perform-
ing LASSO regression analysis (Fig. 1A). Subsequently, to validate the reliability
of the LASSO regression results, 10-fold cross-validation was conducted, result-
ing in the identification of five crucial features (Fig. 1B). These five key elements
were then evaluated for their correlation with survival. Using the risk calculation
formula based on imaging histological features, the optimal threshold for risk classi-
fication was found to be 0.02774729. However, during our analysis, we discovered
that out of 225 radiomic samples, only 220 patient samples had corresponding sur-
vival data. Consequently, we were only able to use these 220 patient samples for
further analysis. Based on the optimal threshold, 44.55% (n = 98) of these 220
patients were categorized as high-risk, while 55.46% (n = 122) were classified as
low-risk. It should be noted that this high-risk and low-risk classification is deter-
mined by comprehensively considering the five crucial features according to the
optimal threshold, reflecting the overall situation of these features in risk stratifi-
cation. Kaplan-Meier survival plots were constructed based on the calculated risk
scores. The results demonstrated that patients in the high-risk group had a signifi-
cantly lower survival rate compared to those in the low-risk group during the same
period (p < 0.05, Fig. 1C–G).

This indicates that all five significant characteristics are valuable for prognostic
evaluation in CRC patients and can assist in differentiating between patient groups
with disparate prognoses.

Differential Analysis and Prognosis Assessment of RNA Sequencing
Information in CRC

The results of the transcriptome data demonstrated 7155 down-regulated genes
and 1370 up-regulated genes (Fig. 2A). Further LASSO regression analysis iden-
tified 319 DEGs. Meanwhile, to verify the robustness of the LASSO results, a
10-fold cross-validation was implemented, leading to the selection of eight key
genes (Inhibin Subunit Beta B (INHBB), Procollagen C-Endopeptidase Enhancer 2
(PCOLCE2), Parathyroid Hormone 1 Receptor (PTH1R), HomeoboxD4 (HOXD4),
Potassium Voltage-Gated Channel Subfamily Q Member 2 (KCNQ2), Ubiquilin
Like (UBQLNL), Malignant T Cell Invasion and Dissemination 2 (MID2), Home-
oboxC4 (HOXC4)) that were closely associatedwith the CRCprognosis (Fig. 2B,C).

Furthermore, to evaluate the clinical significance of these 8 genes, we evalu-
ated their expression levels in the validation set. Using the risk score formula, a
threshold value of 0.29 was calculated, with patients scoring higher categorized as
high-risk and those below classified as low-risk (Fig. 3B). The results of the Kaplan-
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Fig. 1. Feature selection and prognosis analysis of 225 imaging histology data. (A) This figure
depicts the distribution of gene coefficients derived from the LASSO regressionmodel. The horizon-
tal axis illustrates the penalty parameter (λ) applied within the LASSO model, whereas the vertical
axis denotes the magnitude of the corresponding feature coefficients. Coefficients approaching zero
signify a reduced influence of the respective features on predictive outcomes. (B) Cross-validation
of the LASSO regression model by a factor of 10. Note: The cross axis indicates the range of values
of the penalty parameter λ and the longitudinal axis indicates the prediction error of the model. The
two dashed lines on the graph generally select the parameter corresponding to the dashed line on the
left as the coefficients of the important features. The red-framed “5” represents five key features.
(C–G) Kaplan-Meier survival of the risk scores of the 5 important features assessment. “LHH”,
“HHL”, and “HHH” refer to Wavelet Transform Subbands. LASSO, least absolute shrinkage and
selection operator.
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Fig. 2. Transcriptomic data of 654 CRC patients were analyzed for DEGs. (A) Heatmap and
Volcano Plot. Heatmap shows gene expression differences between samples andVolcano Plot shows
DEGs. (B) Distribution of gene coefficients of LASSO regression model. The penalty parameter
λ, inherent to the LASSO model, is displayed on the horizontal axis, while the magnitude of coef-
ficients for corresponding features is presented on the vertical axis. Smaller coefficients indicate a
diminished impact of the features on the predictive outcome. (C) Cross-validation of the LASSO
regression model by a factor of 10. The cross axis indicates the range of values of the penalty pa-
rameter λ and the longitudinal axis indicates the prediction error of the model. The two dashed
lines on the graph generally select the parameter corresponding to the dashed line on the left as the
coefficient of the important feature. The red-framed “8” represents 8 key genes. CRC, colorectal
cancer; DEGs, differentially expressed genes.

Meier curves (Fig. 3A) showed that low expression of these 8 key genes was linked
to improved survival of CRC patients (p < 0.05).

Moreover, COX regression and forest plot (Fig. 3B,C) revealed that only the
high expression of three genes, INHBB (p < 0.001), KCNQ2 (p = 0.002), and
UBQLNL (p = 0.004), were significantly linked to a higher risk of CRC-related
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death. Conversely, the p-values ofPCOLCE2,PTH1R,HOXD4,MID2, andHOXC4
were greater than 0.05, suggesting that these genes did not show significant differ-
ences in their influence on CRC prognosis.

Fig. 3. Progression analysis of 8 differential expression genes. (A) Kaplan-Meier curves of OS
for the 8 differentially expressed genes, all p < 0.01. (B) Expression heatmap of the 8 differen-
tially expressed genes in two groups of CRC patients. Upper panel: Horizontal coordinates are
patient Identification (ID); and the vertical coordinates are predicted risk scores from COX regres-
sion analysis. Middle panel: The horizontal coordinate is the patient ID, the vertical coordinate
is the prognostic survival time, and a dotted line is used to differentiate between the two groups.
Lower panel: Heatmap demonstrating the difference in expression of the 8 differentially expressed
genes in patients in the low- and high-risk groups. (C) Forest plot of univariate COX regression
analysis between the expression of the 8 differential genes and OS. ∗∗ p < 0.01, ∗∗∗ p < 0.001.
OS, overall survival; INHBB, Inhibin Subunit Beta B; PCOLCE2, Procollagen C-Endopeptidase
Enhancer 2; PTH1R, Parathyroid Hormone 1 Receptor; HOXD4, Homeobox D4; KCNQ2, Potas-
sium Voltage-Gated Channel Subfamily Q Member 2; UBQLNL, Ubiquilin Like;MID2, Malignant
T Cell Invasion and Dissemination 2; HOXC4, Homeobox C4; AIC, Akaike Information Criterion.
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Identification of Independent Prognostic Factors in CRC Patients
To investigate the relationship between clinicopathologic characteristics and

overall survival and identify independent prognostic factors in CRC patients, we
compared risk scores across different variables, including age, gender, tumor grade,
pathological T-stage, and pathological N-stage in the high-risk and low-risk groups
using t-tests. Significant disparities in risk scores were observed for tumor grade
(p< 0.05), pathological T-stage (p< 0.0001), and pathological N-stage (p< 0.01)
(Fig. 4A).

To further assess the independent prognostic value of these factors for CRC,
univariate and multivariate COX regression analyses were conducted. The findings
showed that age (Hazard Ratio (HR) = 1.764, 95%Confidence Interval (CI): 1.139–
2.734, p = 0.011), tumor stage (HR = 3.085, 95% CI: 2.131–4.466, p < 0.001),
case T-stage (HR = 2.293, 95% CI: 1.232–4.267, p = 0.009), and pathological N-
stage (HR = 2.624, 95% CI: 1.833–3.755, p< 0.001) were significantly associated
with overall survival. Particularly, the pathologic N stage had an HR of 2.624,
indicating that patients with a higher N stage had a significantly higher risk of death
(Fig. 4B). Importantly, when these variables were subjected to themultivariate COX
regression analysis, age (Log10HR = 0.360, 95% CI: 0.165–0.556, p < 0.001),
tumor stage (Log10HR= 0.990, 95%CI: 0.609–1.372, p< 0.001), and pathological
N stage (Log10HR = –0.502, 95% CI: –0.868–0.135, p = 0.007) were confirmed
as independent prognostic factors (Fig. 4C). These factors remained significantly
associated with overall survival after adjusting for other variables, indicating their
significant impact on the prognosis of CRC patients.

Immune Infiltration Analysis
We utilized the Wilcoxon test to assess immune function. The results showed

that there was no significant difference in stromal scores between the two groups (p
= 0.97). However, immune scores were significantly elevated in the low-risk group
compared to the high-risk group (p = 0.041), suggesting increased immune cell ac-
tivity within the low-risk cohort (Fig. 5A). A deeper examination of the distribution
of 28 distinct immune cell types uncovered significant differences in effector mem-
ory Cluster of Differentiation (CD)8 T cells (p< 0.01), activated CD8 T cells (p<
0.05), immature B cells (p< 0.05), type 1 T helper cells (p< 0.05), type 2 T helper
cells (p < 0.05), and activated CD4 T cells (p < 0.05) (Fig. 5B). Furthermore, a
correlation analysis between eight key prognostic genes and the 28 types of im-
mune cells demonstrated varying levels of associations. Notably, the INHBB gene
exhibited significant correlations with 21 immune cell types, while the PCOLCE2
gene was significantly associated with 26 immune cell types (Fig. 5C). Collectively,
these results imply that certain prognostic genes may influence tumor progression
and patient outcomes by regulating the functionality and distribution of immune
cells.
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Fig. 4. Identification of independent prognostic factors in CRC patients. (A) t-test comparing
the difference in risk scores between age, gender, tumor grade, pathological T-stage, and patholog-
ical N-stage in the high-risk and low-risk groups. ns, not significant; ∗ p < 0.05, ∗∗ p < 0.01, and
∗∗∗∗ p< 0.0001. (B) Forest plot of one-way correlation between CRC patient characteristics and OS.
(C) Forest plot of multivariate COX regression study of the correlation between clinicopathologic
characteristics and OS in CRC patients. pN, pathological N-stage; pT, pathological T-stage.

Using Gene-Radiomics Combined Analysis to Establish CRC Prognostic
Model

In our training dataset, we performed a COX regression analysis on curated ra-
diomic features and pivotal genes, as delineated in Fig. 6A, which led to a CRC
prognostic model containing the INHBB (p = 0.027), KCNQ2 (p = 0.009) and
UBQLNL (p = 0.008) genes. This model exhibited a significant risk score (p =
0.015) and an exemplary concordance index of 0.89. Subsequent analyses con-
firmed that the expression of INHBB, KCNQ2, and UBQLNL was substantially
reduced in tumor tissues compared to normal tissues (p < 0.0001), as depicted
in Fig. 6B. The nomogram, although primarily intended as a diagnostic tool and
not a direct indication of the validity of the model, highlights the strong correla-
tion between the risk scores and radiographic characteristics of these genes and
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Fig. 5. Analysis of immune cell infiltration within tumor tissues. (A) Variation in stromal and im-
mune scores between low- and high-risk groups were assessed via Wilcoxon tests. (B) Discrepancy
of 28 immune cell types amid the low-danger and high-danger groups. (C) Correlation examination
of the 28 immune cell types with 8 prognostic genes. ns indicates no significant difference, ∗ p <
0.05, ∗∗ p < 0.01. CD, Cluster of Differentiation; MDSC, Myeloid-derived suppressor cells.

the prognosis of CRC (Fig. 6C). To rigorously evaluate the model’s performance,
we performed ROC curve analysis. Validation set results suggested that the model
achieved AUC values of 0.80, 0.87, and 0.84 at 1, 3, and 5 years, respectively, un-
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derscoring its ability to significantly improve prediction accuracy and prognostic
reliability (Fig. 6E). Calibration plots further substantiated the model’s predictive
prowess, aligning the predicted survival rates closely with observed rates at the
1, 3, and 5-year marks, thus validating its robust prognostic capacity and clinical
relevance (Fig. 6D).

Discussion
CRC, a leading cause to global morbidity and mortality, is increasingly diag-

nosed in younger patients, raising significant concerns (Chan and Buczacki, 2021;
Liu et al, 2024). In the context where current treatment modalities remain limited,
it is imperative to conduct extensive research on CRC diagnosis, treatment, and
prognostic assessment. This study focused on evaluating the value of radiomics
and genetic data in CRC prognosis, yielding several meaningful results through
rigorous analyses.

In imaging histological feature analysis, five key features identified through
multi-step radiomics data processing from the TICA database effectively distin-
guished high-risk and low-risk CRC patients, with the high-risk group demonstrat-
ing a relatively lower survival rate. CT radiomics has proven valuable in various
aspects of CRC, such as early diagnosis (Lv et al, 2022), treatment evaluation (Liu
et al, 2017), risk stratification (Lovinfosse et al, 2018), and tumor heterogeneity
assessment (González-Castro et al, 2020). The key radiomics features identified in
this study highlight their potential in CRC prognostic assessment and may provide
valuable insights into tumor microstructure, heterogeneity, and prognosis.

Transcriptome data analysis further identified eight key genes associated with
CRC prognosis. Among them, the high expression of three genes, INHBB,KCNQ2,
andUBQLNL, significantly increased the risk of CRC-related death. Prior research
has established a strong association between elevated INHBB expression and ad-
vanced CRC characteristics, including increased invasion depth, distant metastasis,
and higher Tumor NodeMetastasis (TNM) stage. Moreover, this expression pattern
correlates with diminished OS and disease-free survival (DFS), thereby suggesting
its potential as a prognostic biomarker for CRC (Yuan et al, 2020). Furthermore,
INHBB expression significantly promotes macrophages infiltration while inhibiting
the infiltration of memory T cells, mast cells, and dendritic cells (Yin et al, 2024),
aligning with our results. A study by Schell et al (2016), found that mutations in the
KCNQ2 gene may affect the prognosis of CRC, especially in microsatellite-stable
(MSS) tumors, although its impact is relatively small. UBQLNL, an important mem-
ber of the Ubiquilin (UBQLN) family, has been investigated less in the context of
CRC prognosis and clinical diagnosis (Shah et al, 2022). These results suggest that
KCNQ2 and UBQLNL play significant roles in CRC prognostic research, warrant-
ing further investigation into their potential mechanisms and contribution to CRC
progression, development, and prognostic assessment.

Our research on independent prognostic factors identified age, tumor stage,
pathological T stage, and pathological N stage as crucial factors, which align with
the current clinical understanding of CRC prognosis. These results underscore the
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Fig. 6. Evaluation of selected genes and radiomics features in combination. (A) Forest plot
showing the forward-backward stepwise regression analysis of risk scores for radiomics features
and key genes. ∗ p < 0.05, ∗∗ p < 0.01. (B) Differential expression of the three key genes amid
the normal set and tumor set. ∗∗∗∗ p < 0.0001. (C) Nomogram illustrates the findings of the com-
bined COX regression examination. (D) Calibration plot assessing the prognostic precision of the
model. (E) Performance evaluation of the combined model using time ROC curves. ROC, receiver
operating characteristic; AUC, area under the curve.

significance of integrating these factors into clinical decision-making and providing
a basis for formulating subsequent precision medicine strategies, ultimately facili-
tating personalized treatment for patients at varying risk levels (Walther et al, 2009).
Immune infiltration analysis revealed that the low-risk group showed a better im-
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mune status, with significant differences in the distribution of specific immune cell
types and correlations between key genes and immune cells. These results highlight
the crucial role of the immune microenvironment in CRC prognosis. Prognostic
genes may affect CRC progression by regulating the function and distribution of
immune cells, supporting the findings of Wang et al (2021).

Based on the previous studies, we conducted COX regression analysis on se-
lected radiomics features and key genes, constructing a CRC prognostic model in-
corporating INHBB, KCNQ2, and UBQLNL. This model showed a high concor-
dance index, and its prediction accuracy was validated through AUC values and
calibration plot results at various time points in the validation set. These findings
highlight the advantages of integrating multimodal data, where radiomics features,
and gene expression information complement each other, offering a more compre-
hensive and accurate understanding of CRC prognosis. This approach provides a
more valuable prognostic prediction tool for clinical practice, potentially guiding
the selection and optimization of clinical treatment regimens.

Numerous studies have shown that combining radiomics and genomics im-
proves the accuracy of survival rate prediction for various cancers, including CRC
(Chaddad et al, 2019; Wijethilake et al, 2020). For example, Badic et al (2019)
integrated enhanced CT radiological features with gene expression data and found
that changes in ATP-binding cassette subfamily C member 2 (ABCC2) gene ex-
pression correlated with radiological features, N stage, M stage, clinical stage, and
progression-free survival of CRC patients. This further indicates that radiomics
can enhance the prognostic capability of radiological examinations for CRC pa-
tients and strongly corroborate the significance of our integrated model in CRC
prognostic assessment.

However, this study has certain limitations. Firstly, the data sources are mainly
obtained from databases, which may introduce sample selection bias and data qual-
ity differences, potentially affecting the universality of the results. Additionally,
while the model performs well in internal validation, it lacks external independent
verification, and its applicability across different clinical scenarios needs further in-
vestigation. Future research should expand sample sources and includemulti-center
data to enhance the robustness of the model. Furthermore, investigating the poten-
tial interactionmechanisms between key genes and radiomics features and how they
jointly affect CRC prognosis will contribute to developing more effective prognos-
tic assessment models and treatment interventions, ultimately improving clinical
outcomes for CRC patients and promoting the development of precision medicine.

Conclusion
This comprehensive analysis involving radiomics and transcriptomics devel-

ops a prognostic CRC model incorporating three specific genes. Furthermore, our
model improves the predictive accuracy of CRC prognosis and efficacy of clini-
cal treatment. However, this study has limitations that require further validation
through external datasets and experiments.

15 British Journal of Hospital Medicine | 2025 | https://doi.org/10.12968/hmed.2024.0620

https://www.magonlinelibrary.com/journal/hmed
https://doi.org/10.12968/hmed.2024.0620


ARTICLEARTICLEARTICLE

Key Points
• This study evaluated the significance of integrating radiomics with ge-

netic data in the prognostic assessment of colorectal cancer.
• Analysis of imaging and transcriptomic data of CRC patients yielded

five important features and eight differentially expressed genes associated
with the prognosis.

• This study constructed a combined gene-radiomics model incorporating
INHBB, KCNQ2, and UBQLNL genes.

• Thismodel exhibits potential clinical applications in CRCprognostic eval-
uation.
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