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Review Article 

Radiomic Prediction of CCND1 
Expression Levels and Prognosis in 

Low-grade Glioma Based on 
Magnetic Resonance Imaging

Kun Zhao1, Hui Zhang1, Jianyang Lin, Shoucheng Xu, Jianzhi Liu, Xianjing Qian, Yongbing Gu,  
Guoqiang Ren, Xinyu Lu, Baomin Chen, Deng Chen, Jun Yan, Jichun Ma, Wenxiang Wei,  

Yuanwei Wang

Ojectives: Low-grade glioma (LGG) is associated with increased mortality owing to recrudescence and the tendency for malignant 
transformation. Therefore, it is imperative to discover novel prognostic biomarkers as existing traditional prognostic biomarkers of 
glioma, including clinicopathological features and imaging examinations, are unable to meet the clinical demand for precision medicine. 
Accordingly, we aimed to evaluate the prognostic value of cyclin D1 (CCND1) expression levels and construct radiomic models to 
predict these levels in patients with LGG

Materials and Methods: A total of 412 LGG cases from The Cancer Genome Atlas (TCGA) were used for gene-based prognostic 
analysis. Using magnetic resonance imaging (MRI) images stored in The Cancer Imaging Archive with genomic data from TCGA, 149 
cases were selected for radiomics feature extraction and model construction. After feature extraction, the radiomic signature was 
constructed using logistic regression (LR) and support vector machine (SVM) analyses.

Results: CCND1 was identified as a prognosis-related gene with differential expression in tumor and normal samples and plays a role in 
regulating both the cell cycle and immune response. Landmark analysis revealed that high-expression levels of CCND1 were beneficial 
for survival (P < 0.05) in advanced LGG. Four optimal radiomics features were selected to construct radiomics models. The performance 
of LR and SVM achieved areas under the curve of 0.703 and 0.705, as well as 0.724 and 0.726 in the training and validation sets, 
respectively.

Conclusion: Elevated levels of CCND1 expression could impact the prognosis of patients with LGG. MRI-based radiomics, especially 
the AUC values, can serve as a novel tool for predicting CCND1 expression and understanding the correlation between 
elevated CCND1 expression and prognosis.

Availability of Data and Materials: The datasets analyzed during the current study are available in the TCGA, TCIA, UCSC XENA and 
GTEx repository, https://portal.gdc.cancer.gov/, https://www.cancerimagingarchive.net/, https://xenabrowser.net/datapages/, https:// 
www.gtexportal.org/home/.
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INTRODUCTION

G liomas are associated with poor prognosis, displaying 
high aggression, and are the most prevalent tumors in 
the central nervous system (1). According to the 

classification of gliomas (grade Ⅰ–Ⅳ) by the latest 2021 World 
Health Organization (WHO) Classification of Tumors of the 
Central Nervous System (2), adult low-grade gliomas (LGGs, 
grades II and III), which harbor an isocitrate dehydrogenase 
(IDH) mutation and a 1p/19q-codeletion, grow slowly due to 
their low potential for malignant transformation (3). Current 
treatments include surgery, chemotherapy, radiotherapy, and 
immunotherapy. However, disability and mortality are rela
tively high owing to the recrudescence and tendency for ma
lignant transformation (4,5). The classical prognostic biomarkers 
of gliomas are clinicopathological features, Ki67, IDH, and 
imaging examinations, such as computed tomography (CT) and 
magnetic resonance imaging (MRI). However, these bio
markers cannot satisfy the clinical demand for precision medi
cine. Therefore, new prognostic biomarkers must be identified, 
and patients must be stratified to identify novel indicators for 
individualized precision treatment.

Cyclin D1 (CCND1), the core gene of the cell cycle, is a 
frequently deregulated and relevant biomarker in certain tumors 
(6,7). During early G1 phase, CCND1 functions as either a 
promoter of cell cycle progression from G1 to S phase (8) or as a 
growth factor sensor. Cyclin-dependent kinase 4/6 (CDK4/6) 
activity is required for the cell cycle G1/S transition. CCND1 
binds to CDK4/6 to form a complex, which can phosphorylate 
the tyrosine residue 172 of CDK4/6 and activate the kinase 
activity of CDKs (9). CDK4/6 inhibitors (CDK4/6i) act against 
tumors, restrain Rb phosphorylation, and prevent cell cycle 
progression from G1 to S phases (10). Consequently, the cells 
became senile and apoptotic. In clinical trials (https://clinicaltrials. 
gov/ct2/home), CDK4/6i was identified as a suitable treatment 
for gliomas. Hence, CCND1 may be a prognostic or therapeutic 
biomarker for LGG.

Radiomics data are a high-throughput “image sequence” used 
to obtain a large number of imaging parameters, serving as a non- 
invasive, dynamic, and quantitative method to reflect tumor 
characteristics (11). CT, MRI, or digital radiography combined 
with other omics data and clinical characteristics into radiomics 
could benefit clinical decision-making. This approach can con
tribute to disease testing, assessment of therapeutic response, or 
determine a suitable conjecture for the possibility of disease 
progression and recurrence, death, and therapeutic schedule 
(12,13). Notably, radiogenomics is an emerging field that ex
plores the relationship between genomics and radiomics (14,15). 
MAP-MRI could estimate the IDH 1/2 mutations, WHO grade 
2/3, and chromosome 1p/19q combined deletion in adult-type 
diffuse gliomas (16). Using a deep learning method to analyze 
MRI radiomics data, researchers have confirmed that im
munophenotype-associated mRNA signatures (IMriskScore) can 
offer personalized immunotherapy protocols and estimate the 
1p/19q and IDH status (17) and patient prognosis (18–20). 
However, to date, studies demonstrating the use of radiomic 
features to predict CCND1 expression levels are lacking.

Therefore, we aimed to explore the relationship between 
CCND1 expression levels and the prognosis of patients with 
LGG using The Cancer Genome Atlas (TCGA) and The 
Cancer Imaging Archive (TCIA). Furthermore, based on 
MRI, we constructed radiomics models to predict CCND1 
expression levels, which could be used as a reference for 
clinical decisions and further studies.

METHODS

Study Design

This study was designed as a multi-factor exploratory study 
to probe and verify the heterogeneity of MRI radiomics 
features in LGG and reveal the underlying prognostic values 
of the biological mechanisms and heterogeneity (Fig 1).

Data Retrieval and Processing for This Study

Data for 199 LGG patients with enhanced MRI results 
(T1W1) were downloaded from TCIA database (www. 
cancerimagingarchive.net). The genomic data of 515 LGG 
patients were downloaded from TCGA database (por
tal.gdc.cancer.gov). Genomic data from 149 patients in 
TCGA were used to extract radiomic features and construct 
the model, and data from 412 patients were used to analyze 
the gene-based prognosis. The R package “survminer” (21)
was used to divide patients into high- and low-expression 
groups using a cutoff value of 4.55 for CCND1 expression. 
We prepared a radiomics model of CCND1 and explored its 
prognostic value.

The exclusion criteria were samples without survival data, 
samples without clinical data, samples with survival time <  1 
month, samples with poor image quality, and samples without 
enhanced T1W1 images. The inclusion criteria were as follows: 
samples of WHO grades II and III and samples with clinical and 
genomic data from TCGA. The detailed inclusion and exclusion 
criteria are shown in Table 1.

From UCSC XENA (xenabrowser.net/datapages), the ob
tained GBMLGG (glioma LGG) RNA sequencing (RNAseq) 
data in fragments per kilobase of transcript per million mapped 
fragments format were TCGA and GTEx (gtexportal.org/home) 
data processed by Using Toil flow unified (22). To compare the 
samples, the data were transformed to transcripts per million reads 
format via log2 and demonstrated in a boxplot using the R 
package “ggplot2” (23).

Survival Analysis

Every variate was subjected to survival analysis using the R 
packages “survival” (24) and “survminer” (21). Using Ka
plan–Meier (KM) survival curve analysis and the log-rank 
test, we showed the changes and significance of survival rates 
among the different groups. A survival rate of 50% was de
fined as the median survival time.

In the process of Cox regression and HR, the assumption of 
equal proportional risk should be satisfied, HR does not change 
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Figure 1. Workflow of this unsupervised analysis based on MRI radiomics features in the LGG patients. (a) Sample screening. (b) 
Radiomics analysis.
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significantly over time. In reality, the failure of proportional risk 
assumption often occurs during long-term follow-up. For ex
ample, some treatments have good clinical benefits in the initial 
period but become less effective over time. Landmark analysis, a 
statistical analysis method, could be used to analyze a specific 
point in time in studies. Landmark analysis plotted the KM curve 
in time periods, comparing the “early stage”(from diagnosis to 
time node (12, 18, …, 78, and 84 months)), and “late stage” 
(from time node to end of follow-up). In the KM curve analysis 
via landmarks, the abscissa is the survival time, and the ordinate is 
the mortality risk. Setting 12, 18, …, 78, and 84 months as time 
nodes after diagnosis of LGG, we used the R packages “jskm” 
(CRAN.R-project.org/package=jskm) and “survival” (24) to 
plot a KM curve via landmark analysis. In addition, “early grade” 
was defined from diagnosis to time nodes, and “advanced grade” 
was defined from time nodes to the end of follow-up.

Univariate and Multivariable Cox Analysis

Cox proportional hazards regression can be used to explore the 
relationship between one factor or more factors and survival 
outcomes. We used univariate Cox regression to perform an 
association analysis to explore the factors influencing overall 

survival (OS). Multivariate Cox regression was used to explore 
whether one independent factor or various factors would in
fluence OS. To identify significant factors, all meaningful 
variables identified using univariate Cox regression analysis 
[hazard ratio (HR) <  1] were subjected to multivariate analysis. 
We used the R packages “survival” (24) and “forestplot” 
(CRAN.R-project.org/package=forestplot) for these analyses.

Subgroup Analysis and Interaction Test

Based on univariate Cox regression, we used exploratory 
subgroup analysis to analyze the impact of the main variable 
(high vs. low CCND1 expression) on patient prognosis in 
every covariate subgroup. Furthermore, we analyzed the 
interactions between CCND1 and other covariates using the 
log-likelihood ratio test. We used the “cmprsk,” “survival,” 
and “forestplot” R packages for these analyses.

Correlation Analysis

Based on Spearman’s rank correlation coefficient, we ex
plored the correlation between CCND1 and clinical char
acteristics and presented the results using a correlation 
heat map.

TABLE 1. Clinical Characteristics of the Population with High and Low CCND1 Expression Group 

Variables Total (n = 412) Low (n = 242) High (n = 170) P value

Age, n (%) 1
∼40 198 (48) 116 (48) 82 (48)
41∼ 214 (52) 126 (52) 88 (52)

Gender, n (%) 0.228
Female 183 (44) 101 (42) 82 (48)
Male 229 (56) 141 (58) 88 (52)

Histology, n (%) 0.684
Oligodendroglioma 158 (38) 93 (38) 65 (38)
Astrocytoma 154 (37) 87 (36) 67 (39)
Oligoastrocytoma 100 (24) 62 (26) 38 (22)

Grade, n (%) <  0.001*
WHO II 194 (47) 134 (55) 60 (35)
WHO III 218 (53) 108 (45) 110 (65)

IDH_status, n (%) 0.057
WT 80 (19) 55 (23) 25 (15)
Mutant 332 (81) 187 (77) 145 (85)

Chr_1p_19q_codeletion, n (%) 0.65
Non-Codel 273 (66) 163 (67) 110 (65)
Codel 139 (34) 79 (33) 60 (35)

MGMT_promoter_status, n (%) 0.024*
Unmethylated 73 (18) 52 (21) 21 (12)
Methylated 339 (82) 190 (79) 149 (88)

Chemotherapy, n (%) 0.001*
NO 173 (42) 118 (49) 55 (32)
YES 239 (58) 124 (51) 115 (68)

Radiotherapy, n (%) 0.24
NO 185 (45) 115 (48) 70 (41)
YES 227 (55) 127 (52) 100 (59)

* P  <  0.05.   
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The Correlation Between CCND1 Expression and 
Immune Cell Infiltration

The gene expression matrix of the LGG samples uploaded to the 
ImmuCellAI database (bioinfo.life.hust.edu.cn/ImmuCellAI#!) 
was used to measure immune cell infiltration in each sample (25). 
Based on Spearman’s rank correlation coefficient, we explored 
the correlation between CCND1 expression and immune cell 
infiltration and presented the results using a correlation heat map.

Gene Set Variation Analysis (GSVA) Between Low and 
High CCND1 Expression

GSVA is a non-parametric, unsupervised analysis method to 
evaluate gene set enrichment in microarrays and tran
scriptomes (26). Based on the KEGG pathways and hallmark 
gene sets, GSVA was used to calculate the pathway enrich
ment score for each of the 412 LGG samples from TCGA- 
LGG. The R package “limma” (27,28) was used for differ
ential analysis of low and high CCND1 expression.

Segmentation and Radiomics Feature Extraction

By using the open-source software 3D Slicer, the MRI 
images were delineated through the Digital Imaging and 
Communications in Medicine (DICOM) format. Two ex
perienced radiologists reviewed all magnetic resonance 
imaging (MRI) scans independently to delineate the regions 
of interest (ROIs) slice-by-slice manually on enhanced MRI 
images. N4 bias field correction was employed on the MRI 
image to mitigate the impact of bias fields caused by the 
uneven signal intensity in the MRI image.

Before radiomic feature extraction, we resampled the 
voxel size of the VOI to 1 × 1 × 1 mm3 by way of the cubic 
interpolation to shorten feature value variability. Altogether, 
107 radiomics factors (RFs), including first-order and texture 
features (original), square root, shape, wavelet, exponential, 
log, square, lbp, logarithm and gradient features were ex
tracted for model construction and further analysis, using the 
open-source software (“pyradiomics” python package) (29). 
Based on the CCND1 threshold value (4.554), samples were 
divided into low- and high-expression groups. By inter
secting TCGA transcriptome data and TCIA radiomics data, 
149 TCGA-TCIA intersection samples were standardized 
via “pyradiomics”. Next, using the R packages “caret” and 
“CBCgrps” (30), we divided the data into training and va
lidation sets randomly at a ratio of 6:4 and analyzed the 
difference between them via z-score standardization (i.e., 
mean 0 and standard deviation 1).

Feature Selection

The maximum relevance, minimum redundancy (mRMR) 
screening feature considers the correlations between the 
features and the predicted variables, as well as the correlation 
between the features themselves. The metric used was mu
tual information. For the mRMR method, the correlation 
between feature subsets and categories was calculated as the 

mean of the information gain of each feature and category, 
while the redundancy among features was calculated as the 
sum of the mutual information among features divided by 
the square of the number of features in the subset.

Relief, a well-known filtration feature selection method, is a 
feature-weighting algorithm that ensures different weights for 
each feature according to its relevance and class. Features are 
removed when the weight is below a certain threshold. In the 
relief algorithm, the correlation between features and categories 
is based on the strength of the ability to distinguish close samples 
based on features. The larger the weight of the feature, the 
stronger its classification ability; conversely, a lower weight 
indicates a weaker classification ability.

To eliminate redundant radiomic features, we used the 
mRMR and Relief methods to optimize the feature selection.

Construction of the Radiomics Model

Based on variations in linear regression, the logistic regres
sion (LR) model is a generalized regression algorithm widely 
used in classification. The R package ‘stats’ was used to fit 
the screened radiomic features using the LR algorithm to 
construct a model for predicting gene expression.

Support vector machines (SVMs) with a Gaussian kernel 
were employed in the reduced feature space as the classifiers 
of choice to discriminate the two cohort groups. The ra
tionale for adopting SVMs as classifiers is primarily due to 
their ability to generate classification hyperplanes, so the 
margins between the hyperplane and the nearest instances of 
the classified sample categories are maximized. The basic 
principle of SVM is to divide different categories of data by 
finding a hyperplane in the data space. The selection of this 
hyperplane requires maximizing the distance from the sup
port vector to the hyperplane, that is, maximizing the width 
of the classification boundary. The R packages “stats” and 
“caret” were, respectively, used to fit the screened radiomics 
features with the LR algorithm and SVM to construct a 
model for predicting gene expression.

The radiomics model was evaluated using training and 
validation sets. The evaluation indexes were accuracy, spe
cificity, sensitivity, positive predictive value, and negative 
predictive value. The x-axis of the receiver operating char
acteristic curve was the false-positive rate, whereas the y-axis 
was the true-positive rate. A larger area under the curve 
(AUC) and a more convex curve to the upper-left corner 
indicated a better model effect. Calibration of the radiomics 
prediction model was evaluated by drawing the calibration 
curve and performing the Hosmer–Lemeshow goodness-of- 
fit test. The Brier score was used to quantify the compre
hensive performance of the radiomic prediction model. A 
Brier score closer to 0 indicated more consistent model 
prediction. The degree of clinical benefit of the radiomic 
prediction model was determined by drawing a decision 
curve (DCA). The DeLong test was used to compare the 
AUC values of the training and validation sets to determine 
the condition of fit. The radiomics model score was used to 
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predict the probability of gene expression. A Wilcoxon test 
was used to compare the radiomics scores (RSs) between the 
high and low CCND1 expression groups.

Intraclass Correlation Coefficient (ICC)

ICC was used to evaluate the consistency of radiomic fea
tures extracted from volume of interest delineated by two 
radiologists (31). First, one radiologist delineated all patient 
images. Another radiologist delineated 20 randomly selected 
samples and extracted the radiomics features. ICC ≥ 0.80 was 
typically considered an optimal agreement; 0.51–0.79, con
sidered moderate agreement; and <  0.50, considered poor 
agreement (31). The correlation between CCND1 and im
mune-related genes was analyzed based on SVM model 
prediction.

Statistical Analysis

All statistical analyses were conducted using R version 4.0.0 
(https://www.r-project.org). P  <  0.05 was considered sta
tistically significant.

RESULTS

Patient Characteristics

A total of 412 patients from TCGA were included in this study; 
among them, 170 patients belonged to the high CCND1 ex
pression group and 242 patients to the low CCND1 expression 
group. The baseline clinical data of the two groups were com
pared (Table 1). We observed that WHO grade (P  <  0.001), 6- 
oxo-methylguanine DNA methyltransferase (MGMT) promoter 
status (P = 0.024), and chemotherapy (P = 0.001) had a sig
nificant difference, whereas age, sex, and IDH status had no 
significance (P ≥ 0.05).

Differences and Survival Analysis of CCND1 and Clinical 
Features

First, compared to normal tissues, CCDN1 expression was 
significantly higher (P  <  0.001) in LGG tissues (Fig 2a). The 
median survival time was 81.1 and 76.2 months for patients 
with low and high CCND1 expression, respectively. The 
KM results demonstrated that a high CCND1 expression 
level was related to OS in most curves, but this was not 
statistically significant (P = 0.117) (Fig 2b). However, 12, 18, 
……, 78, or 84 months after diagnosis was used as a land
mark, and univariate landmark analysis of survival was used 
to assess the survival difference between the early- and late- 
period LGG. The KM curve demonstrated that when 78 or 
84 months were used as landmarks, there was no significant 
difference between the low- and high-CCND1 group 
(P  <  0.05) in the early period, but the difference in the later 
period was significant (P  <  0.05) (Fig 2c–d). Thus, CCND1 
mainly affects LGG development in the later period.

We further explored whether the clinical features had an 
effect on patient survival. We found that only WHO grade 
was significantly related to OS (P = 0.029) (Fig 2e).

Univariate and Multivariate Cox Regression Analysis

Univariate Cox regression analysis revealed that high CCND1 
expression was a protective factor for OS (HR = 0.729, 95% 
CI: 0.491–1.084), but no significant correlation was observed 
(P = 0.118). The grade was a risk factor for OS (HR = 1.54, 
95% CI: 1.042–2.278), and a significant correlation was observed 
between grade and clinical outcomes (P = 0.03). However, both 
CCND1 and tumor grade were independent positive prognostic 
factors in multivariate Cox regression analysis (P  <  0.05). The 
other covariates were not significantly correlated with clinical 
outcomes (Fig 3a).

Subgroup Analysis and Interactive Effect

Subgroup analysis was performed to explore the influence of 
the covariates. In WHO grade II, high CCND1 expression 
was a protective factor for OS (HR = 0.862, 95% CI: 
0.402–1.847); however, we observed no significant corre
lation (P = 0.7). Nevertheless, in WHO grade III, high 
CCND1 expression was a protective factor for OS 
(HR = 0.555, 95% CI: 0.343–898), which was significantly 
correlated with clinical outcomes (P = 0.016). In WHO 
grade III, tumor grade had no significant interactive effect on 
the correction of CCND1 and OS in LGG patients 
(P = 0.38). Other covariates had no significant correlation 
with clinical outcomes, nor did they have an interactive 
effect on the correction of CCND1 and OS (Fig 3b)..

Correlation Between CCND1 and Clinical Features

Counterintuitively, CCND1 expression level correlated 
positively with chemotherapy (P  <  0.01), grade (P  <  0.01), 
IDH status (P  <  0.05), MGMT promoter status (P  <  0.05), 
and radiotherapy (P  <  0.05) in LGG.

Correlation Between CCND1 and Immune Infiltration

As demonstrated in Figure 5, 11 immune cell types showed 
significance in the correlation analysis between CCND1 and 
immune infiltration (P  <  0.05). Specifically, natural killer T, 
gamma delta T, central memory, and effector memory cells 
were positively correlated with CCND1 (cor > 0). Alter
natively, B cells, Tr1 cells, monocytes, DCs, CD4+ T cells, 
iTregs, and exhausted cells were negatively correlated with 
CCND1 expression (cor < 0).

Gene Set Variation Analysis

Based on the high and low CCND1 expression levels in 
LGG, we analyzed the enrichment of DEGs. In the KEGG 
gene set (Fig 6a), we observed significant enrichment of 
pathways such as the PPAR signaling pathway among sam
ples with high CCND1 expression. Conversely, low 
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Figure 2. Comparison of the CCDN1 and survival analysis of CCDN1 and clinical features. (a) Difference of CCDN1 expression between 
normal tissues in GTEx and LGG tissues in TCGA. (b) survival analysis of high- and low- expression of CCDN1. (c–d) Univariate landmark 
analysis of high- and low- expression of CCDN1. (e) survival analysis of clinical features (age, chemotherapy, Grade, etc.) of LGG. *P  <  0.05, 
* * P  <  0.01, * ** P  <  0.001.
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CCND1 expression was associated with significant enrich
ment in pathways related to, cell cycle and DNA repair, 
among others. In the hallmark gene set (Fig 6b), we observed 
that high CCND1 expression significantly enriched the 
KRAS signaling pathway, while low expression of CCND1 
was associated with significant enrichment in pathways re
lated to DNA repair and E2F target signaling. Overall, in 
both the KEGG and hallmark gene sets, low expression of 
CCND1 significantly enriched seven signaling pathways: 
apoptosis, DNA repair, MTORC1 signaling, Notch 

signaling, p53 pathway, TGF beta signaling, and WNT/ 
beta-catenin signaling.

Clinicopathologic Characteristics of Participants 
Involved in Radiomics Analysis

Radiomics Feature Extraction, Model Establishment Consistency 
Evaluation, Feature Selection, and Construction of the Radiomics 
Model
Using PyRadiomics (29), we performed radiomics feature ex
traction and ICC. The interobserver ICC was ≥ 0.8, 0.5–0.79, 

Figure 3. Forest plot of Cox regression analysis, subgroup analysis and interaction. (a) Forest plot of Univariate and multivariate Cox 
regression analysis. The model incorporated the CCND1, Grade, age, gender, histology, IDH_status, 1p-19q, MGMT, Chemotherapy, and 
Radiotherapy. When demonstrating the HR of CCND1, we had adjusted the other factors excluding CCND1; and when demonstrating the HR 
of Grade, we had adjusted the other factors excluding Grade. (b) Forest plot of subgroup analysis and interaction. *P  <  0.05, * * P  <  0.01.
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and <  0.5 for 91, 15, and 1 of the features, respectively. Sub
sequently, using mRMR and the relief algorithm, we per
formed the top 20 features, and obtained five features 
(ngtdm_Busyness, firstorder_Kurtosis, glcm_Imc2, glszm_Si
zeZoneNonUniformity, ngtdm_Complexity) by intersection 

(Fig 7, Table 3). The data were divided into training (90) and 
verification (59) sets. In the analysis of differences in each 
variable between groups, P  >  0.05 indicated comparability 
between the training and validation sets (Table 2).

In the training set, the radiomics model was constructed using 
the LR algorithm and used to analyze the importance of the 
selected features (Fig 8a, Table 3), whose ICC values were all 
>  0.8, with good consistency. Subsequently, the receiver oper
ating characteristic curve was used to evaluate the radiomics 
model, and the AUC values were 0.703 and 0.705 for the 
training and validation sets, respectively (Fig 8b–c). We com
pared the AUC values between the training and validation sets 
and found no significant differences (P = 0.978). Furthermore, 
the calibration curve analysis and Hosmer–Lemeshow goodness- 
of-fit were consistent with the true values (P  >  0.05) (Fig 8d–g). 
The DCA model demonstrated clinical practicability. In addi
tion, compared with the low CCND1 expression group, the 
high CCND1 expression group was significantly higher 
(P  <  0.01) in both the training and validation sets (Fig 8h–i).

To determine the reliability of the radiomics model, we used 
the SVM algorithm to conduct radiomics and analyze the im
portance of the selected features (Fig 9a, Table 3). In the training 
and validation sets, AUC values were 0.724 and 0.726, respec
tively, (Fig 9b–c), which were higher than those in the LR. We 

Figure 4. Correlation analysis between CCND1 and clinical 
features in LGG. Light orange represents positive correlation, 
light green represents negative correlation. *P  <  0.05, 
* * P  <  0.01. (Color version of figure is available online.)

Figure 5. Correlation analysis between CCND1 and immune infiltration in LGG in the ImmuCellAI database. Light orange represents po
sitive correlation, light green represents negative correlation. *P  <  0.05, * * P  <  0.01. (Color version of figure is available online.)
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also compared the AUC values between the training and vali
dation sets and found no significant differences (P = 0.986). 
Furthermore, we observed equivalent predictions of the two 
models by comparing the AUC values between the LR and 
SVM in the training and validation sets (P = 0.153, 0.346). 

Furthermore, the calibration curve analysis and Hosmer–Leme
show goodness-of-fit were consistent with the true values 
(P  >  0.05) (Fig 9d–g). The DCA model demonstrated clinical 
practicability. In addition, compared with the low CCND1 
expression group, the high-expression group was significantly 
higher in both the training and validation sets (P  <  0.001, 0.01, 
respectively) (Fig 9h–i). In summary, the radiomics model pre
dicted by the SVM was superior to that predicted by LR.

Correlation of Radiomics Model with CCND1 and Immune- 
Related Genes
As shown in Figure 10 and Table 4, CCND1 was positively 
correlated with RS (cor = 0.36, P  <  0.001), and nine genes 
were significantly correlated with CCND1 and immune-re
lated genes (P  <  0.05). Namely, CD28, TNFRSF9, LAG3, 
CD276, and NRP1 were positively correlated with CCND1 
expression (cor > 0). Additionally, HHLA2, TNFRSF14, 
CD200R1, and ICOSLG were negatively correlated with 
CCND1 (cor < 0). Three genes were significantly correlated 

Figure 6. GSVA (gene set variation analysis). (a) GSVA in KEGG gene set. (b) GSVA in Hallmarker gene set. Light orange represents positive 
correlation, light green represents negative correlation. (Color version of figure is available online.)

Figure 7. Features selection.

ZHAO ET AL  Academic Radiology, Vol xx, No xx, xxxx xxxx 

10 10



with RS and immune-related genes (P  <  0.05). TNFRSF8, 
TNFRSF9, and CCND1 were positively correlated with 
CCND1 (cor > 0). In addition, TIGIT was negatively cor
related with CCND1 (cor < 0). We observed that TNFRSF9 
was correlated with CCND1 (cor = 0.24, P  <  0.01), as well 
as with RS (cor = 0.30, P  <  0.001).

DISCUSSION

We evaluated CCND1 expression levels and their clinical 
prognostic value in patients with LGG by analyzing MRI images 
in the TCIA database. Our results demonstrated that MRI fea
tures are associated with differences in CCND1 expression levels 
in LGG, implying that supererogatory gene information could be 
explored from radiomics analysis of MRI images. The machine 
learning models improved accuracy by incorporating clinical and 
radiomic MRI parameters.

Owing to the LGG subtype, the median OS ranges from 
11.7 to 19.9 years (32); thus, further prognostic information 
must be considered. According to the 6th edition of the 
WHO classification of central nervous system tumors (2), a 
comprehensive and integrated diagnosis of LGG necessitates 
a combination of diagnostic features drawn from relevant 
histological, immunochemical, molecular, and other ab
normalities. Silencing CCND1 may benefit liver cancer 
therapy, serving as a marker for liver cancer stem cells 
(33,34). Moreover, CCND1, which may promote tumor 
development and regeneration, has been actively investigated 
in various types of tumors, including breast, melanoma, 
bladder, and thyroid cancer (9,35–38). The CCND1 G870A 
polymorphism has been associated with a potentially in
creased risk of gliomas in the Chinese population (39). Our 
research focused on the significance and role of CCND1 in 
LGG. We found that high CCND1 expression levels are 
linked to poorer prognosis in patients with advanced LGG 

TABLE 2. Clinical Characteristics of the Population with High and Low Radiomics Score Groups 

Variables Total (n = 149) Train (n = 90) Validation (n = 59) P value

CCND1, n (%) 1
Low 90 (60) 54 (60) 36 (61)
High 59 (40) 36 (40) 23 (39)

Age, n (%) 0.54
∼40 69 (46) 44 (49) 25 (42)
41∼ 80 (54) 46 (51) 34 (58)

Gender, n (%) 0.892
Female 76 (51) 45 (50) 31 (53)
Male 73 (49) 45 (50) 28 (47)

Histology, n (%) 0.528
Astrocytoma 50 (34) 30 (33) 20 (34)
Oligoastrocytoma 34 (23) 18 (20) 16 (27)
Oligodendroglioma 65 (44) 42 (47) 23 (39)

Grade, n (%) 0.348
WHO II 75 (50) 42 (47) 33 (56)
WHO III 74 (50) 48 (53) 26 (44)

IDH_status, n (%) 0.735
Mutant 117 (79) 72 (80) 45 (76)
WT 32 (21) 18 (20) 14 (24)

Chr_1p_19q_codeletion, n (%) 0.244
Codel 42 (28) 29 (32) 13 (22)
Non-Codel 107 (72) 61 (68) 46 (78)

MGMT_promoter_status, n (%) 1
Methylated 119 (80) 72 (80) 47 (80)
Unmethylated 30 (20) 18 (20) 12 (20)

Chemotherapy, n (%) 0.421
NO 56 (38) 31 (34) 25 (42)
YES 93 (62) 59 (66) 34 (58)

Radiotherapy, n (%) 0.712
NO 57 (38) 36 (40) 21 (36)
YES 92 (62) 54 (60) 38 (64)

OS, n (%) 1
Alive 119 (80) 72 (80) 47 (80)
Dead 30 (20) 18 (20) 12 (20)
OS.time, Median (Q1,Q3) 22.37 (13.8, 40.43) 20.83 (13.83, 37.81) 24.13 (13.23, 46.12) 0.357
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(P  <  0.05) using landmark analysis of 412 samples from 
TCGA. Furthermore, we demonstrated that CCND1 ex
pression is correlated with chemotherapy, tumor grade, 

IDH_status, MGMT_promoter_status, and radiotherapy. 
Thus, an in-depth study of the role of CCND1 in LGG 
could be important to patient therapy.

MRI, a method that lacks objectivity and quantification, 
depends on morphological characteristics for diagnosis. 
Radiomics /can minimize high-throughput data from 
medical images, recognize deep information that cannot be 
observed with the naked eye, and perform quantitative 
analyses. By distilling the MRI image features in bladder 
cancer using radiomics, the AUC of the predictive model for 
muscle invasion was 0.920 in the training cohort and 0.844 
in the test cohort (40). According to dynamic contrast 

Figure 8. Construction and evaluation of the LR radiomics models. (a) Importance of the selected features in the model. (b–c) ROC curve 
analysis of the radiomics model. (d–e) Calibration-curve analysis of the radiomics model. (f–g) Hosmer–Lemeshow goodness-of-fit testing of 
the radiomics model. (h–i) Association between RS and CCND1 expression. Light orange represents positive correlation, light green re
presents negative correlation. *P  <  0.05, * * P  <  0.01, * ** P  <  0.001. (Color version of figure is available online.)

TABLE 3. Radiomics Features 

Item Importance

ngtdm_Busyness 1.353484245
firstorder_Kurtosis 1.031935343
glcm_Imc2 0.518207678
glszm_SizeZoneNonUniformity 0.606335873
ngtdm_Complexity 1.983987285

ZHAO ET AL  Academic Radiology, Vol xx, No xx, xxxx xxxx 

12 12



enhanced-MRI and apparent diffusion coefficient maps, 
radiomics features can be used as imaging biomarkers to 
confirm Ki-67 status in patients with breast cancer (41). 
Based on multi-parametric MRI, a radiomic nomogram can 
predict the tumor grade to guide the dilation and surgery 
model in endometrial cancer (42). The multi-layer percep
tron model, including clinical features, mutation status of the 
epidermal growth factor receptor, and radiomics, effectively 
predicted the risk of death, which can promote the in
dividualized management of patients with lung cancer and 
brain metastases (43). However, we referred to existing 

models of LGG. The AUC of 14 gene signatures was greater 
than 0.70 for survival rates (1-, 3-, 5-year) (44). The AUC of 
risk score based on CIA-II (anti-silencing function 1 B) was 
greater than 0.70 for survival rates (1-, 3-, 5-year) (45). The 
AUC of ZNF480 (Zinc Finger Protein 480) was greater than 
0.59 (46). We observed that the AUC scores of model 
prediction were not exceptionally high, with values ex
ceeding 0.70 considered relatively convincing. In the present 
study, based on low and high CCND1 expression levels, five 
radiomic features were selected via mRMR and relief to 
construct the LR and SVM models. In both models, the 

Figure 9. Construction and evaluation of the SVM radiomics models. (a) Importance of the selected features in the model. (b–c) ROC curve 
analysis of the radiomics model. (d–e) Calibration-curve analysis of the radiomics model. (f–g) Hosmer–Lemeshow goodness-of-fit testing of 
the radiomics model. (h–i) Association between RS and CCND1 expression. Light orange represents positive correlation, light green re
presents negative correlation. *P  <  0.05, * * P  <  0.01, * ** P  <  0.001. (Color version of figure is available online.)
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AUC of the radiomics features was >  0.70; moreover, both 
LR and SVM exhibited acceptable consistency and diag
nostic efficacy. Furthermore, our study based on MRI was 
low-cost, replicate, and non-invasive. Collectively, these 
findings suggest that the combination of radiomics and 
molecular features will be a trend for future research.

Based on radiomics features and clinical characteristics, 
Chen et al. (47) built a combined survival model to help 
patients with advanced gastric cancer in future clinical de
cision-making. Boot et al. (48) developed a predictive model 
to forecast human papillomavirus status with acceptable 
performance and improve survival prediction. Ming et al. 
(49) observed that imaging subtypes might serve as potential 
biomarkers. Wan et al. (50) demonstrated the radiographic 
models, based on radiomic and radiographic features, gave 
evidence of predicting DNA copy-number, especially DNA 
copy-number 2. In this study, we built prognostic models 
based on clinical and radiomics features for survival analysis 
of patients with LGG. Landmark analysis revealed that the 

high CCND1 expression group in advanced LGG sig
nificantly differed from the low-expression group 
(P  <  0.05), showing survival benefits. Moreover, compared 
with the WHO III group, the WHO Ⅱ group was sig
nificantly different (P = 0.029) in terms of survival. In ad
dition, the high CCND1 expression group was significantly 
higher than the low-expression group (P  <  0.05) based on 
the RS in the LR and SVM models. Our findings suggest 
that while the clinical model alone has good prognostic 
power, the model combining radiomic features with 
CCND1 has a better clinical value.

Although radiomics models work well, our study has 
several limitations that may provide directions for future 
studies. First, all the data were obtained from public datasets 
(TCGA and TCIA), and the images were inevitably variable 
in quality, which may have influenced the analysis. Second, 
we only conducted research on CCND1; other biomarkers, 
such as CCND2 and CDK1, are worthy of further study. 
Third, this research was a retrospective study with 149 

Figure 10. Correlation analysis of RS, CCND1 expression, and expression of immune genes expression. *P  <  0.05, * *P  <  0.01, 
* **P  <  0.001, * ** *P  <  0.0001.
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samples from TCIA; therefore, its generalizability must be 
further validated. Finally, radiomics analysis was based on 
manual segmentation by two radiologists. In other words, 
automated technology should be developed in further re
search to improve the reproducibility of radiomics analysis 
and reduce operator error.

CONCLUSION

In conclusion, CCND1 expression levels could significantly 
influence the prediction and prognosis of patients with LGG. 
We constructed two radiomics-based models to effectively 
predict CCND1 expression levels. Therefore, our model can 
be widely used as an effective method for non-invasive 
tumor characterization.
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