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ARTICLE INFO ABSTRACT

Keywords: Background: Cluster of differentiation 38 (CD38) has been found to be highly expressed in various
CD38 solid tumours, and its expression level may be associated with patient prognosis and survival. This
Epithelial ovarian cancer study aimed to evaluate the prognostic value of CD38 expression for patients with epithelial
E;dlomlcs ovarian cancer (EOC) and construct two computed tomography (CT)-based radiomics models for
Survival predicting CD38 expression.

Prognosis Methods: A total of 333 cases of EOC were enrolled from The Cancer Genome Atlas (TCGA)

database for CD38-related bioinformatics and survival analysis. A total of 56 intersection cases
from TCGA and The Cancer Imaging Archive (TCIA) databases were selected for radiomics feature
extraction and model construction. Logistic regression (LR) and support vector machine (SVM)
models were constructed and internally validated using 5-fold cross-validation to assess the
performance of the models for CD38 expression levels.

Results: High CD38 expression was an independent protective factor (HR = 0.540) for overall
survival (OS) in EOC patients. Five radiomics features based on CT images were selected to build
models for the prediction of CD38 expression. In the training and internal validation sets, for the
receiver operating characteristic (ROC) curve, the LR model reached an area under the curve
(AUC) of 0.739 and 0.732, while the SVM model achieved AUC values of 0.741 and 0.700,
respectively. For the precision-recall (PR) curve, the LR and SVM models demonstrated an AUC of
0.760 and 0.721. The calibration curves and decision curve analysis (DCA) provided evidence
supporting the fitness and net benefit of the models.

Abbreviations: CD38, Cluster of differentiation 38; EOC, Epithelial ovarian cancer; CT, Computed tomography; TCGA, The Cancer Genome Atlas;
TCIA, The Cancer Imaging Archive; LR, Logistic regression; SVM, Support vector machine; OS, Overall survival; ROC, Receiver operating charac-
teristic; AUC, Area under the curve; PR Curve, Precision-recall curve; DCA, Decision curve analysis; CA 125, Carbohydrate antigen 125; HE 4,
Human epididymis protein 4; MRI, Magnetic resonance imaging; DFS, Disease-free survival; mRNA, Message ribonucleic acid; RNA-seq, Ribonucleic
acid sequencing; OC, Ovarian cancer; OSC, Ovarian serous cystadenocarcinoma; FIGO, International Federation of Gynecology and Obstetrics; GTEx
database, Genotype-tissue expression database; GSEA, Gene set enrichment analysis; KEGG, The Kyoto Encyclopedia of Genes and Genomes; VOIs,
The volumes of interest; ICC, Intraclass correlation coefficient; mRMR, Maximum relevance minimum redundancy; AIC, Akaike information cri-
terion; Rad_score, Radiomics score; NK cell, Natural killer cell; DC, Dendritic cell; y3T cell, Gamma-delta T cell; MAPK, signalling pathway, Mitogen-
activated protein kinase signalling pathway..
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Conclusions: High levels of CD38 expression can improve OS in EOC patients. CT-based radiomics
models can be a new predictive tool for CD38 expression, offering possibilities for individualised
survival assessment for patients with EOC.

1. Background

Epithelial ovarian cancer (EOC) is the most common type of ovarian malignancy, accounting for over 95 % of cases [1]. Annually,
approximately 230,000 women are diagnosed with EOC, with more than 75 % of patients being diagnosed at an advanced stage.
Furthermore, this disease claims the lives of around 150,000 patients per year worldwide [2]. The standard treatment for EOC involves
surgical intervention followed by platinum-based adjuvant chemotherapy. However, in recent years, advances in immunotherapy and
targeted therapy have emerged as promising treatment options [3]. Despite these advances, the average 5-year survival rate for EOC
patients remains below 50 %, especially for those diagnosed at an advanced stage, where the 5-year survival rate is a mere 29 % [1,2].
Moreover, the prognosis and survival outcomes vary significantly among individuals [2,4], attributed to the considerable heteroge-
neity observed both among patients and within tumours [1,2]. The current diagnostic and prognostic indicators of EOC, including
clinical and pathological characteristics [5], serum markers, such as carbohydrate antigen 125 (CA125) and human epididymis protein
4 (HE4) [6], and traditional techniques, such as ultrasound, computed tomography (CT), and magnetic resonance imaging (MRI), are
inadequate to meet the clinical demands of precision medicine [7]. Consequently, there is a pressing need to explore novel prognostic
indicators that can facilitate the early and effective assessment of patients and support clinical decision-making.

The cluster of differentiation 38 (CD38) protein encoded by the CD38 gene is a non-lineage-restricted type II transmembrane
glycoprotein that synthesises and hydrolyses cyclic adenosine 5'-diphosphate ribose, serving as an intracellular calcium mobilisation
regulator. CD38 is expressed on the surface of various immune cells, promoting immune cell activation, proliferation, and adhesion
[81, as well as exerting certain regulatory effects on tumour development [9]. Studies have found that CD38 is also highly expressed in
lymphoid neoplasm cells, especially multiple myeloma (MM) [10], and solid tumour cells, such as head and neck squamous cell
carcinoma [11], cervical cancer [12], and prostate cancer [13]. Furthermore, it has been confirmed to be associated with immune cell
infiltration and tumour metabolism regulation [9]. Furthermore, Zhu et al. [14] found that CD38 expression in EOC tissues was higher
than in normal tissues, and high CD38 expression has been reported to be associated with longer disease-free survival (DFS) in EOC
patients. The biological associations of CD38 with EOC were also investigated by several studies, revealing that increased CD38
expression is associated with the enrichment of antitumor immune gene signatures in various categories, including immune response,
lymphocyte activation, regulation of T cell-mediated immunity, and NK cell-mediated cytotoxicity, among EOC patients [14].
Furthermore, heightened CD38 expression showed a positive correlation with the infiltration of tumour-infiltrating lymphocytes, such
as CD8™ T cells, CD4™ T cells, and B cells, in the EOC microenvironment, indicative of a potential contribution to the modulation of
antitumor immunity [15,16]. Therefore, CD38 shows potential as both a biomarker for EOC prognosis and as a therapeutic target [17,
18]. However, the currently available methods for detecting the CD38 protein or messenger ribonucleic acid (mRNA), which include
peripheral blood cytokine detection, flow cytometry, ribonucleic acid sequencing (RNA-seq), and pathological immunohistochemistry,
although mature and accurate, have drawbacks that make them unsuitable for frequent clinical application. These include inva-
siveness, operational complexity, relatively high costs, and an inability to comprehensively reflect the expression profile of tumour
tissues. Therefore, there is a need to develop non-invasive and efficient methods that are able to reflect molecular expression levels in
the whole tumour.

Currently, CT is one of the most commonly used imaging methods for the diagnosis, staging, and follow-up of ovarian cancer (OC)
[7]. CT images are easily accessible and provide valuable information on the morphology of lesions, their surrounding infiltration, and
the extent of metastasis. However, traditional imaging methods, such as CT and MRI, rely on visual identification and have limitations
in providing comprehensive information [19]. Radiomics, on the other hand, has the potential to overcome these limitations by
converting conventional medical image information into high-dimensional data that can be analysed quantitatively. Radiomics pro-
vides a wide range of quantitative features based on intensity, shape, volume, and texture, which are closely related to molecular-level
characteristics and the tumour microenvironment [19]. This methodology has been successfully applied in various disease states for
diagnosis, prognosis evaluation, pathological classification, and staging [20-23]. In recent years, there has been growing interest in
using radiomics to predict the expression levels of relevant disease molecular biomarkers and disease prognosis, showing potential
promising clinical applications [24-27].

In this context, this study aims to investigate the correlation between CD38 expression levels and the survival status of patients with
EOC, as well as explore preliminary potential mechanisms and immune microenvironment associations. Furthermore, we constructed
two radiomics machine learning prediction models based on CT images to assess their feasibility for non-invasively predicting CD38
expression levels in the entire EOC tumour. These models also can indirectly reflect the prognosis and survival of patients with EOC.

2. Methods
2.1. Data acquisition

Transcriptome sequencing data, including clinical and follow-up data, were obtained from The Cancer Genome Atlas (TCGA)
database (https://portal.gdc.cancer.gov/) to investigate the bioinformatics features associated with CD38 and its prognostic value for
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patient survival. The inclusion criteria for the study were as follows: (1) patients with primary treatment ovarian serous cys-
tadenocarcinoma (OSC), which is the main subtype of EOC [2]; (2) availability of RNA-seq data from the primary solid tumour. By
contrast, the exclusion criteria were as follows: (1) cases that were not the primary treatment cases; (2) cases lacking survival status or
follow-up time data; (3) data with a follow-up duration of less than 30 days; (4) cases lacking essential information, such as unknown
pathological International Federation of Gynecology and Obstetrics (FIGO) staging, unknown pathological grading, or absence of
RNA-seq results. Furthermore, cases with unclear identification of the solid primary tumour were also excluded. For survival analysis,
the following seven variables were included as covariates: age (<60 years vs > 60 years), chemotherapy (yes vs. no), FIGO stage (I/1I
vs. Il vs. IV), lymphatic invasion (yes vs. no vs. unknown), tumour histological grade (G1/G2 vs. G3/G4), tumour residual disease (no
macroscopic disease vs. 1-10 mm vs. >11 mm vs. unknown), and vascular invasion (yes vs. no vs. unknown).

The plain and enhanced abdominal CT imaging data, including clinical and follow-up data, were downloaded from The Cancer
Imaging Archive (TCIA) database (https://www.cancerimagingarchive.net/). The inclusion criteria involved abdominal CT imaging
data that intersected with the selected TCGA database cases. The exclusion criteria were applied to remove imaging data with
inadequate image quality, defined as images with significant artefacts or poor resolution. The final data set including TCGA-TCIA
intersecting data was used for extracting the radiomic features and constructing the prediction models.

2.2. CD38-related bioinformatics and survival analysis

The optimal cut-off value for the CD38 mRNA expression levels was calculated by identifying significant differences (corresponding
to the minimum P-value) in the survival analysis using the “survminer” package in R (version 4.2.1). The data were then divided into
high- and low-expression groups, which were labelled as cD38M8h and CD38"v, respectively. After processing through the Toil
pipeline [28], the RNA data in TPM format for EOC from the TCGA dataset, along with the RNA data of corresponding normal tissue
from the Genotype-tissue expression (GTEx) database, were downloaded and extracted from UCSC XENA (https://xenabrowser.net/
datapages/). The “limma” package in R was used to compare differences in expression between the CD38 and EOC tissues and normal
tissues.

The gene expression matrix of the EOC RNA-seq data was analysed using the ImmuCellAl database (http://bioinfo.life.hust.edu.cn/
ImmuCellAl/#!/) to assess immune cell infiltration status. The differential immune cell infiltration between the CcD38"8M and cp3gle™
groups was compared. The “clusterProfiler” package in R was used to perform gene set enrichment analysis (GSEA) on the Kyoto
Encyclopedia of Genes and Genomes (KEGG) and Hallmark gene sets. A bar plot visualising the top 30 enriched pathways was
generated. Additionally, the correlation between CD38 expression and apoptosis genes was also investigated.

The main outcome for clinical prognosis analysis was overall survival (OS). The “survival” package in R was used to plot evaluate
Kaplan-Meier survival curves, followed by the evaluation of the survival rates of CD38"#" and CD38!°" groups. The difference in the
survival rates between the two groups was assessed using the log-rank test. The “survival” package in R was also used to conduct
univariate and multivariate Cox regression analyses, investigating the impact of various factors on the OS.

2.3. Images segmentation and radiomics feature extraction

The CT images were resampled to 1 x 1 x 1 mm? pixels to achieve isotropic resolution. The images were then standardised to
minimise discrepancies in grayscale values resulting from image acquisition on different machines.

Lesion segmentation was performed using 3D Slicer software (version 4.10.2; https://www.slicer.org/). A radiologist (H Liu) with
12 years of expertise in gynaecological imaging diagnosis, blinded to the CD38 expression levels and other clinical data, manually
delineated the lesions layer by layer. Then, a random group of 10 cases was selected using the “random number table method” for
secondary delineation by a senior radiologist (HJ Zhang) with 18 years of experience. The open-source “Pyradiomics” package
(https://pyradiomics.readthedocs.io/en/latest) based on Python (version 3.7.4, https://www.python.org/downloads/) was employed
to extract radiomic features. The extracted radiomic features were Z-score standardised using the “caret” package in R. The consistency
of the radiomic features extracted from the volumes of interest (VOIs) delineated by the two radiologists was evaluated using the
intraclass correlation coefficient (ICC) with the “irr” package in R. Features with an ICC >0.80 were selected for further selection.

2.4. Radiomics feature selection

Features with an ICC of 0.80 or higher were included. The maximum relevance minimum redundancy (mRMR) algorithm was used
to select the 10 features with the highest relevance to the classification variable while minimising redundancy among features. Next,
we utilised the stepwise regression algorithm with the Akaike information criterion (AIC) for further features selection. Finally, the
selected features were included in the final set of radiomics features.

2.5. Construction and evaluation of prediction models

Two radiomics prediction models, logistic regression (LR) model and support vector machine (SVM) model, were constructed. The
sigmoid function was used to map the linear combination of selected radiomics features to a value between 0 and 1, allowing for the
establishment of a binary classification model for predicting CD38 expression. The “stats” package in R was used to establish the LR
model.

On the other hand, the SVM algorithm utilises support vectors to find a hyperplane in high-dimensional space. This hyperplane
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maximises the margin between the classification hyperplane and support vectors, thereby identifying the optimal decision boundary.
The “caret” package in R was used to model the selected radiomics features using SVM.

The performance of the LR and SVM radiomics models was assessed using 5-fold cross-validation. The receiver operating char-
acteristic (ROC) curve was plotted and area under the curve (AUC) was calculated to evaluate the diagnostic performance. A precision-
recall (PR) curve was also generated to assess the discriminative and diagnostic ability, with the corresponding AUC values. Calibration
curves were plotted and the Hosmer-Lemeshow goodness-of-fit test was used to evaluate the calibration degree of the predicted and
observed results. Decision curve analysis (DCA) was performed to assess the clinical utility. The AUC values of the models before and
after cross-validation were compared using the DeLong test. The analyses were conducted using the “pROC”, “measures”, “Resour-
ceSelection”, “rms”, and “rmda” packages in R.

The LR and SVM radiomics models output the probability of CD38 expression level, which was then used as the radiomics score
(Rad_score). Then, the difference in the Rad_scores between the cD38MeM and cD38!™ groups was evaluated.

2.6. Statistical analysis

Numerical data were reported as the mean + standard deviation, while categorical data were presented as frequencies and per-
centages. The baseline characteristics of categorical variables were compared using the Chi-square test, whereas continuous variables
were compared using the Wilcoxon test. The correlation between two factors was analysed using Spearman’s correlation coefficient.
The differences in quantitative data between two groups were compared using the Wilcoxon test. Statistical analysis was conducted
using R software (version 4.2.1).

3. Results
3.1. Baseline characteristics

Based on the inclusion and exclusion criteria, data from a total of 333 patients were included from the TCGA database. The cut-off
value for the CD38 expression level was calculated as 0.757, and according to this criterion, the patients were divided into CD38"8h
group (145 cases) and cD38'ov group (188 cases). The baseline characteristics of the included patients are shown in Table 1. Except for
tumour residual disease (P = 0.024), there were no significant differences in other clinical features between the two groups. After

screening the TCIA database, a total of 56 TCGA-TCIA intersecting cases were ultimately included. An inclusion-exclusion flowchart is
provided in Fig. 1.

3.2. Expression levels, inmune infiltrates, and gene enrichment analysis of CD38

CD38 expression was significantly upregulated in EOC compared to normal tissues (P < 0.01), as shown in Fig. 2-A. Differences in

Table 1
Clinical characteristics of the EOC patients with high and low CD38 expression.
Variables Total (n = 333) Low (n = 188) High (n = 145) P
Age, n (%)
<60 171(51) 100 (53) 71(49) 0.513
>60 162(49) 88(47) 74(51)
FIGO stage, n (%)
I/11 18(5) 8(4) 10(7) 0.324
111 265(80) 148(79) 117(81)
v 50(15) 32(17) 18(12)
Histologic grade, n (%)
G1/G2 41(12) 28(15) 13(9) 0.143
G3/G4 292(88) 160(85) 132(91)
Tumor residual disease, n (%)
No macroscopic disease 58(18) 34(18) 24Q17) 0.024
1-10 mm 161(48) 95(50) 66(46)
>11 mm 84(25) 50(27) 34(23)
Unknown 30(9) 9(5) 21(14)
Lymphatic invasion, n (%)
Yes 90(27) 45(24) 45(31) 0.127
No 39(12) 27(14) 12(8)
Unknown 204(61) 116(62) 88(61)
Venous invasion, n (%)
Yes 58(18) 30(16) 28(19) 0.510
No 31(9) 20(11) 11(8)
Unknown 244(73) 138(73) 106(73)
Chemotherapy, n (%)
Yes 312(94) 177(94) 135(93) 0.871
No 21(6) 11(6) 10(7)




Y. Yao et al. Heliyon 10 (2024) 32910

the degree of immune cell infiltration were observed between the CD38"8" and CD38!°" groups. Specifically, the CD38M8" group
showed a significant increase in the infiltration of some types of immune cells, such as Natural Killer (NK) cells, dendritic cells (DC),
and gamma-delta T (y8T) cells compared to the CD38'ow group (P < 0.001), as shown in Fig. 2-B.

The results of GSEA revealed significant enrichment of differentially expressed genes between the cD38"8" and cD38'°" groups in
multiple signalling pathways, mainly including the mitogen-activated protein kinase (MAPK) signalling pathway, chemokine sig-
nalling pathway, apoptosis, and PI3K-AKT-mTOR signalling, as shown in Fig. 2-C and D. CD38 expression was significantly positively
correlated (P < 0.001) with CSF2RB, PIK3CG, and FASLG genes, as shown in Fig. 3.

3.3. CD38-related survival analysis

The Kaplan-Meier survival curves for the cp38Meh and cp3g™ groups are provided in Fig. 4-A. The median survival time was
52.77 months for the CD38" 8" group and 42.13 months for CD38"°" group, indicating a significant association between high CD38
expression and prolonged OS (P < 0.001).

The results of the univariate Cox regression analysis indicated that high levels of CD38 expression (HR = 0.554, 95 % CIL:
0.415-0.740, P < 0.001) and chemotherapy (HR = 0.470, 95 % CI: 0.288-0.767, P = 0.003) were protective factors for OS. Similarly,
the results of the multivariate Cox regression analysis demonstrated that high levels of CD38 expression (HR = 0.540, 95 % CI:
0.400-0.730, P < 0.001) and chemotherapy (HR = 0.377, 95 % CI: 0.226-0.627, P < 0.001) were independent protective factors for
0S, as shown in Fig. 4-B. In addition, we performed COX subgroup analysis on the main variable CD38, which confirmed that there was
no significant interaction between the covariates and the association of CD38 and OS. Further details are provided in Fig. 5.

3.4. Radiomics feature extraction and selection

The 56 cases of TCGA-TCIA were divided into the CD3gM8h (n = 29) and CcD38v (n = 27) groups based on the cut-off value of
0.757. A total of 107 radiomics features were extracted from manually delineated tumour regions (an example of VOI delineation is
provided in Fig. 6) and standardised. The median value of the ICC was 0.963, with 101 features having an ICC >0.80, five features with
0.5 < ICC <0.8, and one feature with ICC <0.5. Features with an ICC >0.80 were further selected for subsequent feature selection.

587 cases with ovarian serous cystadenocarcinoma(OSC) 143 cases of plain and enhanced abdominal CT images of
extracted from TCGA database patients with OSC in TCIA database

Cases excluded: n=254

Not primary treatment

case :n=5

Unknown survival state or lack
of follow-up time :n=5

Cases excluded : n=52

Images with significant

Follow-up time < 30 days: artifacts: n=18

=19 < <
Unknown FIGO stage or :

unknown histologic grade: Images with poor

=15 resolution: n=34

No primary solid tumor found
or lack of RNA-seq data:
=217

333 cases with OSC were included for bioinformatics and 91 cases of plain and enhanced abdominal CT images of
clinical prognostic analysis patients with OSC in TCIA database

56 TCGA-TCIA intersecting cases included for radiomics
analysis and model construction

Fig. 1. Inclusion-exclusion flowchart of patients with epithelial ovarian cancer (EOC) from The Cancer Genome Atlas (TCGA) database and The
Cancer Imaging Archive (TCIA) database.
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Fig. 2. CD38 expression, immune cell infiltration, and gene set enrichment analysis (GSEA) of epithelial ovarian cancer (EOC). (A) CD38 expression
in tumour tissue and normal tissue based on TCGA-OV database and GTEx database. (B) Differences in immune cell infiltration between CcD3ghish
and CD38'°Y groups based on the TCGA-OV database. (C) GSEA of KEGG gene set associated with CD38 expression. (D) GSEA on Hallmark gene set
associated with CD38 expression; ns, not significant; *P < 0.05, **P < 0.01, ***P < 0.001.

Finally, five radiomics features, including glem ldn, glrlm RunLenthNonUniformity, gldm DependenceVariance, glszm_LargeAr-
eaHighGrayLevelEmphasis, and gldm_SmallDependenceLowGrayLevelEmphasis, were selected by mRMR and stepwise regression.

3.5. Construction and evaluation of LR and SVM models

In the LR model, the overall importance of the selected radiomic features mentioned above were ranked as 1.421, 1.346, 1.675,
0.864, and 2.346, respectively. The formula for predicting the probability of the CD38 expression level, represented by the Rad_score,

was as follows:

Rad_score = 0.220-0.547 x (glem_ldn) - 0.706 x (glrlm_RunLenthNonUniformity) - 0.566 x (gldm_DependenceVariance) + 1.787 x
(glszm _LargeAreaHighGrayLevelEmphasis) - 1.181 x (gldm_SmallDependenceLowGrayLevelEmphasis)

The SVM model was also constructed using the aforementioned five radiomics features. The importance of each radiomics feature

in the model was 0.557, 0.512, 0.567, 0.502, and 0.572, respectively.

Next, the predictive performance of the LR and SVM models was evaluated. The LR model achieved an AUC value of 0.739 (95 % CI:
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Fig. 3. Heat map of correlation analysis between CD38 expression and apoptosis genes with coefficients greater than 0.3. *P < 0.05, **P < 0.01,
***4P < 0.001.

0.609-0.870) for the ROC curve, and after 5-fold cross-validation, the ROC-AUC of the LR model was 0.732 (95 % CI:0.595-0.868), as
shown in Fig. 7-A and B. The SVM model had an AUC value of 0.741 (95 % CI: 0.608-0.874) for the ROC curve, and a 5-fold cross-
validated ROC-AUC of 0.700 (95 % CI: 0.555-0.835), as shown in Fig. 8-A and B. Hosmer-Lemeshow goodness-of-fit test demon-
strated comparatively good consistency between the predicted probabilities and the actual values for both the LR (P = 0.838) and SVM
(P =0.074) models. The corresponding calibration curves are shown in Fig. 7-C and 8-C. The AUC for the PR curve was 0.760 for the LR
model (Fig. 7-D) and 0.721 for the SVM model (Fig. 8-D). The DCA curves indicated that if the risk threshold probability was between
30 % and 80 %, the two model both achieved a superior net benefit (Fig. 7-E and 8-E). The DeLong test indicated no statistically
significant difference between the AUC values before cross-validation and after cross-validation in the two models (P = 0.961 in LR
model and P = 0.703 in SVM model), indicating the stability of the model fit.

The LR and SVM models both output the probability of predicting the CD38 expression level, referred to as Rad_score. A significant
difference was observed in the distribution of Rad_score between the CD38"8" and CD38!°" groups (P < 0.01), wherein the CD3gh&"
group exhibited a higher Rad_score (Fig. 7-F and 8-F).

4. Discussion

The results demonstrated that: (1) CD38 is highly expressed in EOC tissues; the expression level of CD38 was associated with
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Fig. 4. Survival analysis of TCGA-OV cohort. (A) The Kaplan-Meier curve of overall survival in the CD38"8" and CD38'°" groups. (B) Univariate

= 0.47(0.288-0.767)

025 050 1.0 20 4.0

and multivariate Cox regression analyses.

0.003 —O— 0.377(0.226-0.627) <0.001

025 050 1.0 20 40



Y. Yao et al. Heliyon 10 (2024) 32910

Characteristics Unadj.HR(95%CI) P value HR(95%CI) for interaction P for interaction
Age
W | |
<60 -@- 0.514(034.0.777) 0,002 |
260 HOH | 0.579(0.391,0859) 0,007 & 1,043(0.584,1.862) 089
| |
FIGO_stage | |
it | O 046500972233 034 !
m HH | 0.592(0431,0814)  0.001 ‘ B L11802395238) 0.89
v —4 -f{ 0.501(0.237,1,059)  0.07 Q | 0.891(0.164,4,855) 0.89
Histologic_grade ! !
|} |
Gl/G2 L@— 1382063.187) 045 !
| ]
G3/G4 HH ! 0.514(0.379,0.696)  <0,001 —8—4 0.524(0.241,1.139) 0.1
| |
Tumor_residual_disease ! !
| |
No Macroscopic discase f Q | 0.351(0.129,0.951)  0.039 |
| |
1-10 mm L€ 0.61(0.404,0921) 0,019 F—@—  1.833(0.608,5.527) 0.28
| |
I 1mm- @ 0.732(0.436,1.232) 0.4 H—&——  2.246(0.698,7.229) 0.17
| |
Unknown — 0.355(0.14.0903)  0.03 ' & { 1.131(0.26.4.913) 0.87
| |
Lymphatic_invasion | |
| |
NO —& { | 0.266(0.091,0.776)  0.015 .
W |
Unknown HH | 0.543(0.387,0.761)  <0,001 T @— 1.617(0.615,4.252) 0.33
|
YES — @ 0.743(0.394.1.4) 036 —@— 212206786702 02
" % < | |
/enous_invasion | |
NO [I— ! 0.326(0.105,1.007) 0051 !
Unknown HH | 0.58(0.423,0.796)  <0.001 —&— 1.402(0.524,3.752) 05
YES —@— 0.622(0.273,1.418) 026 '@ [ 1339(0.361,4.964) 0.66
S y | |
Chemotherapy | ‘
NO —@— 0.514(0.195,1.357)  0.18 !
| |
YES HH ! 0.561(0.415,0.758)  <0.001 @ - 2.534(0.602,10.665) 02
r S W—— pt— e —
—r ) Tt 1
012 025 050 10 20 025 050 1.0 20 40 80

Fig. 5. COX subgroup analysis on the main variable CD38.

immune cell infiltration, some tumour regulatory pathways, and microenvironment regulation; (2) high CD38 expression is an in-
dependent protective factor of OS in EOC patients; (3) the two machine learning models based on CT radiomics features were able to
predict the expression levels of CD38.

EOC exhibits a high degree of heterogeneity, which contributes to marked differences in the patients’ prognoses [29]. In recent
years, research on molecular mechanisms related to tumour metabolism regulation and the tumour microenvironment has become a
hot topic, with the objective of accurately predicting the prognosis of EOC. Some relevant molecules may have potential value as
prognostic biomarkers [30-33].

Our findings suggest that CD38 could serve as a biomarker for prognosis and survival. Alongside previous research [14,34], this
study demonstrated the protective effect of high levels of CD38 expression on improvements in the survival of EOC patients. A possible
correlation with immune cell infiltration and signalling pathways has also been investigated, with the CD38"" group exhibiting an
increased infiltration of NK cells [35] and y8T cells [36] with tumour-killing ability and immune regulation, as well as DC [37] that
induce a CD8" T cell-mediated immune response [34,38]. The differences observed between the CD38"8" and CD38'°" groups pri-
marily involved signalling pathways regulating cell proliferation, growth, differentiation, apoptosis, and tumour metabolism. CD38
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Imaging VOI segmentation

Fig. 6. An example of VOI delineation processing.

has been confirmed to regulate and activate several signalling pathways, such as PI3_AKT MTOR_SIGNALING [12].

In recent years, machine learning methods based on radiomics have been applied in various areas, including tumour diagnosis,
differential diagnosis, staging, treatment response, and survival prediction, showcasing their promising diagnostic and predictive
capabilities [39-43]. Several studies have endeavoured to develop radiomics models utilising CT, MRI, and other imaging modalities
to predict biomarker expression levels in different tumour tissues. For instance, these models have successfully predicted the
expression levels of phosphorylated p-arrestin in hepatocellular carcinoma [44] and low-density lipoprotein receptor-related protein-1
in locally advanced rectal cancer [45], as well as C-C motif chemokine receptor 5 [25] and programmed cell death protein 1 [24] in
OC. Therefore, radiomics has shown sufficient value in the non-invasive prediction of biomarker expression.

In the present study, two radiomics models for CD38 expression prediction based on CT images of EOC patients were established.
The AUCs of ROC both revealed the fine predictive ability of the LR and SVM models. The PR curve also highlight the adequate
discriminative ability of these two models. However, the LR model showed a better predictive performance than the SVM model.
Moreover, both models exhibited similar AUC values in both the training and validation sets, indicating consistent and stable per-
formances. Additionally, the resulting calibration curves demonstrated a satisfactory consistency between the observed results and
their predicted values, with the DCA curves indicating a potential clinical net benefit for their application.

To the best of our knowledge, this study may represent the first attempt to develop predictive radiomics models for assessing CD38
expression in patients with EOC based on CT imaging. CT imaging is widely utilised in clinical practice and the images are easily
obtainable. The radiomics approach enables the extraction of quantitative features from conventional images, providing abundant
objective information for further analysis. Therefore, the CT-based radiomics models offer a simple, non-invasive, and cost-effective
method to predict the expression level of CD38. These models have the potential to indirectly reflect the prognosis and survival
outcomes of EOC patients. Furthermore, based on previous research, CD38, as a well-known therapeutic target for multiple myeloma
[10], has been suggested as a potential target for solid tumours [17,18]. In the future, by utilising the radiomics model, EOC patients
with high levels of CD38 expression may potentially receive individualised targeted therapies at an early stage, leading to improved
prognosis and survival. Furthermore, future investigations could involve the non-invasive and dynamic monitoring of patients through
the analysis of sequential imaging data before and after treatment.

This study has several limitations. Firstly, all the original images were obtained from the TCIA public database, which may
introduce inherent variations between the images and potentially impact subsequent image analysis. Secondly, the relatively small
sample size used for model construction in this retrospective study brings about a risk of overfitting. Furthermore, the effectiveness of
the model was evaluated using internal validation alone, lacking an independent external validation set. Thirdly, the cases included in
our analysis were all of the OSC subtype; therefore, the utility of the constructed model in other EOC subtypes remains to be elucidated.
Moreover, the manual delineation of VOIs is subjective, introducing potential biases that can affect subsequent analysis. Therefore, it is
necessary to conduct multicentre studies with larger sample sizes. Additionally, incorporating more objective radiomics practice
methods, such as automated or semi-automated VOI delineation, could enhance the accuracy and reliability of the analysis.

5. Conclusion
High levels of CD38 expression can improve OS in EOC patients. In this study, we developed CT-based radiomics machine learning
models using LR and SVM algorithms to predict the expression levels of CD38 in EOC tissues. The resulting models, especially the LR

model, exhibited a fine predictive performance, providing potential for individualised non-invasive prognosis assessment and clinical
decision-making in patients with EOC.
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Fig. 7. Performance of the logistic regression (LR) radiomics model for predicting CD38 expression level. (A) Receiver operating characteristic
(ROCQ) curve of the LR model in the training set. (B) ROC curve of the LR model in the internal validation set with 5-fold cross-validation. (C)
Calibration curve of the LR model. (D) Precision-recall (PR) curve of the LR model. (E) Decision curve analysis (DCA) for the LR model. (F) The
distribution of the radiomics score (Rad_score) of the LR model between the CD38"8" and CD38'°% groups. **P < 0.01.
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Fig. 8. Performance of the support vector machine (SVM) radiomics model for predicting the level of CD38 expression. (A) ROC curve of the SVM
model in the training set. (B) ROC curve of the SVM model in the internal validation set with 5-fold cross-validation. (C) Calibration curves of the
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