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Abstract
Rationale and objectives:

The aim of this study was to explore the feasibility of T2-weighted imaging (T2WI) - based radiomics in
preoperative prediction of homologous recombination deficiency (HRD) status in patients with high-grade
serous ovarian carcinoma (HGSOC), and to establish a non-invasive approach for guiding individualized
treatment planning.

Materials and methods

A total of 133 patients with pathologically confirmed HGSOC who underwent MRI scan (T2WI) were
retrospectively enrolled in this study. All patients were stratified into HRD-positive and HRD-negative group.
These 133 patients (41 in HRD-negative group and 92 in HRD-positive group) were randomly allocated to a
training set (n =93) and a validation set (n = 40) at a 7:3 ratio. Three different models were constructed
and evaluated: clinical characteristics only (clinical model); T2WI-radiomics features only (radiomics
model); and a combination of them all (combined model). The predictive performance was evaluated
using the receiver operating characteristic (ROC) analysis, and area under the curves (AUCs) were
compared using the DeLong test. Calibration curves and decision curve analysis (DCA) were applied to
validate the clinical-radiomic combined model.

Results

In the training set, the combined model achieved the best performance (AUC = 0.889; all P> 0.05). The
radiomics model achieved predictive performance comparable to the clinical model (AUC of 0.762 vs.
0.790; P = 0.676). In the validation set, the combined model performed significantly better than the clinical
or radiomics model (AUCs of 0.853 vs. 0.805 vs. 0.706; all P > 0.05). DCA demonstrated that the combined
model achieved superior net benefit across a wide range of threshold probabilities compared with the
clinical and radiomics models alone.

Conclusions

Our research demonstrated that the combined model achieved the optimal predictive performance. It is
feasible to apply radiomics to predict HRD status of HGSOC patients, which can further assist clinicians in
formulating individualized treatment strategies.

1. Introduction

Ovarian cancer has the highest mortality rate among gynecologic malignancies, with high-grade serous
ovarian carcinoma (HGSOC) being the most common histological subtype, accounting for approximately
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70%-80% of all cases(1). Although a majority of patients with HGSOC exhibit initial sensitivity to platinum-
based chemotherapy, tumor recurrence and chemoresistance remain major clinical challenges(2). In
recent years, the introduction of poly ADP-ribose polymerase inhibitors (PARPI) has provided new
therapeutic opportunities for HGSOC patients(3). The efficacy of PARPiI is primarily dependent on the
presence of homologous recombination deficiency (HRD) within the tumor cells.

HRD status has emerged as a crucial biomarker for guiding precision therapy in HGSOC patients, closely
correlating with sensitivity to platinum-based chemotherapy and the efficacy of PARPi. However, its
widespread clinical implementation faces numerous challenges(4-6). First, the high cost of HRD testing
platforms limits their broad applicability, as they are not yet reimbursed by national health insurance
systems in many countries and regions(7). Second, a lack of standardization across different platforms,
which employ varying algorithms and thresholds for genomic instability scoring, poses issues regarding
the comparability and reproducibility of results(8, 9). Furthermore, tumor heterogeneity and clonal
evolution may compromise the accurate assessment of HRD status, particularly in the recurrent or
metastatic setting. More notably, approximately 60%-70% of patients with HRD-positive tumors are
actually breast cancer susceptibility gene (BRCA) wild-type, with HRD arising from other mechanisms such
as mutations in other homologous recombination repair genes or BRCA promoter methylation(10). This
suggests that reliance on BRCA testing alone would miss a substantial number of patients who could
potentially benefit from PARPi(11). Therefore, achieving accurate, accessible, and cost-effective
assessment of HRD status represents a critical issue demanding urgent resolution in the era of precision
oncology for ovarian cancer.

Studies have demonstrated that HRD-positive patients exhibit higher sensitivity to platinum-based
chemotherapy and derive significant progression-free survival benefits from PARPi maintenance therapy.
In the PRIMA trial, patients with HRD-positive tumors who received niraparib maintenance therapy
achieved a significantly longer median progression-free survival compared to the placebo group (21.9
months vs. 10.4 months), with substantial benefit also observed in the HRD-positive subgroup without
BRCA mutations (22.1 months vs. 10.9 months)(12). The PAOLA-1 trial further confirmed that
maintenance therapy with olaparib in combination with bevacizumab significantly reduced the risk of
death in HRD-positive patients(13). Based on this body of evidence, both the National Comprehensive
Cancer Network and the European Society for Medical Oncology guidelines strongly recommend HRD
testing in patients with HGSOC to identify those most likely to benefit from PARPi therapy.

Radiomics, as an emerging non-invasive analytical approach, enables the high-throughput extraction of
quantitative features from images, thereby comprehensively reflecting the overall heterogeneity and
biological behavior of tumors. Compared with traditional tissue biopsy, radiomics offers advantages such
as non-invasiveness, reproducibility, and the ability to overcome tumor heterogeneity(14). A recent
study(15) based on CT radiomics preliminarily demonstrated that combining intra- and peritumoral
imaging features can effectively predict HRD scores and HRD status in ovarian cancer patients, achieving
an area under the curve (AUC) of 0.85-0.87 in the training cohort. This provides a novel approach for non-
invasive assessment of HRD status. However, research on radiomics-based prediction of HRD status is
still in early stages and has several limitations. Firstly, most existing studies have utilized CT imaging(16),
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whereas MRI offers superior soft tissue resolution and unique advantages in evaluating ovarian tumors.
Secondly, T2-weighted imaging (T2WI), as a routine MRI sequence, is widely available and well-
standardized in clinical practice; however, whether T2WI-based radiomics can effectively predict HRD
status remains systematically unexplored.

This study aims to investigate the value of a T2WI-based radiomics model for predicting HRD status in
HGOSC. By integrating radiomic features with clinicopathological characteristics, we seek to develop a
comprehensive predictive model. This approach is intended to provide a cost-effective, accessible, and
non-invasive tool for screening HRD status in HGSOC patients, thereby optimizing the selection strategy
for patients likely to benefit from PARPi therapy and advancing the clinical practice of precision medicine
in ovarian cancer.

2. Materials and methods

2.1. Patient selection and clinical data

This retrospective study was approved by the Institutional Review Board of ***, which waived the
requirement for informed consent. A total of 261 patients with surgically and pathologically confirmed
HGSOC between January 2024 and December 2025 were retrospectively identified. The inclusion criteria
were as follows: (1) female, aged > 18 years; (2) pathologically confirmed HGSOC; (3) underwent
preoperative pelvic MRI scan (T2WI) within 4 weeks prior to surgery; (4) complete clinical data available
(including age, carbohydrate antigen 125 (CA125), carcinoembryonic antigen (CEA), human epididymis
protein 4 (HE4), and menopausal status, et al); and (5) genetic testing results (BRCA1/2 mutation status
and HRD status). The exclusion criteria were as follows: (1) prior radiotherapy, chemotherapy, or targeted
therapy before surgery; (2) recurrent HGSOC or a history of other malignancies; (3) poor image quality
precluding satisfactory analysis; (4) incomplete clinical or pathological data; and (5) pregnancy or
lactation. The details of the recruitment process were shown in Fig. 1.

All enrolled patients were stratified into two groups according to the status of HRD: HRD-positive group
and HRD-negative group. The HRD status was assessed by next-generation sequencing of tumor tissue
using the kit provided by the Myriad Genetics myChoice® HRD assay platform(10). Finally, 133 eligible
patients (41 in HRD-negative group and 92 in HRD-positive group) were randomly divided into a training set
and a validation set at a ratio of 7:3 using a random number table, resulting in 93 patients in the training
set and 40 patients in the validation set.

2.2. Image acquisition and tumor segmentation

Pelvic MRI was performed using a GE Signa HDxt 1.5T MR scanner equipped with a 16-channel cardiac
coil. The scanning range extended from the lower margin of the pubic symphysis to the line connecting the
anterior superior iliac spines. Axial T2WI were acquired with the following standardized parameters:
repetition time = 3,100 ms, echo time =73 ms, field of view =280 mm x 280 mm, slice thickness = 4-6 mm,
and intersection gap =1 mm.
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Tumor volumes of interests (VOIs) containing both cystic and solid components were manually delineated
slice by slice on T2WI using ITK-SNAP software (v.3.8.0, http://www.itksnap.org). Two independent
researchers (with 5 and 10 years of experience in abdominal imaging, respectively) reviewed the clinical
data and MRI images to ensure accuracy. Radiologist A, with 10 years of experience in pelvic MRI
diagnosis, initially segmented the VOIs for all subjects. To evaluate interobserver reproducibility, the VOIs
of 30 randomly selected patients from the training set were segmented by another radiologist (Radiologist
B) who had 5 years of experience in pelvic MRI diagnosis. For the assessment of intraobserver
reproducibility, Radiologist A repeated the segmentation procedure for all patients after a one-month
interval. The interobserver and intraobserver reproducibility of VOI segmentation was evaluated using
intraclass correlation coefficients (ICCs), with ICCs > 0.80 considered to have good stability and
reproducibility. The initial segmentation results obtained by Radiologist A were used for model
construction.

Referring to previous studies(17, 18), the two radiologists who performed VOI delineation also
independently assessed the following conventional MRI features: (1) tumor location; (2) tumor shape; (3)
texture, classified as cystic-solid and solid; (4) hemorrhage; (5) enhancement intensity compared to
myometrium; and (6) ascites. Any discrepancies between the two radiologists were resolved through
consensus review. Both radiologists were kept blinded to the histopathological results and clinical
information of the tumors during image review.

2.3. Feature extraction and selection

Before feature extraction, the image underwent a three-step preprocessing procedure. These steps
included voxel resampling, gray discretization, and image intensity normalization. Subsequently, Radiomics
features were extracted using the open-source software pyradiomics (version 3.0.1,
https://pyradiomics.readthedocs.io/en/latest/). Three types of features were obtained: first-order features,
shape features, and texture features. Radiomics features of the entire tumor, which exhibited considerable
data dispersion, were processed by z-score standardization. Finally, a total of 1197 radiomics features
were extracted. Two feature selection methods, maximum relevance minimum redundancy and least
absolute shrinkage and selection operator (LASSO), were used to select the feature. Before LASSO
regression, maximum relevance minimum redundancy was performed to eliminate the redundant and
irrelevant features. Then LASSO was conducted to choose the optimized subset of features to construct
the final model. LASSO analysis included choosing the regular parameter A, determining the number of the
feature. Finally, the radiomics signature was constructed by using 7 features (Fig. 1). The Radscore was
calculated using the following formula: Radscore = 0.6559139784946252 + 0.002604 *
log_sigma_2_0_mm_3D_firstorder_90Percentile_T2WI + 0.026943 *
log_sigma_4_0_mm_3D_firstorder_Kurtosis_T2WI -0.052810 *
log_sigma_4_0_mm_3D_gldm_LargeDependencelLowGrayLevelEmphasis_T2WI + 0.032930 *
log_sigma_5_0_mm_3D_firstorder_90Percentile_T2WI-0.010340 *
log_sigma_5_0_mm_3D_firstorder_Skewness_T2WI-0.025767 *
log_sigma_5_0_mm_3D_gldm_LargeDependenceLowGrayLevelEmphasis_T2WI -0.037854 *

Page 5/22



original_shape_Flatness_T2WI-0.032192 * wavelet_HLH_firstorder_RootMeanSquared_T2WI + 0.008200 *
wavelet_HLL_firstorder_Mean_T2WI + 0.007742 * wavelet_LLH_firstorder_RootMeanSquared_T2W].

2.4. Models building and evaluation

Clinical variables with significant differences between HRD-negative group and HRD-positive group were
incorporated to construct a clinical model. Based on the selected radiomics features, a radiomics
signature was constructed by calculating the radiomics score (Rad-score) for each patient using a linear
combination of the selected features weighted by their respective coefficients from the LASSO regression.

A clinical-radiomic combined model was further established by integrating the Rad-score and the
independent clinical predictive factors. The predictive performance of the three models (clinical model,
radiomics model, and combined model) was evaluated using the AUC in both the training set and the
validation set.

Calibration curves were plotted to assess the consistency between the predicted probability of HRD status
and the actual HRD status, and the Hosmer-Lemeshow (H-L) test was used to test the calibration effect (P
>0.05 indicated good calibration). Decision curve analysis (DCA) was performed to evaluate the clinical
utility of the models by calculating the net benefit at different threshold probabilities, a higher net benefit
indicated better clinical value of the model.

2.5. Statistical analysis

Measurements were analyzed using SPSS 25.0 (IBM) and R 4.3.1 (https://www.R-project.org). Continuous
variables were presented as mean + standard deviation (SD), and categorical variables as proportions.
Normality of quantitative variables was assessed by the Shapiro—Wilk test. Normally distributed data were
compared using the independent-sample t test, and non-normally distributed data using the Mann-
Whitney U test. Categorical variables were analyzed with the chi-square test or Fisher exact test, as
appropriate. P < 0.05 was considered statistically significant. Receiver operating characteristic (ROC)
curves were constructed to evaluate the model’s predictive performance. The DeLong test was used to
assess whether differences in model performance were statistically significant.

3. Results
3.1. Data set

A total of 133 patients (41 in HRD-negative group and 92 in HRD-positive group) were recruited in this
study. The training set included 93 patients (32 HRD-negative [age 58.84 + 10.79 years] and 61 HRD-
positive [age 57.66 + 9.73]). The validation set included 40 patients (9 HRD-negative [age 53.89 + 11.23]
and 31 HRD-positive [age 55.58 + 7.32]).

In the training set and validation set, significant differences were identified for BRCA mutation status (all P
< 0.05). Comparing the HRD-negative and HRD-positive groups, progesterone receptor (PR) status was
significantly different (P < 0.05) in the training set and tumor shape was significantly different (P = 0.024)

Page 6/22



in the validation set. There were no significant differences observed in terms of six clinical characteristics
(age, CA125, CEA, HE4, menopausal status, and Federation of International of Gynecologists and
Obstetricians (FIGO) stage), five radiological characteristics (tumor location, characteristics, hemorrhage,
enhancement intensity, and ascites), and three pathological characteristics (Ki-67 level, estrogen receptor
(ER) status, and P53 status) (all P > 0.05) between the two datasets. The detailed information on the
clinical and radiological characteristics of the enrolled patients was summarized in Table 1.
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Table 1

Clinical and radiological characteristics of HGSOC patients in training set and validation set

Variables

Age, Mean = SD
CA125, Mean = SD
CEA, Mean +SD
HE4, Mean + SD
Menopausal status,
n (%)
Premenopausal
Postmenopausal
Location, n (%)
Unilateral

Bilateral

Shape, n (%)
Irregular
Lobulated

Oval

Characteristics, n

(%)

Cystic-solid

Solid

Hemorrhage, n (%)

None

Abbreviations: HGSOC, high-grade serous ovarian carcinoma; HRD, homologous recombination

training set (n =93)

HRD-
negative (n
=32)

58.84 +
10.79

1400.36 +
3964.58

1.83+2.10
556.49 +
1092.31

5(15.62)
27 (84.38)

17 (53.12)
15 (46.88)

14 (43.75)

4 (12.50)
14 (43.75)

26 (81.25)
6 (18.75)

29 (90.62)

HRD-
positive (n
=61)

57.66
9.73

1646.43 +
8675.92

2.58+5.40
420.11
436.60

10 (16.39)
51 (83.61)

26 (42.62)
35 (57.38)

26 (42.62)

11 (18.03)
24 (39.34)

45 (73.77)
16 (26.23)

57 (93.44)

P

0.591

0.879

0.486

0.400

0.924

0.335

0.777

0.345

0.940

validation set (n = 40)

HRD-
negative (n

53.89
11.23

732.98 +
1123.77

9.66
19.35

199.52 +
241.70

4 (44.44)
5 (55.56)

6 (66.67)
3 (33.33)

1(11.11)

3 (33.33)
5 (55.56)

9 (100.00)
0 (0.00)

9 (100.00)

HRD-
positive (n
=31)

55.58 ¢
7.32

1331.11
1652.85

1.38+1.04
431.01
367.64

9 (29.03)
22 (70.97)

9 (29.03)
22 (70.97)

16 (51.61)

10 (32.26)
5(16.13)

25 (80.65)
6 (19.35)

27 (87.10)

P

0.593

0.317

0.301

0.087

0.642

0.097

0.024

0.367

0.557

deficiency; SD, standard deviation; CA125, carbohydrate antigen 125; CEA, carcinoembryonic antigen;

HE4, human epididymis protein 4; Ki-67, proliferation marker protein; BRCA, breast cancer susceptibility
gene; ER, estrogen receptor; PR, progesterone receptor; FIGO, Federation of International of
Gynecologists and Obstetricians.
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Variables

Yes

Enhancement
intensity, n (%)

Hyperintense
Hypointense
Ascites, n (%)
None

Yes

Ki-67, n (%)
<20%

>20%

BRCA, n (%)
Mutated
Wild-type
ER, n (%)
Negative
Positive

PR, n (%)
Negative
Positive
P53, n (%)
Mutated
Wild-type
FIGO, n (%)

Abbreviations: HGSOC, high-grade serous ovarian carcinoma; HRD, homologous recombination

training set (n = 93)

HRD-
negative (n
=32)

3(9.38)

16 (50.00)
16 (50.00)

9 (28.12)
23 (71.88)

2 (6.25)
30 (93.75)

3(9.38)
29 (90.62)

5 (15.62)
27 (84.38)

29 (90.62)
3(9.38)

29 (90.62)
3(9.38)

HRD-
positive (n
=61)

4 (6.56)

36 (59.02)
25 (40.98)

20 (32.79)
41 (67.21)

3 (4.92)
58 (95.08)

28 (45.90)
33 (54.10)

4 (6.56)
57 (93.44)

31 (50.82)
30 (49.18)

60 (98.36)
1(1.64)

0.405

0.645

1.000

<.001

0.300

<.001

0.227

0.121

validation set (n = 40)

HRD-
negative (n

0 (0.00)

6 (66.67)
3 (33.33)

2 (22.22)
7 (77.78)

0 (0.00)
9 (100.00)

0 (0.00)
9 (100.00)

1(11.11)
8 (88.89)

8 (88.89)
1(11.11)

7 (77.78)
2 (22.22)

HRD-
positive (n
=31)

4 (12.90)

22 (70.97)
9 (29.03)

3 (9.68)
28 (90.32)

2 (6.45)
29 (93.55)

14 (45.16)
17 (54.84)

2 (6.45)
29 (93.55)

18 (58.06)
13 (41.94)

30 (96.77)
1(3.23)

P

1.000

0.668

1.000

0.035

0.545

0.190

0.121

1.000

deficiency; SD, standard deviation; CA125, carbohydrate antigen 125; CEA, carcinoembryonic antigen;

HE4, human epididymis protein 4; Ki-67, proliferation marker protein; BRCA, breast cancer susceptibility
gene; ER, estrogen receptor; PR, progesterone receptor; FIGO, Federation of International of
Gynecologists and Obstetricians.
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Variables training set (n = 93) P validation set (n = 40) P

HRD- HRD- HRD- HRD-
negative (n  positive (n negative (n  positive (n
=32) =61) =9) =31)
H+N 9(28.12) 9 (14.75) 2 (22.22) 6 (19.35)
R+8 23(71.88)  52(85.25) 7 (77.78) 25 (80.65)

Abbreviations: HGSOC, high-grade serous ovarian carcinoma; HRD, homologous recombination
deficiency; SD, standard deviation; CA125, carbohydrate antigen 125; CEA, carcinoembryonic antigen;
HE4, human epididymis protein 4; Ki-67, proliferation marker protein; BRCA, breast cancer susceptibility
gene; ER, estrogen receptor; PR, progesterone receptor; FIGO, Federation of International of
Gynecologists and Obstetricians.

3.2. Univariate and multivariate logistic regression analysis
of factors associated with HRD status

Univariate logistic regression analysis was performed to identify clinical, radiological, and pathological
factors associated with HRD status. As shown in Table 2, BRCA mutation (Odds Ratio (OR) = 0.12,95%
Confidence Interval (Cl): 0.03-0.44, P =0.001) and PR positivity (OR =9.35,95% CI: 2.57-33.99, P<0.001)
were significantly associated with HRD status. No other variables, including age, CA125, CEA, HE4,
menopausal status, tumor location, characteristics, shape, hemorrhage, enhancement intensity, ascites, Ki-
67, ER, P53, or FIGO stage, reached statistical significance (all P > 0.05).
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Table 2
Results of univariate and multivariate logistic regression

Variables univariate logistic regression multivariate logistic regression
B y4 P OR (95%Cl) B y4 P OR
(95%ClI)
Age -0.01 -0.54  0.587 0.99 (0.95~
1.03)
CA125 0.00 0.15 0.878 1.00 (1.00 ~
1.00)
CEA 0.06 0.64 0.525 1.06 (0.89 ~
1.26)
HE4 -0.00 -0.81 0.416 1.00 (1.00 ~
1.00)
Menopausal -0.06 -0.10 0.924 0.94 (0.29 ~
status 3.04)
Location 0.42 0.96 0.336 1.53 (0.65 ~
3.61)
Characteristics 16.55 0.01 0.991 15354167.60
(0.00 ~ Inf)
Shape -0.08 -0.17  0.865 0.92(0.37 ~
2.33)
Hemorrhage -0.39 -0.49  0.626 0.68 (0.14 ~
3.24)
Enhancement -0.36 -0.83  0.406 0.69 (0.29 ~
intensity 1.64)
Ascites -0.22 -0.46  0.645 0.80(0.31 ~
2.05)
Ki-67 0.25 0.27 0.787 1.29 (0.20 ~
8.14)
BRCA -2.10 -3.20 0.001 0.12(0.03 ~ 211 -3.07 0.002 0.12
0.44) (0.03 ~
0.47)
ER 0.97 1.37 0.172  2.64(0.66 ~
10.62)
PR 2.24 3.40 <.001 9.35(2.57 ~ 2.24 3.28 0.001 9.40
33.99) (2.46 ~
35.86)

Abbreviations: OR, odds ratio; Cl, confidence interval, CA125, carbohydrate antigen 125; CEA,
carcinoembryonic antigen; HE4, human epididymis protein 4; Ki-67, proliferation marker protein; BRCA,
breast cancer susceptibility gene; ER, estrogen receptor; PR, progesterone receptor; FIGO, Federation of
International of Gynecologists and Obstetricians
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Variables univariate logistic regression multivariate logistic regression

B Z P OR (95%Cl) B Z P OR
(95%Cl)
P53 1183 -1.55 0.121  0.16 (0.02 ~
1.62)
FIGO 082 153 0126  2.26(0.79 ~
6.44)

Abbreviations: OR, odds ratio; Cl, confidence interval; CA125, carbohydrate antigen 125; CEA,
carcinoembryonic antigen; HE4, human epididymis protein 4; Ki-67, proliferation marker protein; BRCA,
breast cancer susceptibility gene; ER, estrogen receptor; PR, progesterone receptor; FIGO, Federation of
International of Gynecologists and Obstetricians

Multivariate logistic regression analysis was subsequently conducted incorporating variables with P <0.05
in the univariate analysis. The results demonstrated that PR positivity remained an independent predictor
of HRD positivity (OR =9.40, 95% CI: 2.46—35.86, P =0.001). Similarly, BRCA mutation maintained its
significant inverse association with HRD negativity (OR =0.12, 95% Cl: 0.03-0.47, P = 0.002), indicating
that BRCA-mutated tumors were more likely to be HRD-positive (Table 2).

3.3. Models building and evaluation

The diagnostic performance of the clinical model, radiomics model, and combined model for predicting
HRD status was evaluated in both the training and validation cohorts (Table 3).

Table 3
Diagnostic performances of different models
Cohort Models AUC 95% Cl  Accuracy Sensitivity Specificity PPV NPV
Training Clinical 0.790 0.707- 0.753 0.721 0.813 0.880 0.605
set 0.873
Radiomics 0.762 0.663— 0.656 0.525 0.906 0.914 0.500
0.861
Combined 0.889 0.821- 0.817 0.771 0.906 0.940 0.674
0.958
Validation  Clinical 0.805 0.654- 0.775 0.742 0.889 0.958 0.500
set 0.956
Radiomics 0.706 0.523- 0.650 0.613 0.778 0.905 0.368
0.889
Combined 0.853 0.688- 0.875 0.871 0.889 0.964 0.667
1.000

Abbreviations: AUC, area under the curve; Cl, confidence interval; PPV, positive predictive value; NPV,
negative predictive value
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In the training set, the combined model achieved the highest AUC of 0.889 (95% CI: 0.821-0.958),
outperforming the clinical model (AUC =0.790, 95% CI: 0.707-0.873) and the radiomics model (AUC =
0.762,95% Cl: 0.663-0.861). The combined model also demonstrated superior accuracy (0.817),
sensitivity (0.771), specificity (0.906), positive predictive value (PPV) (0.940), and negative predictive value
(NPV) (0.674) compared with the other two models.

In the validation set, consistent results were observed. The combined model yielded the highest AUC of
0.853 (95% CI: 0.688-1.000), followed by the clinical model (AUC = 0.805, 95% CI: 0.654-0.956) and the
radiomics model (AUC =0.706, 95% Cl: 0.523-0.889). Notably, the combined model achieved the best
accuracy (0.875), sensitivity (0.871), specificity (0.889), PPV (0.964), and NPV (0.667) in the validation set,
indicating robust generalizability. The ROC curves for the three models in the training set and validation set
were presented in Fig. 2(A) and Fig. 2(B). The two independent predictors (including BRCA mutation and
PR status) were incorporated into the nomogram (Fig. 2(C)).

3.4. Model differences and clinical utility of models

There were no significant differences in AUCs between the clinical and radiomics models in the training
and validation set (P > 0.05 [Delong test]). In the training set, the AUC values of the combined model were
significantly better than that of the clinical model (P = 0.003 [Delong test]) or radiomics model (P = 0.002
[Delong test]) (Supplementary Table 1).Although the AUC of the combined model showed no significant
differences compared with the clinical model and radiomics model in the validation set (all P > 0.05
[Delong test]), the combined model yielded significantly higher accuracy, sensitivity and specificity than the
other two models.

Through the H-L test, calibration curves indicated that there was no significant departure between
prediction and observation in the training and validation set (Fig. 3(A)). In the validation set, the H-L test
yielded P values of 1.000, 0.323, and 0.184 for the clinical, radiomics, and combined models, respectively,
indicating good calibration for all models (all P > 0.05). The DCA, which balanced the benefits of the model
against its costs, was used to calculate the net benefit of the model at various cutoff values to evaluate its
performance. As shown in Fig. 3(B), both predictive models in this study provided better predictive
performance compared to the “no model” approach across all thresholds. Besides, the combined model
outperformed the clinical model and radiomics model at most thresholds.

4. Discussion

In this study, we developed and validated a T2WI-based clinical-radiomics combined model for the
preoperative prediction of HRD status in patients with HGSOC. The combined model demonstrated
excellent discriminatory performance in both the training set and the validation set, significantly
outperforming the clinical model and the radiomics model. Collectively, these findings indicate that the
combined model serves as a robust, non-invasive, and clinically applicable tool for preoperatively
predicting HRD status in HGSOC patients, thereby potentially facilitating personalized treatment decisions.
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To date, several radiomics-based studies have attempted to predict HRD status or BRCA mutations in
ovarian cancer, most of which have been predominantly based on CT images(19, 20). For instance, Wu et
al. developed a CT-based radiomics signature for predicting HRD score and status based on intra- and
peritumoral radiomics with AUCs of 0.852 and 0.781 in the training and validation cohort for predicting
HRD score, respectively; with AUCs of 0.874 and 0.824 in the training and validation cohort for predicting
HRD status, respectively(15). Similarly, other investigators have explored CT-derived features to distinguish
BRCA mutated from BRCA wild-type tumors, with moderate predictive performance(21). In comparison,
the present study specifically focused on T2WI(22), which possesses several inherent advantages over CT
for characterizing ovarian tumors. Firstly, T2WI provides superior soft tissue contrast, enabling more
precise delineation of tumor morphology, including cystic-solid components, hemorrhage, necrosis, and
septations, all of which may reflect underlying genomic instability. Secondly, T2WI is acquired without
ionizing radiation, making it a safer alternative for patients of reproductive age who may require serial
imaging for treatment monitoring. Thirdly, the superior resolution of T2WI allows for more accurate
segmentation and feature extraction, potentially capturing subtle textural alterations that correlate with
HRD status. To the best of our knowledge, the application of T2WI-based radiomics specifically for HRD
prediction in HGSOC remains underexplored. Our proposed combined model achieved an AUC of 0.889 in
the training set and 0.853 in the validation set, which is comparable to or even exceeds the performance of
previously reported CT-based models. Notably, our clinical-radiomics integrated strategy consistently
outperformed the standalone radiomics model, a finding that aligns with emerging evidence suggesting
that complementary information from clinical variables (particularly PR and BRCA status) and imaging
features can synergistically enhance predictive accuracy.

The identification of PR positivity and BRCA mutation status as independent predictors of HRD positivity in
our study warrants further biological interpretation. Although ER and PR are traditionally considered
prognostic markers in ovarian cancer, their relationship with homologous recombination repair deficiency
has not been extensively characterized. One plausible explanation is that PR-positive tumors may exhibit
an enhanced dependency on DNA repair pathways, and the loss of PR signaling could lead to genomic
instability. Alternatively, PR expression might serve as a surrogate marker for a specific molecular subtype
of HGSOC that is inherently more susceptible to DNA damage and repair dysfunction(23). As expected,
BRCA mutation emerged as another strong independent predictor of HRD positivity, align with the well-
established biological paradigm that germline or somatic mutations in BRCA1/2 genes disrupt the
homologous recombination repair machinery, leading to genomic instability and the characteristic
"BRCAness" phenotype(24, 25). Our results indicated a strong correlation between BRCA mutation status
and HRD positivity, which was highly consistent with previous reports(26). Studies have shown that up to
50% of patients with HGSOC exhibit HRD through mechanisms such as germline or somatic BRCA
mutations and BRCA promoter methylation. This phenomenon is closely associated with the molecular
characteristics and genomic instability inherent to HGSOC(27, 28). These mechanisms impair homologous
recombination (HR) repair, which not only contributes to tumorigenesis but also concurrently increases
tumor sensitivity to platinum-based chemotherapy(29).
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Regarding imaging features, although not retained in the multivariate model, several radiological
characteristics demonstrated notable associations with HRD status in the descriptive analysis. Several
previous studies have reported the MRI features as a predictor of ovarian cancer(30—32). In our study,
HRD-positive tumors exhibited a higher prevalence of bilateral involvement and irregular shape compared
with their HRD-negative counterparts. These morphological features are consistent with the aggressive
biological behavior and high-grade nature of HRD-positive HGSOC, which often presents with rapid growth
and significant intratumoral heterogeneity(33). The irregular shape, in particular, may reflect infiltrative
growth patterns and desmoplastic stromal reactions, both of which are hallmarks of genomically unstable
tumors. Notably, the validation set demonstrated a statistically significant difference in shape distribution,
further supporting the discriminative potential of morphological features. The cystic-solid composition
and enhancement intensity, however, did not significantly differ between HRD groups, suggesting that
while gross morphological patterns (shape and bilaterality) are informative, texture-based radiomics
features may capture more subtle phenotypic alterations beyond what is discernible by visual
assessment(34).

The integration of complementary predictive biomarkers—molecular markers (BRCA, PR) and imaging-
derived features (shape, texture)—to construct the proposed combined model yields a biologically
plausible framework for preoperative HRD status prediction. The standalone clinical model incorporating
BRCA and PR biomarkers achieved an AUC of 0.790-0.805, while the incorporation of radiomic features
further elevated the AUC to 0.853-0.889. This marked performance increment indicates that radiomics
extracts HRD-associated phenotypic signatures that are not fully captured by molecular markers alone,
which may encompass intratumoral heterogeneity, microstructural remodeling, and tumor vascular
phenotypes. Collectively, these results substantiate the biological plausibility of our proposed combined
model, and underscore the synergistic utility of multi-dimensional data integration for advancing precision
oncology practice.

5. Conclusion

In conclusion, this study developed and validated a novel T2WI-based clinical-radiomics combined model
for the preoperative prediction of HRD status in patients with HGSOC, offering potential guidance for
clinical decision making and merit further evaluations and development for future clinical applications.

6. Limitation and Future Directions

There are limitations in this study. Firstly, this is retrospective research with samples from a single
hospital. Secondly, the lack of an external validation cohort limits the generalizability of our findings.
Validations with a larger sample size from multi-centers would be conducted in our future work. Finally, the
manual segmentation of tumor regions is time-consuming and subject to inter-observer variability,
underscoring the need for automated segmentation approaches in future studies.
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Figures

Patient Inclusion and Exclusion

Consecutive patients from hospital
between January 2024 and
December 2025
Included in:
(1) female, aged 218 years;
(2) pathologically confirmed HGSOC;
(3) underwent preoperative pelvic MRI (T2WI) within 4
weeks prior to surgery at our institution;
v (4) complete clinical data available
N=261 Excluded for:
(1) prior radiotherapy, chemotherapy, or targeted
therapy before surgery;
(2) recurrent HGSOC or a history of other malignancies;
y (3) poor image quality precluding satisfactory analysis;
(4) incomplete clinical or pathological data;
N=133 (5) pregnancy or lactation. :
(Training set=93; Validation set=40) Shape Texture Histogram

V

Feature Selection

Figure 1

Patient enrollment and workflow of radiomics analysis. Abbreviations: HGSOC, high-grade serous ovarian
carcinoma; T2WI, T2 weighted imaging; VOI, volumes of interest.
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Figure 2

The ROC curves of different models in the training set (A) and validation set (B), and visualization of the
nomogram for the combined model (C). The nomogram is constructed by combining BRCA, PR and
Radscore. On the point scale axis, each variable was assigned a score. The overall score was calculated
by adding each score. We were able to predict the status of HRD using the whole-point scale.
Abbreviations:ROC, receiver operating characteristic; BRCA, breast cancer susceptibility gene; PR,
progesterone receptor; HRD, homologous recombination deficiency.
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Figure 3

Calibration curves for the combined prediction model (A), and DCA results comparing the combined
model, radiomics model, and clinical model (B). Abbreviations: DCA, decision curve analysis.
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