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Introduction
The integration of artificial intelligence (AI) into 
histopathology has revolutionized cancer diagnostics, 
enabling the extraction of intricate morphological 
and spatial features from hematoxylin and eosin 
(H&E)-stained whole slide images (WSIs) [1]. AI-driven 
approaches have demonstrated remarkable potential in 
predicting molecular phenotypes and genomic alterations 
from histopathological images. Various AI models have 
been successfully applied to classify cancer subtypes, 
predict microsatellite instability (MSI) status, and infer 
tumor mutational burden (TMB) from WSIs [2,3]. These 
advancements underscore the transformative role of AI in 
bridging the gap between histopathology and molecular 
diagnostics.Diagnosing patients who will respond to PARP 

inhibitors remains a complex task due to the limitations 
of current biomarkers and testing methodologies. While 
BRCA1 and BRCA2 mutations are well-established 
indicators of homologous recombination deficiency 
(HRD), not all patients with HRD respond equally to 
PARP inhibition. Conversely, some patients without BRCA 
mutations still exhibit sensitivity, highlighting the need 
for broader and more accurate markers of DNA repair 
deficiency. Current HRD tests, such as genomic scar assays, 
reflect historical, not functional, 
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DNA repair status, often leading to false positives or 
negatives. The lack of standardized thresholds and 
inconsistent sensitivity across tumor types further 
complicates clinical decision-making.

Tumor heterogeneity adds another layer of complexity in 
predicting PARP inhibitor response. Within a single tumor, 
subpopulations of cells may differ in their DNA repair 
capabilities, resulting in partial or transient responses 
to therapy. Moreover, the HRD status of a tumor can 
evolve over time due to selective pressures, including 
prior chemotherapy, potentially restoring homologous 
recombination through mechanisms like BRCA reversion 
mutations. These dynamic changes are not captured by 
one-time genomic assays, underscoring the need for real-
time or functional assessments of DNA repair activity, 
such as RAD51 foci formation assays, which are not yet 
widely accessible in routine clinical practice.

Clinical and logistical barriers also impede accurate 
diagnosis of PARP inhibitor responders. Many patients do 
not have access to comprehensive molecular testing due 
to cost, lack of infrastructure, or insurance constraints. 
Additionally, germline testing alone may miss relevant 
somatic mutations, and many detected alterations are 
classified as variants of uncertain significance, providing 
little actionable guidance. Even when genetic alterations 
are identified, emerging resistance mechanisms—such as 
alternative DNA repair pathway activation or epigenetic 
changes—may limit the long-term efficacy of PARP 
inhibitors. Overcoming these challenges requires the 
development of standardized, functional, and widely 
deployable diagnostic tools to better guide patient 
selection and improve treatment outcomes.

Recent studies have highlighted the ability of AI to 
detect subtle visual markers in H&E-stained WSIs, which 
correlate with underlying genomic alterations and 
molecular phenotypes [4,5]. This capability is particularly 
relevant for homologous recombination deficiency 
(HRD) prediction, as HRD arises from complex genomic 
and molecular mechanisms that manifest in cellular 
morphology. By training AI models on H&E stained WSIs, 
researchers have achieved high-precision predictions of 
molecular status, offering a non-invasive and cost-effective 
alternative to traditional methods [6]. Moreover, AI-driven 
digital pathology enables the integration of multi-omics 
data, enhancing the accuracy of predictive models and 
supporting personalized therapeutic strategies [7].

HRD has emerged as a critical biomarker in oncology, 
guiding therapeutic decisions for Poly (ADP-ribose) 
polymerase (PARP) inhibitors and platinum-based 

treatments. HRD reflects genome-wide scarring and 
impaired DNA repair mechanisms, often resulting in 
chromosomal instability. Traditional methods for HRD 
detection, such as next-generation sequencing (NGS), 
are highly effective but limited by their cost, and lengthy 
turnaround times. These limitations have spurred the 
exploration of alternative approaches, particularly those 
leveraging advancements in digital pathology and AI.

It is known that HRD is caused by BRCA1/2 mutations and 
yet not all patients with mutations in BRCA1/2 respond 
to PARP inhibitors. The differences in response to PARP 
inhibitor treatment could also result from the development 
of resistance.  In addition, PARP inhibitor resistance could 
result from restoration of homologous recombination 
(HR) repair due to secondary mutations in BRCA1/2, and 
depletion of HR compensatory repair pathways such as 
the non-homologous end joining pathway. 

Increasingly NGS large somatic panels on tumor DNA are 
being used to personalize the treatments, however these 
tests have their limitations. Example, the Myriad Genetics 
test uses sequencing to find BRCA mutations and produces 
a ‘genomic instability’ score that is related to DNA damage. 
However, the threshold at which a score is said to identify 
HRD is controversial.  In addition, the current tests also 
have false positives with no mutations detections (NMDs), 
leading to non-reliable predictors with benefit from PARP 
inhibitors. It also detects pathogenic variants in BRCA1 
and BRCA2 within the same assay. 

Using a ResNet-50-based model, we aim to address the 
limitations of traditional HRD detection methods and 
explore the feasibility of AI-driven digital pathology as a 
rapid screening tool. The approach reported here utilizes 
AI to extract morphological and architectural features 
associated with HRD, offering a scalable and efficient 
solution for patient stratification and therapeutic decision-
making in precision oncology.

Materials And Methods
Data Collection And Preparation

A total of 514, including 395 H&E-stained WSIs were 
collected from The Cancer Genome Atlas (TCGA). The 
dataset consisted of 315 breast cancer slides and 80 
ovarian cancer slides. Ground truth labels for HRD 
status—classified as HRD-positive or HRD-negative—
were retrieved from TCGA. The model was internally 
validated with a private dataset of 119 ovarian cancer 
samples with known BRCA1/2 status, other relevant 
homologous recombination repair (HRR) gene mutations, 
or HRD status.
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Hrd Scores And Associated Genomic Markers

HRD scores were calculated using scarHRD, as described 
by Sztupinszki et al. [8]. Clinically, an HRD score of ≥42 is 
commonly used to guide treatment with platinum-based 
chemotherapy or PARP inhibitors in ovarian cancer, as 
established by Telli et al. [9,10]. Additionally, a threshold 
of ≥63 has been proposed in certain treatment contexts, 
as reported by Takaya et al. [11]. The HRD score threshold 
was centered at 50, reflecting the median HRD score for 
ovarian cancer [12]. Samples were classified as HRD if they 
had an HRD score ≥50 or harbored BRCA1/2 mutations 
or alterations in other relevant HRR genes. Conversely, 
samples with an HRD score <50 and no detected mutations 
in other relevant HRR genes were considered homologous 
recombination proficient, corresponding to the upper and 
lower quartiles, respectively. Pathogenicity of mutations 
in BRCA1/2 and 24 additional HRD-related genes were 
assessed by cross-referencing variants across multiple 
genomic databases, as previously described by Abkevich 
et al. [13].

Histopathological Feature Extraction

Histopathological features were extracted from H&E-
stained slides to capture the morphological and structural 
characteristics of the tumor regions. These features 
encompassed aspects such as cellular architecture, nuclear 
morphology, and overall tissue organization, which are 
essential for distinguishing between HRD-positive and 
HRD-negative cases.

Image Preprocessing and Tile Generation

To facilitate deep learning-based analysis, all H&E-stained 
WSIs underwent a standardized preprocessing and tiling 
workflow. Due to the high resolution of WSIs, each slide 
was divided into smaller, manageable regions for model 
training. Initially, each WSI was visually inspected to ensure 
quality control, removing slides with scanning artifacts, 
pen marks, or incomplete tissue sections. Following quality 
control, tissue segmentation was performed using color 
thresholding and morphological operations to generate 
tissue masks, effectively distinguishing tissue regions 
from background areas using HistoQC. (Figure 1).  

Only regions with sufficient tissue coverage (e.g., >90% 
tissue area) were retained for further processing to avoid 
including empty or irrelevant background regions.

The WSIs were then divided into non-overlapping tiles of 
256 × 256 pixels at a 40× magnification level (approximately 
0.25 μm/pixel). This high magnification setting was 
selected to capture critical cellular and architectural 
features relevant for downstream deep learning tasks. The 
tiling strategy ensured comprehensive sampling of each 
slide, resulting in a diverse and representative collection of 
image patches reflecting both tumor and stromal regions.

To reduce the variability in H&E staining across samples 
originating from multiple centers in TCGA, stain 
normalization was applied to all tiles. The normalization 

was performed using a structure-preserving method to 
standardize color profiles while maintaining morphological 
integrity. This step was crucial for mitigating stain-related 
biases and improving the generalization capability of the 
deep learning model across heterogeneous datasets. The 
final set of pre-processed tiles was used as input to the 
deep learning pipeline, enabling robust feature extraction 
and classification at the patch level.

Dataset Splitting

The dataset was split into training and validation subsets 
to ensure robust model evaluation. Specifically: 80% of 
the data was allocated for training the AI model. 20% of 
the data was reserved for validation to assess the model’s 
performance and generalizability.

Figure 1. Quality control (QC) and data cleansing pipeline for HRD prediction. A WSI undergoes QC and tumor region 
detection, followed by stain normalization. The processed image is then tiled into smaller patches, which are analysed 

using a trained deep learning model for HRD prediction.
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Oncopredikt Model Architechture

In this study, we implemented a tumor detection pipeline 
to identify tumor regions within WSIs, followed by 
classification using the ResNet-50 architecture, a widely 
recognized deep learning model for image analysis 
tasks (Figure 2). The tumor detection pipeline included 
an initial preprocessing stage to eliminate artifacts, 

after which feature extraction was performed using a 
pretrained Hibou model fine-tuned on tiles from the BCSS 
dataset (https://bcsegmentation.grand-challenge.org/). 
The tumor detection model carried out segmentation by 
accurately delineating tumor regions within H&E-stained 
slides. Subsequently, these segmented tumor regions were 
utilized for HRD status prediction. 

Model Training

The objective of the study was to develop HRD 
classification models for both breast and ovarian cancer 
samples. A common custom architecture was designed by 
leveraging the pre-trained weights of the ResNet50 model. 
Transfer learning was applied to fine-tune the model on 
image tiles categorized under HRD and HRP (homologous 
recombination proficient) classes. For optimization, 
binary cross-entropy was used as the loss function, and 
the Adam optimizer was employed to update model 
weights efficiently. The training process involved multiple 
epochs to achieve a better accuracy with reduced loss. As 
mentioned earlier, 80-20 split is adapted for training and 
validating both the models.

Oncopredikt Model Validation

The trained models for both breast and ovarian samples 
were validated on the reserved 20% of the validation set. 
Performance metrics such as Sensitivity, Specificity and 
(Receiver operating characteristic) ROC/(Area under 
curve) AUC were calculated to evaluate the model’s 
ability to predict HRD status. The validation results were 
compared against the NGS ground truth to assess the 
model’s reliability and generalizability.

Results
The OncoPredikt model was trained and evaluated on 
a total of 514 H&E-stained whole slide images (WSIs) 
of breast and ovarian cancer. A total of 395 WSIs were 
obtained from TCGA, consisting of 315 breast cancer and 80 
ovarian cancer slides. Ground truth labels for HRD status—
categorized as HRD-positive or HRD-negative—were 
calculated using scarHRD, as described by Sztupinszki et 
al. [8]. The model was further validated on an independent 
private dataset of 119 ovarian cancer samples with known 
BRCA1/2 status, HRR gene mutations, or HRD status.

Model Performance Evaluation

The predictive performance of the trained models was 
assessed using sensitivity, specificity, positive predictive 
value (PPV), F1-score, and AUC. Each model, trained on 
breast and ovarian cancer samples, was evaluated on 
validation datasets representative of both cancer types. 
For the OncoPredikt model, the evaluation yielded an AUC 
of 0.85 on the breast cancer validation set and 0.97 on the 
ovarian cancer validation set, suggesting strong predictive 
performance. However, the disparity in AUC values 
indicates limited cross-applicability between cancer types, 
emphasizing the need for cancer-type-specific model 
optimization. (Figure 3a (Left), 3b (Right)).

Figure 2. Training and testing phases in the development of the HRD model. The model generates tile-level predictions, 
classifying regions as HRD-positive (red) or HRD-negative (green). These predictions are aggregated into a heatmap, 

highlighting tumor-rich areas and regions with high HRD probability. This spatial visualization enhances interpretability, 
providing insights into HRD status within the tissue sample.



Journals Era Publications

International Journal of Research in Medical and Clinical Sciences 44

The ovarian and breast cancer OncoPredikt model 
was evaluated on 20% of the validation set. The model 
demonstrated an AUC of 0.85 for breast cancer and 0.97 for 

ovarian cancer, suggesting a higher predictive accuracy in 
distinguishing HRD-positive cases. Detailed performance 
metrics are presented in Table 1.

Metric Validation on Breast samples Validation on Ovarian samples
Sensitivity 81.3% 100%
Specificity 72.6% 94.5%

PPV 60.4% 91%
F1-score 0.69 0.95

AUC 0.85 0.97
Accuracy 85% 96.4%

Table 1. Performance analysis of the breast and ovarian cancer models, evaluated on 30% of the validation set. Predictive 
performance was assessed using sensitivity, specificity, PPV, F1-score, and AUC. The breast cancer model achieved an AUC of 
0.85 on breast cancer samples and 0.97 on ovarian cancer samples, indicating limited cross-applicability between cancer 
types (Figure 3a and 3b).

Figure 3. AUC-ROC plots illustrate the performance of the OncoPredikt model on (a) breast cancer samples and (b) ovarian 
cancer samples. The model was evaluated on 30% of the validation set, achieving an AUC of 0.85 for breast cancer and 0.97 
for ovarian cancer, indicating higher predictive accuracy in distinguishing HRD-positive cases.

Discussion
This study demonstrates the clinical utility of our AI-based 
pipeline for predicting HRD status directly from H&E-
stained WSIs across two major cancer types: ovarian and 
breast cancer. PARP inhibitors are emerging as a powerful 
class of targeted therapies, particularly for cancers with 
homologous recombination deficiency (HRD), such as 
BRCA-mutated breast and ovarian cancers. Since the 
effective use of these drugs relies heavily on accurate 
identification of eligible patients, timely and reliable 
testing becomes increasingly critical in ensuring the right 
patients receive the appropriate treatment. Access to 
diagnostic testing persistently remains a major bottleneck, 
especially in low-resource settings. Lack of universal 
availability of comprehensive HRD testing due to high 
costs, limited laboratory infrastructure, and disparities in 
healthcare delivery are still curbing the clinical utility of 
PARP inhibitors in potential candidates. 

AI-based approaches are now being trained on 
histopathology images, genomic data, and multi-omic 
profiles to non-invasively predict HRD status with high 
accuracy. These models aim to provide scalable, real-time 
solutions that can complement or even substitute for 
molecular assays in certain clinical settings.

Thus, our findings open newer avenues supporting 
the use of AI-driven digital pathology for molecular 
biomarker prediction. This study bridges the gap between 
histopathology and molecular diagnostics, offering a cost-
effective and efficient solution for HRD prediction. This 
aligns with recent advancements in the field, which have 
demonstrated the potential of AI to integrate multi-omics 
data and enhance predictive accuracy [3,21]. 

The ovarian cancer-specific model achieved a true 
positive rate of approximately 97%, highlighting its high 
sensitivity for HRD prediction in ovarian cancer. Similarly, 
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the breast cancer model demonstrated moderate cross-
cancer performance (AUC-ROC = 0.85), with stain 
normalization significantly enhancing its predictive 
accuracy. These results align with recent studies 
demonstrating the ability of deep learning (DL) models 
to extract subtle morphological features associated with 
molecular phenotypes and genomic alterations [4,6] and 
studies indicating that machine learning-based cancer 
classification models often face challenges in achieving high 
specificity, particularly in heterogeneous cancers such as 
breast and ovarian cancer [14]. The superior performance 
may be attributed to more distinct molecular profiles, 
which exhibit higher genomic heterogeneity [15,16]. Future 
work should focus on improving specificity in breast and 
ovarian cancer detection, potentially by integrating multi-
omics data and advanced DL approaches [17,18].

However, the models achieved modest AUC-ROC values 
for pancreatic and prostate cancer (0.48 and 0.51 at HRD 
cutoffs of 42 and 50, respectively), indicating challenges 
posed by tumor heterogeneity across different cancer 
types (data not shown here). This variability highlights 
the complexity of generalizing HRD prediction models 
across diverse histological and molecular landscapes, 
a challenge also noted in previous studies [2,19]. Despite 
these limitations, the model’s high specificity in reducing 
false positives is a significant advantage, as it minimizes 
unnecessary HRD testing for HRD-negative patients, 
thereby conserving resources and accelerating clinical 
decision-making. 

The integration of stain normalization and tumor 
segmentation techniques proved critical in enhancing 
model performance. Stain normalization addressed 

variability in staining protocols and scanner differences, 
while tumor segmentation ensured that predictions 
were based on biologically relevant tissue regions. These 
preprocessing steps not only improved model accuracy but 
also underscored the importance of addressing technical 
and biological variability in digital pathology workflows, 
as highlighted in prior research [1,20].

Conclusions
In conclusion, the prediction of HRD using AI-based models 
has emerged as a promising advancement in precision 
oncology. This study highlights the potential of AI-powered 
histopathological image analysis as a rapid, non-invasive 
screening tool for HRD prediction. These models aim to 
provide scalable, real-time solutions that can complement 
or even substitute for molecular assays in certain clinical 
settings. The strong performance of the ovarian and breast 
cancer-specific models, coupled with the model’s high 
specificity, underscores its clinical utility in optimizing 
patient stratification for HRD-targeted therapies such as 
PARP inhibitors and platinum-based treatments. While 
challenges related to tumor heterogeneity remain, our 
findings provide a foundation for further refinement and 
expansion of this framework. Future work necessitates 
validating the model on larger and more diverse pan-
cancer datasets, as well as exploring its applicability to 
other clinically actionable molecular layers including 
transcriptome and clinical features. By advancing the role 
of AI in precision oncology, there is immense potential to 
transform cancer diagnostics and therapeutic decision-
making, ultimately improving patient outcomes.

AI Artificial intelligence
HRD Homologous recombination deficiency
TAT Turn-around time
H&E Hematoxylin and eosin
TCGA The Cancer Genome Atlas
HRR Homologous recombination repair
AUC Area under curve
PPV Positive predictive value
NPV Negative predictive value
WSI Whole slide image
MSI Microsatellite instability
TMB Tumor mutational burden
PARP Poly (ADP-ribose) polymerase
NGS Next-generation sequencing
NMD No mutations detection
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