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Predicting homologous recombination
deficiency and treatment responses using
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foundation model: a preclinical study
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Homologous recombination deficiency (HRD) can lead to genomic instability, increased cancer
susceptibility, and enhanced sensitivity to DNA-targeting therapies. Although radiomics has been
used for various medical applications, its application in animal studies remains largely unexplored,
primarily due to the typically limited availability of preclinical data. In this study, we applied a state-of-
the-art foundation model (FM) on preclinical computed tomography (CT) images in mice, aiming to: (i)
distinguishHRD statuswithin isogenic xenografts, and (ii) predict differential therapeutic responses of
CP-506, a novel hypoxia-activated DNA-crosslinking agent. The dataset comprises micro-CT scans
of 307 mice with balanced HRD status, collected both before and after CP-506 or control treatment.
The FM demonstrated robust HRD classification performance, achieving an AUC of 0.88 on the test
set, which significantly outperformed the handcrafted radiomics and supervised deep learning (sDL).
The highest AUC (0.93) was achieved in the consensus subgroup (71%) between sDL and FM.
Additionally, HRD-related features predicted DNA damage and growth delay following the treatment.
Interpretability analysis indicated the important role of texture heterogeneity in HRD classification.
Therefore, these results suggest that FM successfully overcomes the data scarcity in animal studies
and enables HRD classification and treatment response prediction from preclinical CT imaging.

Homologous recombination (HR) is a crucial DNA repair pathway for
high-fidelity repair of double-strand DNA breaks1. A deficiency in this
pathway, termed homologous recombination deficiency (HRD), results in
the accumulation of unrepaired DNA damage and can lead to genomic
instability and cancer development. HRD is often associated with, but not
limited to, germlinemutations in key genes and is linked to the pathogenesis
ofmultiple cancers2–5. It has beenextensively investigated inbreast andhigh-
grade serous ovarian cancers, where BRCA mutations are clinically
actionable2,6. Germline and somatic alterations in HR repair genes,
including BRCA and Fanconi anemia pathway (e.g., FANCA, FANCD2),
have also been identified in prostate and colorectal cancers, as well as other

genitourinary and gastrointestinal tumors7–9. HRD tumors present with
higher spatial and temporal heterogeneity, complicating tumor
diagnosis10,11. Due to the inability of HRD tumors to repair DNA damage,
DNA-targeted therapies, such as PARP inhibitors and chemotherapies, lead
to increased cell death and cause better treatment outcomes12–16. Therefore,
the detection of HRD can guide cancer treatment decisions and improve
responses to targeted therapies that induce DNA damage.

Current HRD detection involves tests to identify mutations in HR
repair genes, the presence of genomic scars and signatures, as well as
functional assays15,17–20. However, these methods, which typically rely on
invasive biopsies, present challenges in terms of high cost, long processing
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times, and their inability to dynamically map HRD status in space and over
time. Alternatively, another approach is to examine how the genomic
deficiencies translate to the radiological tumor phenotype21. A deep learning
approach was used to analyze pathology tissue slides, therefore, to identify
associatedmorphological patterns andenable thedetectionofHRD22.While
this approach is innovative and promising, it remains invasive and time-
consuming.

Radiomics, a non-invasive analytical technique that extracts quanti-
tative features frommedical imagingmodalities, has been investigated for its
potential to capture genetic changes and mutation signatures in various
cancers23,24. For example, emerging evidence shows a correlation between
radiomic featuresobserved inmagnetic resonance imaging (MRI) andTP53
mutations in lower-grade gliomas25. Other computed tomography (CT)
image features have also been shown to effectively predict BRCAmutations
in epithelial ovarian cancer26. Several approaches have applied radiomics in
animals, but this field remains largely unexplored, primarily due to the
typically limited availability of preclinical data27. To overcome such chal-
lenges, pre-trainedmodels have beendeveloped to leverage prior knowledge
and enhance radiomic analysis. Recent studies have demonstrated that
foundation models (FMs) based on self-supervised deep learning can
advance cancer imaging biomarker discovery and show a strong association
with the biological basis of gene expression28,29. Compared to traditional
supervised learning, FMs require less data for fine-tuning in downstream
tasks, and exhibit greater stability in terms of test-retest scenario and resi-
lience to perturbations28. On the basis of previous radiomic studies in ani-
mals, we extend this line of work by applying FMs on animal data for
identifying HRD status30–35.

As a clinically indispensablemodality, CT imaging has been employed
to predict responses to cancer therapies by capturing tumor phenotype
characteristics, such as size andmorphology36,37. However, to the best of our
knowledge, no studies have specifically focused on identifyingHRD-related

features from CT imaging to predict therapeutic outcomes26,38,39. Given the
established role of HRD in influencing treatment responses and the rich
information contained in CT images, we hypothesized that CT-based FMs
could identifyHRDtumorson apreclinical dataset andbecomeabiomarker
of treatment efficacy29.

Therefore, the objectives of this study are twofold: (i) to detect HRD
based on CT images using an FM across various xenografts andmutation
types and compare the results to handcrafted radiomics (HCR) and
supervised deep learning (sDL); and (ii) to assess HRD-related CT ima-
ging features for predicting treatment outcomes. To achieve these goals,
we have set up mouse models with balanced HRD and HR proficient
(HRP) xenografts. CT scanswere performedboth before and after CP-506
and control treatment, and predictive models were trained to detect HRD
and evaluate treatment efficacy on DNA damage and growth delay after
CP-506 therapy.

Results
Data structure and characteristics
614CTscans of isogenic xenografts from307micewere collectedbefore and
after CP-506 (i.e., hypoxia-activated prodrugwith an alkylatingwarhead) or
control treatment (Figs. 1–2, Supplementary Table S1). After excluding 71
scans due to impaired or missing data files (n = 53), damaged files (n = 4),
partial tumor coverage (n = 13), or movement artefacts (n = 1), 543 scans
were used for further analysis. These scans were classified into two cate-
gories: no-treatment scans (n = 414, i.e., pre- and post-treatment scans from
the control group and pre-treatment scans from the treatment group), and
treatment scans (n = 129, i.e., post-treatment scans from the treatment
group). All no-treatment scans were split into a training set (n = 287) and a
test set (n = 127). Characteristics (e.g., mean region of interest [ROI]
volume,meanROI intensity, cell line, andmutations) showedno significant
differences between the training and test datasets (all p > 0.05, Table 1).

Post-scan (n=69)Post-scan (n=62)
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Fig. 1 | Study design and data distribution. 307mice were divided into four groups
based on isogenic xenografts (HRP vs. HRD) and treatment (CP-506 vs. vehicle)
stratification. CT scans were collected before and after treatment. No-treatment
scans (pre- and post-scans from the control group and pre-treatment scans from the

treatment group) were split into a training set (70%) and a test set (30%). HRP
homologous recombination proficiency, HRD homologous recombination defi-
ciency, HRP homologous recombination proficiency, CT computed tomography.
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HRD classification performance across multiple models
For each isogenic xenograft, HRD status was separately predicted using
three models: an HCR model, an sDL model, and an FM. Predicted prob-
abilitieswere calibratedusingPlatt scaling (SupplementaryFig. S1 andTable
S2). On the training set, the HCR demonstrated an area under the curve
(AUC) ranging from0.77 to 0.79, and the sDLmodeldemonstrated anAUC
between 0.71 and 0.78 across different CT energies. An sDL initialized with
pre-trained weights from MedicalNet showed no significant improvement
compared to sDL (p > 0.05, Supplementary Table S3–S4). The FM con-
sistently outperformedHCR and sDL, achieving an AUC between 0.89 and
0.90 and an accuracy of ca. 0.85 (p < 0.05, Fig. 3a, Table 2). Additionally, the
FM showed significantly higher sensitivity and specificity compared to the
HCRand sDLmodels (p < 0.05, Table 2).On the test set, the FMmaintained
its superior performance, with an AUC ranging from 0.87 to 0.88, closely
mirroring its training performance (Fig. 3b, Table 3). Notably, FMwas least
influenced byCT energy levels (p > 0.05) and consistently outperformed the
HCR and sDL models on both the training and test datasets across all CT
energy levels (i.e., 40 kVp CT, 80 kVp CT, and combined CT) (Fig. 3a, b).
Details of the HCR model, including feature selection, feature importance
analysis, and ablation experiments comparing multiple machine learning
classifiers, are provided in Supplementary Fig. S2 and Tables S5–S8.

We assess consensus as the subset of cases in which both models
predict the same HRD status, offering insight into uncertainty between
models37,40. sDL and FM achieved a consensus rate of 71%, and demon-
strated the highest AUC of 0.93 (95% CI: 0.87–0.98) in combined CT. The
consensus betweenHCR and FM ranged from61 to 67% (AUC: 0.89–0.91),
while the consensus between sDL and FMwas slightly higher (65–71%) and
showed a higher AUC of 0.91–0.93.

To assess the effect of training data size on model performance, we
retrained themodels using 100, 50, 20, and10%of the training set.TheHCR
model consistently exhibited the lowest and most variable AUCs, dropping
below 0.5 when trained on only 10% of the data, indicating its high sensi-
tivity to dataset size. Both the sDL model and the FM demonstrated an
approximately linear AUC decline as training data size decreased (Fig. 3c).
When using more than 10% of the training data, the FM consistently out-
performed the sDL model.

HRD classification performance of foundation model
Based on the superior performance of the FM, we focused specifically on its
predictive results in the following analyses. Among the HRD and HRP
isogenic xenografts, the predicted HRD probabilities by FM (40 kVp CT)
were significantly higher in the trueHRDgroup than in the trueHRP group
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Fig. 2 | Workflow for HRD tumor classification and treatment response pre-
diction using CT image. a Study design for animal experiment: mice bearing iso-
genic xenografts (HRD/HRP) were subjected to CP-506 (i.e., hypoxia-activated
DNA-crosslinking agent) and control (vehicle) treatments. In the main experiment,
CT scans were acquired before and after treatment, and DNA damage intensity was
quantified in tumor tissues using γ-H2AX immunohistochemical staining 48 h post-
treatment. In a parallel experiment, tumor volumes were measured regularly until

tumors quadrupled in volume (event-free survival, EFS)51. b Radiomic pipeline for
HRD classification and treatment response prediction: A pre-trained foundation
model (FM)was employed to derive high-dimensional features from theCT scans. A
shallow classifier was utilized to determine HRD tumor status. Subsequently, HRD-
related features extracted from the final layer of the classifier were used to predict
treatment responses (i.e., DNA damage and EFS).
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on the test dataset (median [interquartile range, IQR]: HRD, 0.70
[0.45–0.79]; HRP, 0.21 [0.16–0.35]; p < 0.0001; Fig. 4a, left). This result
indicates an alignment between the model prediction and the true HRD
status. Similar results were observed when investigating the different tumor
types separately. In the LNCaP AR xenografts, HRD probabilities differed
significantly by gene mutation: FANCA-/- (n = 15; 0.75 [0.64–0.79]) and
FANCD2-/- (n = 17; 0.67 [0.43–0.79]) xenografts, both classified as HRD,
showed significantly higher predicted HRD probabilities compared to
parental xenografts (classified as HRP, n = 16; 0.18 [0.14–0.21]; p < 0.0001;
Fig. 4a, middle). No significant difference was observed between FANCA-/-

and FANCD2-/- xenografts (p > 0.05). Similar results were observed in the
HCT116 and DLD-1 xenografts: BRCA2-/- xenografts (classified as HRD)
had significantly higher predicted HRD probabilities compared to both
parental and DNA-PKcs-/- xenografts (classified as HRP) (HCT116:
p < 0.0001; DLD-1: p < 0.05; Fig. 4a). Together, these results show that the
predicted HRD probability was higher in the true HRD group compared to
the trueHRP group, and no significant differenceswere observedwithin the
HRD group.

The quantitative performance of the FM for HRD prediction across
different tumor types is illustrated in Fig. 4b. Overall, FM demonstrated
robust predictive ability, with an AUC of 0.88 (95% confidence interval
[CI], 0.82–0.93), sensitivity of 66%, and specificity of 87%. Among the
three tumor types, the highest performance was observed in LNCaP AR
xenografts (AUC, 0.96; sensitivity, 69%; specificity, 100%), followed by
HCT116 xenografts (AUC, 0.94; sensitivity, 81%; specificity, 90%). Per-
formance was lower in DLD-1 xenografts (AUC, 0.72; sensitivity, 44%;
specificity, 69%).

HRD-related features predicted DNA damage with
foundation model
A total of 86 tumor tissue samples were obtained from both the treatment
and control groups 48 h post-treatment. After excluding four mice without
pre-treatment scans, 82 mice were included in the DNA damage intensity
(DDI) prediction (training set: n = 57; test set: n = 25). No significant dif-
ference in DNA damage (γ-H2AX) was observed overall between the true

HRP and HRD subgroups in the control group (p > 0.05; Fig. 5a). Com-
paratively, after CP-506 treatment,DNAdamagewas significantly higher in
the true HRD subgroup compared to the true HRP subgroup both overall
and within each tumor cell line (Overall: p < 0.001; LNCaP AR: p < 0.01;
HCT116: p < 0.05; DLD-1: p < 0.01; Fig. 5a), indicating a differential treat-
ment response based on HRD status. To assess whether pre-treatment CT-
basedHRDclassification could directly stratify subsequentCP-506-induced
DNA damage, we compared DDIs between the predicted HRP and pre-
dictedHRD subgroups. After treatment,DDIwas significantly higher in the
predicted HRD subgroup than in the predicted HRP subgroup overall and
within the LNCaPAR andHCT116, whereas no difference was observed in
DLD-1 (Overall: p < 0.001; LNCaPAR: p < 0.01; HCT116: p < 0.05; DLD-1:
p > 0.05; Fig. 5b).

For DDI prediction, damage levels were dichotomized as high
(≥median) or low (<median).A logistic regressionmodel trained to predict
DDI achieved an AUC of 0.92 (95% CI, 0.83–1.00) on the training dataset
and 0.75 (95% CI, 0.63–0.87) on the test dataset (Fig. 5c). Predicted prob-
abilities differed significantly between the true low and high DNA damage
subsets in both the training (p < 0.0001, Fig. 5d) and test datasets (p < 0.05,
Fig. 5d), supporting the model’s capacity to distinguish between DNA
damage levels. Specificity was high across datasets (96% for training, 100%
for test), while sensitivity was higher on the training set (100%) than on the
test set (50%, Fig. 5e).

HRD-related features predicted survival with foundation model
Pre-treatment scans were utilized for the survival analysis, maintaining
the same data split as used in the HRD classification task (training set:
n = 201, test set: n = 82). Because mice in this imaging experiment were
sacrificed after treatment in order to assess DNA damage, event-free
survival (EFS) times for these animals were synthetically generated from a
parallel tumor growth experiment (see “Methods”). Upon CP-506 treat-
ment, EFS was significantly longer in the true HRD groups compared to
the HRP groups (p < 0.0001, Supplementary Fig. S3). Using HRD-related
features, a Coxmodel was trained to predict tumor growth risk score, and
mice were stratified into high- and low-risk groups. In this exploratory
analysis, Kaplan–Meier (KM) curves showed a significant difference in
EFS between the two groups (p < 0.0001, Fig. 6a, left), with a hazard ratio
of 0.25 (95% CI, 0.23–0.27) and a concordance index (C-index) of 0.69
(95%CI, 0.63–0.77). Across three tumor types, KMcurves showed similar
significant EFS differences between high- and low-risk groups, with
hazard ratios ranging from 0.24 to 0.28. The C-index was 0.69 (95% CI,
0.57–0.79) in LNCaP AR, 0.73 (95% CI, 0.58–0.89) in HCT116, and 0.59
(95% CI, 0.49–0.78) in DLD-1 xenografts. Subsequently, the intersection
of risk groups and predicted HRD classes (yielded four groups: high-risk/
predicted HRD, high-risk/predicted HRP, low-risk/predicted HRD, and
low-risk/predicted HRP) revealed distinct survival patterns (p < 0.0001,
Fig. 6b), with the low-risk/predicted HRD group exhibited the longest
EFS. This trend was consistent across cell lines, with more pronounced
separation in LNCaP AR and HCT116, and weaker discrimination
observed in DLD-1.

Model interpretability
Using the regression concept vector (RCV) method, we first identified
which radiomic features were effectively learned by the FM. After
excluding highly volume-correlated features (n = 63), we analyzed the
remaining features (n = 309) for their contribution to HRD classification.
The distribution ofR² values (Fig. 7b) showed thatmost features (n = 269,
87%) exhibited positive learnability (R² > 0), with 62 classified as very
weak (0 ≤ R² < 0.2), 83 as weak (0.2 ≤ R² < 0.4), 87 as moderate
(0.4 ≤ R² < 0.6), 31 as strong (0.6 ≤ R² < 0.8), and 6 as very strong
(0.8 ≤ R² < 1). In contrast, 40 features exhibited negative R² values, indi-
cating they were not captured by the FM and therefore did not contribute
to model predictions. We then evaluated the contributions (bidirectional
relevance [Br] scores) of learned radiomic features to HRD classification
in the FM (Fig. 7a). Feature contributions varied between original and

Table 1 | Characteristics of training and test sets

Characteristic Training
set (n = 207)

Test
set (n = 88)

P value

CT scans, n 287 127

Pre-scans 201 82

Post-scans 86 45

ROI Volume (0.1mm3),
mean ± s.e.m

380 ± 18 389 ± 25 0.3290

ROI Intensity (HU),
mean ± s.e.m

40 kVp 916 ± 2.4 912 ± 2.5 0.4930

80 kVp 228 ± 1.1 238 ± 1.3 0.3410

Tumor type, n (%) 0.8162

DLD-1 69 (24.1%) 32 (25.2%)

HCT116 100 (34.8%) 47 (37.0%)

LNCaP AR 118 (41.1%) 48 (37.8%)

Mutation, n (%) 0.9902

HRP

Parental 106 (75.7%) 49 (77.8%)

DNA-PKcs-/- 34 (24.3%) 14 (22.2%)

HRD

BRCA2-/- 70 (47.6%) 32 (50%)

FANCA-/- 34 (23.1%) 15 (23.4%)

FANCD2-/- 43 (29.3%) 17 (26.6%)
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Fig. 3 | Receiver operating characteristic (ROC) curves and area under the curves
(AUCs) for HRD classification across CT energy levels. a ROC curves on the
training set comparing the performance of the handcrafted radiomics (HCR),
supervised deep learning (sDL), and foundation model (FM) for HRD classification

across 40 kVp CT, 80 kVp CT, and combined CT datasets. b Same as (a), but on the
test set. cAUCvalues as a function of training set size for eachmodel. Lines represent
mean AUCs; shaded areas (a, b) and error bars (c) indicate 95% confidence intervals
(CIs). * p < 0.05, ** p < 0.01.

Table 2 | Prediction performance of HRD across three models using five-fold cross-validation on the training set

Model CT Type AUC Accuracy Sensitivity Specificity

HCR 40 kVp 0.79 [0.74, 0.85] 73% [68%, 78%] 69% [54%, 84%] 77% [60%, 94%]

80 kVp 0.77 [0.68, 0.87] 71% [63%, 80%] 68% [44%, 91%] 74% [51%, 97%]

Combined 0.79 [0.72, 0.85] 74% [68%, 80%] 76% [59%, 92%] 71% [54%, 87%]

sDL 40 kVp 0.78 [0.71, 0.85] 73% [69%, 77%] 72% [55%, 90%] 74% [60%, 88%]

80 kVp 0.71 [0.65, 0.77] 68% [64%, 72%] 71% [54%, 89%] 64% [45%, 84%]

Combined 0.74 [0.62, 0.86] 71% [62%, 79%] 76% [49%, 99%] 66% [36%, 95%]

FM 40 kVp 0.89 [0.84, 0.94] 84% [81%, 87%] 83% [73%, 93%] 86% [80%, 91%]

80 kVp 0.89 [0.85, 0.94] 84% [82%, 86%] 84% [77%, 92%] 85% [78%, 92%]

Combined 0.90 [0.84, 0.96] 85% [82%, 88%] 89% [81%, 97%] 81% [75%, 87%]

HCR handcrafted radiomics, sDL supervised deep learning, FM foundation model, AUC area under the curve.
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Laplacian of Gaussian (LoG)-filtered images, without a consistent pattern
across filter types. The analysis identified the top 10 highest-impact fea-
tures from those with at least strong learnability (Fig. 7b): Coarseness
(LoG-2, Br =−1.000; LoG-1, Br =−0.852; LoG-3, Br =−0.801; original,
Br =−0.719), GrayLevelNonUniformity (LoG-2, Br =−0.887), Cluster-
Shade (LoG-1, Br = 0.864), ZonePercentage (LoG-3, Br =−0.821),
Skewness (LoG-1, Br = 0.645), RootMeanSquare (LoG-1, Br =−0.644),
and Busyness (original, Br = 0.638). Furthermore, we compared the fea-
ture contributions between the HCR and FMs. In the HCR model, eight
out of twelve features showed consistent directionality with FM in con-
tributions to HRD classification (Fig. 7c).

Discussion
In this study, we applied the foundation model to predict HRD from pre-
clinical CT images of isogenic xenografts. The FM demonstrated strong
predictive performance for HRD status, which outperformed the HCR and
sDL models. Furthermore, the HRD-related CT features identified by FM
accurately predicted bothDNAdamage and EFS followingCP-506 therapy.
These results remained robust across LNCaP AR, HCT116, and DLD-1
isogenic xenografts. Therefore, the findings emphasize that the FM can
effectively identify HRD-related information from preclinical CT images,
establishing it as a valuable marker for both HRD detection and treatment
response prediction. This non-invasive, automatic, state-of-the-art

a

b

/ / / / / /
HRD prediction

Confusion matrix

Fig. 4 | Performance of the foundation model for HRD classification across
tumor types on the test set (40 kVp CT). a Predicted HRD probabilities for true
HRP and HRD groups across all tumors (left) and individual tumor types (LNCaP

AR,HCT116, andDLD-1).bConfusionmatrices show classification performance in
all tumors and within individual tumor types. * p < 0.05, **** p < 0.0001, ns non-
significant.

Table 3 | Prediction performance of HRD across three models on test set

Model CT Type AUC Accuracy Sensitivity Specificity

HCR 40 kVp 0.76 [0.69, 0.84] 69% [62%, 77%] 66% [60%, 80%] 71% [57%, 77%]

80 kVp 0.70 [0.61, 0.77] 65% [55%, 68%] 56% [50%, 70%] 75% [54%, 74%]

Combined 0.71 [0.64, 0.79] 65% [57%, 72%] 66% [53%, 74%] 65% [53%, 75%]

sDL 40 kVp 0.85 [0.78, 0.91] 78% [72%, 84%] 73% [62%, 82%] 83% [76%, 91%]

80 kVp 0.77 [0.68, 0.84] 69% [62%, 76%] 73% [68%, 86%] 63% [53%, 72%]

Combined 0.82 [0.73, 0.88] 80% [72%, 85%] 77% [68%, 86%] 83% [73%, 90%]

FM 40 kVp 0.88 [0.82, 0.93] 76% [70%, 86%] 66% [59%, 82%] 87% [76%, 92%]

80 kVp 0.88 [0.83, 0.93] 78% [74%, 86%] 67% [65%, 84%] 89% [78%, 93%]

Combined 0.87 [0.81, 0.92] 77% [70%, 84%] 73% [62%, 81%] 81% [74%, 92%]

Consensus HCR & FM 40 kVp (67%) 0.89 [0.82, 0.95] 84% [75%, 90%] 74% [64%, 90%] 93% [77%, 96%]

80 kVp (62%) 0.90 [0.83, 0.96] 85% [75%, 89%] 70% [63%, 88%] 98% [80%, 96%]

Combined (61%) 0.91 [0.84, 0.96] 85% [75%, 90%] 80% [65%, 89%] 89% [79%, 98%]

Consensus sDL & FM 40 kVp (70%) 0.93 [0.87, 0.98] 89% [81%, 94%] 82% [68%, 90%] 94% [85%, 99%]

80 kVp (65%) 0.91 [0.85, 0.96] 86% [77%, 93%] 81% [68%, 92%] 90% [80%, 97%]

Combined (71%) 0.93 [0.87, 0.98] 90% [84%, 96%] 88% [77%, 96%] 92% [87%, 99%]

HCR handcrafted radiomics, sDL supervised deep learning, FM foundation model, AUC area under the curve.
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approach for HRD detection holds potential value to inform clinical
decision-making.

Tumor heterogeneity manifests across various spatial scales, including
the molecular, cellular, and radiological levels10,11. While directly measuring

genetic mutations at the molecular or cellular level is highly accurate, it
requires biopsies or invasive procedures18. Comparatively, capturing these
features from diagnostic imaging offers a more accessible, non-invasive
alternative.However, the extent towhich imagingmodalities can accurately

a DNA damage by HRD/HRP

b DNA damage by pre-treatment prediction

c ROC (High vs. low) e Confusion matrixd Damage prediction

Fig. 5 | Performance of the foundation model for predicting DNA damage.
aDNAdamage intensities (DDIs) stratified by trueHRP andHRD subgroups across
control and CP-506 treatment groups. bDDIs stratified by predicted HRP andHRD
subgroups from pre-treatment CT scans across the control and CP-506 treatment
groups. c ROC curves for DNA damage classification (high vs. low). d Predicted

probabilities of DNA damage in the true high and low DNA damage subgroups.
e Confusion matrices show the model’s prediction performance for DNA damage
(high vs. low) on the training and test datasets. * p < 0.05; ** p < 0.01; *** p < 0.001;
****p < 0.0001; ns. non-significant.

a

b

Risk score

Risk score & HRD classification

Fig. 6 |Kaplan–Meier survival curves of event-free survival (EFS) stratified by risk
scores after CP-506 treatment on the test set (n= 82). a EFS curves for low- and
high-risk groups, overall and for individual tumor types (LNCaP AR, HCT116, and
DLD-1). b EFS curves for combined stratification by risk group and predicted HRD
status: low-risk/predicted HRP, low-risk/predicted HRD, high-risk/predicted HRP,

and high-risk/predicted HRD groups. Risk scores were predicted by a multivariate
Cox proportional hazards regression model using HRD-related features from
foundation model (FM). Low and high-risk groups were stratified based on the
median risk score on the training set and validated on the test set.
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reflect tumor phenotype and genotype is still being actively investigated.
Previouswork fromour lab has shown that image features causally reflected
genetic factors, and these features can be captured by CT-based
radiomics24,41–43. However, the attempts to predict tumor genotypes using
clinical imagingmodalities have yielded inconsistent results across different
diseases. For example, magnetic resonance imaging–based models pre-
dicting TP53 mutations have shown AUC values ranging from 0.74 to 0.95
across breast, prostate, and glioma cancers25,44,45. In high-grade serous
ovarian cancer, some studies reported associationsbetweenBRCAmutation
status andCT features26,46, while others foundCT texture features associated
with overall and progression-free survival but not significantly linked to
BRCA mutations38,47–49. These inconsistencies may be due to the variations
in tumor types, scanning protocols, andmodelingmethods. This variability
was also observed in our findings, as the FM outperformed HCR and sDL,
but its performance in DLD-1 was lower than in LNCaP AR and HCT116.
One potential biological explanation is that DLD-1 is MMR-deficient
(biallelic MSH6 loss, MSI) and exhibits an atypical DNA-repair capacity
that can alter lesionprocessing50. In fact, in vitro experiments confirmed that
DLD-1 cells require higher concentrations of the DNA-crosslinking agent
CP-506 to achieve comparable cell kill, indicating a lower intrinsic sensi-
tivity to therapy despite BRCA2 loss51. This reduced sensitivity was also
reflected in our in vivo experiment: when treated with an identical dose of
600mg/kg, DLD-1 xenografts exhibited less relative difference in DNA
damage accumulation 48 h post-treatment between HRD and HRP groups
compared to LNCaP AR and HCT116 cell lines (Fig. 4a). Overall, this

suggests that HRD prediction models should be fine-tuned and evaluated
for each cancer type, adapting to its unique microenvironment.

HRD classification models hold promise for patient stratification to
maximize treatment benefit and reduce unnecessary treatment-induced
toxicity43. For example, PARP inhibitors effectively target HRD tumors by
the induction of synthetic lethality, i.e., simultaneous disruption of two
DNA repair pathways resulting in cell death52. Genomic HRD assays are
used as diagnostics to select patients who are most likely to benefit from
PARP inhibitor maintenance therapy20,51,53. Therefore, optimizing thresh-
olds for high specificity in our non-invasive model ensures treatment is
specific to HRD patients. In addition, HRD tumors show enhanced sensi-
tivity to DNA-damaging therapeutics, especially alkylating agents such as
platinum-based chemotherapies. Themono-therapeutic efficacy ofCP-506,
a hypoxia-activated alkylating agent, has been shown to be more enhanced
in HRD xenografts compared to HRP xenografts51. Therefore, the model
requires high sensitivity to capture all potential HRD cases16. Additionally,
themodel remains robust across differentCT energy levels, which simplifies
imaging acquisition and reduces dependency on specific CT parameters.

HRD tumors have been shown to respond exceptionally well to PARP
inhibitors and CP-50651,54,55. This supports that endogenous mutational
processes might play a crucial role in shaping clinical outcomes. Multiple
prospective cohorts have demonstrated that HRD status is an independent
predictor of response to PARP inhibitors, with HRD-positive patients
experiencingmarkedly longer progression-free survival thanHRD-negative
patients15,56. Previous studies show that biology-guided deep learning

positive

negative

no effect

HRD

HRP

Excluded features (Spearman’s correlation with volume > 0.8) Features not learned (�� < 0)�a

b c

Fig. 7 | Interpretability of radiomics features learned by the foundation model.
a Heatmap of feature contributions (Br) across different filters (original, LoG-1,
LoG-2, LoG-3) and feature types. Colors indicate the direction of contribution to
HRD classification (positive or negative). Features excluded due to high correlation
with volume (Spearman’s ρ > 0.8) or poor learnability (R² < 0) are marked. b Joint
distribution of feature contributions (Br) versus the coefficient of determination (R²)
for all learned features, with the top 10 features (identified by the highest absolute

bidirectional relevance (Br) scores and R² > 0.6) highlighted. Histograms show the
distributions of Br and R² values. cConsistency comparison of feature contributions
between the handcrafted radiomics (HCR)model (SHAPvalues) and the foundation
model (normalized Br) on selected HCR features. Eight of twelve features showed
consistent contribution directions for HRD classification. HRD homologous
recombination deficiency, Br bidirectional relevance, LoG Laplacian of Gaussian
filter, SHAP Shapley additive explanations.
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models for mutation detection can predict prognosis and immunotherapy
response in gastric cancer57,58. Other studies have shown the correlation
between CT image features and prognostic outcomes38,49, but it remained
unclarified whether these CT image features reflected the HRD-related
information. Our study, to the best of our knowledge, is the first one to use
imaging-basedHRDdetectionmodels to predict potential cancer treatment
outcomes.

We demonstrated that HRD-related features captured in CT images
can effectively predict treatment outcomes at both the microscopic and
macroscopic levels. At the microscopic level, the model accurately predicts
DNA damage, reflecting the biological mechanisms underlying CP-506
treatment.At themacroscopic level, it also assesses potential tumor survival,
providing insight into how CP-506 treatment impacts overall tumor pro-
gression. This dual capability offers a comprehensive view of treatment
efficacy, capturing both cellular responses and global tumor effects. How-
ever, it is important to note that the DNA damage intensity may be influ-
enced by several factors. First, DDI was derived from cross-sectional
histological analysis, which captures damage only in a single tumor slice and
may thereforemiss the full extent of damage throughout the tumor. Second,
previous work has shown that tumor hypoxia, cellular reductase activity,
and tissue pharmacokinetics can modulate CP-506 activation and conse-
quently the magnitude and distribution of DNA damage59.

HRD, associated with genomic instability, often manifests as a more
heterogeneous and disorganized texture. Previous studies have shown that
radiomic features can effectively capture underlying tissue heterogeneity60,61.
Consistent with this, our interpretability analysis of the foundation model
also highlighted the essential role of texture heterogeneity in HRD classifi-
cation. Using RCV, we found that the ten most important features in the
foundationmodel all reflect the degree of texture heterogeneity, with greater
heterogeneity linked to a higher probability ofHRD status. For example, the
feature “coarseness”—where a lower value indicates a more heterogeneous
local texture-was a consistent contributor to HRD classification across
different filters. In contrast, coarseness was excluded from the HCR model
during feature selection due to collinearity. The foundation model offers
potential advantages by capturing novel features that contribute to HRD
classification, including characteristics that may not be predefined or cap-
tured by traditional HCR models.

However, there are several limitations in our study. Firstly, this study is
based on preclinical xenograft models, which enabled image and
histological-level validationbut donot capture the full biological and clinical
heterogeneity of humancancers. Secondly, the survival analysis,which relies
on synthetic event times from the parallel experiment, is intended only to
illustrate the potential prognostic value of HRD-related CT features. This
analysis should be examined explicitly in future studies using directly
observed survival data. Thirdly, our work is limited to a small number of
prostate and colorectal cell lines with a modest sample size, which reduces
power for subgroup analyses and may introduce cell-line-specific signals.
Imaging was acquired using a micro-CT under fixed settings; differences
between micro-CT and clinical CT (spatial resolution, contrast, recon-
struction) may limit direct translatability and require further evaluation on
human datasets. Finally, variation in training strategy, dataset size, and
domain may affect transferability. Larger, multi-center clinical validation is
therefore required.

In conclusion, we validated the efficiency of foundation models in
preclinical data and successfully predicted HRD status and treatment
responses using CT images. By extracting critical features directly from
preclinical images, our method provides a non-invasive, early-stage diag-
nostic tool for HRD detection. However, before this approach can be
translated into clinical practice, it needs to be validated using clinical data. If
successfully validated, this method could serve as a non-invasive biomarker
to identify patients most likely to benefit from alkylating agents or other
therapies, both of which show enhanced efficacy in HRD tumors. Specifi-
cally, for CP-506, a hypoxia-activated alkylating agent, HRD radiomic
signatures derived from foundation models could be complemented with
hypoxia signatures to further improve patient stratification. This combined

approachhas the potential to enhance personalized treatment strategies and
improve clinical outcomes. In a broader context, we have demonstrated that
radiomics studies utilizing pretrained foundationmodels and synthetic data
can be conducted on preclinical data despite its inherent data scarcity.

Methods
Experiment and CT image collection
This study was conducted at Maastricht University, involving 307 mice
isogenic xenografts derived from three cancer cell lines: LNCaP AR
(androgen-resistant prostate adenocarcinoma; NOD.Cg-
PrkdcSCIDIl2rgtm1Wjl/SzJ; male; n = 132), HCT116 (colon carcinoma; NU-
Foxn1 nu/nu; female; n = 105), and DLD-1 (colorectal adenocarcinoma;
BALB/c nu/nu; male; n = 70). Each cancer cell line included both HRD and
HRP isogenic xenografts. Specifically, the LNCaP AR xenografts consisted
of parental (HRP, n = 45), FANCA-/- (HRD, n = 38), and FANCD2-/- (HRD,
n = 49) isogenic xenografts; the DLD-1 xenografts included parental (HRP,
n = 34) and BRCA2-/- (HRD, n = 36) isogenic xenografts; and the HCT116
xenografts included parental (HRP, n = 35), DNA-PKcs-/- (HRP, n = 36),
and BRCA2-/- (HRD, n = 34) isogenic xenografts (Fig. 1). Mice were ran-
domly stratified to either the control or the treatment group, ensuring the
balanced distribution of HRD and HRP types between groups (Fig. 2a).
Upon reaching a tumor starting volume (SV) of ca. 200mm3 (mean ± s.e.m:
223.9 ± 4.7mm3), the treatment group received CP-506, a hypoxia-
activated prodrug with DNA-alkylating metabolites, at a dose of 600mg/
kg (QD1; intraperitoneally), while the control group received vehicle
treatment (water for injection)51. Body weights and tumor dimensions were
monitored at least three times per week throughout the study. Animal
experiments were approved by the Centrale Commissie Dierproeven
(AVD1070020198905) and conducted according to the institutional
guidelines of Maastricht University. Detailed information of the mouse
models is provided in the Supplementary Table S1.

CT scans were acquired before and after treatment using the X-Rad
225Cx cone beam micro-CT scanner. Pre-treatment scans were obtained
prior to treatment once tumors reached the starting volume, while post-
treatment CT scans were acquired at 6, 24, 48, and 72 h after the CP-506/
vehicle dose injection. For each scan, mice were sedated with isoflurane
inhalation (induction 4%, maintenance 2.5%) and positioned head supine
on the scanning table. Sequential CT images were acquired at two different
energy levels (40 and 80 kVp), with a reconstructed voxel size consistently
maintained at 0.1 mm³.

After CT image collection, no-treatment scans (pre- and post-scans
from the control group and pre-scans from the treatment group) were
stratified into a training set (70%) and a test set (30%). Notably, both pre-
and post-treatment scans of an individual mouse in the control group were
assigned collectively to the same dataset to avoid information leaking. The
treatment scans (i.e., post-scans from the treatment group) were used to
investigate the impact of CP-506-induced DNA damage on the classifica-
tionperformance as an explorative objective. Therefore, the post-scans from
the treatment group were designated as an interference test set with details
provided in the Supplementary Figs. S3–S6.

CT ROI segmentation
To obtain tumor ROIs, CT images were delineated using a semi-automated
segmentation pipeline. First, tumors in twenty scans were manually deli-
neated by two operators (L.S. and J.J.) to train a DynUNet segmentation
model with three-fold cross-validation on 40 kVp, 80 kVp and combined
CT; for each energy level, the best model per fold (based on the Dice
Similarity Coefficient) generated contours that were averaged into a “voting
contour,” yielding twelve candidate contours per scan. These candidates
were then corrected and jointly reviewed by four operators (S.K., L.S.,
J.v.d.L., and R.B.) to produce the final tumor ROIs.

HRD classification models
Handcrafted radiomics. The CT-based HCR pipeline was developed
using the training dataset and their associated ROI masks. We extracted
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93 features from the original CT images, including first-order statistics
(n = 18), gray level co-occurrence matrix (GLCM, n = 24), gray level size
zone matrix (GLSZM, n = 16), gray level dependence matrix (GLDM,
n = 14), gray level run length matrix (GLRLM, n = 16), and neighboring
gray tone difference matrix (NGTDM, n = 5). Additionally, we applied
LoG filtering with kernel sizes of 0.1, 0.2, and 0.3 mm to generate filtered
versions of the same 93 features for each kernel size. In total, 372 (i.e.,
93 × 4) features were extracted representing both the original and filtered
image characteristics across different spatial scales. All features were
extracted using PyRadiomics with a default bin width of 25 Hounsfield
Units for discretizing the gray levels in CT images.

After feature extraction, we performed the feature selection using five-
fold cross-validation (CV) on the training set to retain the most relevant
features: (i) all features were z-score normalized; (ii) constant features,
and those highly correlated with volume (Spearman’s correlation
coefficient > 0.8) were excluded; (iii) highly inter-correlated features
(Spearman)were clusteredbasedona correlation threshold; (iv)within each
cluster, the feature with the highest univariate AUC for the HRD status was
retained; (v) Lasso regression with regularization was applied to further
reduce the feature set. The above feature selection was performed inde-
pendently on the 40 and 80 kVp CT datasets, yielding two distinct feature
sets. Additionally, all these selected features were concatenated to create a
third, combined feature set. A support vectormachine (SVM) classifierwith
regularization was trained within each CV fold to predict HRD probability
for each input image. Hyperparameter tuning, including the correlation
threshold, regularizations, and kernel type of the classifier, was conducted
using grid search based onAUC. For comparison,we also trained additional
machine-learning classifiers, including logistic regression and random
forests. The trained classifiers of each fold in the CVwere applied to the test
set to predict HRD probabilities, and these predictions were averagely
ensembled across the five folds to generate the final prediction.

Superviseddeep learningapproaches. A supervised ResNet-50model
was trained from scratch using 40 and 80 kVpCT scans separately, and an
additional combinedmodel was trainedwith a two-channel input formed
by concatenating the two CT scans. To mitigate overfitting due to the
limited dataset size, the number of channels in each intermediate ResNet-
50 layer was reduced to one-fourth of its original size, lowering model
complexity. Additionally, to enable effective training in our small dataset,
an extensive data augmentation pipeline was applied, including random
rotation, flipping, translation, shifting, zooming, and Gaussian noise.
Cross-entropy loss was used during training, with the Adam optimizer.
The initial learning rates were set to 10⁻³ for 40 kVp CT, 10⁻⁴ for 80 kVp
CT, and 3 × 10⁻⁴ for combined CT models. These rates were reduced
exponentially with a decay factor of 0.11/200. The L1 regularization coef-
ficient was set at 10⁻⁵. Five-fold CV was also applied, and models were
trained over 1000 epochs. Themodel with the highest validationAUC for
each fold was retained. To assess whether pretraining on relatively large
datasets affects performance, we also fine-tuned a ResNet-50 initialized
with MedicalNet weights using identical data splits and training settings.
Its performance was reported in Supplementary results and Table S3-S4.

Foundation model. We utilized an FM based on a ResNet-50 encoder,
which has been pre-trained on a comprehensive humanCTdataset due to
its strong generalization to out-of-distribution tasks and significant
associations with cancer biomarkers28,62.We adapted this pre-trained FM
as a feature extractor and built upon it by adding a three-layer multilayer
perceptron (MLP) as classifier28. For the 40 and 80 kVp CT scans, the
masked raw images were input into the ResNet-50 encoder to extract
4096-dimensional feature representations. The MLP classifier then
reduced these feature dimensions through three layers, sequentially
compressing them from 512 to 64, and finally to 2 dimensions for the
classifier output. The first two layers used LeakyReLU activation func-
tions, while the final layer employed SoftMax to produce one-hot
probabilities63. For the combined CT model, the single-energy features

from40 and 80 kVpwere concatenated, resulting in an 8192-dimensional
feature vector for the MLP classifier. To enhance model robustness, we
applied data augmentation techniques, including random rotations,
flipping, and translations28. Consistent with theHCRmodel, training and
testing were performed using five-fold CV. During training, each model
was trained for 1000 epochs, with weights updated using the Adam
optimizer with a learning rate of 10⁻⁶ and cross-entropy loss. The model
with the highest validation AUC in each fold was retained, and these
models were ensembled to generate the final HRD prediction (Fig. 2b).

DNA damage quantification
CP-506 is a hypoxia-activated prodrug that releases cytotoxicmetabolites in
hypoxic tumor regions, leading to DNA interstrand crosslinks and double-
strand breaks20,51. DNA damage can be detected within 6 h of administra-
tion, but part of this early damage is repairable. By 48 h post-treatment, the
remaining γ-H2AX signal predominantly reflects persistent, unrepaired
DNA damage59. DNA damage intensity (DDI) was therefore selected as a
metric for assessing cellular treatment response. To evaluate DDI across
different genotypes, tumors were collected from mice 48 h post-treatment
from both treatment groups. Immunohistochemical staining of γ-H2AX, a
well-established marker for DNA double-strand breaks, was performed on
formalin-fixed and paraffin-embedded tumor sections according to the
protocol previously described (Representative immunohistochemistry
images see Supplementary Fig. S7)64. Tumor sections were scanned using a
Precipoint M8 microscope with a 20x objective. A DynUNet model was
used to automatically segment the vital areas of the histological tumor
section51. These segmentations were reviewed and manually corrected by
L.S., who was blinded to treatment labels, using ImageJ 1.54f 65. Quantifi-
cation of γ-H2AX staining was then performed using QuPath version
0.4.366. Staining vectors were first set on one entire tumor section per tumor
cell line. Tissue boundaries and individual cells were detected using the
simple tissue detection and positive cell detection functions, with para-
meters optimized, ensuring similar settings for the analysis of each isogenic
model per tumor cell line. The γ-H2AX staining intensity per detected
tumor cell within the vital tumor regions was averaged to provide a DDI
value per isogenic tumor. To reduce inter-cell-line variation in staining
intensity and nuclear density, DDI values were normalized by dividing the
mean DDI of the control group from the same tumor cell line.

Synthetic data of tumor growth
To investigate whether HRD influences post-treatment survival, tumor
growthdata are important.However, since themicewere sacrificed after the
treatment to assessDNAdamage, tumor growth could not bemeasured. To
address this, we conducted a parallel animal experiment and sampled tumor
growthdata in themain experiment. This approachassumes that xenografts
under identical experimental conditions follow the similar tumor growth. In
this parallel experiment, 151 mice bearing the same types of isogenic
xenograft were treated with CP-506 (600mg/kg, QD5) and vehicle, to
replicate themain experimental treatment as previously described16. Tumor
size was measured using a Vernier caliper at regular intervals until each
tumor quadrupled from its starting volume (T4xSV). Tumors that did not
reach this threshold until the end of the experiment were considered cen-
sored. We then fitted a Weibull distribution, commonly used to model
biological time-to-event data, to the time for each xenograft type using
maximum likelihood estimation. Based on the fitted distributions, we
sampled tumor quadruple time for eachmouse in themain experiment and
used it as time-to-event for the survival analysis. As an exploratory analysis,
this synthetic EFS was used only for demonstrating the potential value of
HRD features for survival prediction and does not represent observed
survival outcomes in the main experiment.

HRD-related features for predicting DNA damage
Due to the limited tissue sample size and variability from cross-sectional
cuts and staining processes, we binarized the DDI to increase the
signal-to-noise ratio. Specifically, we used the median DDI to dichotomize
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the DDI into categories that reflected high (i.e., DDI larger than or equal to
the median value) and low DNA (i.e., DDI smaller than the median value)
damage. To examine whether pre-treatment HRD-related features predict
treatment-induced DNA damage, we implemented a logistic regression
classifier with l2-regularization to predict DDI categories. The inputs to the
logistic regression model included treatment status (0 = control, 1 = treat-
ment) and the 64-dimensional HRD-related feature vector. These features
were extracted from the final layer of the MLP in the FM using pre-
treatment scans. The training and test sets followed the same partitioning as
in the HRD classification. Nested CV was applied to obtain a reliable esti-
mate of classification performance. The outer loop used five-fold CV,
consistent with the HRD classification model, to evaluate overall perfor-
mance. Within each outer loop, we employed leave-one-out cross-
validation (LOOCV) to fine-tune the regularization parameter to prevent
overfitting.The trained classifier in eachouter loopwas applied to the test set
for prediction. The training and test performance were finally averaged
across outer loops to obtain the model evaluation metrics.

HRD-related features for predicting survival
To predict tumor treatment response, we performed a survival analysis
using EFS, whichwas defined as T4xSV. First, EFSwas compared between
HRD and HRP groups using KM survival analysis. Next, the relationship
between HRD-related features and EFS was assessed using a multivariate
Cox proportional hazards regression model, generating individual risk
scores. Based on these scores in the training set, mice were stratified into
high- and low-risk groups (i.e., above or belowmedian risk scores) in both
the training and test sets. Finally, risk groups were combined with pre-
dicted HRD classes to create four prognostic subgroups: low-risk/pre-
dictedHRP, low-risk/predictedHRD, high-risk/predictedHRP, andhigh-
risk/predicted HRD. Survival across these subgroups was analyzed using
KM curves. To quantify prediction stability, the EFS data were resampled
100 times. For each resampling iteration, the Coxmodel was retrained on
the training set and applied on the test set. Meanwhile, the same training
and test partition, and five-fold CV as in the HRD classification were
applied. The KM curves were obtained by averaging across all iterations
and CV folds.

Statistical analysis and model evaluation
To compare characteristics between the training and test sets, the
Mann–Whitney U test was utilized for continuous variables, and the chi-
squared test was employed for categorical variables. The performances of
the HRD tumor classification models were evaluated using the ROC curve,
AUC, accuracy, sensitivity, and specificity. Calibrationwas performedon all
classificationmodels using Platt scaling on the validation set and applied to
the test set. Calibration was evaluated with reliability diagrams, the Brier
score, and expected calibration error (ECE). The cutoff thresholds for the
probability of HRD status were determined using the maximum sensitivity
and specificity on the training set. The threshold for the ensembled prob-
ability on the test set was set to themean thresholds across each fold.Model
consensuswas defined as the subset of cases inwhich bothmodels produced
identical binary predictions. We reported both the consensus rate and the
AUC computed on this consensus subset. All 95% CIs of the above-
mentioned metrics were calculated by 1000-time bootstrapping. The
DeLong tests were applied to the ROC curves on the test set of the HRD
classification to assessmethoddifferences. Todetermine if theHRDmodel’s
predictions significantlydiffer across variousmutation typeswithin eachcell
line, the predictions were compared using the Mann-Whitney U test. The
Fisher’s exact test was applied to evaluate whether the confusion matrix of
the HRD predictions was significantly above the chance level (50%).

Similarly, the Mann–Whitney U test was used to determine the sig-
nificance of DNA damage between treatment groups. For the DDI classi-
fication model, the Mann–Whitney U test was employed to determine the
significance between predicted low and high DNA damage groups, and the
Fisher’s exact test was used to assess the significance of the model’s confu-
sion matrix.

To evaluate the prognostic performance of the Cox proportional
hazards model, the hazard ratio between high-risk and low-risk groups was
calculated, and the log-rank test was performed to assess statistical sig-
nificance. The C-index was computed to quantify the Cox model’s dis-
criminative ability in predicting EFS. To assess the significance of EFS for
intersected stratification of risk groups and predicted HRD classes, a mul-
tivariate log-rank test was performed.

False discovery rate correction was applied using the
Benjamini–Hochberg method when multiple comparisons were
performed67. All statistical analyses were performed with SciPy 1.11.3.
p values below 0.05 were considered statistically significant.

Model interpretability
Given the interpretability of radiomic features, we adapted a methodology
by using continuous radiomic features to explain the decision-making of
FM68. A gradient-based regression concept vector (RCV)method69was used
to answer two key questions: (i) which radiomic featureswere learned by the
FM, and (ii) whether these learned radiomic features contributed to HRD
classification. RCV employs least squares linear regression by mapping the
4096-dimensional foundation features to each radiomic feature. The coef-
ficient of determination (R²) quantifies the feature learnability of the FM
with respect to each radiomic feature. AnR² value between 0 and 1 indicates
that theFMhas learned the radiomic feature,with values closer to 1 showing
stronger learning. A negative R² means the feature has not been learned.
Subsequently, RCV generates the bidirectional relevance (Br) score to
measure the impact of each radiomic feature on HRD classification. The
absolute Br score reflects the feature’s contribution strength: a positive Br
score means higher radiomic feature values increase the likelihood of HRD
classification, while a negative Br score indicates the opposite. The RCV
includes the same features in the HCRmodel, with all constant, shape, and
highly volume-correlated features excluded.

Furthermore, to explore whether the radiomic features have similar
impacts in both the HCR and FMs, we performed a sign comparison of
feature contributionsbetween the twomodels. Specifically, ShapleyAdditive
Explanations (SHAP) were used to quantify feature importance in
the HCRmodel, while Br scores were used for the FM70. Both SHAP values
and Br scores were averaged across CV folds and then normalized
between −1 and 1.

Data availability
The CT and histopathology data will be publicly accessible upon
publication: [https://huggingface.co/datasets/ShengKuang93/HRD_
CT_Preclinical].

Code availability
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