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Treatment response prediction 
Ovarian high-grade serous carcinoma (ovarian HGSC) is a clinically challenging disease with a poor prognosis, partic-
ularly for patients receiving neoadjuvant chemotherapy (NACT) before debulking surgery. In this study, we evaluate 
the progression-free interval (PFI) after NACT based on hematoxylin and eosin-stained whole-slide images (WSIs) of 
omental tumor tissue. Digital pathology tools are emerging, aiming at assisting pathologists in diagnosis and analysis; 
however, distinguishing features associated with response to NACT remain elusive. Multiple instance learning (MIL) 
coupled with attention mechanisms has shown promise in predicting treatment response from WSIs. Additionally, seg-
mentation tools can identify and delineate regions in WSIs. Whereas some efforts have been made to develop explain-
able models for clinical outcome, there remains a need for genuinely interpretable models for pathologists. This article 
introduces the PATHOS framework, a novel approach to explaining crucial features of treatment response based on the 
PFI time in NACT treated patients from WSIs. PATHOS is composed of three blocks: (1) MIL block to identify informa-
tive regions, (2) panoptic segmentation and downstream analysis block for feature computation, and (3) classification 
block to predict the PFI. The results demonstrate that PATHOS enhances the interpretability of response to NACT in 
ovarian HGSC patients by highlighting pathologically significant features relevant to PFI prediction, such as tumor 
cell morphology, stromal abundance, and the spatial distribution of stromal regions. Furthermore, PATHOS identifies 
approximately 10% of the total WSI area as an informative region for clinical outcome. 
Introduction 

Ovarian high-grade serous carcinoma (HGSC) is a highly aggressive ma-
lignancy with a poor prognosis and a complex histopathological landscape 
characterized by high mortality rates and intricate tumor biology.13,15 

Patients with advanced-stage ovarian HGSC often undergo neoadjuvant 
chemotherapy (NACT) before debulking surgery, yet the 5-year survival 
rate remains disappointingly low, at approximately 25%.16 The variability 
in treatment response among patients poses a significant clinical challenge. 
Whereas digital pathology tools have revolutionized the analysis of whole-
slide images (WSIs), extracting meaningful insights from WSIs remains 
challenging due to their high dimensionality and variability. This complex-
ity is further exacerbated in the context of NACT, where treatment-induced 
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morphological changes can be subtle and heterogeneous, making it difficult 
to identify reliable biomarkers for predicting treatment response. Conse-
quently, there is an urgent need for accurate and interpretable methods to 
characterize the histopathological features associated with treatment 
response in HGSC. 

Multiple instance learning (MIL)5,25 has emerged as a powerful tool for 
analyzing image data, particularly in the context of pathology. MIL models 
excel at handling heterogeneous data and can effectively learn representa-
tions from WSIs.20,31 By leveraging attention mechanisms, MIL models 
can potentially identify the most informative regions within an image, pro-
viding valuable insights into the underlying biological processes. However, 
whereas MIL models generate attention maps (heatmaps where the color 
code indicates relevance for prediction), the interpretation of these maps
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often remains challenging, hindering their clinical utility. The key strength 
of MIL models is their ability to leverage global-level information, such as 
patient or WSI labels, without requiring detailed annotations, at patch- or 
pixel level. This makes MIL particularly well-suited for predicting treatment 
response based on WSIs, as the available data are often limited to the 
patient- or slide level.12,19 

State-of-the-art (SOTA) attention-based MIL approaches include 
DSMIL,18 GDS-MIL,2 and BufferMIL.3 DSMIL model selects the most critical 
patch of a WSI, leveraging the MIL attention mechanism to assign a 
weighted score for each patch to represent its contribution in the prediction 
of treatment response.5,7 GDS-MIL model leverages a graph-based dual-
stream architecture to capture both local patch relevance and inter-patch 
spatial relationships. Whereas DSMIL takes only one patch as the critical 
one for the prediction, BufferMIL takes a buffer of patches to drive the pre-
diction of the entire WSI. In conclusion, the MIL approach stands out as a 
robust method for the analysis of histopathological WSIs, effectively ad-
dressing the challenges posed by high-resolution images and the need for 
efficient annotation. 

Despite its success across various medical imaging tasks, a notable gap 
remains in the literature regarding the interpretability of existing MIL-
based models applied to ovarian cancer. Specifically, these models have 
yet to produce a set of features that pathologists can reliably use in 
practice.22 Therefore, whereas recent advancements in MIL algorithms 
offer substantial progress, the interpretability aspect remains under-
explored. 

Panoptic segmentation, another advanced computer vision technique, 
offers the potential to extract detailed spatially resolved information from 
WSIs by simultaneously segmenting semantic regions14,30 such as tissues 
and countable objects like cells or nuclei. Indeed, it can reveal the spatial 
distribution of cells within different tissue compartments and allows for 
the identification of subtle localized features in WSIs that enhance digital 
pathology workflows for interpretable feature extraction. Whereas panop-
tic segmentation offers detailed insights into tissue architecture, a signifi-
cant limitation is the time required to segment entire WSIs, which can 
hinder its scalability for large-scale studies. 

To overcome the limitations of both MIL models and panoptic segmen-
tation, the strengths of both approaches are integrated, proposing a novel 
PATHOS framework designed to explain crucial features of treatment re-
sponse in ovarian HGSC patients based on hematoxylin and eosin (H&E) 
WSI analysis. 

The achieved results demonstrate that PATHOS offers a robust and in-
terpretable approach to predicting treatment response in ovarian HGSC. 
The model integrates both MIL and panoptic segmentation, addressing 
the challenges of traditional approaches by providing clear explanations 
of pathological features associated with treatment response in ovarian 
HGSC patients undergoing NACT. By leveraging these techniques, 
PATHOS quantitatively refines and prioritizes a group of histopathological 
features previously associated with platinum response,4 whose spatial pat-
terns and combined relevance are challenging to objectively and consis-
tently quantify through manual evaluation—such as morphological 
irregularities of tumor cells, complexity of tumor cell shape, density and 
spatial extent of stromal tissue, and relative abundance of stromal cells, con-
tributing to the prediction of treatment response in patients undergoing 
NACT treatment. 

Materials and methods 

Dataset 

The dataset contains 176 H&E-stained WSIs of omental tumor obtained 
at the time of interval debulking surgery, following NACT. Omental tumor 
deposits were selected due to their high prevalence and standardized sam-
pling in high-grade serous ovarian cancer. Moreover, prior studies have 
demonstrated that omental tumor morphology following NACT contains 
predictive information about platinum sensitivity and overall treatment 
outcome.4,8 Critically, the omentum is recognized as a key metastatic 
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niche, where its unique microenvironment, rich in adipocytes and immune 
cells, actively promotes the proliferation and metastatic dissemination of 
HGSC cells.9 Furthermore, the assessment of omental metastasis is directly 
linked to prognostic risk factors for unfavorable outcomes in HGSC, en-
hancing its utility in revealing clinically relevant morphological 
differences.11 The cohort consists of 50 patients diagnosed with HGSC (DE-
CIDER observational clinical trial—Multi-layer Data to Improve Diagnosis, 
Predict Therapy Resistance and Suggest Targeted Therapies in HGSC; 
ClinicalTrials.gov identifier: NCT04846933). 

In this study, treatment response in ovarian HGSC is assessed using the 
PFI, defined as the time from completion of platinum-based chemotherapy 
to the first documented disease recurrence or progression, and considered a 
critical indicator of a patient's sensitivity or resistance to platinum therapy. 
The dataset was analyzed with 5-fold cross-validation, stratifying by patient 
to keep all WSIs from the same patient within the same set. The prediction 
task is framed as a binary classification problem based on clinically mean-
ingful PFI10 : 

. PFI > 365 days: these patients have a good response to platinum therapy, 
given the extended recurrence-free interval, suggesting continued sensi-
tivity to platinum. This class is referred to as the long PFI. The dataset con-
tains 87 long PFI WSIs for 25 patients. 

. PFI < 180 days: patients in this category have a poor response to 
platinum-based chemotherapy, as the short interval implies quick recur-
rence and likely platinum resistance. For the sake of this study, this 
class is referred to as the short PFI class. The dataset comprises 92 short 
PFI WSIs for 25 patients. 

Framework architecture 

The proposed framework is represented in Fig. 1 and is composed of 
three elements:

1. The MIL block to identify informative regions, exploiting BufferMIL.3 

2. The panoptic segmentation and downstream analysis block to extract 
histopathological features. 

3. The classification block, which provides the final prediction based on 
the extracted histopathological features deemed significant and inter-
pretable by pathologists. 

MIL block 
Given the histomorphological, molecular, and microenvironmental het-

erogeneity of ovarian HGSC, the BufferMIL model was selected.3 This 
model relies on predicting a batch of patches rather than a single one, 
thereby capturing the diverse and complex nature of ovarian HGSC and 
leading to more accurate and robust predictions. Patches are first extracted 
from each WSI using CLAM24 with default parameters. Then DINO,6 a  self-
supervised task-agnostic model, is employed to generate an unsupervised 
representation for each patch (384-dimensional vector), representing the 
histopathological information in a compact form. Consequently, each WSI 
is represented by N 384-dimensional vectors, where N denotes the total 
number of patches extracted from the WS I.

Then, BufferMIL was applied employing a 5-fold cross-validation tech-
nique with label stratification to ensure class balance in each fold. 
BufferMIL produces a binary prediction—short PFI or long PFI—and an at-
tention map for each WSI. The attention map is a discretized heatmap, 
reporting the relative importance of each patch toward the short/long PFI 
prediction. 

Panoptic segmentation and downstream analysis block 
Panoptic segmentation, which simultaneously segments nuclei and 

tissue regions, was employed to enable the quantification of interpret-
able features in a spatially aware manner. The panoptic segmentation 
is implemented with the cellseg_models.pytorch library, employing a 
Cellpose-based29 model trained on a semimanually labeled ovarian 
HGSC training dataset (details are reported in Appendix Table A.1) 
that included six tissue region types (stroma, benign omental tissue,

http://ClinicalTrials.gov
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Fig. 1. PATHOS architecture: whole-slide images from ovarian high-grade serous carcinoma treated patients are processed in three stages; (1) MIL block: patches extracted via 
CLAM are encoded with DINO and analyzed with BufferMIL to identify informative regions in WSIs and PFI prediction. (2) Panoptic segmentation and downstream analysis 
block: a fine-tuned version of the CellPose segments cells and tissue structures; the segmentation results are processed with the downstream analysis to extract 69 
histopathological features for each WSI. (3) Classification block: multiple state-of-the-art machine learning classifiers were employed to predict PFI based on the extracted 
features. Model interpretability was ensured through SHAP and LIME, enabling the identification of feature contributions across different classifiers, ultimately resulting 
in the selection of the top seven most informative features for PFI prediction.
epithelial tumor, necrosis, hemorrhage, and serum) and five distinct nu-
clear types (neoplastic, connective, inflammatory, dead, and macro-
phages). The model was then used to segment all WSIs in the detailed 
study cohort at the highest 20× resolution. Subsequently, the 
cellseg_gsontools17 library was used to quantify the interpretable features 
both on the full WSI and on the BufferMIL attended patches (MIL atten-
tion score value in range [0.2,1.0]). 

In total, the employed downstream analysis block extracts 69 spatially 
aware morphological and cell–cell proximity features. The features fall 
under several biological themes, namely: tumor size, stroma richness 
(tumor-induced stroma), neoplastic nuclei pleomorphism (irregular shapes 
and sizes), spatial proximity-based features of neoplastic cells with connec-
tive cells and immune cells (immune infiltration/evasion), level of immune 
cell clustering, localization, and organization (immune activation). 
Crucially, the feature set includes an in-depth quantification of cell–cell spa-
tial relationships and clustering metrics derived using graph-based neigh-
borhood analysis. Specifically, the analysis focuses on the interaction of 
neoplastic cells with three key microenvironmental components (connec-
tive/stromal cells, inflammatory cells, and macrophages) within defined 
spatial bandwidths (100–128 pixels). These metrics quantitatively capture 
immune infiltration and the localization/organization of immune activa-
tion by calculating local cell-type counts, fractions, and diversity (Simpson 
index) within each cell's neighborhood. 
3

Classification block 
The derived 69 features are all interpretable by human experts; none-

theless, it would be impractical for a pathologist to manually review all of 
them to identify the most relevant features associated with the PFI re-
sponse. To address this challenge, a classification module was developed 
to focus on interpreting the most significant features, particularly those 
with the greatest impact on distinguishing between short/long PFI. A diverse 
set of SOTA machine learning classifiers is employed, including K-nearest 
neighbors, support vector machines (with both linear and RBF kernels), 
Gaussian process classifier, decision trees, random forest, multi-layer 
perceptron, AdaBoost, Gaussian Naive Bayes, XGBoost, LightGBM, logistic 
regression, bagging, histogram-based gradient boosting, and TabPFN. 
Each model was evaluated through 3-fold cross-validation using a fixed ran-
dom state (42), and classifiers achieving strong performance (AUC and 
F1-score >0.8) were retained for downstream analysis. To ensure robust 
and model-agnostic feature evaluation, feature importance scores from 
the best-performing classifiers are aggregated. This aggregation was 
complemented by the use of two independent interpretability methods: 
SHapley Additive exPlanations (SHAP)28 and Local Interpretable Model-
agnostic Explanations (LIME).27 SHAP quantifies the contribution of each 
feature based on co-operative game theory, whereas LIME approximates 
the model's decision boundary by locally fitting interpretable surrogate 
models. For each fold and each model, feature rankings are computed
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using SHAP, LIME, and the model's native importance metric (when appli-
cable). Rather than applying an arbitrary cutoff, a progressive classification 
strategy was adopted. Features were incrementally added to the classifiers 
according to the aggregated importance ranking (highest feature impor-
tance, mean of the model's native importance metric, SHAP and LIME, 
and lowest RRA score), and performance was re-evaluated at each step. 
This allowed us to identify the “elbow point”—the point beyond which ad-
ditional features no longer improved predictive performance significantly 
or led to overfitting. The number of features corresponding to this inflection 
point was retained as the optimal subset. In the experiments, this strategy 
resulted in the selection of the top seven features, which demonstrated con-
sistent and strong predictive value for PFI classification. 

Results 

PATHOS consists of three modules. The first module, the MIL block,  em-
ploys a MIL architecture with attention mechanisms to identify informative 
regions within the WSIs strongly associated with treatment response. The 
second module, the segmentation and downstream analysis block, leverages 
panoptic segmentation to extract detailed features from these 
attention-weighted regions, quantitatively representing relevant morpho-
logical characteristics. Finally, the third module, the classification block, uti-
lizes a classification model to predict treatment response based on the 
extracted features while identifying the most discriminative features for 
pathologists .

MIL block classification performance 

The 176 omental WSIs are employed to evaluate the performance of the 
MIL block using a 5-fold cross-validation strategy. BufferMIL model perfor-
mances are reported in Table 1 and compared to SOTA methods DSMIL and 
GDSMIL (configuration parameters are reported in Appendix Table A.2). 

The BufferMIL model outperformed the GDSMIL and DSMIL models on 
both the short and long PFI, achieving an overall accuracy of 89% and an 
AUC of 93%. 

Because BufferMIL drives the prediction by exploiting a buffer of 
patches instead of the most significant one, it may offer a more comprehen-
sive view of the ovarian cancer heterogeneity. Additionally, the BufferMIL 
model outputs an attention map for each WSI, which can be visualized to 
gain insights into the model's decision-making process. To assess the 
explainability of the PATHOS framework, Fig. 2 provides an attention 
map example obtained with the MIL module, to be further processed 
using the downstream analysis block.

The attention maps in Fig. 2 showed that only a small, localized area 
within the WSI (reported in red color) was important for predicting short 
and long PFI. Specifically, the high attention patches made up 9.77% ± 
0.44 of all patches, suggesting that the discriminative signal for the model 
is localized to a small region. 

PATHOS explainable feature analysis 

The classification performance of all models is reported in Table 2. 
Despite their architectural diversity—ranging from linear models to ensem-
ble methods and neural networks—all classifiers demonstrated consistently 
Table 1 
Comparison of the performance for BufferMIL, DSMIL and GSMIL. AUC measures 
the ability to distinguish between the two classes: accuracy reflects the proportion 
of correctly classified WSIs; F1-score provides a harmonic mean of precision and re-
call, and is calculated for both short and long PFI classes. Results are based on the av-
erage performance across a 5-fold cross-validation on all WSIs available. 

Model AUC Accuracy F1-score 
Short PFI 

BufferMIL 0.93 ± 0.19 0.89 ± 0.25 0.90 ± 0.24 
DSMIL 0.88 ± 0.21 0.77 ± 0.13 0.78 ± 0.31 
GDSMIL 0.75 ± 0.15 0.67 ± 0.08 0.62 ± 0.26 
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high performance in predicting PFI, highlighting the strong predictive 
value of the extracted features. This robustness across heterogeneous 
models underscores the relevance and generalizability of the features, irre-
spective of the underlying learning paradigm.

To construct a model–agnostic feature importance ranking, results from 
all classifiers that achieved both AUC and F1-score greater than 0.8 for both 
short and long PFI classes were integrated. The only model excluded from 
this aggregation was the RBF SVM, which failed to meet the F1-score 
threshold for either class. For comparison purposes, the classification per-
formance obtained when using features extracted from the entire WSI for 
each model is also reported in Table 2. The parameters employed for each 
tested model are provided in Appendix Table A.3. 

Across all models, a substantial drop in performance is observed when 
using WSI-level features instead of attention-guided patch-level features. 
This decline affects all metrics—particularly F1-score and AUC—highlight-
ing the advantage of focusing on the most informative regions rather than 
aggregating information from the entire slide indiscriminately. 

To further assess the link between PATHOS framework predictions and 
overall survival (OS) and to explore PATHOS generalizability on OS, a 
Kaplan–Meier survival analysis was conducted, using death as the outcome 
and OS duration as the time variable. 

As shown in Fig. 3, the PATHOS framework predictions exhibited signif-
icant discriminative ability for OS within the studied cohort. This result is 
consistent with expectations, as PFI and OS prediction are distinct clinical 
endpoints; however, they are inherently related, both reflecting patient 
prognosis and response to therapy.

Following the cross-validation process and model–agnostic feature im-
portance ranking step, the PATHOS framework returned a final list of 
seven predictive features reported in Table 3.  I  n Fig. 4, pictorial representa-
tions are provided to visually illustrate these features, including examples 
for both short PFI and long PFI classes.

Additionally, the seven features were investigated through Kaplan– 
Meier survival analysis (Fig. 5), with the reinstatement of therapy as the 
event of interest and PFI (expressed in months for readability) as the time 
variable. Notably, all seven features were identified within this dataset as 
significantly discriminative for PFI.

Discussion 

The MIL block plays a crucial role in the PATHOS framework, as it gen-
erates attention maps that identify and concentrate on the most relevant re-
gions within the WSI for the prediction of treatment response in NACT 
patients. This method offers two primary benefits. From a semantic per-
spective, it filters out irrelevant image patches, highlighting only the most 
significant regions and improving the overall interpretability of the results. 
Moreover, the MIL block selected, on average, only 9.769% ± 0.438 of 
patches per WSI as relevant for the prediction, substantially reducing the 
data volume (hence the computational load) without compromising, and 
indeed enhancing the overall model performance. This highlights the criti-
cal role of the MIL block in balancing computational efficiency and predic-
tive accuracy. 

Prior work on spatial heterogeneity in the tumor microenvironment 
(TME) has employed statistical approaches such as Getis–Ord hotspot anal-
ysis and spatial heatmaps to characterize intratumoral clustering of im-
mune infiltrates, establishing that stromal and immune cell organization 
carries prognostic significance.26 In contrast, PATHOS employs a novel in-
tegration of attention-guided MIL with panoptic segmentation to automat-
ically identify morphologically and microenvironmentally informative 
regions. By providing both computational efficiency through selective 
patch analysis and interpretability through attention maps, PATHOS re-
veals that fine-grained spatial characteristics of the TME, not simply global 
cell counts, are key determinants of PFI. Cancer heterogeneity, driven by 
molecular and microenvironmental differences, including genetic, epige-
netic, and transcriptomic diversity, is emphasized in recent reviews as a 
critical determinant of patient outcome that requires personalized treat-
ment approaches.21 In this context, multimodal frameworks that integrate
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Fig. 2. Example of attention maps obtained as output of the MIL block: the high attention patches are visualized in red in the figure. (For interpretation of the references to 
color in this figure legend, the reader is referred to the web version of this article.)
histopathology with molecular data, such as OXA-MISS,23 have highlighted 
the potential of combining complementary sources of information. 
PATHOS contributes by providing an explainable AI framework that visu-
ally identifies and quantifies the histopathological manifestations of this 
Table 2 
Comparison of classification performance using the 69 features from high-attention 
patches (results highlighted with °) vs entire WSIs (results highlighted with .). 
Metrics reported as mean ± standard deviation over cross-validation folds. F1-score 
is reported for short PFI only. 

Model Configuration AUC Accuracy F1-score 

AdaBoost ° 0.97 ± 0.02 0.90 ± 0.02 0.90 ± 0.04 
. 0.61 ± 0.15 0.64 ± 0.07 0.71 ± 0.07 

Bagging ° 0.95 ± 0.03 0.90 ± 0.04 0.91 ± 0.04 
. 0.56 ± 0.14 0.53 ± 0.06 0.66 ± 0.06 

Decision tree ° 0.89 ± 0.03 0.89 ± 0.03 0.90 ± 0.02 
. 0.56 ± 0.11 0.57 ± 0.05 0.66 ± 0.06 

Gaussian process ° 0.95 ± 0.05 0.89 ± 0.08 0.89 ± 0.09 
. 0.61 ± 0.12 0.55 ± 0.08 0.67 ± 0.07 

HistGradientBoosting ° 0.97 ± 0.03 0.91 ± 0.04 0.91 ± 0.06 
. 0.66 ± 0.17 0.63 ± 0.10 0.71 ± 0.07 

LightGBM ° 0.97 ± 0.02 0.89 ± 0.06 0.89 ± 0.05 
. 0.63 ± 0.20 0.62 ± 0.14 0.69 ± 0.12 

Linear SVM ° 0.90 ± 0.09 0.91 ± 0.07 0.90 ± 0.09 
. 0.62 ± 0.08 0.59 ± 0.04 0.71 ± 0.04 

Logistic regression ° 0.88 ± 0.07 0.91 ± 0.05 0.91 ± 0.08 
. 0.63 ± 0.11 0.63 ± 0.05 0.70 ± 0.07 

Naive Bayes ° 0.88 ± 0.07 0.79 ± 0.10 0.82 ± 0.10 
. 0.55 ± 0.14 0.51 ± 0.12 0.46 ± 0.12 

Nearest neighbors ° 0.93 ± 0.06 0.89 ± 0.06 0.89 ± 0.09 
. 0.56 ± 0.17 0.54 ± 0.12 0.60 ± 0.14 

Neural net ° 0.92 ± 0.09 0.90 ± 0.06 0.90 ± 0.08 
. 0.62 ± 0.08 0.62 ± 0.06 0.67 ± 0.08 

RBF SVM ° 0.90 ± 0.07 0.72 ± 0.08 0.71 ± 0.08 
. 0.45 ± 0.09 0.60 ± 0.11 0.75 ± 0.09 

Random forest ° 0.96 ± 0.04 0.86 ± 0.05 0.86 ± 0.07 
. 0.64 ± 0.16 0.61 ± 0.05 0.72 ± 0.05 

TabPFN ° 0.97 ± 0.02 0.89 ± 0.03 0.89 ± 0.05 
. 0.61 ± 0.20 0.66 ± 0.13 0.73 ± 0.10 

XGBoost ° 0.98 ± 0.02 0.92 ± 0.04 0.92 ± 0.05 
. 0.61 ± 0.16 0.63 ± 0.10 0.71 ± 0.09
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heterogeneity within individual tumors, effectively complementing molec-
ular diagnostics (e.g., next-generation sequencing) and enabling H&E 
image-based stratification of treatment response. 

The effectiveness of the presented approach was evaluated by compar-
ing the classification performance using the seven identified features in 
Table 3 computed on the most attended patches versus the same features 
computed over the entire WSI. Table 4 reports the confusion matrices and 
classification metrics obtained by applying the best-performing models in 
each setting: XGBoost trained on attention-based patches, and Hist-
GradientBoosting trained on features extracted from the whole-slide. As 
highlighted in this table, selecting only the most important features is not 
sufficient; attention-guided region selection is crucial for achieving high 
prediction performance. Across all evaluations, models consistently show 
superior performance when features were extracted from attention-based 
patches. Specifically, XGBoost achieved an accuracy of 92% and AUC of 
98% on attention-based inputs, compared to only 60% accuracy and 58% 
AUC on full-slide features. Even HistGradientBoosting, the best performer 
on whole-slide data, improved substantially when applied to filtered 
patches (AUC: 99% vs 61%). These findings confirm that focusing on the 
most informative regions identified by the MIL attention mechanism 
leads to more accurate predictions, particularly enhancing the classification 
of the challenging short PFI cases.

Recent machine-learning approaches have successfully demonstrated 
that immunotyping of the TME reveals distinct molecular subtypes with im-
plications for personalized immunotherapy.32 PATHOS provides an orthog-
onal, histopathology-based approach to characterize TME heterogeneity 
and predict treatment response using attention mechanisms on standard 
WSI. It complements molecular work by translating morphological and 
stromal features visible in histopathology into quantitative image-based 
biomarkers, potentially enabling similar stratification strategies directly 
from routinely available WSI and thus, reducing the reliance on complex 
bulk or single-cell molecular profiling. 

To further assess the effect of attention-based patch selection on feature 
relevance, the incremental feature analysis was replicated using the models 
trained on features computed from the entire WSI, bypassing the MIL block. 
Differently from the MIL-based analysis, where only models with both F1 
and AUC above 0.8 were considered, in this case, a lower threshold of 0.6
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Fig. 3. Kaplan–Meier plot showing survival probability over time for patients predicted as short PFI or long PFI.
was adopted for both metrics, as none of the classifiers trained on whole-
slide features exceeded the stricter criteria. The resulting feature rankings 
reveal a substantial difference between the two approaches. When 
attention-based filtering was applied, the most informative features in-
cluded the maximum eccentricity and maximum major axis length of 
tumor cells, as well as their mean fractal dimension, highlighting the mor-
phological characteristics of neoplastic cells after NACT. In contrast, using 
features extracted from the whole-slide, the top-ranked features were the 
proportion of immune cells, the distal stromal area, and the tumor– 
stroma interface (TSI) area, which reflect more global aspects of the TME. 
Some few features, such as the distal stromal area and fractal dimension 
of tumor cells, were identified as important in both settings, confi rming
Table 3 
Summary of selected histopathological features. Features are associated with 
treatment response and distinguish between short and long PFI in ovarian HGSC 
patients. 

Feature Description 

Max tumor cell 
eccentricity 

Captures the highest degree of elongation among tumor cells, 
reflecting morphological irregularity. 

Max tumor cell major 
axis length 

Represents the maximum length of tumor cells, which may 
reflect mesenchymal-like morphology. 

Mean tumor cell fractal 
dimension 

Quantifies the average structural complexity of tumor cell 
shapes, with higher values denoting more irregular 
boundaries. 

Number of stromal 
cells 

Total count of stromal cells, representing the abundance of 
stromal cells in the tissue. 

Distal stromal area The stromal area located away from the tumor–stroma 
interface, describing the spatial extent of non-adjacent 
stroma. 

Total stromal area The entire area occupied by stromal tissue in the analyzed 
tissue section, capturing overall stromal content. 

Stromal cell proportion Ratio of stromal cells to the total number of cells, indicating 
the relative dominance of the stromal component in the area.
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their robustness. However, the MIL-based filtering approach led to a shift 
in focus toward more localized and discriminative descriptors of tumor 
morphology and organization. This refinement was particularly beneficial 
for identifying short PFI cases, reducing false positives and false negatives, 
and increasing overall performance, raising AUC from 66% to 92%. These 
results emphasize that integrating MIL-driven region selection not only im-
proves classification accuracy but also enhances the biological relevance 
and interpretability of the selected features. 

The panoptic segmentation and downstream analysis component serves 
a critical function within the pipeline, as it provides users with a detailed set 
of human-interpretable features. Whereas the MIL block generates atten-
tion maps that visually highlight the most relevant regions, these maps 
alone do not provide a comprehensive list of interpretable features. The 
downstream analysis block complements the MIL component by extracting 
biologically and clinically meaningful features from the WSI. The classifica-
tion block further enhances the pipeline by conducting a feature impor-
tance analysis, effectively performing feature selection. This process 
distils the extensive set of features generated by the panoptic segmentation 
and downstream analysis into a more manageable subset, enabling to focus 
on and interpret the most salient features. 

The analysis revealed distinct patterns in the TME associated with long 
versus short PFI in ovarian HGSC. All top-ranked features extracted from 
the most informative tissue regions, identified through attention-based fil-
tering, were found to have generally higher values in long PFI cases. 
These include a higher eccentricity and major axis length of tumor cells, in-
creased tumor cell fractal complexity, a larger stromal area and number of 
stromal cells, and greater distal stroma coverage. Together, these findings 
suggest that long PFI cases are characterized by increased tumor cell pleo-
morphism and higher stromal content following NACT, potentially 
reflecting distinct tissue remodelling patterns associated with treatment re-
sponse. Notably, increased fibroinflammatory stromal content has previ-
ously been associated with favorable treatment outcome and is a key
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Fig. 4. Pictorial illustration of the seven top-ranked morphological features identified by the PATHOS framework. For each feature, representative examples are shown for 
both long PFI (top row) and short PFI (bottom row) classes. These visual representations highlight the phenotypic differences underpinning each predictive feature across the 
two prognostic groups. These images are illustrative examples meant to convey the visual phenotype associated with each feature, not a formal definition or exact 
computation. Quantitative feature values were primarily measured on model-identified high-attention regions; for comparison, the same features were also extracted 
from whole slides to evaluate differences in classification performance. The images shown are representative of the high-attention regions and are provided for visual 
guidance only.
component of the chemotherapy response score (CRS), which is widely 
used in routine pathology.4,8 However, CRS does not incorporate post-
NACT morphological features of tumor cells. Our findings suggest that 
such features, quantified here through interpretable computational analy-
sis, may complement existing CRS criteria and offer additional value for 
clinical evaluation of treatment response. Additionally, unifying all blocks 
into a single framework leads to a reciprocal enhancement of their respec-
tive strengths, demonstrating the utility, purpose, and added value of 
PATHOS integration. 

The histopathological features identified by PATHOS, such as tumor cell 
morphology and stromal architecture, may reflect underlying molecular 
heterogeneity in response to NACT. Although this study focuses on 
image-based prediction, the attention-guided regions highlighted by 
PATHOS are spatially discrete and could be suitable for laser capture micro-
dissection. Future work integrating targeted microdissection or spatial tran-
scriptomics may validate the biological relevance of these features, through 
both intralesional comparisons (between distinct regions within the same 
tumor) and interlesional comparisons (across tumors with similar histopa-
thological traits), further enhancing the interpretability and biological 
basis in response to NACT of the framework. 

Conclusions 

This study demonstrated the efficacy of the PATHOS framework in the 
explainability of treatment response after NACT in ovarian HGSC using 
7

H&E WSIs. The integration of attention-based MIL, panoptic segmentation, 
and feature-based classification enabled the identification of critical histo-
pathological features, improving prediction accuracy while maintaining 
computational efficiency. The sequential process of the three blocks dem-
onstrated the true value of the framework, where each module comple-
ments the others to achieve superior results compared to their 
independent use. 

By leveraging attention maps, the framework effectively isolated task-
relevant regions, reducing data volume without compromising accuracy. 
This confirms the benefit of focusing on the most informative regions, lead-
ing to more reliable predictions. The extracted features revealed biologi-
cally significant insights, particularly in distinguishing short and long PFI 
cases, highlighting tumor cell morphology and stromal content as key 
determinants. 

The PATHOS framework presents a significant step forward in personal-
ized treatment strategies, offering a robust, interpretable, and efficient tool 
for explainable models in ovarian HGSC management. External validation 
on larger, diverse cohorts is essential to confirm generalizability. Future in-
tegration with omics data may further enhance predictive performance. 

Declaration of generative AI and AI-assisted technologies in the 
writing process 
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Fig. 5. Kaplan–Meier plots depicting survival probability over time for the seven most informative features used in the PFI prediction task.
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Table 4 
Classification results comparing the best-performing models across feature configu-
rations. Subfigures (a) and (b) show the performance of the best model trained on 
whole-slide features, whereas (c) and (d) show the performance of the best model 
trained on attention-guided features. In both cases, the models were evaluated using 
only the seven features identified as most relevant by the importance analyses, 
rather than all available features. Applying the model to the attentioned patches im-
proves classification accuracy, confirming the value of attention-based region 
selection. 

Predicted 
Long 

Predicted 
Short 

(a) HistGradientBoosting on entire WSI features 
Actua 
Long 42.5% 57.5% 
Actual 
Short 25.8% 74.2% 

Accuracy AUC 
0.65 0.61 

(b) HistGradientBoosting on high attention patches 
Actual 
Long 94.3% 5.7% 
Actual 
Short 10.1% 89.9% 

Accuracy AUC 
0.92 0.99 

(c) XGBoost on entire WSI features 
Actual 
Long 36.8% 63.2% 
Actual 
Short 29.2% 70.8% 

Accuracy AUC 
0.60 0.58 

(d) XGBoost on high attention patches 
Actual 
Long 91.2% 8.8% 
Actual 
Short 7.8% 92.2% 

Accuracy AUC 
0.92 0.98
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Appendix A. Appendix 

A.1. Panoptic segmentation model 

Our panoptic segmentation model, based on the Cellpose model with an 
extra tissue segmentation branch is a multi-task U-Net CNN with a shared 
backbone encoder and task-specific decoder branches for tissue, and nuclei 
segmentation.2,3 An ImageNet pretrained EfficientNetV2-L was selected as 
the encoder backbone due to the high performance of the architecture in 
image classification tasks.4,5 

A.2. Panoptic segmentation training data 

We collected and semi-manually annotated a training dataset of 197 
H&E-stained image crops at 20× magnification of various sizes. For each 
image crop, five different nuclear types and six different tissue region 
types were manually annotated by drawing the border of the nucleus and 
tissue regions with the QuPath software.1 The nuclei and tissue types 
were chosen by a pathologist based on the visual detectability of the distinct 
classes from the H&E-stained images. The classes for the nuclei were neo-
plastic, connective, inflammatory, dead, and macrophages, whereas the tis-
sue region types were stroma, omental fat, tumor, necrosis, hemorrhage, 
and serum. In total, the training dataset contains 98,468 annotated nuclei 
and over 699,744,885 pixels of annotated tissue regions. The connective 
nuclei are the most frequent nuclei type in the data with over 46,100 
(∼47%) annotations, followed by 22,761 (∼23%) neoplastic, 19,185 
(∼19%) inflammatory, 1859 (∼2%) dead, and 4550 (∼5%) annotated 
macrophages. The most frequent tissue type is the stromal tissue consisting 
of 28% of the annotated pixels, followed by 29% of tumor, 20% omental 
fat, 9% hemorrhage, and 13% of necrosis. 

A.3. Panoptic segmentation model training 

The image crops in the training data were tiled into 224 × 224 px 
patches with a sliding window approach. The stride of the sliding window 
was set to 32 pixels to introduce overlap between patches due to 
StrongAugment data augmentation regimen, which was used to reduce 
batch effects and domain shifts. The model was trained for 40 epochs 
with a batch size of 10. 

Table A.1 
Parameters for panoptic segmentation with Cellpose. 
Parameter
 Value
 Description 
ormalization
 minmax
 Normalization method 

ctivation functions
 softmax
 Activations for segmentation 

tride
 180
 Stride used for tiling 

adding
 20
 Padding for segmentation 

odel
 “cellpose”
 Base model used for 

segmentation 

odel type
 “plus”
 Variant of the Cellpose model
(continued on next page)
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able A.1 (continued)
Parameter
N
N

E
E
D
O

La

D
Le
W
N
Se
B
N

A
B
D
G
H
K
Li
Li

Lo
M
N
Q

R

R

T
X

Value
 Description
umber of types (ntypes) 
7
 Number of object types 

umber of tissues 
(ntissues) 
7
 Number of tissue types 
ncoder name
 “tf_efficientnetv2_l”
 Backbone encoder 

ncoder pretrained
 False
 Use of pretrained weights 

epth
 5
 Depth of the model 

utput channels
 (256, 256, 128, 64, 

32) 

Channels in the output layers 
yer depths
 (4, 4, 4, 4, 4)
 Depths of each layer in the 
model 
Table A.2 
General and BufferMIL-specific parameters used in the experiments. 
Parameter
 All models
 BufferMIL-specific 
ropout rate
 0.2
 – 

arning rate
 0.0002
 – 

eight decay
 0.005
 – 

umber of epochs
 200
 – 

ed
 48
 – 

uffer aggregation
 –
 Mean 

umber of buffer patches (ntop)
 –
 3 

uffer update frequency
 –
 10 
B
Table A.3 
Classifiers and their parameters used in the evaluation. 
Classifier
 Parameters 
daBoost
 random_state = 42 

agging
 estimator = DecisionTreeClassifier(), random_state = 42 

ecision tree
 max_depth = 5, random_state = 42 

aussian process
 kernel = 1.0 * RBF(1.0), random_state = 42 

istGradient-boosting
 random_state = 42 

-neighbors
 n_neighbors = 3 

ghtGBM
 random_state = 42 

near SVM
 kernel = “linear”, C = 0.025, probability = True, 

random_state = 42 

gistic regression
 penalty = ‘l2’, solver = ‘liblinear’, random_state = 42 

LP (neural network)
 alpha = 1, max_iter = 1000, random_state = 42 

aive Bayes
 (Default Parameters) 

uadratic discriminant 
analysis 
(Default Parameters) 
BF SVM
 kernel = “rbf”, gamma = 2, C = 1, probability = True, 
random_state = 42 
andom forest
 max_depth = 5, n_estimators = 10, max_features = 1, 
random_state = 42 
abPFN
 (Default Parameters) 

GBoost
 use_label_encoder = False, eval_metric = ‘logloss’, 

random_state = 42 
2 The Z-score, in feature importance analysis, measures how many standard deviations a 
feature's mean importance deviates from the mean importance of all analyzed features. It 
serves to identify features whose relevance is significantly higher than the background noise 
or random chance. 

3 The RRA score is a probabilistic statistical method used to combine feature rankings ob-
tained from multiple, diverse models. The algorithm calculates the probability that a feature 
is consistently highly ranked across all input rankings. A score close to zero indicates that 
the feature's high position is robust and unlikely to be due to chance, ensuring a reliable, 
model-agnostic selection. 
A.4. Classification block: Feature derivation and final selection process 

The final list of features was obtained through a multi-step procedure 
designed to ensure robustness and interpretability: 

1. Data preprocessing: starting from features extracted from attention-
based regions within WSIs, missing values were imputed by class-wise 
mean imputation. Features consisting entirely of missing values in at 
least one class were removed to maintain data quality. 

2. Feature filtering: features with near-zero variance were excluded to re-
move uninformative variables. Features exhibiting high pairwise corre-
lation (above 0.95) were removed to reduce redundancy and improve 
stability. 

3. Normalization: features were standardized using training data statistics 
(zero mean, unit variance), with the same transformation applied to 
test data to ensure comparability. 

4. Model training and cross-validation: multiple classifiers were trained 
using stratified group k-fold cross-validation, generating predictions 
and probabilities for each fold. 
10
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5. Feature importance computation: for each fold and model, feature im-
portance was calculated using three complementary methods: 

. Permutation importance: evaluates the impact on model accuracy by 
randomly shuffling feature values. 

. LIME (Local Interpretable Model-agnostic Explanations): provides local 
approximations explaining individual predictions. 

. SHAP (SHapley Additive exPlanations): assigns contribution scores to 
features based on co-operative game theory principles. 

6. Aggregation of importance scores: importance scores from permutation, 
LIME, and SHAP were averaged to produce a combined importance 
value per feature, per fold, and per model. 

7. Cross-model aggregation and ranking: feature importance summaries 
from all folds and models were merged. Features missing in some 
models were assigned zero importance for uniform comparison. Aggre-
gate statistics are computed for each feature, including mean impor-
tance, standard deviation, Z-score,2 percentage of total importance, 
and robust rank aggregation3 (RRA). 

8. Aggregated feature ranking: to create a single, definitive ordering of all 
features, we aggregated the metrics derived from the cross-model rank-
ing (Z-score, mean importance, and RRA score). This process resulted in 
a ranked list of features, sorted by optimizing the three criteria simulta-
neously: maximizing the mean importance score (including SHAP and 
LIME), maximizing the Z-score, and minimizing the RRA score (indicat-
ing consistent high ranking across models). 

9. Optimal feature subset selection (elbow point): the final determination 
of the optimal feature set size was achieved through Incremental Feature 
Analysis. Using the aggregated feature ranking derived in step 8, we iter-
atively added features one by one to the input of all retaining classifiers 
(starting from k = 1). At each step, predictive performance metrics 
(AUC, accuracy, and F1-score) were computed and averaged across all 
folds and models. The process concluded at the point (the “elbow 
point”), where the marginal increase in predictive performance 
achieved a plateau, signifying that further features did not contribute 
significantly to the predictive power while mitigating the risk of 
overfitting. 

This pipeline ensures that the final feature set reflects consensus across 
multiple models and folds, providing a robust and interpretable basis for 
subsequent predictive modeling. 

Data availability 

The datasets used in this study are not publicly available due to legal 
and ethical restrictions. 
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