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ABSTRACT
Computational pathology has seen significant advancements through the application
of deep learning to Whole-Slide Images (WSIs). However, most existing models
operate under a mono-tissue assumption, using only a single WSI to inform the
prediction. This limitation is primarily driven by the structure of publicly available
datasets, which rarely provide more than one slide per patient. Consequently,
multi-tissue data integration remains underexplored in computational pathology, not
due to a lack of clinical relevance but rather to a shortage of both public datasets and
modeling strategies capable of handling multi-sample input. To address this gap, this
study introduces MuGNet, a novel graph-based deep learning framework that
enables patient-level prediction from a variable number of WSIs. The MuGNet
framework represents each patient as a network of tissue samples, with each WSI
encoded as a node in a patient-specific graph. Edges are established to capture
structural or biological relationships between tissues. A Graph Neural Network
(GNN) with an attention-based message passing mechanism is then employed to
process the patient graphs and generate patient-level predictions. MuGNet was
evaluated on a private High Grade Serous Carcinoma (HGSC) dataset across three
distinct prediction tasks to assess its robustness: one classification task (Homologous
Recombination Deficiency status prediction, HRD) and two regression tasks (Overall
Survival and Platinum Free Interval prediction, OS and PFI). MuGNet’s performance
was compared against three state-of-the-art Multiple Instance Learning (MIL)
models: Attention-Based MIL (ABMIL), Dual-Stream MIL (DSMIL), and
Transformer-based MIL (TransMIL). For the HRD status prediction task, MuGNet
achieved an AUC of 0.7220 ± 0.0739, approximately 6% higher than the most
performant MIL model. For the OS and PFI tasks, the model demonstrated an
improvement in the C-index of approximately 10% over ABMIL and DSMIL and up
to 2% over TransMIL, highlighting its superior performance and robustness in
handling multi-sample input. Beyond its predictive accuracy, MuGNet provides
interpretability. The attention weights learned across the graph nodes allow for the
identification of tissue sites that contribute most to the prediction, revealing that the
model consistently prioritizes metastasis-rich tissue regions such as the lymph nodes.
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INTRODUCTION
Computational pathology has emerged as a transformative field, leveraging deep learning
to analyze gigapixel whole-slide images (WSIs) of histopathology specimens. The
application of Convolutional Neural Networks (CNNs) and Transformer-based
architectures has led to significant progress in tasks such as tumor detection, grading, and
patient-level prognostication (Shao et al., 2021; Li, Li & Eliceiri, 2021; Ilse, Tomczak &
Welling, 2018; Lu et al., 2021). These advancements have demonstrated the potential of
artificial intelligence to assist pathologists and clinicians by providing quantitative and
reproducible insights from complex morphological data.

However, a fundamental limitation in many existing computational pathology models is
the reliance on a “mono-tissue assumption,” where predictions are derived from a single
WSI per patient. This constraint is primarily driven by the structure of publicly available
datasets, which rarely provide more than one slide per patient. Consequently, multi-tissue
data integration remains an underexplored area in computational pathology, not due to a
lack of clinical relevance but rather to a shortage of both public datasets and modeling
strategies capable of handling multi-sample input. This gap is particularly critical for
cancers with pronounced spatial and morphological heterogeneity, such as High-Grade
Serous Carcinoma (HGSC), where the metastatic process involves multiple tissue sites. In
the context of HGSC, accurate prognostication is crucial for guiding treatment decisions
and requires the prediction of key clinical outcomes, such as chemotherapy response and
survival endpoints (Liu et al., 2025). These include the Homologous Recombination
Deficiency (HRD) status (Konstantinopoulos et al., 2015), a critical biomarker that
indicates a patient’s likelihood of responding to platinum-based chemotherapy and PARP
inhibitor therapies (Mirza et al., 2016); the Overall Survival (OS), defined as the time from
diagnosis to death from any cause; and the Progression-Free Interval (PFI), which
measures the time from diagnosis until the disease progresses or recurs (Rustin et al.,
2011). The ability to accurately predict these outcomes from histopathology data is
therefore of immense clinical importance.

To date, the most common approach for patient-level prediction fromWSIs is Multiple
Instance Learning (MIL), which is currently considered the state-of-the-art for this task
(Wen, Chen & Xu, 2025; Xu et al., 2025; Wang, Li & Zhang, 2024). In the traditional MIL
paradigm, a single WSI is treated as a “bag” of instances (e.g., image patches extracted from
the slide). The model learns to aggregate the features of these instances to predict the
outcome for the entire bag. Several MIL models have been proposed, each with a distinct
aggregation mechanism. Attention-Based MIL (AB-MIL) (Ilse, Tomczak & Welling, 2018)
uses a learned attention mechanism to assign a weight to each instance (patch), allowing
the model to focus on the most discriminative regions of the slide. Dual-Stream MIL
(DSMIL) (Li, Li & Eliceiri, 2021) operates on a different principle, projecting the instances
into a lower-dimensional subspace and then using a form of max-pooling to select the
most relevant features. Transformer-based MIL (TransMIL) (Shao et al., 2021), a more
recent and powerful model, employs a transformer-based encoder to learn the
relationships between instances within the bag, using a self-attention mechanism to
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capture complex dependencies and produce a robust bag-level representation. These
models are designed for single-slide analysis but can be adapted to a multi-tissue setting by
treating each whole-slide embedding as an instance in a single patient-level bag, which
serves as a strong baseline for comparison.

To address this challenge, this study introduces MuGNet, a novel graph-based deep
learning framework that enables patient-level prediction from a variable number of tissue
slides. In the MuGNet framework, each WSI is represented as a node in a patient-specific
graph, with edges established to capture structural or biological relationships between
tissues. A Graph Neural Network (GNN) with an attention-based message passing
mechanism is then employed to process these graphs and generate patient-level
predictions. This approach moves beyond the conventional “one slide per patient”
paradigm, providing a more holistic and clinically relevant view of the patient’s disease.

The main contributions of this work are as follows:

. A novel GNN-based framework, MuGNet, is proposed for patient-level prognosis by
integrating an arbitrary number of WSIs.

. The framework is validated on a unique multi-tissue dataset of HGSC, demonstrating its
robustness on three distinct prediction tasks: one classification (HRD status) and two
regression (OS and PFI) tasks.

. MuGNet is compared against three state-of-the-art MIL models (ABMIL, DSMIL, and
TransMIL), consistently outperforming them and highlighting the superiority of the
graph-based approach for multi-sample integration.

. The model’s interpretability is demonstrated through the analysis of attention weights.
This reveals that MuGNet learns to prioritize clinically relevant tissue sites, such as the
lymph nodes, suggesting it captures meaningful biological patterns.

MATERIALS
Dataset
This study utilized histopathological and clinical data from the European DECIDER
project (European Union, 2024) (DECIDER observational clinical trial—Multi-layer Data
to Improve Diagnosis, Predict Therapy Resistance and Suggest Targeted Therapies in
HGSC; ClinicalTrials.gov identifier: NCT04846933), focused on overcoming
chemotherapy resistance in ovarian high-grade serous cancer. The dataset includes patient
cohorts with two distinct clinical trajectories: a Neoadjuvant Chemotherapy (NACT)
group of patients who received neoadjuvant chemotherapy followed by interval debulking
surgery, and a Primary Debulking Surgery (PDS) group of patients who underwent
primary debulking surgery prior to any systemic treatment. Slide embeddings from these
WSIs are available at https://github.com/AI-BioInformatics/MuGNet/tree/main/data; the
original WSIs are protected under NDA and cannot be shared publicly. Label files are
available at https://github.com/AI-BioInformatics/MuGNet/tree/main/docs: the XLSX file
contains labels for the PFI and OS prediction tasks, while the CSV file provides the labels
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used for the HR prediction task. WSIs were collected from 243 patients, with samples from
various anatomical sites including the ovary, adnexa, omentum, peritoneum, lymph nodes,
and other tissues.

Prediction tasks
Three distinct and clinically relevant prediction tasks were defined:

. Homologous Recombination (HR) status prediction (HRD/HRP): HRD
(Homologous Recombination Deficient) tumors have impaired double-strand DNA
repair mechanisms, typically due to BRCA1/2 mutations, promoter methylation, or
alterations in HR-related genes (e.g., RAD51C/D, PALB2). Conversely, HRP
(Homologous Recombination Proficient) tumors have intact DNA repair pathways and
are generally less responsive to DNA-damaging agents. HR status is a key biomarker that
influences post-surgical treatment, particularly eligibility for PARP inhibitors and
response to platinum-based chemotherapy. Labels were derived based on a full
consensus across three orthogonal genomic indicators: HRDscarScore, SBS3, and ID6.
Ambiguous cases were excluded to ensure label robustness. This binary classification
task was performed on the PDS group to assess the intrinsic DNA repair capacity of
untreated tumors, including 107 patients and 2,328 WSIs, with 53 HRD patients and 54
HRP patients.

. Overall Survival (OS) prediction: The OS prediction task was applied to the NACT
interval group, which includes patients who received neoadjuvant chemotherapy
followed by interval debulking surgery. Since these patients had already undergone
systemic treatment at the time of tissue collection, they represent a clinically meaningful
population for estimating long-term outcomes based on post-treatment tissue
characteristics. To enable supervised learning, the continuous OS variable was
discretized into ordinal categories. In the absence of universally accepted clinical
thresholds for OS stratification in this context, we developed a balanced binning function
based on quantile discretization. We initially tested fixed clinical thresholds (0–180,
181–365, >365) obtaining sparsely populated bins. Hence, we conducted comparative
experiments with three and four bins that showed that the 4-bin configuration
consistently provided the most stable and robust performance across both MuGNet and
competitor baselines, avoiding sparsely populated outcome groups. This pragmatic
strategy, balancing clinical relevance with statistical robustness, has been adopted in
previous WSI-based survival studies. This task included 136 patients and 1,595 WSIs.

. Progression-Free Interval (PFI) prediction: The PFI prediction task was also
performed on the NACT interval group. PFI is defined as the time between the
completion of initial treatment and disease recurrence, and serves as a proxy for
sensitivity to platinum-based chemotherapy. Because NACT patients had already
undergone systemic treatment before tissue sampling, PFI prediction from their tissue
morphology can offer insights into post-treatment response. To reflect clinically
meaningful categories, PFI was discretized using thresholds based on established
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guidelines for response stratification in ovarian cancer. This task included 133 patients
and 1,586 WSIs.

Both the OS and PFI tasks were treated as ordinal classification problems and evaluated
using survival ranking metrics, as described in the dedicated subsection on evaluation
metrics.

WSI preprocessing and feature extraction
To prepare the WSIs and obtain a meaningful vector representation for each slide, a
two-stage feature extraction pipeline was employed. The goal of this pipeline was to
generate a single embedding for each WSI that would serve as a node in the GNN
structure. Initially, eachWSI was partitioned into non-overlapping 256 × 256 pixel patches
at 20× resolution using the CLAM framework (Lu et al., 2021). Subsequently, two state-of-
the-art models were used, which were trained on extensive and varied histopathological
image contexts, making them ideal for generating robust WSI representations. CONCH1.5
(Lu et al., 2024), a contrastive foundation model, was used to generate patch-level
embeddings. These patch-level embeddings were then aggregated by TITAN (Ding et al.,
2024), a multimodal transformer model trained to align image and text modalities from
pathology reports, to produce a final 768-dimensional vector representation for the entire
WSI. Neither CONCH nor TITAN were retrained; they were used directly for inference to
extract features, with the resulting 768-dimensional vector constituting the input node for
the GNN framework.

METHODS
Proposed architecture
This work introduces a novel method for structuring histopathological data in predictive
modeling. Instead of analyzing individual slides or isolated tissue patches, the framework
builds a comprehensive graph representation for each patient, explicitly capturing multiple
tissue samples simultaneously.

Each node in the patient graph represents a WSI embedding extracted from a distinct
anatomical site. Node features are derived from TITAN embeddings, which encode a
compact representation of the tissue morphology. Edges are established using a
similarity-driven strategy: pairwise distances between tissue-level embeddings are
computed in a lower-dimensional space, and a representative point is selected for each
tissue type via k-Nearest Neighbors (k-NN) density estimation. These distances are
transformed into edge weights using a Gaussian kernel, yielding a weighted adjacency
matrix that reflects morphological similarity. An edge is retained only if its similarity
exceeds a predefined threshold.

For readability, tissue names are reported in their abbreviated form throughout the text; a
table with the corresponding full names and brief descriptions is provided in Table 1.

Before constructing the patient-level graphs, we established a site matrix to model
similarity between anatomical sites. Using the entire training cohort, we computed a
representative centroid ri for each of the 12 tissue types listed in Table 1. The centroid ri
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was defined via k-Nearest Neighbors (k-NN) density estimation as the point with the
minimum average distance to its k ¼ 5 nearest neighbors within that tissue class.
We then computed the site matrix Ssite 2 R12�12, where the entry sij represents the affinity
between tissue type i and tissue type j:

sij ¼ expð�c � kri � rjk2Þ:
Here kri � rjk represents the Euclidean distance between the centroids of tissue types i

and j in the PCA-reduced embedding space, and c is a scaling parameter set to 0.5
(corresponding to a Gaussian r ¼ 1, given c ¼ 1

2r2). This fixed matrix serves to integrate
prior knowledge into the model, encoding learned priors regarding tissue relationships
(e.g., the proximity between Omentum and Peritoneum). These similarity values sij define
the edge weights in the graph. A threshold is applied, keeping connections if similarity is
greater than or equal to 0:1, a common choice for stable and interpretable graph structures
(Garrison et al., 2015).

For each patient, we constructed a patient-level graph G ¼ ðV ;EÞ where nodes V
represent the patient’s specific WSIs. If a patient has Ns slides, the graph has Ns nodes and
an adjacency matrix A 2 RNs�Ns . The edges of this patient-level graph are populated using
the values from the site matrix Ssite. Formally, for a graph with n nodes, the adjacency
matrix A 2 Rn�n is symmetric and weighted, with each entry Aij encoding the strength of
the connection between nodes i and j as:

Aij ¼ SsiteTi;Tj
if SsiteTi;Tj

� 0:1
0 otherwise

�
:

This approach ensures that the graph structure (Ns � Ns) is patient-specific, while the
edge weights reflect robust, population-level biological similarities between the anatomical
sites present.

The site matrix derived from the entire cohort is shown in Fig. 1. This matrix
encapsulates the prior knowledge regarding inter-tissue similarities, which drives the
weight assignment in individual patient graphs.

Table 1 Tissue abbreviations, full names, and brief descriptions.

Abbreviation Full name Description

Ome Omentum Fatty layer in the abdomen

Adn Adnexa Supporting structures of the uterus

Per Peritoneum Lining of the abdominal cavity

Ova Ovary Female reproductive organ producing eggs

Ute Uterus Female reproductive organ where embryo develops

Mes Mesentery Tissue attaching intestines to the abdominal wall

Bow Bowel Intestinal tissue

Tub Fallopian Tube Duct connecting ovary to uterus

LN Lymph Node Small immune system organ

LNR Right Lymph Node Lymph node on the right side

LNL Left Lymph Node Lymph node on the left side

Vag Vagina Female reproductive canal
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This graph-based representation allows the model to capture inter-tissue dependencies
and contextual cues that are not accessible when analyzing WSIs independently. By
integrating both local (tissue-specific) and global (inter-tissue) patterns, the approach
overcomes the core limitations of mono-tissue models.

Graph Attention Networks (GATs) (Veličkovi�c et al., 2018) are employed to model
relationships among tissue regions. Given a graph G ¼ ðV ;EÞ with nodes v 2 V and edges

ðv; uÞ 2 E, and node features hðlÞv at layer l, a GAT layer updates each node’s embedding by
aggregating information from its neighbors, assigning learnable, instance-specific weights
during message passing:

hðlÞv ¼ r
X

u2NðvÞ
f hðl�1Þ

v ; hðl�1Þ
u

� �0
@

1
A (1)

Figure 1 Global k-NN adjacency matrix (Ssite) derived from the entire cohort. This matrix represents
the morphological similarity between the 12 tissue types and serves as the source of edge weights (prior
knowledge) for constructing patient-specific graphs. Full-size DOI: 10.7717/peerj-cs.3820/fig-1
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where NðvÞ denotes the neighborhood of node v, f is a learnable function, and r is a
non-linear activation function. The attention coefficient avu quantifies the importance of
node u in updating node v and is computed as:

avu ¼ exp LeakyReLU a>½WhvkWhu�ð Þð ÞP
k2NðvÞ exp LeakyReLU a>½WhvkWhk�ð Þð Þ (2)

whereW is a shared linear transformation, a is a learnable attention vector, and ‖ denotes
concatenation. The updated node embeddings are then computed as a weighted sum of the
neighbors’ representations:

hðlÞv ¼ r
X

u2NðvÞ
avuWhðl�1Þ

u

0
@

1
A: (3)

To enhance model robustness, multi-head attention was used, computing multiple
independent attention coefficients in parallel and combining them via concatenation or
averaging.

The graph is processed through a 2-layer GAT architecture represented in Fig. 2. Each
layer applies multi-head self-attention (four heads, 64 features per head), allowing the
model to dynamically weigh neighbor contributions. This is followed by GraphNorm, a
normalization strategy applied per graph that improves convergence and generalization in
graph-level tasks (Cai et al., 2020). A LeakyReLU activation function introduces non-
linearity, and dropout with a rate of 0.6 is used for regularization.

After message passing, node representations are aggregated using a Global Attention
Pooling mechanism, which learns a weighted summary of node features based on learned

Figure 2 Overview of the proposed multi-tissue GNN framework. Input WSIs are first embedded via a
two-stage pipeline, then structured as a patient-level graph. Node features are processed through two
GATConv layers, and the resulting representations are aggregated via a global attention pooling module
to produce the final patient-level prediction. Full-size DOI: 10.7717/peerj-cs.3820/fig-2
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attention scores. The resulting pooled graph-level embedding is passed through a
fully-connected layer to generate predictions. This design is compatible with both binary
classification tasks (e.g., HR status) and regression tasks (e.g., OS or PFI), with the output
dimensionality and the activation function of the final layer adjusted according to the task.
This architecture captures both local and global tissue interactions, allowing dynamic
weighting of each WSI via attention. Compared to mono-tissue models, the multi-tissue
GNN provides improved predictive performance and interpretability in clinical outcome
prediction.

Reproducibility
Our code is publicly available at https://github.com/AI-BioInformatics/MuGNet.git. All
experiments were performed on a Linux-based environment running Ubuntu 22.04.5 LTS
(Jammy Jellyfish) and a range of NVIDIA GPUs, including GeForce GTX 1080 (8 GB),
RTX 2080 Ti (11 GB), RTX 5000 (16 GB), RTX 6000 (24 GB), and RTX A5000 (24 GB).
The framework can be executed even on mid-range GPUs with 8 GB of memory,
completing a full analysis in approximately 2 h using 32 GB of system RAM, ensuring
reproducibility and accessibility for typical research environments.

Experimental setup and evaluation
Three clinically motivated prediction tasks were formulated and applied to the DECIDER
dataset. All tasks were evaluated using 5-fold stratified cross-validation, ensuring
consistent distribution of outcome classes across folds. The results presented in the
‘Results’ correspond to the mean performance across the five folds, accompanied by the
corresponding standard deviation, to reflect both central tendency and variability across
splits.

MuGNet has been compared against three state-of-the-art (SOTA) MIL models
(ABMIL, DSMIL, and TransMIL), which were adapted to operate on the WSI-level
embeddings, treating each WSI as an instance in a single patient-level bag. We
acknowledge that applying MIL approaches to WSI-level aggregated embeddings, rather
than strictly operating on patch-level bags, represents a limitation of our baseline
implementation. However, this adaptation was necessary to ensure a fair, direct
comparison with MuGNet within the same representation space, preventing discrepancies
arising from differing input data structures. Model performance was assessed using
task-specific metrics. For the prediction of HR status, standard classification metrics were
used: accuracy, precision, recall, F1-score, and AUC (the area under the ROC curve,
summarizing sensitivity vs specificity across thresholds).

For ordinal classification tasks involving OS and PFI, performance was evaluated using
the concordance index (c-index), which measures agreement between predicted risk scores
and actual survival times.

RESULTS
This section presents the results of the experiments conducted to evaluate the performance
of the MuGNet framework against baseline models. Quantitative results for the three
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prediction tasks (HR status, OS, and PFI) are reported in the following tables, which will be
followed by an analysis of attention weights to provide insights into the model’s
interpretability.

Overall performance
The performance of the proposed MuGNet framework was evaluated against three state-
of-the-art MIL models (ABMIL, DSMIL, and TransMIL) on three distinct prediction tasks.
The results, summarized in the tables below, demonstrate that MuGNet consistently
outperformed all baseline models across all tasks, thereby highlighting the efficacy of the
graph-based approach for multi-tissue data integration.

For the HR task, the proposed method achieved the best classification performance
across all standard metrics (Table 2), including accuracy (0.7000 � 0.1093) and F1-score
(0.7181 � 0.1026). In contrast, TransMIL failed to generalize, with an accuracy close to
chance level. Both ABMIL and DSMIL offered moderate performance, but fell short in
recall and precision. Notably, the approach also yielded the highest AUC (0.7220 �
0.0739), highlighting its ability to distinguish HRD from HRP cases.

MuGNet achieved the highest performance in the 4-bin ordinal survival classification
setting, with a C-index score of 0.6814 � 0.0819 (Table 3). Notably, it outperformed all
MIL baselines, including TransMIL, which previously reported strong results on similar
tasks. ABMIL exhibited limited generalization in this configuration, while DSMIL
underperformed.

On the PFI prediction task (Table 3), the method again outperformed all baselines,
reaching a C-index of 0.6714 � 0.1335. While TransMIL achieved a comparable score
(0.6674), the presented approach delivered more stable performance across folds. The
gains over ABMIL and DSMIL were more pronounced, confirming the benefit of explicitly
modeling multi-tissue relationships via a graph representation.

Table 2 Classification performance comparison on HR status prediction task for the ABMIL, DSMIL and TransMIL models. Best results are
reported in bold.

Model Accuracy Precision Recall F1-score AUC

ABMIL 0.6117 � 0.0912 0.6458 � 0.1518 0.6255 � 0.0775 0.6203 � 0.0363 0.6583 � 0.0870

DSMIL 0.6494 � 0.0917 0.6436 � 0.0813 0.7182 � 0.2414 0.6598 � 0.1160 0.6379 � 0.1098

TransMIL 0.5000 � 0.0168 0.2000 � 0.2739 0.4000 � 0.5477 0.2667 � 0.3651 0.5750 � 0.0520

Ours 0.7000 � 0.1093 0.6897 � 0.1166 0.7564 � 0.1154 0.7181 � 0.1026 0.7220 � 0.0739

Table 3 Comparison of C-index scores for the ABMIL, DSMIL and TransMIL for the OS and PFI
tasks. Best results are reported in bold.

Model C-index (OS) C-index (PFI)

ABMIL 0.4269 � 0.1887 0.5778 � 0.2134

DSMIL 0.5870 � 0.1033 0.4444 � 0.1628

TransMIL 0.6626 � 0.1016 0.6674 � 0.0919

Ours 0.6814 � 0.0819 0.6714 � 0.1335
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Alternative adjacency schemes, including anatomical proximity, PCA correlation, and
other k-NN thresholds, were also explored and are reported in the Supplemental Material
(File S1), along with visualizations of both global and fold-specific adjacency matrices.

DISCUSSION
The results demonstrate that the presented graph-based framework consistently
outperforms standard MIL baselines across all evaluated tasks. The gains are
particularly notable in HR status prediction, where attention-based integration of
multiple tissues appears to be critical. This likely stems from the inability of single-site
models to capture morphologic patterns that are distributed across different anatomical
contexts.

By leveraging a flexible, patient-level graph structure, the method accommodates
heterogeneous sampling, both in terms of tissue composition and number of samples,
without requiring a fixed input size. This design aligns more closely with real-world clinical
scenarios than traditional MIL pipelines.

Importantly, the attention scores learned by the GAT layers provide tissue-level
interpretability. To investigate which tissues contribute most to prediction, node-level
attention scores were analyzed in the OS prediction task (Fig. 3). Although attention is
computed at the edge level, scores were aggregated at the node level by summing the
incoming and outgoing edge weights and normalizing by node degree. For interpretability,
the focus was placed on source-side aggregation, highlighting tissues that act as

Figure 3 Boxplot of node-level layer 1 attention scores across tissue types in the OS task, for both GAT layers.
Full-size DOI: 10.7717/peerj-cs.3820/fig-3
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informative providers during message passing1. This biologically motivated perspective
emphasizes tissues whose features are referenced by others during prediction, offering a
more mechanistic understanding of the model’s decision process.

Notably, lymph node samples received consistently elevated attention across both GAT
layers. These tissues are known to host metastatic lesions and are frequently associated
with poor prognosis in ovarian HGSC, suggesting that the model captures clinically
meaningful patterns. In contrast, adnexal and peritoneal tissues showed lower median
attention scores, potentially reflecting reduced discriminative power in this context.

As illustrated in Fig. 4, the model tends to prioritize metastasis-rich regions (e.g., lymph
nodes). These insights not only enhance model trustworthiness but may also inform future
research into site-specific pathophysiological mechanisms.

Furthermore, future investigations could benefit from implementing hierarchical
modeling workflows. Such approaches would prioritize the analysis of intra-sample
heterogeneity before modeling the interactions between multiple tissue sites, potentially
capturing finer-grained pathological dynamics that global aggregation might overlook.

While the evaluation is limited to a single dataset, this choice reflects the scarcity of
publicly available multi-tissue cohorts. To mitigate this limitation, the framework was

Figure 4 Visualization of a patient-specific graph: node size and color indicate attention score; edge
thickness indicates connection strength. Full-size DOI: 10.7717/peerj-cs.3820/fig-4

1 Destination nodes represent the reci-
pients of information and may receive
attention from both relevant and irrele-
vant sources. Focusing on source nodes
highlights those that actively transmit
predictive signals.
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extensively validated across three distinct clinical prediction tasks, demonstrating both
flexibility and robustness.

CONCLUSIONS
Computational pathology has made significant strides through the application of deep
learning to WSIs. However, a key challenge remains: the majority of existing models
operate under a mono-tissue assumption, relying on a single WSI to inform a prediction.
This limitation has largely been driven by the scarcity of publicly available datasets that
provide more than one slide per patient. To bridge this gap, this study introduced
MuGNet, a novel graph-based deep learning framework designed to enable
patient-level prediction by integrating a variable number of tissue slides. This approach
moves beyond the single-sample paradigm by modeling each patient as a structured graph,
thereby facilitating a more holistic understanding of the disease from a multi-tissue
perspective.

This approach consistently outperformed state-of-the-art MIL baselines in both survival
prediction (OS and PFI) and biomarker classification (HR status) tasks, demonstrating
robust generalization across various clinical endpoints. Beyond predictive performance,
the use of Graph Attention Networks introduced a valuable layer of interpretability. The
source-side attention scores allowed for the identification of the tissues that contribute
most significantly to model decisions, with a consistent emphasis on biologically relevant
sites such as the lymph nodes.

Although the evaluation was conducted on a single ovarian HGSC cohort, the model’s
inherent flexibility regarding the number and type of tissue samples per patient highlights
its potential for future application in varied clinical settings. In future work, the framework
can be readily extended to integrate multimodal or multi-center datasets, further
enhancing its clinical applicability.

Overall, this study provides a scalable and interpretable modeling strategy for
personalized pathology, representing a significant step toward the integration of artificial
intelligence into precision oncology workflows and supporting informed, patient-specific
clinical decision-making.
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