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Abstract

Metabolic dysfunction-associated steatotic liver disease (MASLD) is a signifi-
cant and growing clinical challenge that can progress to end-stage liver disease
and liver-related mortality. This progression is closely linked to the accumu-
lation of liver fibrosis, making accurate fibrosis staging critical for prognosis.
While fibrosis primarily involves the deposition of collagen fibers around ves-
sels, current machine learning-based methods often overlook the spatial rela-
tionship between these microstructures or rely on simplistic spatial proxim-
ity rules. This limitation restricts the predictive performance of automated
staging tools. To address this, we propose a biologically informed, topology-
aware graph construction framework where nodes and edges explicitly model
vessel-collagen architecture. From these graphs, biologically meaningful fea-
ture embeddings are extracted and used to train an advanced graph neural net-
work (GNN) model known as Graph isomorphism networks with edge features
(GINE). Using a dataset of 120 slides, covering the full spectrum of fibrosis,
we systematically compare our approach with alternative graph construction
strategies and benchmark it against a baseline patch-based model and a state-
of-the-art (SOTA) graph-based model. Our results demonstrate that, despite
challenges in vessel segmentation, the proposed graph construction captures
biologically consistent patterns, including a transition from a sparse to an in-
terconnected fibrotic network, and yields improved classification performance
compared to purely spatial-based graphs, doubling the accuracy from 0.24 to
0.48. Furthermore, while the baseline and SOTA models struggle with subtle
transitions of intermediate fibrosis stages, our framework yields a significantly
higher quadratic weighted kappa of 0.44 (an increase of 0.16 over SOTA) and
accuracy of 0.37 (an increase of 0.11 over SOTA), demonstrating consistent per-
formance across all stages. These findings highlight the importance of incor-
porating domain-specific biological knowledge into model design to enhance
predictive performance in MASLD fibrosis staging.

Keywords: MASLD, Liver fibrosis, Digital pathology, Graph Neural Networks,
Topology-aware learning, Biologically informed modeling
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Sammanfattning

Metabolisk dysfunktion-associerad steatotisk leversjukdom (MASLD) är ett be-
tydande och växande kliniskt problem som kan utvecklas till leversjukdom i
slutstadiet och leda till dödsfall på grund av leversjukdom. Denna utveckling
är nära kopplad till uppkomsten av leverfibros, vilket gör en korrekt stadiein-
delning av fibrosen avgörande för prognosen. Även om fibros i första hand in-
nebär att kollagenfibrer avsätts runt blodkärlen, bortser dagens maskininlärn-
ingsbaserade metoder ofta från det rumsliga sambandet mellan dessa mikros-
trukturer eller förlitar sig på förenklade regler för rumslig närhet. Denna be-
gränsning påverkar både den prediktiva prestandan och den kliniska tolkbarhe-
ten hos automatiserade verktyg för stadieindelning. För att lösa detta föres-
lår vi ett biologiskt underbyggt ramverk för grafkonstruktion med hänsyn till
topologi, där noder och kanter uttryckligen modellerar arkitekturen hos blod-
kärl och kollagen. Från dessa grafer extraheras biologiskt meningsfulla egen-
skapsinbäddningar som används för att träna en avancerad Graph Neural Net-
work (GNN)-modell kallas nätverk för grafisomorfismmedkantegenskaper (GI-
NE). Med hjälp av en dataset bestående av 120 bilder, som täcker hela spek-
trumet av fibros, jämför vi systematiskt vårmetodmed alternativa strategier för
grafkonstruktion och utvärderar den mot en referensmodell baserad på patch-
metoden samt en grafbaserad modell som representerar den senaste tekniken
(SOTA). Våra resultat visar att den föreslagna grafkonstruktionen, trots utma-
ningarna med kärlsegmentering, fångar upp biologiskt konsistenta mönster -
däribland enövergång från ett gles till ett sammanlänkat fibrotiskt nätverk - och
ger bättre klassificeringsresultat jämfört med rent rumsbaserade grafer, vilket
innebär att noggrannheten fördubblas från 0.24 till 0.48. Dessutom, medan
basmodellen och de SOTA har svårt att hantera subtila övergångar mellan mel-
lanliggande fibrosstadier, uppnår vårt ramverk ett betydligt högre kvadratiskt
vägt kappa-värde på 0.44 (en ökningmed 0.16 jämfört med SOTA) och en träff-
säkerhet på 0.37 (en ökning med 0.11 jämfört med SOTA), vilket visar på en
jämn prestanda i alla stadier. Dessa resultat understryker vikten av att inte-
grera områdesspecifik biologisk kunskap i modellutformningen för att förbät-
tra både förutsägbarheten och tolkbarheten vid stadieindelning av fibros vid
MASLD.

Nyckelord: MASLD,Leverfibros, Digital Patologi, GrafiskaNeuronnätverk, Topo-
logibevittnat Lärande, Biologiskt Underbyggd Modellering
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1 Introduction

Metabolic dysfunction-associated steatotic liver disease (MASLD) has rapidly
become one of the most prevalent chronic liver diseases worldwide, affecting
over one-third of the adult population and representing an increasing burden
on healthcare systems [1]. Its clinical course is highly variable and can progress
to more severe liver diseases, including fibrosis, cirrhosis, and, ultimately, hep-
atocellular carcinoma (HCC) [2]

Among the various pathological features ofMASLD, liver fibrosis is the strongest
predictor of disease progression and liver-related morbidity and mortality [3].
Therefore, accurate fibrosis staging is essential for prognosis, treatment, and
monitoring disease progression [4]. Currently, fibrosis staging relies on histo-
logical examinations of liver biopsy specimens by expert pathologists. However,
this process presents several limitations, including high rates of inter-observer
variability [5].

Artificial intelligence (AI) has emerged as a promising tool for achieving amore
reliable, scalable, and standardized fibrosis assessment. In this setting, biopsy
specimens are digitized as whole slide images (WSIs) and analyzed using ma-
chine learning (ML)models likemultiple instance learning (MIL) or deep learn-
ing (DL) algorithms like graph neural networks (GNNs) [6]. MIL can handle
weakly labeled slides and large datasets, but treats each WSI as a collection of
independent patches, missing spatial relationships between tissue structures
that are essential for staging [7, 8]. GNNs explicitly model spatial dependen-
cies and tissue architecture. However, their performance depends heavily on
a high-quality graph construction process, which primarily relies on geomet-
ric proximity (e.g., k-nearest neighbors (KNN) or distance-based connectivity)
rather than biologically meaningful relationships [7]. This reliance potentially
limits their ability to capture the true structural mechanisms underlying fibro-
sis progression [9].

To address these limitations, this project aims to develop and evaluate a biologi-
cally informed, topology-awareDL framework for automated fibrosis staging in
MASLD using Sirius Red (SR)-stainedWSIs. The proposed approach explicitly
models the spatial relationship between vessels and collagen by constructing
graphs that treat vessels as nodes and collagen fibers as edges. By combining
segmentation-derived masks, a biologically motivated graph construction, and
a novel GNN architecture called Graph Isomorphism Network with Edge fea-
tures (GINE), this study investigates whether modeling tissue architecture im-
proves fibrosis classification compared to patch-based MIL approaches. Addi-
tionally, it evaluates the advantages of using biologically informed representa-
tions and GINE over geometry-based constructions and standard GNNmodels
commonly used in current literature.
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Figure 1: Illustration of fibrosis staging from liver biopsy images using common ML and DL
methods and the proposed graph-structured representation. (Right) Liver biopsy image sam-
ples with different fibrosis stages. (Left) Concept illustration of commonly used ML and DL
methods: (top) MIL considers independent tiles losing spatial information, (middle) standard
GNNs depict tissue with basic geometry missing biological information, and (bottom) the pro-
posed graph structured representation where vessels are treated as nodes and the collagen
fibers are treated as edges of the graph.

To reach this objective, this project is organized around the following sub-objectives:

1. Preprocess availableWSIs to ensure a consistent and representative dataset.

2. Develop and implement a pipeline to construct biologically informed, topology-
aware graphs that explicitly encode vascular and collagen structures.

3. Design and train an advancedGNNarchitecture andbenchmark it against
a baselinemodel (max-poolingMIL [10]) and state-of-the-art (SOTA) graph-
based model (GCN for fibrosis [8]).

4. Evaluate using standard performancemetrics, and cross-validation to en-
sure robustness and generalizability.

5. Synthesize the findings into key insights and implications and reflect on
ethical challenges and future directions for the use of AI in hepatology.

In achieving this objective, this work introduces several contributions to the
field of computational pathology and MASLD. First, it presents a novel and
data-efficient vessel segmentation and classificationpipeline for SR-stainedWSIs,
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providing a practical alternative to simplistic color-based methods or compu-
tationally expensive U-Nets. Second, it departs from conventional geometry-
based spatial graphs by implementing a biologically informed graph construc-
tionpipeline that reflects the truehistopathological progression of fibrosis. Third,
to the author’s knowledge, this study represents the first application of GINE
for liver fibrosis staging, which leverages both node and edge features to cap-
ture the structural relationship between vessels and collagen networks. Finally,
through benchmarking against patch-based MIL and GNN SOTA model, this
thesis provides evidence regarding the value of topological context 1 in auto-
mated MASLD staging.

This study deliberately focuses on fibrosis staging in SR-stainedWSIs and does
not consider additional stains. Theproposed frameworkmodels vessel-collagen
structural relationships, as these are central to fibrosis progression and can be
reliably extracted from SR-stainedWSIs, while excluding other histopathologi-
cal features (e.g., inflammatory infiltrates, hepatocellular ballooning) and clin-
ical data. Furthermore, the approach prioritizes structural topology over cel-
lular morphology. These choices were made to reduce complexity and ensure
time and methodological feasibility.

The outline of this thesis is as follows. Chapter 2 reviews relevant literature,
presenting current knowledge, methodologies, and gaps that this work aims
to address. Chapter 3 describes the materials and methods employed. Chap-
ter 4 presents the results, with a detailed analysis of the findings. Chapter 5
discusses the implications of the results in the context of existing research, ad-
dresses limitations, and suggests directions for future work. Finally, Chapter 6
concludes the thesis by summarizing the main contributions while placing it in
the broader academic context.

1In this thesis, the term “context” refers to the spatial and topological relationships between
different structures in the liver tissue, e.g. how collagen fibers distribute and connect portal
tracts and central veins, as oppose to its use in NLP/sequence models where context refers to
information within an attention window.
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2 Background

2.1 MASLD: Spectrum and Pathogenesis

MASLD, formerly known as non-alcoholic fatty liver disease, is a leading cause
of chronic liver disease worldwide [11]. Its prevalence is estimated at 38% of
the adult population and continues to rise with the global increase in obesity,
metabolic syndrome, and type 2 diabetes [1]. By 2040, its prevalence in adults
is expected to reach an alarming 55%, placing a significant burden on health-
care systems [12].

MASLD is characterized by hepatic steatosis, defined as the accumulation of fat
in more than 5% of liver tissue, in the presence of one or more cardiometabolic
risk factor(s) (e.g. obesity, insulin resistance, type 2 diabetes, hypertension,
etc.) and in the absence of significant alcohol consumption [13]. MASLD en-
compasses a broad spectrum of diseases, ranging from benign steatosis, known
as metabolic dysfunction-associated steatotic liver (MASL), to metabolic dys-
function-associated steatohepatitis (MASH), a progressive necroinflammatory
form of MASL that can advance to fibrosis, cirrhosis and, ultimately, HCC.

The pathogenesis of MASLD is multifactorial and results from complex interac-
tions between genetic susceptibility, metabolic dysfunction, and environmen-
tal factors. As a result, clinical progression is highly variable and often un-
predictable: 25% of patients progress to MASH and of those one-quarter pro-
gresses to advanced fibrosis within 8 to 10 years [14,15]. Despite this variabil-
ity, liver fibrosis consistently emerges as the strongest histological predictor of
disease severity, long-termoutcomes, and liver-relatedmortality [3]. This high-
lights the importance of accurately assessing and quantifying fibrotic tissue in
clinical practice [6,16,17].

2.2 Liver fibrosis

Asmentioned, fibrosis is an indicator ofMASLDprogression and is the strongest
predictor of adverse clinical outcomes. Beyond its presence, the spatial distribu-
tion and organization of fibrotic tissue provide critical information for disease
staging and prognosis [3]. Thus, it is essential to understand how fibrosis de-
velops andmanifests across the liver. Thismotivates a closer examination of its
underlying mechanisms, structural patterns, and current diagnosis practices.

2.2.1 Mechanism and Topography

Liver fibrosis is defined as the pathological accumulation of extracellularmatrix
components, mainly collagen, in response to chronic liver injury and sustained
inflammation [18]. Fibrosis progresses through distinct histological stages (ob-
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servable structural changes under themicroscope) commonly categorized from
F0 to F4 in the METAVIR staging system [19]. This system reflects the extent
of liver tissue remodeling, ranging from mild perisinusoidal or portal fibrosis
(F1), where collagen accumulates around small blood vessels, to cirrhosis (F4),
which is characterized bywidespread scarring and loss of normal liver structure.
Accordingly, METAVIR is an inherently semi-quantitative scoring tool, which
relies on architectural patterns, spatial distribution, and collagen connections
rather than the absolute volume or density of collagen to determine the fibrosis
stage [20,21].

In MASLD, fibrosis emerges as a maladaptive wound-healing mechanism that
disrupts the anatomy and architecture of the liver. In the first stage (F1), colla-
gen begins to accumulate within the perisinusoidal spaces (region between hep-
atocytes and small capillary vessels) of the central lobule (area around the cen-
tral vein of a liver lobule) or in the periportal areas (near the portal veins), keep-
ing the portal and central veins (two different vasculature structures) anatomi-
cally isolated. As fibrosis progresses to F2, dense collagennetworks formaround
theperisinusoidal andperiportal areas and thefirst bridging septas (thick bands
of fibrotic tissue that physically interconnect different hepatic zones, including
portal-to-portal and portal-to-central vein links) start to extend into the hepatic
parenchyma (functional tissue of the liver). In F3, numerous bridging septa
form, advancing liver remodeling. These connections ultimately lead to cirrho-
sis (F4), where widespread structural changes disrupt the liver’s architecture,
impede normal blood flow, and severely compromise its function [19, 22, 23].
Figure 2 illustrates the different fibrosis stages following the METAVIR stan-
dard in real liver biopsy samples.

Figure 2: Liver fibrosis stages (METAVIR standard). Healthy liver (F0) shows little collagen
(red stain) mostly present in portal tract walls. In the initial stages (F1-F2) a network of fine
collagen strands starts appearing in the parenchyma. In the higher stages (F3-F4) the patho-
logical fibers form “bridges” connecting portal tracts and central veins. All histological sections
are stained with SR, showing color variability from the staining procedure.

Overall, fibrosis is the strongest predictor of disease severity, making histolog-
ical staging essential for establishing prognosis, informing therapeutic strate-
gies, and facilitating longitudinal patient monitoring [7].
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2.2.2 Current Diagnosis and Gold Standard

In current clinical practice, the gold standard for staging fibrosis remains the
manual evaluation of liver biopsies by expert pathologists, typically using spe-
cialized histochemical stains such as SR [2,5]. SR selectively binds to collagen,
making it appear redunder lightmicroscopy and enabling the semi-quantitative
assessment of fibrotic deposition [24]. Nonetheless, despite its widespread
use, manual histopathological assessment presents several limitations. The
spatial heterogeneity of fibrosis and inflammation can lead to sampling bias
and result in under- or over-staging of disease severity. Additionally, the as-
sessment heavily relies on subjective visual interpretation, leading to consid-
erable inter-observer variability [5]. This variability is further aggravated as
the METAVIR staging system is a semi-quantitative tool that scores fibrosis
based on visual patterns rather than precise measurements [21]. Moreover,
manual examination limits reproducibility and places an increasing diagnostic
burden on healthcare systems as disease prevalence continues to rise [5]. Fur-
thermore, variations in staining intensity and color further complicate interpre-
tation, hindering reliable, reproducible, and scalable quantification of fibrosis
severity [25, 26]. Overall, these limitations highlight the need for more objec-
tive, efficient, and scalable assessment strategies.

2.3 Computational Histopathology and Related Work

The above limitations of manual histopathological assessment motivated the
transition towards computer-aided diagnosis (CAD) systems, which aimed to
support pathologists by providing objective, reproducible, and scalable quanti-
tative assessments of liver fibrosis from WSIs [27]. WSIs are digitalized repre-
sentations of tissue samples captured at highmagnification, resulting in gigapixel-
scale images that preserve fine morphological details. These high-resolution
images enable pathologists to visualize fine-grained abnormalities with a level
of detail comparable to traditional microscopy [28].

In the simplest and earliest CAD approaches, quantitative descriptors of colla-
gen (e.g. collagen proportionate area (CPA), texture, length, thickness, orien-
tation, spatial distribution, etc.) were extracted from WSIs and analyzed for
fibrosis staging [29, 30]. For instance, in a previous master thesis, Y. Pan [31]
proposed a pipeline for collagen segmentation based on color heuristic and clus-
tering (illustrated in Figure 3) from which different collagen descriptors were
obtained for fibrosis staging.

However, these approaches had limited capacity to capture complex tissue het-
erogeneity and higher-order spatial organization, affecting their ability to de-
tect advanced fibrosis in which large-scale architectural remodeling of liver tis-
sue occurs [32]. Consequently, more recent CAD approaches have focused on
ML and DL methods to obtain a fully automated, reproducible, and scalable
assessment of histological features and fibrosis staging [5, 6]. In practice, the
most popular architectures are MIL and GNNs [8].
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Figure 3: Automated collagen segmentation pipeline. (1) WSIs are cropped, (2) follow a RGB-
to-HSV transformation and (3) the dominant tissue colors are identified via heuristic clustering
to establish a baseline for segmentation. For standard SR-stained samples, Hue-based cluster-
ing isolates the collagenous signal to generate a binary collagen mask. For over-stained sam-
ples, it integrates both Hue and Saturation parameters removing dark color nuclei noise to
generate a binary collagen mask. Figure borrowed with permission from [31].

2.3.1 Multiple Instance Learning for Liver Fibrosis

MIL has emerged as a popular weakly supervised framework for WSI analy-
sis, particularly in settings where only slide-level labels are available. In this
paradigm, eachWSI is treated as a bag containingmultiple patches or instances.
While the bag is associatedwith a global label (e.g. fibrosis stage), the individual
instances are unlabeled. Therefore, the learning objective is to infer slide-level
predictions without explicit supervision at the instance-level [33].

Most MIL architectures follow a three-stage pipeline. First, an instance-level
feature extractor f(·) encodes each image patch into a latent feature represen-
tation. Second, an aggregation or pooling function σ(·) combines the set of in-
stance features into a single bag-level representation. Finally, a downstream
classifier g(·) maps the aggregated representation to a slide-level prediction
[34].

To exemplify, in its simplest, binary, and classical formulation by Dietterich et
al. [35], a WSI bag X = {(x1, y1) , ..., (xn, yn)}, where yi denotes the unknown
latent label of instance xi, is classified as positive if at least one instance within
the bag exhibits pathological characteristics. This is formally expressed as,

Ŷ =

{
0, if

∑n
i=1 yi = 0

1, otherwise
(1)
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Campanella et al. [10] operationalize this binary formulation via max-pooling,
where the bag label is determined by the single most discriminative instance,

Ŷ = argmax
i

p(yi = 1 | xi; θ) (2)

where θ denotes the learnable parameters of the instance-level classifier. This
framework can be extended to multi-class settings by first assigning each in-
stance a probability vector pi = p(yi = k|xi; θ)

N
k=1 ∈ RN over all N classes and

then assigning the bag prediction the class of the globally most confident in-
stance:

Ŷ = argmax
k

max
i

p(yi = k | xi; θ) (3)

This is equivalent to selecting the instance-class pair (i∗, k∗) with the highest
probability across all instances and classes simultaneously so that the final bag-
level prediction is Ŷ = k∗ and i∗ the selected representative instance. This
max-poolingMIL approach has been adopted for multi-class grading problems
using usually softmax over the instance logits as probability [10, 36]. How-
ever, while it is effective for tasks driven by rare but highly discriminative re-
gions (e.g., tumor detection), max-pooling tends to be sensitive to noise and
ignores contributions from other informative instances. To address this issue,
attention-based MIL (AttenMIL) [37] replaces max-pooling with a learnable
weighted aggregation of instance embeddings to integrate information from
multiple diagnostically relevant regions. This formulation has demonstrated
improved performance in settings characterized by heterogeneous and spatially
distributed tissue patterns as in the case of fibrosis staging. Subsequent stud-
ies have further refined this attention-based paradigm, for instance ReMix [38]
introduced a data augmentation strategy to increase instance-level diversity
during training, leading to improved generalization performance inMIL-based
models. In addition, Interventional BagMulti-Instance Learning (IBMIL) [39]
further enhanced feature representations by explicitly mitigating the influence
of confounding factors, resulting in more robust and discriminative instance
embeddings.

Nonetheless, despite their conceptual simplicity, clinical-grade performance,
and widespread use, conventional patch-basedMILmethods remain limited in
their ability to capture spatial distribution and structural relationships between
tissue components, which are critical for fibrosis staging with the METAVIR
system where disease progression depends on both the presence and spatial
distribution of pathological regions [7, 8]. Moreover, most of the MIL studies
for fibrosis classification extract tile features with a ResNet pre-trained on Im-
ageNet, which differ widely fromWSIs, and commonly simplify the problem to
binary operation, e.g. differentiating between early or late stage, or the pres-
ence or absence of cirrhosis, etc.
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2.3.2 Graph Neural Networks for Liver Fibrosis

GNNs have also gained increasing attention in digital histopathology as they
provide an effective and flexible framework to analyze data that can be repre-
sented as graphs. In a graph, each node represents a meaningful unit (e.g., a
tissue patch), while edges capture relationships between nodes, such as spatial
proximity or similarity [40,41].

The construction of graph representations fromWSIs is a critical step in GNN-
based approaches, as the choice of nodes and edges directly influences the abil-
ity of the model to capture meaningful tissue structure. In practice, nodes are
defined at different biological scales, giving rise to patch-graphs, cell-graphs, or
tissue-graphs, depending on the chosen granularity [9]. Patch-graphs are the
simplest approach, in which each image tile becomes a node, and edges con-
nect spatially adjacent nodes [41]. While straightforward, it leads to very large
graphs and might fail to capture long-range tissue interactions, such as colla-
gen bridges connecting distant regions in advanced fibrosis. Other studies as
the one proposed byM.Wojciechowska et al. [8] and XFibrosis [7] constructed
graphs by first segmenting a region of interest (e.g. vessel or collagen), using
themas nodes and connecting thembased on spatial proximity. However, these
approaches often rely on either data-intensive segmentationmodels, such as U-
Net [8], which require large annotated datasets, or simpler color-based meth-
ods [7] that struggle to distinguish between visually similar structures, such as
fat droplets and vascular regions. More importantly, proximity-based connec-
tions do not necessarily reflect the underlying biology of fibrosis progression.
As mentioned, fibrotic remodeling occurs through collagen bridges that link
vascular structures across the tissue. Consequently, purely geometric connec-
tions are unlikely to capture this true structural relationship, potentially limit-
ing performance as hypothesized in [9].

These graph representations are then analyzed using a GNN. Most GNN ar-
chitectures follow a recursive neighborhood aggregation (or message passing)
scheme, in which each node iteratively aggregates information from its neigh-
boring nodes to update its representation. Thus, in the first iteration or layer,
a node’s embedding encodes its initial feature vector, h(0)

v = xv, and after k it-
erations it encodes both its own features and the structural information within
its k-hop neighborhood [42, 43]. Formally, the k-th layer of a GNN can be ex-
pressed as:

a(k)v = AGGREGATE(k)({hk−1
u : u ∈ N(v)}), (4)

h(k)
v = COMBINE(k)(h(k−1)

v , a(k)v ) (5)

where a(k)v denotes the aggregated neighborhood information for node v at iter-
ation k, N(v) is the set of nodes adjacent to v, and h

(k)
v is the updated feature

vector (or embedding) of node v after the k-th iteration. To obtain a represen-
tation of the entire graph, node features from the last iteration are aggregated
using graph-level pooling operations, such as summation ormean pooling [44],
as follows:
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hG = READOUT ({hk
v | v ∈ G}) (6)

where hG is the representation vector of the entire graph G. The choice of
AGGREGATE(k)(·), COMBINE(k)(·) and READOUT (·) is also critical.
Different designs have been proposed to capture different types of local struc-
ture and interactions [45]. The most widely used architectures for liver fibro-
sis are Graph Convolutional Networks (GCNs) and Graph Attention Networks
(GATs) [46,47]. GCNsperformneighborhood aggregationby applying an element-
wise mean pooling followed by a non-linear transformation, resulting in a com-
putationally efficient and smooth averaging of neighboring features [46]. GCNs
have achieved strong performance on fibrosis staging, but struggle to distin-
guish nodes with similar neighborhood statistics due to their limited expres-
sive power. GATs introduce an attentionmechanism that learns adaptive, data-
dependent weights for neighboring nodes. By assigning different levels of im-
portance to different neighbors, GATs can better capture heterogeneous local
interactions and are well-suited for graphs in which neighboring nodes con-
tribute unequally to a node’s representation [47].

Nonetheless, there exist novel and more powerful architectures such as Graph
Isomorphism Networks (GINs) [45] and GINEs [48], which have not yet been
fully studied for fibrosis staging. GIN use summation as a combination func-
tion followed by a multilayer perceptron (MLP), which is a feedforward neural
network with single or multiple fully connected hidden layers and non-linear
activation layers [49], to distinguish different graph structures more effectively
[50].

h(k)
v = MLP (k)

(1 + ϵ(k)) · h(k−1)
v +

∑
u∈N(v)

ReLU
(
h(k−1)
u

) (7)

In the above formula, ϵ is a learnable or fixed value that controls the relative
importance of a node’s own features compared to its neighbors’ features, and
ReLU is a non-linear activation function. Similarly, GINE [48] further extend
GIN’s framework by explicitly incorporating edge attributes into the message-
passing process as:

h(k)
v = MLP (k)

(1 + ϵ(k)) · h(k−1)
v +

∑
u∈N(v)

ReLU(h(k−1)
u + eu,v)

 (8)

where eu,v is the edge’s feature vector connecting the nodes u and v. This exten-
sion is particularly relevant in applications where relationships between nodes
carry semanticmeaning, such as spatial distances or interaction types, allowing
the model to jointly consider node features, edge features, and graph topology.

Overall, motivated by the limitations of modern DL approaches, this work ex-
plores a biologically informed graph-based representation of WSIs for fibrosis
staging. Rather than constructing graphs solely from geometric proximity, the
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proposed approach exploits domain knowledge of fibrosis progression by ex-
plicitly modeling the structural relationship between vessels and collagen de-
position. Specifically, segmentation-derived masks of vessels and collagen are
used to construct vessel-centered graphs inwhich collagen fibers define the con-
nectivity between vascular structures. This representation aims to capture fi-
brotic bridging patterns that characterize disease progression and to enable a
more advanced GNN, namely GINE, to learn from biologically meaningful tis-
sue topology.
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3 Methodology

An overview of themethodology of this thesis is shown in Figure 4. The pipeline
begins with WSIs of liver tissue, which undergo vessel and collagen segmenta-
tion to construct a vessel-collagen centered graph. This graph data is then fed
into a tunedGINEmodel. Themodel’s performance for fibrosis staging is evalu-
ated in different studies and benchmarked against baseline and SOTA models.

Figure 4: Overview of themethodology of this project. (1)WSIs serve as the primary inputs. (2)
Graph Construction, involving vessel and collagen segmentation to define nodes (vessels) and
edges (collagen deposition). (3) Model Implementation, involving hyperparameter tuning for
the GINE architecture. (4) Benchmarking and Comparative Analysis, evaluating performance
against baseline and SOTA models using area under the curve (AUC), accuracy, and quadratic
weighted kappa (QWK) metrics for (5) fibrosis classification.

3.1 Data collection and Preprocessing

A total of 120 WSIs from MASLD patients were provided by the University
Hospital Basel, Switzerland. All liver tissue sections were stained with SR and
scanned at 40xmagnification. The slideswere graded according to theMETAVIR
fibrosis staging system (F0–F4) by two senior pathologists, with consensus reach-
ed in cases of disagreement. The dataset consisted of 6 WSIs classified as F0,
29 as F1, 39 as F2, 19 as F3, and 27 as F4.

WSIs were divided into non-overlapping 2048×2048 pixel tiles. Tiles with less
than5% tissue area, previously identified viaHue-Saturation-Value (HSV) thresh-
olding (S>30, V<230), were discarded to remove background-dominated re-
gions. Edge tiles were zero-padded to maintain consistent dimensions and
avoid computational bias.
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3.2 ProposedFramework: fromGraphConstruction toDeepLearn-
ing Model Implementation

This section describes the proposed framework, from vessel and collagen seg-
mentation to graph representation and GNN-based training.

3.2.1 Collagen and Vessel Mask Construction

Adedicatedpipelinewas implemented to segment vessel and collagenmicrostruc-
tures. These masks are essential for isolating the specific biological structures
required for later graph representations.

Collagen detection was performed using the pipeline described in [31]. For
vessel segmentation, a custom pipeline was developed to segment vessels and
classify them into portal tracts and central veins (Figure 5). These strategies
were designed to determine whether incorporating vessel-type information im-
proves staging performance.

Figure 5: Automated vessel segmentation and classification pipeline. (1) Identification: Ves-
sel candidates are detected as holes within WSI tissue tiles. (2) Segmentation: Morphological,
color, and contextual features are extracted to trainML classifiers (Balanced Bagging, XGBoost,
and SMOTE-Gradient Boosting) for vessel segmentation. The optimal model is selected via F1-
score and confusion matrix metrics to yield segmented vessels (green). (3) Classification: Seg-
mented vessels are futher classified into portal tracts (green) or central veins (blue) by testing
the engineered features and UNI embeddings with XGBoost or Logistic Regression.

In tissue tiles, lumens (vessels, lipid droplets, and artifacts) appear as white,
closed contours against the pink and red stained tissue matrix. To isolate these
candidates, morphological operations and Otsu’s thresholding were applied to
the tissuemask. Artifacts smaller than 50 µm2 (approximate size of a red blood
cell [51]) were also removed.

For (2), i.e. vessel segmentation, 24 morphological (e.g., area, circularity, elon-
gation) and color-based features, previously proposed in [30, 31, 52], were ex-
tracted to characterize each contour and its surrounding microenvironment.
These 24 features per contour were fed as a single row to different ML clas-
sifiers (Balanced Bagging, Gradient Boosting with SMOTE (GB-SMOTE), and
XGBoost), meaning each contour detected in the 2048×2048 tile was repre-
sented as one feature vector, and the classifier predicted whether that contour
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was a vessel or not. TheseMLmodels were previously trained on 200 annotated
WSI tiles using 5-fold grouped cross-validation for hyperparameter tuning. Ad-
ditional information about the ML classifiers can be found at the Appendix B.
Model performance was evaluated with the confusion matrix, precision, recall,
and F1-score.

For (3), i.e. vessel-type classification, the detected vessels in the previous step
were further categorized as portal or central veins. To do so, for each vessel
new features were extracted using either the above 24 hand-crafted features or
embeddings from the UNI foundation model, a pretrained vision transformer
encoder for histopathology [53]. In particular, for the UNI-based features, a
224×224 pixel patch was cropped from the original SR-stained tile centered
on each detected vessel, with a context factor of 1.5× the bounding box size
to include surrounding tissue. The patch followed UNI’s pre-processing proto-
col, and passed through the frozen UNI ViT-L/16 encoder to produce a 1024-
dimensional embedding per vessel. Eight additional shape featureswere added,
producing a 1032-dimensional input vector per vessel for the downstream clas-
sifier. Both feature representationswere used to train XGBoost and Logistic Re-
gression classifiers, with hyperparameter tuningperformedusing cross-validation.
The performance of the feature extraction and classifier models was evaluated
as in (2) and compared against a baseline approach, which directly segmented
portal and central veins from scratch.

3.2.2 Graph Construction

The vessels and collagen fibers were then transformed into a graph representa-
tion as shown in Figure 6. This graph representation, including all intermediate
steps, was established through amultidisciplinary consensus between an AI ex-
pert and a hepatologist. From a clinical and biological perspective, collagen
fibers physically extend and interconnect vascular structures during fibrosis.
Thus, mapping vessels as nodes and collagen fibers as edges naturally capture
these pathological tissue bridges. Moreover, two graph types were created: a
single-class that ignores vessel type, and a two-class that later includes vessel-
type information in the nodes and edges.
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Figure 6: Graph construction pipeline. (1) Input, tiles of WSIs with their collagen and vessel
masks. (2) Node creation, nodes are generated by detecting the centroids of individual vessels.
(3) Edge creation, (3.1) Candidate neighboring nodes are identified using Delaunay triangula-
tion, and distant connections are removed through radial pruning. (3.2) A cost map/path is
computed in which movement outside collagen regions is penalized ($ indicates cost of pixel).
The least-cost path between nodes is then determined using Dijkstra’s algorithm. (4) Ouput,
final graph with features in node and edges (see next Section).

First, nodes were defined as the centroids of the vessels, obtained from the pre-
vious segmentation. Vessels that were artificially split due to tilingweremerged
to avoid duplicate representations; in the two-class vessel graphs merging was
restricted to vessels of the same type. Candidate edges were subsequently iden-
tified using Delaunay triangulation and pruned using a radial distance thresh-
old to prioritize local anatomical adjacency and remove implausibly long con-
nections. For each remaining candidate edge, the optimal biological path was
estimated using Dijkstra’s algorithm [54] on a spatial cost map. Specifically,
the traversal cost at pixel x was defined as:

C(x) = 1 + α(1− e−βd(x)) (9)

where α determined the maximum penalty, β controlled the exponential de-
cay rate and d(x) denoted the Euclidean distance to the nearest collagen pixel.
The cost function parameters, α=150 and β=0.005 (determined empirically),
encouraged paths to follow collagen-dense regions by exponentially penalizing
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distance from collagen pixels. To ensure computational stability, vessel cen-
troids were projected onto the nearest collagen skeleton for path initialization.
This projection facilitated plausible starting pointswithout altering the underly-
ing vessel coordinates, mitigating artificial penalties fromminor segmentation
offsets or bifurcations. Background pixels were assigned infinite cost to con-
strain paths within the biopsy area.

The single and two-class graphs were evaluated against known biological prop-
erties to assess whether the proposed construction captured fibrosis organiza-
tion patterns and provided reliable inputs for downstream learning.

3.2.3 Graph Embedding

Node and edge embeddings were constructed to capture both morphological
and structural information (Table 1 and Table 2). Nodemorphological features
were generated by extracting embeddings using UNI [53]. In particular, for
each vessel, a 224×224 RGB patch was extracted directly from the SR-stained
WSI tile at the vessel centroid coordinates, each patch followed the original pre-
processing steps of UNI and passed through the frozen UNI encoder. The out-
put was a 1024-dimensional feature vector per vessel, capturing morpholog-
ical characteristics of the vessel and its immediate tissue microenvironment,
including collagen texture, lumen shape, and surrounding cellular organiza-
tion. To preserve global spatial context, these features were integrated with
positional encodings based on a vision transformer formulation [7]. In the two-
class graph representation, vessel-type information was also added. Moreover,
edge embeddings were designed to characterize the collagen network through
a multi-dimensional feature vector. These features include geodesic resistance
(defined as the edge cost normalized by the Euclidean distance), straightness,
mean and standard deviation of fiber thickness, local collagen density, tissue
fraction, edge length, and orientation. In the two-class graph representation,
edge features also included the types of vessels connected by each edge.

Table 1: Description of Node Features

Feature Description Dim.

UNI embedding Patch-levelmorphological representation around the ves-
sel centroid extracted by UNI foundation model

1024

Positional encoding Normalised (x, y) coordinates of the vessel centroid
within the WSI

2

Vessel type (two-class only) Encoding indicating portal vein or central vein 1
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Table 2: Description of Edge Features

Feature Description Dim.

Biological encoding Geodesic resistance: total path cost normalised by
Euclidean distance (low values = collagen-rich paths).
Straightness ratio: ratio of Euclidean distance to path
length (values close to 1 = direct collagen path).
Mean fiber thickness: mean diameter of the collagen
along the path, estimated from distance transform.
Std fiber thickness: standard deviation of fiber thickness
along the path, reflecting structural heterogeneity.
Local collagen density: fraction of pixels around the
path that are collagen.
Tissue fraction: fraction of the path traversing
non-collagen tissue.
Orientation entropy: circular variance of path direction
angles (high values = tortuous, disorganised path).
Edge length: Euclidean distance in µm.

8

Edge type (two-class only) Encoding of the vessel-type pair connected: portal-portal,
portal-central, or central-central

3

Overall, both graphs are undirected, weighted, and simple. Due to theDelaunay-
based construction, cycles are present in the graph structure. Connectivity is
not guaranteed across all WSIs, as vessel pairs with no viable collagen path are
excluded.

3.2.4 GNN Architecture and Training Procedure

All graph features were processed using a GINE. Model evaluation and tun-
ing were performed using cross-validation framework with a held-out test set
(15%) and a training set (85%). Within the training set, a 5-fold stratified cross-
validation was applied for hyperparameter tuning and architectural selection,
where in each fold 80% of the training data was used for training and the re-
maining 20% for validation.

Within this framework, the hyperparameter search space, summarized in Table
3, was systematically explored. Training-related parameters included the learn-
ing rate and learning rate schedulers, optimized via different optimizers with
early stopping. Different loss functions, cross-entropy (CE) and focal loss, were
evaluated alongside their combinationswith anordinal regularization term (that
accounted for the ordered nature of fibrosis) and weight decay. The combined
loss function were defined as:

L = Lce + λLreg + λdL2 or L = Lf + λLreg + λdL2 (10)

where Lce is the CE loss, Lf is the focal loss, Lreg is the ordinal regularization
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term, λ controls the contribution of Lreg, and L2 being the weight decay term.

Furthermore, key architectural components of the GINE model were investi-
gated, including the number of layers, the use of Jumping Knowledge network
(JK-Net) (a scheme to combine information from multiple graph layers [43]),
dropout rate, hidden dimensionality, and aggregation strategy, to assess their
impact on model capacity and performance. The GINE architecture was also
comparedwith other commonly used GNNs in fibrosis analysis (GAT andGCN)
and GIN to assess the contribution of edge features. These baseline models
were tuned over a reduced hyperparameter search space to ensure fair compar-
ison. Moreover, the single, two-class, and spatial-based KNN graphs were used
as inputs to the GINE model to further assess the graph construction process
for fibrosis staging.

Table 3: Hyperparameter Search Space for GINE Model Optimization

Hyperparameter Search Values

Dropout Rate 0, 0.3, 0.5
Hidden Dimensions 128, 256
Readout (Pooling) Sum, Mean, Max, Attention
Learning Rate (LR) 10−5, 5× 10−5, 10−4, 10−3

LR Scheduler None, ReduceLROnPlateau, CosineAnnealing
Loss Function Types CE, Focal, CE + ordinal loss, Focal + ordinal loss
Number of GNN Layers 3, 5, 6 (with and without JK-Net)
Optimizer Adam, AdamW
Ordinal Weight (λ) 0.0, 0.005, 0.05, 0.1
Weight Decay 10−3, 10−4, 10−5

3.3 Baseline and State-of-the-Art Models Implementation

The proposedmodel was evaluated against a baseline and SOTAmodel. For the
baseline model, the max-pooling MIL approach proposed by Campanella et al.
[10] was selected due to its widespread adoption in digital pathology. To align
with this study, its original binary formulation was extended to a multiclass
setting [36]. Moreover, the WSIs were divided into non-overlapping 512×512
pixel tiles to account for the different magnification (40x in this study vs 20x in
the original paper).

For the SOTAmodel, the GCN framework proposed byWojciechowska et al. [8]
was chosen as it provides a relevant benchmark for evaluating the proposed
graph construction strategy and feature representation. The graph construc-
tion pipeline and model architecture were preserved, but the collagen segmen-
tation stepwas replacedwith [31] due to the unavailability of the originalU-Net.
As in the baseline, WSIs were tiled into non-overlapping 512×512 patches.
Bothmodels were evaluated following the recommended hyperparameters and
without performing any tuning.
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3.4 Evaluation metrics

Following [7, 8], accuracy and area under the curve (AUC) were used to eval-
uate the DL models. To compute AUC in the multiclass setting, the problem
was decomposed into multiple binary classification tasks (e.g. F0 vs. the rest),
allowing the assessment of the model’s ability to discriminate each stage. The
macro-average AUC was also reported to provide an overall measure of per-
formance. Additionally, the quadratic weighted kappa (QWK) was included to
account for the ordinal nature of fibrosis stages, giving larger penalties to more
severe misclassifications.
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4 Results and Analysis

4.1 Graph Construction Framework Results

This section quantitatively and qualitatively evaluates the vessel segmentation
pipeline and resulting graph representation.

4.1.1 Performance of Vessel Segmentation

Table 4 summarizes the performance of the evaluated classifiers for vessel seg-
mentation (step 2 in Figure 5), with representative predictions shown in Fig-
ure 7. Balanced Bagging achieved the highest recall (0.83) at the cost of a
high false-positive rate, as shown in its low precision (0.45) and high variance
(over 0.30 in all metrics). GB-SMOTE provided a more balanced result but it
was ultimately outperformed by XGBoost, which achieved the highest F1-score
(0.69 ± 0.17).

Table 4: Performance of the evaluated classifiers for vessel segmentation.

Method F1-score Precision Recall

Balanced Bagging 0.42 ± 0.37 0.45 ± 0.38 0.83 ± 0.33
XGBoost 0.69 ± 0.17 0.73 ± 0.25 0.70 ± 0.05
GB-SMOTE 0.66 ± 0.19 0.69 ± 0.25 0.69 ± 0.07

Figure 7: Representative figure of vessel detection. (a) Ground truth vessels overlaid on the
tissue tile (b) Detected vessels by Balance Bagging (c) Detected vessels by XGBoost and (d)
Detected vessels by GB-SMOTE.

Table 5 summarizes the performance of the different approaches for vessel-type
classification (step 3 in Figure 5), while Figure 8 shows a representative predic-
tion from the best-performing approach. The baseline approach, which directly
segmented portal tracts and central veins from scratch, achieved very limited
performance. The remaining approaches that relied on the vessel segmentation

20



output for subsequent classification demonstrated a clear advantage. Hand-
crafted morphological and color features combined with XGBoost showed im-
proved results except for theminority central vein class (F1-score of 0.68±0.21).
In contrast, usingUNI embeddings significantly enhanceddiscriminative power
across both classes. While UNI combined with XGBoost showed strong results,
UNI with Logistic Regression emerged as the best-performing configuration
(F1-score of 0.91 ± 0.03 for portal and 0.80 ± 0.11 for central).

Figure 8: Representative figure of vessel calssification using UNI features embeddings and Lo-
gistic Regression. (a) Ground truth vessels overlaid on the tissue tile showing in green portal
veins and in purple central veins (b) Detected portal veins (c) Detected central veins.

Table 5: Performance of vessel classification (portal vs central). Performance metrics are re-
ported as mean ± standard deviation

Approach Class F1-score Precision Recall

Baseline
Portal 0.63 ± 0.05 0.64 ± 0.07 0.64 ± 0.04
Central 0.52 ± 0.11 0.59 ± 0.14 0.55 ± 0.12

Hand-crafted Features + XGBoost
Portal 0.82 ± 0.08 0.92 ± 0.05 0.86 ± 0.05
Central 0.68 ± 0.21 0.48 ± 0.20 0.54 ± 0.17

UNI + XGBoost
Portal 0.88 ± 0.06 0.93 ± 0.03 0.84 ± 0.12
Central 0.74 ± 0.07 0.81 ± 0.12 0.73 ± 0.15

UNI + Logistic Regression
Portal 0.91 ± 0.03 0.92 ± 0.05 0.91 ± 0.06
Central 0.80 ± 0.11 0.77 ± 0.18 0.77 ± 0.10
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4.1.2 Graph interpretation onWSIs

With the collagen and vessel masks, biologically informed and topology-aware
graphs were constructed as illustrated in Figure 9.

Figure 9: Representative example of the generated biologically-informed topology-aware
graphs. Figure shows zoomed-in regions from differentWSIs. Vessel centroids are represented
as red nodes. The color of the edges indicates the resistance of the computed minimum-cost
paths, reflecting the underlying collagen structure.

The resulting graphs varied in size depending on the tile cellularity (density
or total number of vessels) and fibrosis stage. Across the dataset, the single-
class and two-class graphs contained on average 79± 53 nodes and 116± 110
edges perWSI. Note that the graph construction was executed on the UPPMAX
Bianca cluster using 8 CPU cores and 120 GB of RAM. Graph construction for
a single WSI took approximately 15 minutes on average.

To evaluate whether the proposed graph representations, both single and two-
class, capturemeaningful tissue organization, graph-derived features (edge con-
nectivity, geodesic resistance, collagen density, and clustering coefficient) were
analyzed across fibrosis stages. Figure 10 illustrates the results, with the first
row corresponding to the single-class graph and the second row to the two-class
with vessel type differentiation.

Non-parametric statistical tests (Mann-WhitneyU test [55] and Kruskal-Wallis
test [56]) revealed significant differences across stages. In both graph represen-
tations, the mean edge resistance decreased significantly while the number of
edges per node, the mean edge collagen density, and clustering coefficient in-
creased significantly with fibrosis severity.
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Figure 10: Distribution of topological and biological features across fibrosis stages (x-axis) for
the (top) single-class and (bottom) two-class with vessel-type differentiation. From left to right:
MeanEdgeResistance, Edges per node,MeanEdgeCollagenDensity andClusteringCoefficient
Statistical significance was determined via Mann-Whitney U test and Kruskal-Wallis test with
post-hoc comparisons indicated by asterisks (p < 0.05 , * p < 0.01, ** p < 0.001, *** p < 0.0001).

4.2 GNN implementation Results

This section summarizes the key trends observed during hyperparameter tun-
ing, architectural evaluation, and results from different comparative studies.

4.2.1 HyperparameterOptimizationandArchitecturalDesignEvaluation

Architectural and hyperparameter choices significantly impactedmodel perfor-
mance as shown in Figure 11. GINE training was executed on the UPPMAX
Bianca cluster using 8 CPU cores, 120 GB of RAM, and an NVIDIA A100 GPU,
with total training completing in under an hour on average.

Sum pooling consistently outperformed other pooling operations, and deep ar-
chitectures with six layers using JK-Net scheme achieved better performance.
From an optimization perspective, the Adam optimizer with cosine annealing
learning rate scheduling produced themost stable convergence behaviourwithin
approximately 40 epochs (triggered by early stopping). Lower learning rates
(5e-5, 1e-4) consistently outperformed other values, with a 0.3 dropout rate
and lower weight decays (1e-5) providing the best balance for regularization.
Finally, the combined focal and ordinal regression loss (λ = 0.05) function out-
performed individual loss components.
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Figure 11: Representative hyperparameter optimization and architectural comparative results.
Curves illustrate model training dynamics across different configurations. Solid lines depict
the cross-validationmean performance and shaded bands show variance boundaries. The pan-
els shows illustrative examples from a broader configuration study. (Top-left) validation loss
across different loss functions, (top-right) validation accuracy across graph pooling operators,
(bottom-left) validation macro AUC across base learning rates, (bottom-right) validation QWK
across weight decay regularization constraints (bottom-right).

4.2.2 Comparative Study on Graph Construction

Acomparative study compared the three graph representations for staging. The
goal was to evaluate the benefit of adding biological information and distin-
guishing between vessel types. The results are shown in Table 6.
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Table 6: Effectiveness of the proposed graph construction pipeline (including single-class, i.e.
no vessel-type differentiation, and two-class, i.e. with vessel-type differentiation) against a
baseline proximity-based graph. Performance metrics are reported as mean ± standard devia-
tion across folds.

Method AUC0 AUC1 AUC2 AUC3 AUC4 AUC Accuracy QWK

KNN
0.87 0.60 0.60 0.72 0.69 0.69 0.24 0.32

± 0.12 ± 0.11 ± 0.10 ± 0.08 ± 0.19 ± 0.05 ± 0.12 ± 0.17

Single-class
0.88 0.71 0.66 0.75 0.85 0.77 0.37 0.60

± 0.12 ± 0.13 ± 0.07 ± 0.15 ± 0.10 ± 0.07 ± 0.17 ± 0.14

Two-class
0.88 0.66 0.70 0.71 0.96 0.78 0.48 0.68

± 0.10 ± 0.09 ± 0.09 ± 0.16 ± 0.03 ± 0.04 ± 0.05 ± 0.10

Overall, the KNN-based baseline underperformed compared to the biologically
informed graph constructions, achieving lower macro AUC (0.69 ± 0.05), ac-
curacy (0.24 ± 0.12), and QWK (0.32 ± 0.17). Among the proposed repre-
sentations, the two-class graph demonstrated a slight performance advantage,
achieving higher accuracy (0.48 ± 0.05), QWK (0.68 ± 0.10) and macro AUC
(0.78± 0.04). Furthermore, the two-class approach exhibited greater stability,
as shown by the reduced standard deviation across individual stages compared
to the single-class representation.

4.2.3 Comparative study on different GNN architectures

TheGINEarchitecturewas also compared againstGAT,GCNandGIN.As shown
in Table 7, GINE achieved best overall performance with the proposed graph
representation. However, the performance differences betweenGCN,GAT, and
GIN were modest and likely within the margin of variability given the small
dataset size.

Table 7: Effectiveness of the proposed GNN architecture. Performance metrics are reported as
mean ± standard deviation across folds.

GNN AUC0 AUC1 AUC2 AUC3 AUC4 AUC Accuracy QWK

GCN
0.89 0.64 0.61 0.63 0.76 0.70 0.28 0.33

± 0.13 ± 0.11 ± 0.06 ± 0.18 ± 0.08 ± 0.07 ± 0.05 ± 0.12

GAT
0.86 0.63 0.60 0.67 0.77 0.71 0.25 0.38

± 0.12 ± 0.13 ± 0.10 ± 0.13 ± 0.11 ± 0.07 ± 0.02 ± 0.18

GIN
0.88 0.68 0.59 0.59 0.75 0.69 0.23 0.36

± 0.07 ± 0.13 ± 0.05 ± 0.08 ± 0.10 ± 0.05 ± 0.05 ± 0.15

GINE
0.89 0.71 0.67 0.77 0.89 0.78 0.47 0.60

± 0.15 ± 0.12 ± 0.07 ± 0.05 ± 0.10 ± 0.06 ± 0.13 ± 0.17
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4.3 Comparison With Baseline and State-of-the-Art Models for fi-
brosis staging

The fully optimized graph construction pipeline and GINE model were evalu-
ated against both a baseline and a SOTA model for benchmarking purposes.
Table 8 summarizes the results.

Table 8: Fibrosis staging performance of the different DL methods on the test set.

Method AUC0 AUC1 AUC2 AUC3 AUC4 AUC Accuracy QWK

MIL 0.47 0.62 0.53 0.52 0.85 0.60 0.21 0.06
GCN 0.79 0.71 0.37 0.65 0.88 0.68 0.26 0.28
Ours 0.65 0.67 0.55 0.56 0.93 0.67 0.37 0.44

The baseline MIL model showed limited performance (macro AUC 0.60, Accu-
racy 0.21, and QWK 0.06), with strong discrimination only at advanced stages
(AUC4 = 0.85). The GCN-based model improved overall metrics (AUC 0.68,
QWK 0.28, accuracy 0.26), effectively identifying early (AUC0 = 0.79) and late
stages (AUC4 = 0.88), though it struggled significantly with middle stages as F2
(AUC2 = 0.37). In contrast, the proposed approach achieved the highest accu-
racy (0.37) and QWK (0.44), while matching the SOTA macro AUC (0.67) and
demonstrating consistent performance across all fibrosis stages.
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5 Discussion

5.1 Graph Construction Pipeline

This section evaluates the integrated framework, tracing the pipeline from ves-
sel segmentation through graph representation to GINE tuning and fibrosis
staging.

5.1.1 Vessel-Collagen Segmentation

For vessel segmentation, XGBoost outperformed Balanced Bagging and GB-
SMOTE. The weaker performance of Balanced Bagging likely stems from its
random undersampling of the majority class, which prevents the model from
capturing the morphological variability of the background, leading to increas-
ing false positives as suggested in [57]. Similarly, SMOTE’s synthetic sam-
ple generation of the minority class could struggle to accurately represent the
complex vessel patterns, reducing overall performance [58]. In contrast, XG-
Boost’s iterative focus onmisclassified samples allowed it to emphasize rare ves-
sel instances whilemaintaining a robust representation of the background [59].
However, its final F1 score of 0.69 remains non-ideal, reflecting the inherent dif-
ficulty of class imbalances and distinguishing vessels from complex background
tissue.

For vessel-type classification, a cascade approach outperformed direct segmen-
tation. While hand-crafted features sufficed for detection, they lacked the dis-
criminative depth to distinguish portal from central veins. UNI embeddings
addressed this by capturing complex contextual cues from the vessel architec-
ture [53]. Logistic Regression’s better performance over XGBoost suggests that
UNI projects features into a linearly separable space where complex ensem-
bles may overfit. However, the system remains susceptible to downstream er-
ror propagation, as false positives of the previous vessel segmentation are in-
evitably assigned a vessel-type category.

5.1.2 Graph interpretation onWSIs

The second stage of the pipeline constructs graphs where vessels act as nodes
and collagen structures define the edges, effectively capturing structural pat-
terns associated with fibrosis progression. Regardless of vessel-type differen-
tiation, both graph versions show consistent trends across fibrosis stages (e.g.,
decreased edge resistance, increased connectivity, and higher collagen density),
reflecting the biological transition from a sparse isolated network to a dense,
interconnected fibrotic network in cirrhosis. Moreover, the significant differ-
ences in feature values across stages suggest that these graph descriptors pos-
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sess discriminative power to distinguish early from advanced fibrosis.

Importantly, the proposed graph constructions outperformed traditional KNN-
based methods, highlighting the limitations of purely geometric approaches.
Since KNN graphs rely on spatial proximity, they fail to capture the underly-
ing biological tissue organization, which leads to reduced performance as noted
in [9]. Moreover, differentiating vessel-types improved staging likely because it
explicitly encoded anatomical patterns related with fibrosis progression. Colla-
gen bridges between distinct vessel-types is a characteristic of fibrosis progres-
sion and, by incorporating these features, the model should be better equipped
to discriminate between intermediate stages. Overall, these results suggest that
integrating domain knowledge into graph construction leads to improved pre-
dictive performance.

5.1.3 Model implementation

From an implementation perspective, the success of JK-Net and ordinal loss re-
flects the need to align themodel with biology. JK-Net’smulti-scale aggregation
captures both local collagen density and global architectural shifts across lay-
ers, which is essential for staging. Moreover, the effectiveness of the combined
ordinal loss reflects the inherent structure of the staging system, by penalizing
distant stage misclassifications more heavily than adjacent ones. Furthermore,
the preference for lower learning rates and weight decay suggest that themodel
requires a stable optimization path to resolve these high-dimensional topolog-
ical patterns. Overall, these findings indicate that GNNs should be carefully
tuned to respect the topological and biological complexity.

When comparing GNN architectures, GINE outperformed GIN, GCN, and GAT,
highlighting the critical role of edge features in fibrosis staging. Unlike GIN,
GINE incorporates edge information into themessage-passing process, enabling
the model to capture collagen fiber relationships and spatial interactions more
effectively. This aligns with the biological basis of fibrosis, where the connectiv-
ity and structural organization of the fiber network, rather than isolated node
properties, define the disease stage [3]. Furthermore, the lower performance of
GAT and GCN suggests that GINE is better suited for learning complex graph
representations, further supporting its application in fibrosis staging tasks.

5.2 Comparison With Baseline and State-of-the-Art Models

The baseline max-pooling MIL treats each WSI as a collection of independent
patches, assigning the bag label based on the instance with the highest pre-
dicted class probability [10]. While this strategy identifies cirrhosis (F4) ef-
fectively due to its highly distinctive localized patterns, it struggles with inter-
mediate stages where the discriminative information lies in the spatial distri-
bution and extent of fibrosis across the slide. This limitation is reflected in the
near-chance accuracy (0.21 vs. 0.20 expected by chance) and low QWK (0.06),
indicating that MIL fails to preserve the ordinal relationships between stages.

Incorporating spatial information through graph-basedmodeling addresses this
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limitation. The SOTA GCN model achieved higher macro AUC, QWK, and ac-
curacy than the MIL baseline, supporting the hypothesis that modeling spa-
tial relationships provides critical context beyond independent patches [7, 8].
Nevertheless, its performance remained limited in middle stages (AUC2=0.37),
suggesting that spatial connectivity alone is insufficient to identify the subtle
transition from portal expansion to early bridging.

The proposed model improved upon these results, matching the SOTA macro
AUC and substantially increasing the accuracy (0.37) and QWK (0.44). These
results suggests that integrating domain-specific biological knowledge (encod-
ing collagen fibers as edges and preserving vessel identities) enhances staging
robustness. Notably, the higher QWK score indicates that the model’s errors
are primarily “adjacent” (e.g., mistaking F2 for F1 or F3), aligning closely with
clinical practice where intermediate stages often exhibit inter-observer variabil-
ity. Furthermore, unlike the SOTA GCN, our approach maintained more con-
sistent AUC values across stages. This stability demonstrates that our model
captures anatomical hallmarks of progression rather than abstract spatial prox-
imity, providing a more reliable tool for MASLD staging than standard GNN or
MIL architectures.

5.3 Ethical Considerations and Clinical Implications

One of the main ethical concerns of the use of AI in medical research is the
privacy and confidentiality of patient data [60]. In this project, to ensure all pa-
tient information was handled securely, all data was stored and processed on
the Bianca UPPMAX cluster [61], a system designed according to the ISO/IEC
27000 series of information security standards formanaging sensitive personal
data. The opacity of AImodels is also another challenge as they often donot pro-
vide clear insights into their decision-making processes, complicating clinical
implementation and accountability [62]. To address this, human oversight was
kept throughout the project, AI models were kept as simple as possible, and in-
teractive plots were designed to explore model decisions and predictions. This
ensured that the proposed models relied on clinically relevant features rather
than spurious correlations. Finally, regarding liability, this model is intended
to be used as a decision-support tool rather than autonomous diagnostic sys-
tem. By clearly framing it as a helper to clinicians rather than a replacement,
potential legal and ethical risks are minimized while ensuring that the ultimate
responsibility lies with the human experts.

5.4 Limitations

Several limitations of this project should be acknowledged. First, the quality
of the graph representation is highly dependent on the accuracy of the segmen-
tation vessel pipeline. Errors in segmentation will propagate to the graph con-
struction stage, leading to incorrect node placement or spurious edges. Sec-
ond, the graph construction process relied on predefined rules (e.g., cost func-
tions and path constraints), which could have introduced bias and limited the
model to learn alternative structural relationships. Additionally, the approach
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may be sensitive to parameter choices in the preprocessing and graph construc-
tion steps. Third, the size of the dataset might limit the generalizability of the
model. Histological data are inherently heterogeneous, and the absence of ex-
ternal validation on multi-center datasets restricts the assessment of robust-
ness across different staining protocols and acquisition settings. Finally, while
the proposed GNN captures spatial relationships, it still operates on a reduced
representation of the WSI. As a result, it potentially overlooks other relevant
information outside the modeled structure, which could improve performance.

5.5 Future work

Future work could address these limitations in several directions. First, im-
proving the robustness of the segmentation pipeline, e.g. by introducing new
features. These changes could reduce error propagation and improve graph
quality. Second, the graph representation could be extended to incorporate ad-
ditional biological features, such as inflammatory cells, enabling a more com-
prehensive modeling of the liver. This would allow the framework to better re-
flect the multifactorial nature of fibrosis progression. Third, instead of relying
on predefined graph construction rules, future approaches could explore learn-
able or adaptive graph construction strategies, where the connectivity between
nodes is optimized during training. Fourth, from a data perspective, evaluating
the model on larger and more diverse datasets, including multi-center cohorts,
would be essential to assess generalizability and clinical applicability. Finally,
future work should improve model interpretability by plotting new graphs and
carrying out experiments or interviews with hepatologist to enhance trust and
facilitate potential clinical adoption.
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6 Conclusion

The main objective of this thesis was to develop and evaluate a biologically in-
formed, topology-awareDL framework for automatedfibrosis staging inMASLD
using SR-stained WSIs. Instead of relying on patch-based MIL methods that
ignore spatial context or purely geometric-driven graph construction pipelines,
this work explicitly modeled the structural relationship between vessels and
collagen fibers (key components of fibrosis progression) to investigate whether
incorporating biological domain knowledge could improve staging.

Several sub-objectives were carried out to achieve this. First, 120 WSIs from
MASLD patients were successfully preprocessed into tiles. Second, a vessel seg-
mentation and classification pipeline was developed by combining morpholog-
ical and color features, UNI embeddings, and ML classifiers. Despite moder-
ate segmentation performance (F1-score of 0.69), this pipeline achieved strong
vessel classification results (F1-scores of 0.91 and 0.80 for portal and central
vein). Thus, it provides a practical and annotation-efficient alternative to sim-
ple color-based or U-Net segmentation models, reducing the need for large
annotated datasets while still enabling biologically grounded representations.
Third, a biologically informed graph construction pipeline was implemented,
representing vessels as nodes and collagen fibers as edges. The two graph vari-
ants (with and without vessel-type differentiation) were shown to capture sig-
nificant and biologically consistent trends across stages, substantially outper-
forming geometric-based graphs by doubling the staging accuracy. This high-
lights the importance of incorporating biological knowledge into graph design.
Fourth, a GINE model was tuned and applied to fibrosis staging for the first
time. The model was benchmarked against a max-pooling MIL baseline and
a GCN SOTA model. The proposed model showed improved accuracy (an in-
crease of 0.11 over SOTA) and QWK (an increase of 0.16 over SOTA), while
matching the SOTA’s macro AUC and demonstrating consistent discrimination
across stages.

Given the successful completion of these sub-objectives, it can be concluded
that the main objective was achieved. The results demonstrate that incorpo-
rating biological domain knowledge into graph-based DL frameworks can pro-
duce more robust, data-efficient, and clinically meaningful predictions. This
suggests that domain knowledge could compensate for limited data, offering a
viable path toward clinically deployable models in hospitals and research set-
tings where large annotated datasets are unavailable. Overall, this work serves
as a strong foundation for continued research in graph-based computational
pathology and biologically informed AI applications in hepatology.
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Appendix A: Flowchart of the proposed
pipeline

Figure 12: Summary of main steps (within boxes) for proposed framework. Arrows shows the
input for each step. The pipeline starts with collagen and vessel segmentation from2048×2048
WSI tiles, creating binary vessel and collagen masks. Vessel Segmentation undergoes a extra
step of classification, separating into portal and central veins the vessels in the vessel masks.
From these two masks, a graph is constructed where vessel centroids act as nodes and edges
are constructed following the collagen path in between vessels (identified with a cost map).
The nodes and edges are assigned features to create a weighted graph. The graphs are fed into
a GINE model, which is then tuned and benchmarked against a baseline and SOTA for fibrosis
staging.
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AppendixB:Models used forVessel Seg-
mentation

Machine Learning Training, Evaluation and Additional Results

For vessel segmentation (step 2 in Figure 5), a ML approach was used to iden-
tify vessels based on morphological and color features. Due to the severe class
imbalance, where vessels were rare compared to other cavities (e.g. some tiles
presented 2 vessels against 228 fat droplets) only strategies designed to handle
imbalanced datasets were considered. These included Balanced Bagging, XG-
Boost, and GB-SMOTE. Balanced bagging is an ensemble learningmethod that
trainsmultiple base classifiermodels on different balanced versions of the data,
typically obtained through randomundersampling of themajority class [63]. In
contrast, XGBoost is an efficient and scalable implementation of gradient boost-
ing that builds an ensemble of decision trees, where each new tree corrects the
errors of the previous ones [59]. Finally, SMOTE handles class imbalance by
generating artificial samples of the minority class to train a gradient boosting
model [64].

More sophisticated segmentationmodels such as U-Net [65] and Segment Any-
thing Model (SAM), a promptable segmentation model trained on natural im-
ages [66], were considered but ultimately not adopted. U-Net was discarded
due to limited number of annotated tiles. Moreover, this vessel segmentation
problem is better framed as a contour-level classification task rather than pixel-
wise segmentation, i.e. candidate cavities are already reliably detected via mor-
phological operations, so the challenge is to classify each detected cavity, not
finding its boundaries from scratch. Similarly, SAM was discarded due to the
limited number of annotated tiles and, mainly, because its adaptation to seg-
ment histological images is challenging as natural and histological images differ
widely and vessels are particular small which complicates segmentation. More-
over, SAM requires eithermanual prompts (points, boxes, ormasks) to identify
target structures, or an automated prompt generation strategy, neither of which
was feasible given the annotation budget of this study [67]. In contrast, the cho-
sen ML classifiers require far fewer samples to generalize, making them better
suited to the annotation constraints of this project.

These models were trained on an expert annotated ground truth dataset of 200
WSI tiles, capturing different stages of fibrosis and staining variability. In this
context, annotation refers to the manual delineation of contours to identify
vessel boundaries. To address class imbalance, geometric data augmentation,
specifically rotation and flipping, was applied to the minority class. For each
tile, candidates cavities were extracted using morphological operations. For
each cavity, 24 morphological and color features were extracted and fed into
the classifiers as a single vector. The classifier therefore operated at the contour
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level, with one prediction per detected cavity, rather than at the pixel or tile
level. Model performance was evaluated using 5-fold group cross-validation
framework. To prevent data leakage, image tiles were treated as independent
groups, ensuring that patches from the same tile did not span across the train-
ing, validation, and testing splits (partitioned at 70%, 15%, and 15%, respec-
tively). Classification probabilities were converted to binary predictions using
a decision threshold. This threshold was not fixed but rather optimized within
each cross-validation fold by maximizing the F1-score. The mean threshold
across folds was selected as final value. Finally, performance was evaluated us-
ing the confusion matrix, precision, recall and F1-score. The confusion matrix
is illustrated in Figure 13, which correlate with the previously explained results.

Figure 13: Confusion matrix summarizing classifier performance of (a) Balance Bagging (b)
XGBoost and (c) SMOTE with gradient boosting.

Similarly, for vessel classification (step 3 in Figure 5), WSI tiles were never
passed directly into the two tested classifiers. Instead, the detected vessels in
step 2 were represented either as a 24-dimensional hand-crafted feature vec-
tor or as a 1032-dimensional vector combining UNI patch embeddings with
shape features. Model performance was evaluated again using 5-fold group
cross-validation framework with the same data split as in step 2. The confu-
sion matrix for vessel classification is illustrated in Figure 14, which correlate
with the previously explained results.

Figure 14: Confusionmatrix summarizing classifier performance of (a) Selected features + XG-
Boost (b) UNI + XGBoost and (c) UNI + Logistic Regresion.
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Ablation Study on Color Normalization

Histological images are generated through the preparation, staining, and digi-
tization of tissue samples. These steps are known to introduce variability in the
color of the resultingWSIs [68]. For example, the fixation step, which prevents
tissue degradation, can alter stain intensity depending to the fixative used and
its fixation time [69]. Similarly, incomplete tissue dehydration can result in a
more opaque appearance due to the residual water droplets [70]. Moreover,
the staining process itself can be affected by factors such as the concentration
and pH of the staining solution, chemical oxidation, and the duration of stain-
ing [71].

While humans have a good tolerance for different stain appearances, studies
have shown that color variation is a more significant challenge in digital pathol-
ogy [68]. To address this issue, several normalization techniques have been
proposed, including Macenko [72], Reinhard [73], and Vahadane [74]. How-
ever, most of these normalization frameworks were originally developed and
validated for Hematoxylin and Eosin (H&E)-stained tissue. For example, Ma-
cenko’s approach employs a color deconvolution model in optical density (OD)
space, assuming that pixel intensities are a linear combination ofmultiple stains.
The method estimates the dominant stain vectors and projects pixel intensities
onto this basis for normalization relative to a reference image [72]. When ap-
plied to single-chromogen stains such as SR, this assumption is less directly
applicable, making stain vector estimation more sensitive to noise and param-
eter selection. Consequently, although these frameworks can be adapted for
single-chromogen stains, their application outside H&E remains less common
and less thoroughly studied.

Nevertheless, in this project, the vessel segmentation pipeline was also evalu-
ated on both non-normalized and normalized data to account for stain variabil-
ity. Following [7], each tile was normalized using an adaptation of Macenko’s
pipeline with a predefined “well-stained” tile serving as the reference, followed
by standardization via subtraction of the mean and division by the standard
deviation. An ablation study was conducted by training and testing the ML
models on both normalized and non-normalized data. The results of the XG-
Boost (as this one demonstrated superior performance compared to the other
ML models) is presented below.
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Figure 15: Representative figure of vessel detection using normalized (top) and non-
normalized (bottom) data. Detected vessels across tiles of differentWSIswith different staining
appearance are illustrated in green

Table 9: XGBoost classification performance with and without normalized data

Data F1-score Precision Recall

Normalized data 0.68 ± 0.39 0.70 ± 0.22 0.73 ± 0.41
Non-normalized data 0.69 ± 0.17 0.73 ± 0.25 0.70 ± 0.05

As illustrated in the representative example of Figure 15 and the results sum-
marized in Table 9, the XGBoost model showed a similar performance with
and without stain normalization. One possible explanation is that the model
was trained on annotated tiles from a wide range of staining appearances, en-
hancing its robustness to color variability. It should also be noted that the effec-
tiveness of Macenko normalization method is highly dependent on the choice
of reference slide, which introduces an additional source of variability. Further-
more, as the dataset was derived from a single center and, hence, scanner, the
extent of staining variability was relatively limited. The collagen-segmentation
pipeline was also originally designed to account for stain variability and works
with non-normalized data as input.

Considering these observations, along with the additional computational cost
in terms of time and memory associated with normalization, non-normalized
data were used in this project. Nevertheless, for future work involving multi-
center datasets or images acquired from different scanning devices, the incor-
poration of a stain normalization pipeline is likely to be beneficial.
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AppendixC:Graph interpretation onWSIs

Graph Representation Quality

The benefits of introducing biology-based graph-structured representations are
demonstrated by using t-stochastic neighbor embedding (t-SNE) [75]. This
analysis provides a low-dimensional visualization of the learned representa-
tions. As shown inFigure 16, both of the proposed graph representations shows
certain discriminability across fibrosis stages. In the single-class representa-
tion, the advanced stages (depicted in orange and red) tend to accumulate sep-
arately to early stages (in green and yellow). Similar behavior is observed in the
two-class representation which contains vessel-type information.

Figure 16: t-SNE plot of the (left) single-class graph representation and (right) two-class rep-
resentation, showing in colors the ground truth label of each WSI.

This t-SNE visualization suggests that the model should be capable of learning
discriminative feature embeddings that separate early and advanced fibrosis
stages.
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