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Abstract. Detection of early onset of fibrosis is critical to detecting long
term damage to identify potential loss of organ function. While formal
grading systems for fibrosis have been established, we argue that a quan-
titative analysis of fibrosis patterns will improve diagnostic quality and
help to standardise clinical reporting. Here we are using deep learning to
identify elementary fibrosis patterns. Subsequently, a graphical model is
utilised to model the spatial organisation of the fibrosis patterns. Our ex-
perimental results demonstrated that this approach correlates well with
established clinical grading. The presented method holds the potential
to be applied to histology in other organs (e.g. kidney).
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1 Introduction

In the context of chronic diseases, fibrosis refers to the deposition of collagen in
tissue. Fibrosis can lead to organ dysfunction and even to organ failure. Typi-
cally, histochemical stains are being used to visualise collagen which would oth-
erwise be hard to quantify. Assessing the level of fibrosis plays an important
role in the diagnosis of liver disease in general and Non-alcoholic Steatohepati-
tis (NASH) in particular. NASH is a progressive liver disease characterised by
inflammation and fibrosis, and has strong links to diabetes, obesity, and cardio-
vascular diseases. By 2030, the number of NASH patients is expected to increase
by 60% and the number of liver deaths related to NASH by 178% [4]. NASH
is a histological definition that groups together defects in diverse biochemical
processes causing hepatic fat accumulation, inflammation, necrosis and fibrosis.

While the measurement of the Collagen Proportionate Area (CPA) [6] pro-
vides a very basic assessment of the collagen content per unit area, it has already
been shown that the assessment of morphometrical features allows for a more
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accurate histological staging of fibrosis [2]. Here, we propose to utilise deep learn-
ing to identify collagen deposition patterns that will form the basis of a more
objective and standardised assessment of the fibrosis progression in liver biopsies
as defined by the METAVIR standard (see Figure|l]). Rather than simply train-
ing a deep neural network and utilising the learnt model for a global prediction
[18], our proposed method identifies the macro-patterns and characterises the
different fibrosis stages through modelling the level of bridging.

2 Previous work

Whole Slide Images (WSIs) are typically split into smaller patches and the tile-
level representations are later aggregated to predict the label of the entire slide.
Such an approach has been used in diseases where information present at the
cell-level is important to form a diagnosis - e.g. in cancer.

The assessment of fibrosis, however, is unique in that the grading system
describe changes (bridging) which occur at a macroscopic scale as opposed to
cellular scale (see Fig. [1)) [5]. In the case of liver disease, a single fibrotic bridge
might even span the width of a typical biopsy. For this reason, current approaches
use either downsampled WSIs [I8] or very large patches of tissue [9] as inputs
to a CNN classifier. The limitation of such methods is that they rely on large
sections of tissue, the collection of which is not possible in a clinical setting.
Other approaches used handcrafted features and leveraged the knowledge of
tissue architecture to achieve more interpretable results [I7]. The downside of
the patch-based methods is that such representations do not take into account
the tissue topology at the macroscopic scale.

Graphs provide a unique way of describing spatial relationships between ob-
jects [14]. More recently, Graph Convolutional Networks (GCNs) have been ap-
plied to histopathology. While CNNs operate on patches directly, GCNs apply
the convolutions to predefined graph nodes. Such nodes can represent biological
entities as in the case of cell-graphs [20], or larger tissue regions - superpixels [13]
or groups of tiles of similar appearance [19]. We propose a novel tissue represen-
tation that combines the robustness of deep learning with the prior knowledge
of tissue architecture by employing a graph-based model. Such a representation
resembles a human reader’s understanding of the slide, leading to more inter-
pretable analysis of fibrosis.

3 Data

A set of 271 percutaneous liver biopsies from patients with NAFLD, representing
varying stages of fibrosis (Fig. [1|) was provided by Perspectum Ltd.. The slides
have been stained with Picrosirius Red (PSR), which dyes tissue collagen red.
Each biopsy has been assigned a fibrosis grade by an expert pathologist in ac-
cordance to the METAVIR standard (F0-F4) [5]. The slides have been scanned
with an Aperio scanner at 20x magnification. The dataset has been divided into
training and testing folds with a 80:20 ratio.
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Fig. 1: Liver fibrosis stages (METAVIR standard). Healthy liver (grade F0) shows
little collagen (red stain), which is almost only present in portal tract walls.
During the initial stages of fibrosis (F1-F2) a network of fine collagen strands
appears in the parenchyma. In the higher stages (F3-F4) the pathological fibres
form ”bridges” connecting portal tracts and central veins, resulting in a cobweb-
like macro-pattern. It should be noted that the highest grade (F4 - cirrhosis) is
not present in the dataset.

4 Methodology

The task of fibrosis detection can be modelled as a multi-class classification prob-
lem. Each slide is decomposed into a set of tiles and one of C' classes is assigned
to the whole sample. The classes are derived directly from the pathology staging
system. In this work, we propose a novel method of tissue graph construction
based on the identification of liver tissue landmarks (portal tracts and central
veins) and partitioning of the slide into regions centred around said landmarks.
Firstly, all slides are pre-processed by segmenting the tissue collagen at full image
resolution. The landmarks are identified by a tile clustering pipeline.

A tissue graph is then constructed using the labelled tile representations as
nodes. Regions of dense collagen identified by the clustering pipeline are used
as input landmarks for a tessellation algorithm. The resulting graph consists
of star-like structures, each one containing a biologically relevant region of the
tissue (e.g. a single portal tract or region of fibrosis). As a baseline method we
used the approach from Yu et al. [I8] with a ResNet18 applied to the whole pre-
processed and downsampled slides [8]. In order to satisfy the memory limitations,
the WSIs were here downsampled by a factor of 32.

4.1 Tile subtyping

A CNN trained on dense annotations created using QuPath [I] is used to identify
regions that contain collagen. To address the problem of variation in staining
slides are binarised using a specifically trained collagen segmentation CNN. Re-
gions of high collagen content are identified using the tile subtyping pipeline
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Fig. 2: Tile subtyping pipeline. 4 clusters of collagen tiles have been identified,
each representing a different level of collagen content. The classified tiles are
coloured according to their predicted cluster. Regions with high collagen content
(cluster 3) are later used as Voronoi centres in tissue graph construction. The
tile size of 256x256 px was specifically chosen to capture the local pattern of the
collagen fibres and at the same time to limit the field of view to only contain
one type of collagen pattern at a time.

(Fig. [2)). Features from small tiles (256 x 256 px) are extracted from the full res-
olution slides using an ImageNet pretrained ResNet18 model, and the resulting
feature vectors € R®!2 are clustered using a k-means clustering algorithm. About
10% of tiles randomly sampled from the whole dataset are used to learn the fibre
representation. Experimenting on different numbers of clusters, we found that
setting k = 4 results in easily interpretable clusters with tiles containing increas-
ing amount of collagen. In particular, tiles from cluster 3 contained regions of
dense collagen: liver vasculature and regions of fibrosis.

4.2 Graph construction

The graph construction pipeline is presented in Figure 3| Firstly, regions of high
collagen content are identified using the tile labels generated by the tile subtyping
pipeline (i.e. tiles with collagen in cluster 3 - see Fig. . Next, centroids of each
dense collagen region are used as centre points for Voronoi tessellation. The final
tissue graph is constructed using features extracted with an ImageNet pretained
ResNet18 model from each tile as node features X. The Euclidean distance D
from each tile to its corresponding Voronoi centre is encoded as edge weight w.
The graph construction was implemented using NetworkX package [7].
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Fig. 3: The slide classification pipeline. First, tissue landmarks are identified and
are used as centres for a Voronoi tessellation of image tiles. Next, a tissue graph
is constructed using features extracted from individial tiles and the tessellation
weights. Finally, the graph representing the whole slide serves as an input to the
GCN classifier.

4.3 Graph convolutional layers

Given the constructed graph G(V, E) with N nodes, the associated features
matrix X € RV512 and adjacency matrix A € RY>V are used as an input to a
3-layer GNN. At each layer, a graph convolutional operator from GCN [I1] is
applied, followed by a non-linear activation function. The final nodes features
matrix H € RY:%* contains nodes representations that encode both the local
graph structure and the features of the nodes. Here G* denotes each of the
convolutional layers:

H' = ReLu(G*(X,A)) H" = ReLu(G*(H',A)) H = tanh(G*(H", A)). (1)

As alternatives we also tested GAT [16] and GIN [I5] and results can be found
in Table [II

4.4 Attention layer

After the last graph layer, an attention layer is used to aggregate the node vectors
into a set of 3 vectors, each vector being a representation of the input slide with
respect to one of the output classes. For each class, a set of attention scores is
computed for the input vectors: each attention score represents the importance
of an input vector for that class. The sum of the input vectors weighted by their
corresponding attention scores generates the final vector representation of the
slide with respect to the class.

Formally, attention for a class ¢ is computed as a function of the input se-
quence H and a query vector u,, jointly learned by the network during training.
Similarity between each input element H; and the query vector u. is computed
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through dot product to obtain the corresponding attention weight é.;. A soft-
max function is then applied to the vector of weights &, to obtain normalised
weights a.. Finally, the attention weights are used to compute a weighted sum
of the input values and obtain the final slide representation v,.

Ve = ZaciHi with ae = Softmaz(Hu,). (2)

Each slide vector v, is passed to a fully connected layer for the final classifi-
cation. The classifier has a separate set of weights to compute the raw score for
each class g.. The class scores §. are then concatenated and Softmax is used to
obtain the likelihood vector 3.

g = Softmaz (o, ..., o) with Je = W) v. + b, (3)

The cross-entropy loss is computed from the likelihood vector § and the ground
truth y. Training was performed to minimise the loss function by backpropaga-
tion.

5 Results

The proposed models were implemented using PyTorch [12] and PyTorch Geo-
metric [3]. Training was performed using the Adam optimiser [I0] with initial
learning rate of 1le—02, By = 0.9, B; = 0.999, ¢ = 1e—08. For the GCN, we use
a weight decay factor of le — 5. Models were trained for at least 300 epochs
and training was stopped when the change of the loss function was negligible.
When training the GCN, we applied dropout with probability 0.2 before the
final classifiers. We use a batch size of 64 for the GCN and a batch size of 1
for the baseline ResNet18 due to memory limitations. The results reported in
Table [I] are averaged across three runs. All models have been trained on an
NVIDIA Quadro RTX 6000 GPU. The source code of our analysis is available
at https://github.com/mkatw/gnn-fibrosis.

The results of the quantitative analysis of slide fibre content using the iden-
tified tile subtypes are presented in Figure [l The weighted fibrosis score is
calculated using the formula from equation (4):

=
WFS:mZCPm (4)

c=0
where C'is the number of classes and p. is the fraction of tiles of class ¢ in a given
slide. A large variation in the overall fibrosis score can be seen within each of the
pathology grades. The variation in the weighted score is expected, as a similar
phenomenon is present in CPA measurements across the progressing stages of
fibrosis [6]. Measuring the distribution of tile subtypes allows for a more fine-
grained quantitative analysis of fibrosis in a slide. Typical examples of graphs
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Fig. 4: The weighted fibrosis score across fibrosis stages and the distribution of
tile subtypes across each METAVIR stage. The weighted fibrosis score, which is
not informed by tissue topology, does not separate between classes FO and F1
(Wilcoxon signed-rank test coefficients: W=-1.798, p=0.072) and classes F1 and
F2 (W=-0.775, p=0.438). However, class F3 can be differentiated from all the
other classes: FO (W=-4.436, p<0.001), F1 (W=-4.181, p<0.001), F2 (W=-3.559,

p<0.001), and class F2 can be differentiated from FO (W=-2.062, p=0.039).

Table 1: F1 scores across fibrosis classes. Results expressed in %.

Model Fo F1 F2 F3
ResNet18 53.81 £ 6.36 21.40 £ 12.73 16.93 £ 15.00 24.44 £ 21.43
GCN 65.09 £ 5.50 19.75 £ 11.63 28.15 £ 24.48 70.71 £+ 12.02
ATN-GCN 51.63 £ 2.83 27.27 £ 15.62 21.99 £ 6.72 75.56 + 7.70
GAT 71.32 £ 8.56 34.56 + 21.11 0.00 £ 0.00 44.44 £ 38.49
ATN-GAT 59.15 £ 9.09 33.23 + 28.91 22.22 + 38.49 19.05 + 16.49
GIN 68.31 £ 0.23 13.33 £ 23.09 0.00 &£ 0.00 13.33 £ 23.09
ATN-GIN 68.18 £ 0.00 0.00 & 0.00 0.00 £ 0.00 0.003 £ 0.00
FO-F1 - F2 F3
ResNet1l8 67.98 £ 2.26 26.07 £ 7.74 0.00 £ 0.00
GCN 93.01 £+ 0.53 18.79 £ 18.21 0.80 £ 0.00
ATN-GCN 89.26 £ 2.58 28.28 £ 11.00 78.57 + 6.18
GAT 92.07 £ 1.40 27.78 £ 25.46 61.11 £ 9.62
ATN-GAT 86.22 + 6.98 0.00 £ 0.00  0.00 £ 0.00
GIN 90.02 £ 0.00 0.00 £ 0.00  0.00 £ 0.00
ATN-GIN 90.02 £ 0.00 0.00 £ 0.00  0.00 £ 0.00
FO - F1 - F2 - - F3
ResNet18 74.19 £ 1.78 6.36 £ 5.53
GCN 99.03 £ 0.00 85.71 £ 0.00
ATN-GCN 99.36 + 0.55 88.57 £ 10.30
GAT 96.85 £+ 1.08 38.89 + 34.69
ATN-GAT 96.90 + 1.04 0.00 £ 0.00
GIN 96.30 £ 0.00 0.00 £+ 0.00
ATN-GIN 96.30 £ 0.00 0.00 £ 0.00
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Fig.5: The number and size of the Voronoi cells across the fibrosis stages. It
can be seen that the size of a Voronoi cell relative to the area of the biopsy

can change by an order of magnitude, therefore allowing to capture biological
objects of varying sizes.

are presented in Figure [6] Selected properties of the constructed tissue graphs
are shown in Figure

The F1 scores of the trained models are gathered in Table Il Here, we have
tested three distinct classification setups. In the first, all fibrosis stages (F0-F3)
were used directly as prediction classes. In the second and third setup, classes (F0
- F1) and (FO - F2) were merged, respectively. This was done because stage FO0,
F1, and F2 cases have a similar macroscopic appearance and are often difficult
to distinguish even for a trained pathologist. The experiments demonstrate that
our GCN performs better than ResNet18 in each of the classification tasks.

Fig. 6: Examples of tissue graphs superimposed on the original images. Node size
and colour reflect attention activation for the predicted slide class. Notice that
the edge length in the individual sub-graphs corresponds to the underlying pat-
tern of fibrosis and that the sub-graphs capture biologically meaningful regions,
e.g. Stage FO with no signs of fibrosis. Stage F2 with early fibrotic
clusters in the parenchyma. Stage F3 with prominent bridging.
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6 Conclusion

We have proposed a new model that facilitates a quantitative analysis of fibrosis
in liver biopsies. The developed pipeline allows for an explicit separation of fibres
in the slide into localised fibrosis patterns and the individual regions can be in-
spected by a pathologist. This representation fully aligns with established fibrosis
scoring such as METAVIR. Importantly, this approach can be integrated into an
interactive scoring system where pathologists can eliminate specific graphs form
the analysis. The method could easily be extended to different fibrosis stainings
and to other organs.
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