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Abstract

Whole Slide Images (WSIs) present a challenging computer vision task due to their
gigapixel size and presence of numerous artefacts. Yet they are a valuable resource
for patient diagnosis and stratification, often representing the gold standard for diag-
nostic tasks. Real-world clinical datasets tend to come as sets of heterogeneous WSIs
with labels present at the patient-level, with poor to no annotations. Weakly supervised
attention-based multiple instance learning approaches have been developed in recent
years to address these challenges, but can fail to resolve both long and short-range depen-
dencies. Here we propose an end-to-end multi-stain self-attention graph (MUSTANG)
multiple instance learning pipeline, which is designed to solve a weakly-supervised gi-
gapixel multi-image classification task, where the label is assigned at the patient-level,
but no slide-level labels or region annotations are available. The pipeline uses a self-
attention based approach by restricting the operations to a highly sparse k-Nearest Neigh-
bour Graph of embedded WSI patches based on the Euclidean distance. We show this ap-
proach achieves a state-of-the-art F1-score/AUC of 0.89/0.92, outperforming the widely
used CLAM model [29]. Our approach is highly modular and can easily be modified to
suit different clinical datasets, as it only requires a patient-level label without annotations
and accepts WSI sets of different sizes, as the graphs can be of varying sizes and struc-
tures. The source code can be found at https://github.com/AmayaGS/MUSTANG.

© 2023. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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1 Introduction

In recent years, deep learning techniques have become the preferred methodology for analysing
medical images, particularly in histology image classification [3]. Histopathology slide anal-
ysis is a time-consuming task that requires a qualified histopathologist. However, the digi-
tisation of histopathology slides into Whole Slide Images (WSIs) has made it possible to
automate analysis using deep learning techniques for routine workflows like subtyping, grad-
ing, and localising Regions of Interest (ROI). This automation accelerates analysis, enhances
inter-observer concordance by offering a consistent benchmark, and can help overcome lim-
itations due to restricted access to qualified professionals [30].

WSIs are large gigapixel multi-resolution image files, which present several challenges
such as their large size, high memory requirements, and heterogeneity of artefacts (variations
in staining intensity, scanner used, pen marks, etc). Since WSIs can be as large as 100k ×
100k pixels, relevant information may be localised in small regions of the image (such as
micro-tumours or Ectopic Lymphoid Structures (ELS)), but can also depend on interactions
between far away parts (macro-tissue architecture) [6]. Labels are often only present at the
slide or patient-level (represented by a set of WSIs), which can make it very challenging to
develop classification models which accurately capture both micro and macro information.

2 Related Work

Multiple Instance Learning. Given the gigapixel size and heterogeneity of WSIs, they
present a challenging computer vision task, with many successful deep learning methods
rendered computationally intractable. Most approaches use variations on the weakly super-
vised Multiple Instance Learning (MIL) algorithm, where the gigapixel image is divided into
a set of smaller patches (e.g. 224×224 pixels), inheriting noisy slide/patient labels. Patches
are then embedded into a feature vector and classified at the slide/patient level using some
form of non-trainable global (e.g. max or mean) pooling on the set of instances [7]. This
weakly supervised learning approach has yielded clinical grade performance, despite low in-
stance level accuracy [9, 16, 21]. Furthermore, these approaches fail at capturing long-range
dependencies and in learning which regions are most relevant to the final classification.

Attention. Recent methods have introduced linear attention pooling layers [21] and clustering-
constrained attention pooling [29], which replaces non-trainable global pooling by a train-
able weighted average aggregation layer where weights are given by a two-layered neu-
ral network [21]. This approach has demonstrated high performance on publicly available
datasets and crucially provides information on key instances, permitting heatmap visualisa-
tion of the attention weights associated with each image patch [29].

Self-attention. In [21] and [29] the attention pooling layer measures the importance of a
patch embedding given the whole sequence of patch embeddings. In contrast, self-attention
measures the importance of a given instance compared to all other pairwise instances, which
can provide a better understanding of long-range dependencies [33]. However, applying self-
attention to the full sequence of embedded patches is computationally infeasible as the com-
plexity grows quadratically to sequence length O(N2), rendering both runtime and memory
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usage problematic [35]. Several approaches have been developed to improve the computa-
tional complexity of self-attention, such as relying on restricting the number of self-attention
operations by inducing sparsity or by reformulating the problem via matrix factorisation for
example [8, 24, 33, 35]. Sparse attention methods reduce the complexity by only considering
a subset of the computations in the N ×N self-attention matrix P. In matrix factorisation ap-
proaches, P is assumed to be of low rank, meaning not all elements of the matrix are linearly
independent of each other [35]. Intuitively, the idea that WSIs patches are not independent
of each other is reasonable, suggesting that restricting self-attention operations via induced
sparsity could achieve good results. The question then becomes how to restrict operations to
subsets of relevant patches, while incurring minimal information loss. For example in [24]
finding the nearest neighbours of tokens in high-dimensional space is achieved via locality-
sensitive hashing.

Graph Neural Networks. Graph Neural Networks (GNNs) are capable of learning hier-
archical representations of graphs by propagating node features through a series of message-
passing and aggregation operations. Given a graph over a set of nodes V , during the k-th
message-passing iteration, the embedding h(k)

u corresponding to each node u ∈V is updated
according to information aggregated from the neighbours of u, i.e.

h(k+1)
u = UPDATE(k)

(
h(k)

u ,AGGREGATE(k)
({

h(k)
v ,∀v ∈N (u)

}))
= UPDATE(k)

(
h(k)

u ,m(k)
N (u)

)
,

(1)

where the neighbourhood N (u) is defined as the set of nodes that share an edge with u, UP-
DATE and AGGREGATE are arbitrary differentiable functions, and mN (u) is the “message”
that is aggregated from N (u). At each iteration, the AGGREGATE function takes as input
the set of embeddings of the nodes in N (u) [18].

Graphs in Histopathology. Although Convolutional Neural Networks (CNNs) have shown
impressive performance in histopathology analysis, they are less able to capture complex
neighbourhood information as they analyse local areas determined by the size of the con-
volutional kernel [3]. GNNs can better exploit these irregular relationships by preserving
neighbouring information and are thus ideally suited to representing relational information
despite a graph structure not being explicitly present in the data [3, 19, 28, 32]. As presented
in [3], applications in histopathology can be divided into cell, patch or tissue-level graphs,
with both node and graph classification approaches being employed. In particular, the MIL
problem can be reformulated as a patch-graph with graph-level classification, where GNN
layers are combined with pooling and readout layers to produce an end-to-end framework.
Patch-graphs can be constructed using features extracted from a WSI or a set of WSIs, and
then connected via edges. This has been done by connecting selected or spatially adjacent
patches, as well as “super-pixels” [1, 2, 37, 38]. However, in real-world settings, information
across multiple WSIs is integrated by the pathologist for the purpose of disease diagnosis and
subtyping [11]. Thus, combining the relevant information from multiple images more accu-
rately reproduces the pathology pipeline. This only complexifies the MIL problem, as the
labels are at the patient and not the slide level. Furthermore, large bodies of WSIs coming
from clinical trials have few to no annotations, yet still present a valuable source of infor-
mation. Histopathology deep learning frameworks therefore need to extend to real-world
datasets with little curation and very noisy labels.
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2.1 Contributions
• Here we propose a novel end-to-end MUlti-STain self-AtteNtion Graph (MUSTANG)

multiple instance learning pipeline. MUSTANG solves a weakly-supervised gigapixel
multi-image classification task, where the label is assigned at the patient-level (across
the multiple images), but no slide-level labels or region annotations are available.

• The pipeline introduces a self-attention based approach on multiple full gigapixel
WSIs by restricting the attention operations to a highly sparse k-Nearest Neighbour
Graph (k-NNG) of embedded WSI patches based on Euclidean distance.

• Importantly, our approach does not require registration of WSIs, preprocessing or la-
belling of ROIs, nor any feature engineering for the embedded feature vectors, making
it straightforward and flexible to apply to real-world clinical datasets.

3 Methods

3.1 Dataset
Rheumatoid Arthritis. MUSTANG is designed for the Rheumatoid Arthritis R4RA clini-
cal trial dataset [20, 31]. 20 European centres recruited a total of 164 patients who underwent
ultrasound-guided synovial biopsy of a clinically active joint. The synovial tissue samples
were then stained with Hematoxylin & Eosin (H&E) and Immunochemistry (IHC) stains.
H&E provides information on overall tissue architecture and composition, while IHC identi-
fies specific immune cells, such as CD20+ B cells, CD68+ macrophages and CD138+ plasma
cells [20]. Each dye contains complimentary information about the underlying disease pro-
cess. Pathologists then semi-quantitatively assigned patients to one of three groups: Fibroid,
Myeloid, and Lymphoid, each corresponding to a disease subtype linked to drug response
and patient trajectory [10, 27]. The different stain types and disease pathotypes can be seen
in Figure 1. For the purpose of this study, the pathotypes Fibroid and Myeloid are aggre-
gated and compared to the Lymphoid pathotype, as the latter more substantially differs in
disease presentation, trajectory, and drug response. Samples were scanned into WSIs with
.ndpi format with Hamamatsu digital scanners under 20x objectives. The dataset has a total
of 651 WSIs, with a variable number of WSIs per patient.

Figure 1: Rheumatoid Arthritis inflammatory pathotypes Fibroid, Myeloid & Lymphoid
based on semi-quantitative analysis of synovial tissue biopsies stained with H&E, CD20+
B cells, CD68+ macrophages and IHC+ CD138 plasma cells [20].
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Figure 2: MUSTANG pipeline. Schemas in E1 and E2 are reproduced from [26, 34]

3.2 MUSTANG
The MUSTANG pipeline, which is graphically represented in Figure 2 is composed of:

• A - Segmentation: A automated segmentation step, where UNet is used to segment
tissue areas on the WSIs. The user can use the trained weights provided on our GitHub
repository or use their own.

• B - Patching: After segmentation, the tissue area is divided into patches at a size
chosen by the user, which can be overlapping or non-overlapping.

• C - Feature extraction: Each image patch is passed through a VGG16 CNN feature
extractor and embedded into a [1× 1024] feature vector. All feature vectors from a
given patient are aggregated into a matrix. The number of rows in the matrix will vary
as each patient has a variable set of WSIs, each with their own dimensions.

• D - k-Nearest-Neighbour Graph: The matrix of feature vectors of each patient is
used to create a sparse directed k-NNG using the Euclidean distance metric, with a
default of k = 5. The attribute of each node corresponds to a [1×1024] feature vector.
This graph is used as input to the GNN.

• E - Graph classification: The k-NNG is successively passed through four Graph
Attention Network layers (GAT) [34] and SAGPooling layers [26]. The SAGPooling
readouts from each layer are concatenated and passed through three MLP layers and
finally classified.

• F - Prediction: A pathotype or diagnosis prediction is obtained at the patient-level.

Segmentation and patch extraction. From the 651 WSIs, a total 309,248 non-overlapping
224×224 pixel patches were extracted at 10x magnification from the tissue area segmented
by UNet [13]. The 10x magnification was chosen based on our domain knowledge of RA
as a compromise to show both the macro/micro-architecture of the tissue and to reduce the
number of patches for storage and computation [13].
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k-Nearest Neighbour Graph. The k-NNG is a directed graph (digraph) in which node p
is connected by a directed edge to node q, if q is among the k closest nodes to p. Here we
measure the distance between two nodes in terms of the Euclidean distance between the cor-
responding embedded feature vectors. Notice that not all connections are reciprocal because
if node p is q’s closest neighbour, it does not follow that q is also p’s closest neighbour. A di-
graph is weakly connected if there exists a path between every pair of nodes in the underlying
undirected graph.

Graph Attention Network. Graph Attention Networks (GATs), based on the self-attention
mechanism [4, 33], incorporate masked self-attention layers into graph convolutions and use
attention weights to define a weighted sum of the neighbours:

mN (u) = ∑
v∈N (u)

αu,vhv , (2)

where αu,v denotes the attention on neighbour v ∈ N (u) when aggregating information at
node u. In the original GAT paper, the attention weights are defined as:

αu,v =
exp

(
LeakyReLU

(
a⊤ [Whu ⊕Whv]

))
∑v′∈N (u) exp(LeakyReLU(a⊤ [Whu ⊕Whv′ ]))

, (3)

where a is a trainable attention vector, W is a trainable matrix and ⊕ denotes the concate-
nation operation. To stabilise the learning process multi-head attention can be used, where
m different attention heads are applied to compute mutually independent features in parallel,
and their features are then averaged.

Graph Attention Pooling. Graph pooling is used to downsample a graph, reducing its size
while seeking to preserve topological information. Global pooling methods use max or mean
aggregation layers to pool all the representations of nodes in each layer, which enables graphs
of different structures to be processed but tends to lose topological information. Similarly,
hierarchical methods such as DiffPool [36] or gPool [15], which use a learnable vector to
calculate projection scores and select the top-ranked nodes, do not fully take into account
graph topology [5, 14, 26]. SAGPool [26] uses the GCN defined in [23] to calculate the
self-attention scores Z ∈ RN×1 as follows:

Z = σ

(
D̃− 1

2 ÃD̃− 1
2 XΘatt

)
, (4)

where σ is the activation function, Ã ∈ RN×N is the adjacency matrix with self-connections,
D̃ ∈ RN×N is the degree matrix of Ã, X ∈ RN×F is the matrix of input features of the graph
with N nodes and F-dimensional features, and Θatt ∈ RF×1 is the only parameter of the
SAGPool layer [26]. By utilizing graph convolution to obtain self-attention scores, the result
of the pooling is based on both graph and topological features. The node selection method
follows [5, 14, 25] by retaining a portion of nodes of the input graph even when graphs of
varying sizes and structures are input. The pooling ratio k ∈ (0,1] is a hyperparameter that
determines the number of nodes to keep. The top ⌈kN⌉ nodes are selected based on the value
of Z, i.e.

idx = top− rank(Z,⌈kN⌉), Zmask = Zidx , (5)
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where top− rank is the function that returns the indices of the top ⌈kN⌉ values, idx is an in-
dexing operation, and Zmask is the feature attention mask. Finally, the readout layer, adopted
from [5], aggregates node features to make a fixed size representation. The summarized
output feature of the readout layer is

s =
1
N

N

∑
i=1

xi ⊕
N

max
i=1

xi , (6)

where N is the number of nodes, xi id the feature vector of the i-th node, and ⊕ denotes
concatenation [5].

Benchmarking and ablation studies. We benchmark our method against CLAM [29],
which is a clustering-constrained gated attention based MIL method, widely used within the
histopathology community. We modify the framework slightly to accommodate the patient
WSI set’s DataLoader and use VGG16 instead of ResNet50 for feature extraction. We also
try several different GNN architectures using combinations of GAT or GCN, with SAGPool-
ing or TopKPooling (GCN_SAG, CGN_TopK, GAT_SAG), to assess the importance of each
component. Finally, we look at F1-scores for different values of k in the k-NNG.

Training schedule. This is a binary classification task with weakly-supervised labels. To
obtain our results we use a 70/30 train/test split and train with the Adam optimizer β1 =
0.9, β2 = 0.98 and ε = 10−9. We use the default parameters recommended for CLAM
[29]: lrCLAM = 0.0001, with no dropout. We train MUSTANG with lrMUSTANG = 0.0001,
pooling ratio=0.8, attention heads=2. We train each method for 50 epochs and keep the
best F1-score, whilst checking the loss is stable (i.e. that we are not underfitting). The
training was prototyped locally on a commercial workstation with NVidia GPU RTX3080
and trained with QMUL’s Apocrita HPC facility on an NVidia A100 GPU supported by
QMUL Research-IT [22].

4 Experimental Results

Multi-stain WSIs. In Table 1 we present the results obtained by both MUSTANG and
CLAM on the multi-stain R4RA Rheumatoid Arthritis test set. MUSTANG outperforms the
benchmark by 5 percentage points for both F1-score and AUC and runtime on inference is
substantially similar to that of CLAM, despite having a larger number of total parameters
and relying on self-attention operations. In Figure 3, we show MUSTANG performs well at
identifying both correct and true positives (Sensitivity=0.93), an important consideration for
healthcare.

F1-score AUC Sens Spec Params [M] Test runtime [min]
CLAM 0.84 0.88 0.86 0.82 0.47 10

MUSTANG (ours) 0.89 0.92 0.93 0.82 3.29 11

Table 1: Multi-stain F1-score, AUC, Sensitivity (Sens) and Specificity (Spec) results, total
parameter number, and test runtime results.
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Figure 3: Area Under the ROC and Precision-Recall curves for both MUSTANG (full line)
and CLAM (dotted line).

Single Stain
CD138 CD68 CD20 HE

CLAM 0.85 0.87 0.88 0.76
MUSTANG (ours) 0.89 0.89 0.87 0.78

Table 2: Single-stain F1-score results

Single-stain WSIs. To understand if our model is able to outperform single-stain F1-score,
we propagate the patient WSIs set label to each slide and rerun the method on the single-stain.
The results are presented in Table 2. MUSTANG outperforms CLAM, except for CD20+
staining, and obtains similar accuracy results to the multi-stain problem with 89% F1-score
for CD138 and CD68. H&E is the worst performing stain in both cases, suggesting any IHC
staining performed in the clinic would be beneficial for patient pathotype assignment. CLAM
performs better on the single-stain problem than on the multi-stain one, confirming it does
not fully capture long-range dependencies as the patient matrix size increases. MUSTANG
does not show increased performance compared to the single-stain problem, but successfully
integrates information across stains, identifying complex relations and spatial arrangements
pertaining to disease subtyping. This is valuable because we do not know a priori which
stains contain the most information about the disease pathotype, as most clinical datasets
have not received curation.

GNN model ablation. In Table 3 we check which component parts of the GNN model pro-
vide the most accuracy gain. From the high accuracy of the GAT/GCN + SAGPool models,
it is clear that the self-attention pooling topology preserving method is crucial in aggregating
graph topological information which preserves the relations between nodes.

k-NNG ablation on k. In Figure 4 we show the k-NNG layout for different values of k. Up
to k = 4, the graph is not a weakly connected digraph, meaning that it has isolated nodes and
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GNN Model GAT + SAGPool GAT + TopK GCN + SAGPool GCN + TopK
Multi Stain 0.89 0.67 0.82 0.76

Table 3: GNN model ablation F1-score results

subgraphs. For message-passing purposes, we reason that the initial graph should be weakly-
connected in order to obtain better results. We check this assumption running MUSTANG
for several values of k and present the results in Table 4. The k-NNG with k = 5 obtains the
highest score, with k = 1 the lowest. k = 2 already shows good accuracy, evidencing even
highly sparse poorly connected graphs suffice to extract relevant signals. Higher values of
k also obtain good results, but a denser graphs comes at the cost of higher memory require-
ments and the potential to over-smooth the signal, suggesting that using a minimally weakly
connected graph is a good strategy. In Figure 5 we show how the k-NNG graph connectiv-
ity structure changes after each GAT + SAGPool layer in the GNN model: after each layer
the graph loses structure, restricting message passing to increasingly many small subgraphs.
We posit the early layers aggregate macro-tissue topological information while the later lay-
ers concentrate on micro-tissue information, suggesting that graph disaggregation is not a
phenomenon to avoid.

Figure 4: k-NNG layout for different values of k. From left to right, k = 1, k = 2, k = 3,
k = 4 and k = 5.

Figure 5: k-NNG graph connectivity layout after each GAT + SAGPool layer, with pooling
ratio of 0.5

k 1 2 3 4 5 10 20 50 100
Accuracy 0.71 0.85 0.87 0.87 0.89 0.83 0.87 0.85 0.87

Table 4: k-NNG model k ablation F1-score results

Graph connectivity. We empirically check graph connectivity to see what each node is
connecting to in Figure 6. On the left, we show a set of WSIs for a single patient and on
the right the corresponding k-NNG (k = 5) graph structure plotted using Networkx spring-
layout [17], with nodes coloured in function of their provenance. The force-directed spring
layout uses the Fruchterman-Reingold algorithm, where edges act as “springs” and nodes
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repel each other, hence resulting in closely connected nodes clustering together [12]. As
expected nodes tend to connect to other nodes in the same WSI, but there is a good degree
of mixing between WSIs, indicating information can flow between them.

Figure 6: On left a set of WSI corresponding to a patient and on right its corresponding
k-NNG (k = 5) plotted using Networkx’s spring-layout.

Limitations. Ideally we would apply MUSTANG to publicly available datasets for com-
parison purposes. However, we are not aware of a public dataset with multi-stain WSI sets
labelled at the patient-level, despite this being a common histopathology pipeline. We ad-
dress this limitation by comparing our method against CLAM, which has strong performance
on a variety of public datasets. Another limitation is that we have not yet developed a vi-
sualisation of heatmap overlays indicating the regions of interest that the model attends to.
Visualisation is a crucial step for the translation of these tools into clinical practice and which
remains as future work.

Supplementary material. Our supplementary material has additional results and analysis.

5 Conclusion

We introduced a novel end-to-end MUlti-STain self-AtteNtion Graph Multiple Instance Learn-
ing pipeline, which we call MUSTANG. The pipeline employs a self-attention based ap-
proach on multiple full gigapixel Whole Slide Images by restricting the attention opera-
tions to a highly sparse k-NNG of embedded WSI patches based on Euclidean distance. We
show this approach achieves state-of-the-art accuracy, outperforming the widely used CLAM
model. This shows that when data is highly correlated, applying self-attention operations on
a very sparse matrix is sufficient to integrate both long-range dependencies and local be-
haviour. This approach is highly modular and can easily be modified to suit different clinical
datasets, as it only requires a patient-level label without any WSI annotations and accepts
WSI sets of different sizes, as the graphs can be of varying sizes and structures.
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