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ARTICLE INFO ABSTRACT

Dataset link: https://portal.gdc.cancer.gov/ Predicting disease-related molecular traits from histomorphology brings great opportunities for precision
medicine. Despite the rich information present in histopathological images, extracting fine-grained molecular

]4\1/[1‘3505 features from standard whole slide images (WSI) is non-trivial. The task is further complicated by the
41A10 lack of annotations for subtyping and contextual histomorphological features that might span multiple
65D05 scales. This work proposes a novel multiple-instance learning (MIL) framework capable of WSI-based cancer
65D17 morpho-molecular subtyping by fusion of different-scale features. Our method, debuting as Inter-MIL, follows

X i a weakly-supervised scheme. It enables the training of the patch-level encoder for WSI in a task-aware
eywords:

optimisation procedure, a step normally not modelled in most existing MIL-based WSI analysis frameworks. We
demonstrate that optimising the patch-level encoder is crucial to achieving high-quality fine-grained and tissue-
level subtyping results and offers a significant improvement over task-agnostic encoders. Our approach deploys
a pseudo-label propagation strategy to update the patch encoder iteratively, allowing discriminative subtype
features to be learned. This mechanism also empowers extracting fine-grained attention within image tiles
(the small patches), a task largely ignored in most existing weakly supervised-based frameworks. With Inter-
MIL, we carried out four challenging cancer molecular subtyping tasks in the context of ovarian, colorectal,
lung, and breast cancer. Extensive evaluation results show that Inter-MIL is a robust framework for cancer
morpho-molecular subtyping with superior performance compared to several recently proposed methods, in
small dataset scenarios where the number of available training slides is less than 100. The iterative optimisation
mechanism of Inter-MIL significantly improves the quality of the image features learned by the patch embedded
and generally directs the attention map to areas that better align with experts’ interpretation, leading to the
identification of more reliable histopathology biomarkers. Moreover, an external validation cohort is used to
verify the robustness of Inter-MIL on molecular trait prediction.
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Y. Hu et al
1. Introduction

In up-to-date developments of computational pathology, with pow-
erful deep neural networks (DNNs), whole slide image (WSI)-based
morphological subtyping has become an emerging tool with great
potential for future use in the clinic and in drug discovery. The core
concept of morpho-molecular subtyping is to infer biologically relevant
molecular traits directly from the morphological features presented
in hematoxylin and eosin (H&E) histopathological samples, thus cir-
cumventing the need for expensive and time-consuming molecular
assays (Sirinukunwattana et al., 2021). The successful deployment of
such methods can have a profound impact on cancer treatment, offer-
ing a cost-effective solution for personalised medicine that leverages
the richness of the information contained in WSIs. Such techniques
promise to alleviate the dependency on time-consuming and potentially
costly gene sequencing (Shendure et al.,, 2017; Gao et al., 2019),
enabling a quicker initiation of treatment for patients with distinct
cancer biomarkers.

When modelling WSIs, employing DNNs like Convolutional Neural
Networks (CNNs) is a standard strategy, however, applying them di-
rectly to WSIs at full resolution is fraught with challenges, as WSIs
typically possess pixels in the millions and beyond the limits of cur-
rent standard graphics processing units (GPUs). Hence, the commonly
applied strategies for WSI processing usually involve splitting the image
into small tiles and/or pre-compressing the image tiles into feature
vectors to reduce the size of the input (Campanella et al., 2019; Li et al.,
2021c; Hashimoto et al., 2020; Li et al., 2021a; Lu et al., 2021b; Kalra
et al., 2021; Lipkova et al., 2022b).

Another obstacle in applying deep learning on WSIs is the difficulty
in obtaining reliable annotations. Informative disease-relevant histo-
morphological features can be rare and subtle occurrences. Extensive
tile-level annotations may incur extremely high labour costs and are
often impractical to acquire (Brunt, 2010; Hekselman and Yeger-Lotem,
2020). On the other hand, weakly-supervised learning-based methods
model the tile-to-slide correlations to achieve slide-level predictions
without the need for the presence of tile-level annotations at training.
Particularly, Multiple Instance Learning (MIL), has received signifi-
cant attention for its effectiveness in tackling the complexities of WSI
analysis. Since weakly supervised labels are meaningless for a consid-
erable number of background tiles in whole slide images (WSI), the
advantages of Multiple Instance Learning (MIL) — such as task-driven
perception of overall morphology and dynamic selection of informative
tiles — are not attainable with subset-based methods like pre-selecting
of essential regions or representative tile sets (Barker et al., 2016; Kalra
et al., 2020). MIL primarily involves tile-level encoders for feature
compression of tiles and slide-level aggregators to integrate all tile-level
features within a single WSI.

In addition, predicting molecular traits from histomorphology poses
some specific challenges that are less relevant in other computa-
tional pathology tasks like tumour detection. Firstly, collecting gene
sequencing-supported subtype annotations requires strict quality con-
trol, is expensive, and often, different molecular subtypes can exhibit
visually similar phenotypes on H&E slides, making molecular sub-
types not as distinguishable as other histopathological classification
tasks (Bilal et al., 2021; Yang et al., 2022; Tomita et al., 2022). As
a result, successful recent research for molecular subtyping normally
requires a considerable amount of training samples (Sirinukunwattana
et al., 2021; Hong et al., 2021; Niehues et al., 2023). Some methods
leverage multi-omics data (Couture et al., 2018; Tsai et al., 2023),
immunohistochemistry (IHC) stained images targeting proteins asso-
ciated with bespoke phenotypes (Lu et al., 2022; Niyas et al., 2023;
Huang et al., 2023), or manual pixel-level region of interest (ROI)
annotations (Huang et al.,, 2023) for training. Given the cost and
effort necessary to provide such additional information, well-annotated
patient cohorts that are suitable for developing models for molecular
subtyping are often small. This often necessitates that models search
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for highly heterogeneous discriminative features helpful for molecular
typing across multiple scales, from cellular level to slide level (Gao
et al., 2022).

In this paper, we present a novel MIL-based approach for WSI-
based morpho-molecular subtyping. Unlike most existing frameworks
that utilise pretrained tile-level encoders, our work, named Inter-MIL,
enables end-to-end training of the tile-level encoder jointly with the
slide-level feature aggregator, allowing more task-specific discrimina-
tive features to be learned at the tile level. To optimise the tile-level
encoder, we employ a pseudo label propagating strategy which cap-
tures the interaction between tiles and slide-level labels. Notably, this
strategy also improves the aggregator responsible for summarising the
tile-level features, leading to better global tissue features. Visualisation
reveals that during the iterative optimisation, the aggregator’s attention
is generally directed to better align with regions that experts find
significant. At the same time, the tile-level image features become more
discriminative. Moreover, using gradient-based methods to examine
encoder activations, we extract finer-grained attentions that capture
cellular features within individual tiles, surpassing the capabilities of
a task-agnostic pretrained encoder. With the proposed Inter-MIL, the
tile-level features are extracted in a task-relevance fashion.

The main contributions in this study are summarised with the help
of Fig. 1:

(1) Novel Inter-MIL framework - We design an iterative optimisa-
tion strategy through communication between features with local- and
large-scale granularity. Our proposed method — Inter-MIL improves
the learning efficiency of MIL on small histopathological datasets. Inter-
MIL also introduces optimising steps at various feature scales for both
the tile-level encoder and slide-level aggregator.

(2) More representative features - Inter-MIL searches for represen-
tative features of molecular subtypes from multiple scales, allowing
the identification of cytopathological features as well as improving the
search for coarse-grained features.

(3) Inter-MIL features improve discrimination - Inter-MIL reshapes the
tile-level feature space, making the visual features of different molec-
ular subtypes more distinguishable, thereby reducing the difficulty of
subtyping new samples.

(4) Validation of multiple molecular subtyping tasks - We consider
four very different molecular subtyping tasks, including the prediction
of high epithelial-mesenchymal transition (EMT) in serous epithelial
ovarian cancer (SOC) (Hu et al., 2020, 2021), the prediction of Kirsten
rat sarcoma viral oncogene (KRAS) mutation status in colon (Abraham
et al., 2021) and lung cancer (Coudray et al., 2018; Jain and Massoud,
2020), epidermal growth factor receptor (EGFR) mutation status in
lung cancer (Coudray et al.,, 2018; Jung et al., 2022), and human
epidermal growth factor receptor 2 (HER2) amplification in breast
invasive cancer (Binder et al., 2021).

2. Related works
2.1. Whole slide image analysis

As one of the most critical data carriers in digital pathology, we
have witnessed rapid adoption of WSI in both the clinic and research
as the digitisation of physical histology samples enables automatic
software analysis, advanced data management, and remote viewing
& conferencing (Hoque et al.,, 2024; Kassab et al.,, 2024). A large
volume of research has been focused on analysing WSIs using DNNs.
Various methodologies for improving diagnostic accuracy, prognosti-
cation, and identifying ambiguous and high-risk cases prioritised for
detailed molecular testing and immunohistochemistry have been pro-
posed (Chen et al., 2022c; Lipkova et al., 2022a; Bilal et al., 2021; Kers
et al., 2022; Cen et al., 2024; Yan et al., 2023).

Although this paper focuses on supervised learning for WSIs, de-
pending on the available supervisory information in various tasks,
researchers usually adopt different DNN methods for WSI analysis.
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Fig. 1. Molecular trait prediction and feature investigation: task, method, and vision. a, Task: Prediction of 4 molecular traits on datasets of 4 cancer types. b, Method: Our
novel Inter-MIL approach to drive self-interaction between global biopsy WSI features and fine-grained tile-level features. c, Vision: From left to right, presented at slide-level,
region-level, and fine-grained tile-level attention interpretation of models, where the Grad-CAM tool (Selvaraju et al., 2017) provides an attention interpretation that highlights
individual nuclei. d, Vision: The proposed Inter-MIL approach is expected to provide a more discriminative feature space for informative tiles from all slides.

Some basic tasks on WSIs at the tile-level and pixel-level, such as
malignant tissue identification (Chen et al., 2022a), cells or nuclei
segmentation (Li et al., 2022; Pan et al., 2023), etc., can assist pathol-
ogists in quickly locating lesion areas on WSIs. Such research often
relies on labour-intensive, fine-grained, and high-quality annotations.
Some studies utilise multi-stage learning to generate pseudo-masks or
employ attention feedback from tile-level classification (Han et al.,
2022; Guo et al., 2023; Li et al., 2023), thereby reducing the de-
pendency on high-quality pixel-level annotations in cell segmentation
tasks. Some research combats the impact of unstable annotation quality
by adopting a novel evaluation framework for various DNN frame-
works (Springenberg et al.,, 2023). In advanced tasks like tumour
grading and immunotyping, expert annotations on Regions of Interest
(ROIs) aid models in filtering noise (Yan et al., 2023; Godson et al.,
2024). However, rich, high-quality supervisory annotations are costly
and subject to pathologists’ bias (Aubreville et al., 2023). Thus, many
WSI analysis tasks apply weak supervision mode, enabling models to
analyse entire WSIs with single slide-level annotations.

As mentioned, one family of weakly supervised learning methods
frequently used in WSI analysis is MIL. Here, tiles cropped from a WSI
are considered individual instances. The WSI is considered to be a bag
containing these instances (Ilse et al., 2018). The original formulation
of MIL for binary classification deploys a basic independent and iden-
tically distributed (i.i.d.) assumption for the instances, meaning that
the label of each instance is assumed to be independently drawn from
a Bernoulli distribution (Campanella et al., 2019). Recent efforts have
also included modelling the correlation between the instances, using
architectures such as graph models or self-attention (Lee et al., 2022;
Zhao et al., 2020; Chen et al., 2022b). Moreover, MIL’s performance
varies in different tasks; it is more stable in tasks like survival predic-
tion (Lu et al., 2020) or distinguishing heterogeneous phenotypes, like
LUDA vs. LUSC in lung cancer (Cao et al., 2023), than in molecular
subtyping, which can be challenging due to unclear histomorphology
distinctions (Niehues et al., 2023).

2.2. Multiple instance learning
Mainstream MIL approaches used for analysing WSIs can be roughly

separated into two categories. Instance-based methods optimise the
subtyping likelihood of a subset of tile images that are representative

of the whole slide (Coudray et al., 2018; Campanella et al., 2019). In
these methods, the randomness in the initial selection of representative
tiles may lead to difficulties in optimisation convergence. Additionally,
it relies on assigning pseudo-labels to representative tile-level features
for slide-level modelling, which could inadvertently ignore the global
morphological features.

Another category of more complex methods is embedding-based,
where the learning is generally separated into two stages: (1) Encoding:
embedding tiles into an abstract feature space and (2) Aggregating:
summarising the tile embeddings for a slide-level embedding and then
scoring the slide-level embedding. The goal of the encoding phase is
to obtain compressed representations of tiles, which is usually per-
formed using a pretrained neural network. The pretraining tasks can
be ImageNet classification (Deng et al., 2009), self-supervised learn-
ing (Uegami et al., 2022; Krishnan et al., 2022), or an easier task
related to the target task (Kalra et al., 2021). The aggregator fuses
the tiles embeddings of a WSI to produce a global representation and
performs the final prediction. Due to the fact that informative regions
may only occupy a small portion of WSI, attention-based pooling is
often used to select potentially representative tiles while suppressing
the contribution of other, noisy regions (Ilse et al., 2018; Lu et al.,
2021a). The attention-based pooling scheme is also frequently used
in conjunction with multi-resolution representations, clustering, self-
attention layers (e.g. Transformers Azad et al., 2024a), and graph-based
models, enabling the model to integrate contextual information or prior
knowledge regarding tissue morphology (Lu et al., 2021b; Li et al.,
2021a; Hashimoto et al., 2020; Li et al., 2021b; Shao et al., 2021; Zhao
et al., 2022; Lu et al., 2022; Azad et al., 2024b; Xing et al., 2024).
Improved MIL variants focus on superior tile-level feature encoding
by employing strategies such as fine-grained pre-learning on “benign
vs. malignant” tiles (Zhao et al., 2024), utilising cell segmentation for
dispersed attention (Kapse et al., 2024), and incorporating external
genomic knowledge via distillation models (Xing et al., 2024). Multi-
task MIL naturally integrates multi-perspective supervisory information
within a unified learning framework, thereby enhancing MIL’s com-
prehensive understanding of pathological phenotypes (Alsaafin et al.,
2023). Moreover, some improved MIL optimises attention representa-
tion with advanced pooling methods at the aggregation stage (Oner
et al., 2023).
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Algorithm 1 Construction of tile-level fine-grained feature pool (for each slide)

Input: Ranked tiles: {xa,sXays - Xq, 15 Sampling numbers: k!, k%, n; Sampling range: K, N, for each slide with different number L of tiles.
Output: Tile-level pool: S; Negative tile-level pool: .$"¢8

L o 3 = (X Xy o xa Y0 K X gy X Xy o xg YK+ 1205

2: S «— Random <{xd,» }[’i],kl), S5 «— Random ({xdj }jL:KH,kz);

3: SPOS « S1oPy SSUP | SME — None;

4: if N > 0 then

5: {xq, }iL:(L—N)+1 — {xg,» Xgys s Xg, JIAL = N)+1 2]

. L
6 S™% < Random ({xd, }i=(L—N)+l’n>
7: end ifreturn SP°5, S"¢8

Algorithm 2 Histopathology subtyping workflow of Inter-MIL framework

- Train stage:

Input: training slides: S,,,;, = {51, 52, --- , S;4in }; NUMber of training epochs in each round for aggregator f,,,(-) = {att(-), f;;()} and encoder f,,(-):

epyp (specially, ep,,, < ep)j)
Output: trained aggregator and encoder: f!, (s T, ()

1: while in round t, L, > Ly, doO

2 for each s € S,,,;, do

3: load embedding: E'~! < f!-1(s)
4: end for

5: for each ep € [1 : ep,,,] do

6: frp() < train on {ECECT,

7: end for

8: SPos, S8 « construct from s € S,,,;,, according to Algorithm 1.
9: for each ep € [1 : ep,,,] do

10: if S"¢¢ is None then

11: fc’nn(~) « train as Eq. (6)

12: else

13: fL,,() < train as Eq. (7)
14: end if
15: end for
16: update: Locg, ¢

17: end whilereturn f:nzp(')’ Ll
— Test stage:

for the first round), ep,,,; convergence point: L ;.

EE;AI‘“ }, with forward-func. Eq. (1) and loss Lcg, (Vs Vers)-

Input: testing slides: S,,;, = {5}, 5,, ..., S5 }; aggregator and encoder: fr’"lp(-), S ().

Stest
cls 18

Output: prediction results: Y,;, = {y'! , "

cls’Zels> """
1: for s, € S, do

2:  load embedding: Egp < flan(sp)

>y

S
3: Ve softmax(f”mp(E;p )

Stest }

. — (51 %2
4: end forreturn Y, = {y,,,y,j .-, V[

However, the majority of these methods do not optimise the tile-
level encoder with respect to the prediction task in a closed-loop and in-
stead resolve to pretrained encoders obtained from a proxy task agnos-
tic to the downstream prediction. This strategy limits the aggregator’s
ability to perceive fine-grained information (Zhang et al., 2022). Conse-
quently, most histopathological image analysis frameworks utilise large
cohorts with hundreds or thousands of WSIs for training, compensating
for sub-optimal fine-grained tile-level features (Coudray et al., 2018;
Campanella et al., 2019; Lu et al., 2021b,a; Lipkova et al., 2022b; Li
et al., 2021a).

3. Materials and methods
3.1. Datasets and processing

Experimental datasets. In this section, we describe the datasets
used to validate the proposed approach. We conducted four subtyping
tasks: (1) OV-EMT: Approximately 20% of serous ovarian cancers
(SOCs) are classified as EMT-high tumours, which are associated with
poor survival (Hu et al.,, 2021). Here, we analysed 70 WSIs from

TCGA-OV dataset with a binary EMT status (38 EMT-high vs. 32
EMT-low); (2) COLU-KRAS: Mutations in the KRAS gene are often
associated with different cancer types, including lung and colorectal
cancer (Abraham et al., 2021; Jain and Massoud, 2020). The presence
of KRAS mutations in colorectal cancer can have implications for
treatment decisions (Lievre et al., 2006). Here we present a combined
cohort of 112 WSIs with KRAS mutation status (44 mutated vs. 68
wild-type) from TCGA-COAD and TCGA-LUAD datasets; (3) LU-EGFR:
Detection of EGFR mutations is now a standard part of the diagnostic
workup for patients with non-small cell lung cancer (NSCLC), as it
helps guide treatment decisions (Li et al., 2013). Here we utilised 261
WSIs from TCGA-LUAD dataset for subtyping EGFR mutation status
(75 mutated vs. 186 wild-type); (4) BR-HER2: HER2 is a protein that
is overexpressed in approximately 15%-20% of breast cancers. HER2-
positive breast cancers tend to be more aggressive and less responsive to
hormone treatments compared to HER2-negative cancers (Gianni et al.,
2010). 415 WSIs from the TCGA-BRCA dataset where HER2 status was
determined based on fluorescence amplification in situ hybridisation
(FISH) expression (77 positives vs. 338 negatives) were used. For
annotations, EMT status used in OV-EMT is available in Hu et al. (2020)
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Algorithm 3 Contrastive training for instance-bag aggregator

Input: aggregator: f,,,(-); the set of embeddings of train slides: Sy“" = {E,,E,, ...

sampled embeddings bag d,,; number of pre-training epochs ep,,.
Output: pretrained aggregator: f ,‘:,'Ip( )
1: for each ep € [1 : ep,] do

2 Sg, —~{E},... Eg b E! < rand(E;,d,,) from any E; € S,
3 SI’;,+ < {EM, . E‘l;+ b Ek+ < rand(E;
4 S < {Elf—,...,E';l—/z} Ek—
5: Sk
6
7

(ELES, o By p By o) BLED. o (B

frl::lp « train on S7*, with loss L, as Eq. (8).
: end forreturn f;'lp(o

k—
N, 2 Ex [/2)}

,E;qin}; number of sampled contrastive pairs N, the size of

pr>

d,) from E; which belongs same subtype with Eq

< rand (Ey, p,) from E, which belongs different subtype w1th Eq

and Hu et al. (2021) while the subtype labels for the other tasks are
available in the TCGA repository (Tomczak et al., 2015).

In addition to the TCGA cohorts, samples of patients with newly di-
agnosed advanced colorectal cancer taken FOCUS clinical trial (part of

S:CORT project) (Seymour et al., 2007; Malla et al., 2021; Sirinukunwattana

et al., 2021) were used, which contains 666 slides of resection speci-
mens from 362 patients. For all samples, histology slides matched RNA
sequencing results are available. In our study, a subset of FOCUS was
used for external validation. In which, we selected 200 WSIs from
the first 100 patients, with KRAS mutation status as the label. For
the patients, the distribution of the KRAS status is 56 mutated vs. 44
wild-type. Additional information on the external validation dataset
and preprocessing details, including the data acquisition protocol and
population characteristics of the FOCUS cohort, is in the supplementary
material.

The proximity the tissue used for generating H&E slides and RNA
sequencing is one critical quality metric that needs to be taken into
consideration. The FOCUS cohort has been generated under a very strict
quality assurance protocol. However, it is known that the correlation
between H&E slides and RNA sequencing in the TCGA cohort is more
variable.

Cohort curation. Here we specify which slides were selected from
each of the cohorts and how we addressed the problem of missing
information. The slide sets and metadata are collected from the TCGA
repository (Tomczak et al., 2015). We use only the digitised Formalin-
Fixed Paraffin-Embedded (FFPE) slides, as it is the gold standard for
histopathological diagnosis. We exclude the following cases due to
technical artefacts: 1. In TCGA-OV cohort, we exclude 37 WSIs without
available EMT-score; 2. For TCGA-COAD cohort, we exclude 413 WSIs
out of 459 and for TCGA-LUAD cohort, we exclude 475 WSIs out of
541 as their labels on KRAS status are labelled as ‘Not Available’ or
‘Unknown’. The remaining 46 WSIs from TCGA-COAD and 66 WSIs
from TCGA-LUAD are combined as the experimental dataset for task
COLU-KRAS; 3. In TCGA-LUAD cohort, we exclude 280 WSIs out of 541
with labels on EGFR as ‘Not Available’ or ‘Unknown’; 4. In TCGA-BRCA
cohort, we exclude 718 WSIs out of 1133 with labels on HER2 as ‘Not
Evaluated’.

For each slide, we extract 256 x 256 tiles without overlap at 40x
magnification (0.25 pm per pixel) from tissue regions for TCGA cohorts
and 20x (0.5 pm per pixel) for FOCUS. These morphomolecular subtyp-
ing tasks are challenging not only because of the nature of the problem
but also because of the small cohort size as well as a combination of
different tissue types (COLU-KRAS), and severe class imbalance (LU-
EGFR and BR-HER2). To ensure enough training samples, we split
the data into training/test sets with the following ratio: 70%/30%
for OV-EMT and COLU-KRAS, 50%/50% for LU-EGFR and BR-HER2.
For FOCUS-KRAS cohort, 2 evaluation modes are utilised, (1) Re-train
mode: the cohort is split to training/test sets with a ratio 70%/30%;
(2) External-test mode: we apply all samples for testing.

Next, we comment on our annotation protocol. In the OV-EMT task,
the continuous EMT scores, which range between 0 and 1, are derived

from the results of sequencing analyses previously conducted by our
collaborators (see Hu et al. (2020)), and the median EMT score of the
entire cohort is used to distinguish between EMT-low/high. For the
other three tasks, all annotations can be found in the clinical records
of TCGA, and they are discrete labels: ‘YES/NO’ for KRAS and EGFR
status in TCGA-COAD and TCGA-LUAD, and ‘Positive/Negative’ for
HER2 status in TCGA-BRCA.

Whole slide image preprocessing. The preprocessing of WSIs in-
volves the following steps: (1) Removing grey or white background; (2)
Removing blue and green contaminated areas; (3) Removing markers
of the black, red, green and blue pens. All these preprocessing steps
are conducted with OpenCV tools (pypi.org/project/opencv-python/).
Then, we divide WSIs into tiles, after calculating the valid tissue
proportion for each tile, we discard those with a proportion of tissue
less than 70%.

3.2. Overall framework of inter-MIL

In this paper, a self-interactive multi-instance learning (Inter-MIL)
approach is proposed, which utilises two modules to model fine-grained
tile-level features and global slide-level features, respectively. These
two modules interact with each other to achieve mutual optimisation.

As mentioned, the proposed Inter-MIL framework consists of two
learnable neural network modules: Module-1, the instance-bag aggre-
gator (aggregator) based on Gated Attention Pooling network, and
Module-2, the trainable tile-level feature encoder. These modules are
optimised alternatively until convergence conditions are met, as illus-
trated by Fig. 2, which depicts the details in the main framework of
Inter-MIL method as well as supporting modules.

To begin with, given a WSI with L tiles {x; } , and the tile-level
feature encoder f,,,(-), we let E = {E; }L be the set of tile embeddings,
such that E; = f,,,(x;). The dimension of tile embedding is E; € R'2.
In Module-1, the AttPool or Gated-AttPool based aggregator (Ilse et al.,
2018; Lu et al.,, 2021a) receives tile embeddings E and outputs a
classification result y,,,:

L
Y15 = softmax <fc,x <Z att (E;) - E,>> , (€]
i=1

where £, (-) is the output layer for classification, the attention score
att(E;) € [0,1] reflects the contribution of the ith tile to the classifi-
cation, and Z,’“ att(E;) = 1. We train an aggregator by optimising the
slide-level prediction, which can be formalised as follows:

Oy =6 i+ VELpes, ., (VB Yes) )

where ¢ and 7 — 1 indicate the current and previous training loops, the
tile embedding set E comes from training slide set S,,;,, and y; denotes
its subtype label.

Here, Inter-MIL aims to train fine-grained histological features on
representative tiles in multiple iterations, which helps to optimise the
WSI embedding set E for the aggregator. In Module-2, to refresh tile
embeddings E~! to E' for the rth training loop, we use k representative
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Fig. 2. Overview of the Inter-MIL framework. The framework is divided into three parts, from left to right, highlighting its various components and functions. Left, The aggregator
is pretrained using contrastive learning, where embeddings of slides of the same and different subtypes are fed into the aggregator in pairs. The training objective is to minimise
the distance between embeddings from the same subtype while maximising the distance between embeddings from different subtypes. Middle, The self-interaction MIL algorithm
consists of three steps within each round: (1) train AttPool network with pretrained tile embeddings to obtain the attention value for each tile, (2) constructing a tile-level feature
pool with high-attention tiles and supplementary tiles (defined in Eq. (4)), optionally including low-attention tiles (defined in Eq. (5)), and (3) fine-tuning the CNN encoder (using
ResNet) with the tile-level feature pool. Right, The tile embeddings are reproduced for the next round of AttPool training, and the subsequent rounds of self-interaction MIL

continue until convergence is achieved.
tiles x{_‘zl with high attention scores to fine-tune f’-1(-) to f! (),
which encodes the fine-grained features. The training of f}, (-) aims to
optimise prediction loss at the tile level. After this step, we regenerate
the tile embeddings E' using the fine-tuned feature encoder f! () and
continue with the next training round for the aggregator:

E'= {Elt = fc’nn(xf)}iL:l . (3)

As shown by Fig. 2, in the middle column, the optimisation of
Module-1 (beige block) and Module-2 (pink block) constitutes a train-
ing loop (round) of Inter-MIL, while the right column represents sub-
sequent training rounds, which repeats the switching and interaction
in overall and fine-grained feature optimisation until convergence.
Constructing tile-level training materials (shown in green blocks) is a
critical step in the Inter-MIL framework.

We now elaborate on the strategy for selecting representative train-
ing tiles. Our target is to construct a tile-level feature pool S?%. Given
a WSI, we rank tiles based on their attention scores in a monotonically
decreasing order, i.e. {xq,, - ,delalt(Edl) > att(Eq) > - 2 att(Ey))},
where art(E;) refers to Eq. (1). We define a set of attention tiles
S as a set of randomly sampled k' tiles out of the top K highest
attention tiles, i.e. S’ = {x,-}f.‘:]1 C {xg,} ,Ii I Similarly, we define a set
of supplementary tiles S**? as a set of randomly sampled k2 tiles out
K is

of the remaining L — K tiles, i.e. S = {x[}f.‘:z1 Cc {xd/ }jL=K+l'

determined by the total number of tiles L separately for each WSI. .$**?
increases the diversity of tile features that may not be captured by S"?.
We construct the set S7%* of tile-level feature pool as follows:

Spvs - Stop u Ssup. (4)

The main goal of training on the representative tile feature set S7°¢
is to optimise the representation of tile-level feature encoders for fine-
grained histological features. However, to attenuate the influence of
noisy tile-level features. We also want the encoder to learn to distin-
guish and discard non-relevant tiles that could end up being allocated
high attention scores. Therefore, we construct a set of negative tiles
S7¢E as:

neg __ n L
ST ={xhin € g isonr

(5)

which consists of n randomly sampled tiles from the N lowest attention
tiles from each WSI. We adopt a different optimisation strategy for
negative tiles $"¢¢ than for attention tiles S’” and supplementary tiles
Ss4P. More details on the optimisation strategy for S$"¢¢ are provided
in the next subsection. The pseudocode for constructing the tile-level
feature training repository is provided in Algorithm 1.

3.3. Optimisation of tile-level feature encoder

As with standard MIL training, the aggregator is optimised based
on the slide-level annotation y, of slide s and the feed forward process
shown in Eq. (1). The aggregator is optimised according to loss of
weighted cross-entropy: L(y,.y.)- Additionally, the encoder f,,,(-) is
trained based on the tile-level feature pool S (and .$"¢¢) described in
the previous section. The optimisation process is as follows:

Op, =01 +7 VL csms ( Vs el (x,.)) , (6)

where L, refers to the loss of tile-level inputs, ¢ denotes the weights
of the encoder, and y is the learning rate. Yy, is the annotation of tile
x; inherited from the slide it belongs to (i.e., y,).

In contrast to modelling representative tile-level information in
SP°, we aim to reduce noise interference in the model. Treating low-
attention tiles in $"°¢ as noise, we train the model to discard these
tile-level features using an adversarial optimisation approach (Ganin
et al.,, 2016), This approach trains the encoder to classify the noisy
samples as poorly as possible by back propagating the negative gra-
dients. Thus, we extend the optimisation of the encoder f,,,(-) in (6) to
incorporate .5"¢¢ as follows:

Gfrlm = Hf;;1 +tre Vl:xies <yx1’ fr{e_sl ('xi)>
_ yres. vﬁijS""g (yxj,frfe—sl (xj)> s

where y"*¢ denotes the learning rate of the negative training.
The overall optimisation and prediction pseudocode of InterMIL is
given by Algorithm 2.

c

)

3.4. Contrastive pre-training of instance-bag aggregator

We designed an additional module to improve the convergence of
the instance-bag aggregator (slide-level classifier) and bestow the ag-
gregator with a better initialisation that increases the training stability.
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Table 1
Setting of hyperparameters.
Parameter Value Notation
K 0.05x L Selection range of high-attention tiles, for fine-tuning tile-level encoder.
N 02xL Selection range of low-attention tiles, for denoising with adversarial optimisation.
k! 50 The number of attention tiles for fine-tuning tile-level encoder.
k? 0.4 x k! The number of supplementary tiles for fine-tuning tile-level encoder.
n 0.2 x k! The number of negative tiles for denoising on the tile-level encoder.
ePuip 10 In each round of interaction, the training epoch of aggregator.
ep‘”','[‘['y Dynamic In the initial round of interaction, ep,,, < ep‘”’,’[‘;, the end of epif,",’1 depends on L,,;,.
eDepn 2 In each round of interaction, the training epoch of tile-level encoder.
N, 6000 The number of sampled contrastive pairs, N, = N, + N, , and N, =N, =N,.
d, 8000 The size of the bag of tiles sampled from each slide.
epy, v, =30, v, =50 The number of epochs for aggregator pre-training, for tasks of OV-EMT and COLU-KRAS, pick v,, for tasks of

LU-EGFR and BR-HER2, pick v,.

Inspired by self-supervised contrastive learning algorithms (Chen
et al., 2020; He et al., 2020), we adapt the contrastive learning based
on sample data enhancement to the scenario of WSI classification. Thus
we can pre-train the MIL model for the recognition ability of tile-
level bags. Unlike unsupervised contrastive learning, which determines
whether augmented samples are of the same origin, we currently apply
supervised annotations to evaluate whether randomly sampled tile bags
belong to the same subtype. Given E4 = {E,-}i[:[’l as a query bag of tile
embeddings randomly picked from slides of any subtype, where N, is
the sampling quantity, EX = {E,-}I_Ai" is the key embedding bag from
slides of the same or different subtype with E4, where N, = N,. The
learning target of the aggregator pre-training is to reduce the distance
between tile embedding bags from the same subtype, while increasing
the distance between tile embedding bags from different subtypes. This
results in the following loss function:

l exp(|E9 - EX ~ y.(q - )| /2)
" TS e exp(E - EF — 3 ()] /)

where y,(q-k) € {0, 1} indicates if E4 and EX are from the same subtype
and C =2, 7 is a sensitivity parameter and we set 7 = 1.

The leftmost part of Fig. 2 illustrates a schematic of the optional
module for aggregator pre-training, and Algorithm 3 presents its pseu-
docode.

L (8)

4. Experiments and results
4.1. Deep learning setup

Deep learning model implementation. The source code and de-
tailed environment configuration files of this study are available at
github.com/superhy/LCSB-MIL. The deep learning model is imple-
mented using the PyTorch-1.6 framework. Training and testing of our
model were performed on four NVIDIA RTX 2080Ti GPUs.

The following settings are used in all tasks unless specified oth-
erwise. For the two modules of MIL workflow, we use ResNet-18
pretrained on ImageNet (Deng et al., 2009) as the vision encoder
(encoder) to generate the initial feature embedding of tiles, and we
apply the Gated-AttPool (Lu et al., 2021a) as the instances-bag aggre-
gator (aggregator) and the subtyping classifier, which contains three
fully connected layers for classification and one attention-based pooling
layer. Furthermore, we choose the weighted cross-entropy (WCE) loss
to tackle the class imbalance. The Adam optimiser with a learning rate
of 0.0001 is applied, and we set the batch size of 8 WSIs for training
the aggregator and 128 tiles for the encoder. In the training stage, each
interactive round consists of 5 epochs for the aggregator and 2 epochs
of vision encoder training. We set a delayed stop mechanism in the
aggregator training of the first round to improve the initial stability of
the proposed Inter-MIL framework. Moreover, we set the convergence
point at which the overall training of Inter-MIL stops, and we describe
these parameters in detail in the following paragraphs.

Hyper-parameters in Inter-MIL. In the experiments, we set the
hyperparameters for Inter-MIL as listed in Table 1. We adopt a de-
layed stop strategy for training the aggregator in the initial round
to ensure that valuable high-attention tiles are selected. Specifically,
em will continue to train until the loss value drops to £;,,. The
number of epochs for aggregator pre-training uses v, and v, based on
the size of the training cohorts. For tasks OV-EMT and COLU-KRAS,
due to the smaller training set, we opt for v;, while for tasks LU-
EGFR and BR-HER2, with the larger training sets available, we chose
v, to enable longer pre-training. The hyperparameter setting for the
number of training epochs is based on the convergence state of the
training loss, and the hyperparameter setting for the contrastive pre-
training of the aggregator is chosen to be as large as possible within the
limits of computational resources and acceptable training time. More
explanation of other hyperparameters’ setting principles can be found
in Supplementary Information.

Experimental setup. We compare our proposed Inter-MIL method
with several state-of-the-art MIL algorithms, including CNN-MIL
(Campanella et al., 2019), AttPool (Ilse et al., 2018), Gated-AttPool (Ilse
et al., 2018; Lu et al., 2021a), CLAM (Lu et al., 2021b), and FocAtt-
MIL (Kalra et al., 2021). To provide a direct comparison with our
method, we select Gated-AttPool with a fixed pretrained CNN encoder
as the baseline.

We conducted 10 runs for the OV-EMT task and 5 runs for the other
tasks in the training/testing evaluation procedure. For different datasets
and tasks, we randomly selected a fixed proportion (70% or 50%, as
explained in Section 3.1) of the data as the training set each run, with
the remaining 30% or 50% as the testing set. This splitting process
was repeated 5 or 10 times to create 5 or 10 sets of training/testing
combinations. Due to the small amount of training data in OV-EMT and
COLU-KRAS tasks, we do not split the data further into a validation set.

In external validation on FOCUS-KRAS cohort, we carried out 2
modes of evaluation: (1) Re-train mode: The FOCUS dataset is split
into training and testing sets in a 70%/30% ratio, we repeat this and
generate 5 pairs of training/testing sets. Models are then retrained and
tested for 5 runs; (2) External-test mode: We utilised the models which
were trained from 5 runs on the COLU-KRAS task to test on the entire
FOCUS dataset.

In general, the summary information about the experimental data
preparation is listed in Table 2.

In all experiments, we use the last epoch’s model for testing. We use
the output of the aggregator as the final prediction of the Inter-MIL.
The interactive training rounds in Inter-MIL (including adInter-MIL)
have two options of termination conditions, and meeting either one will
conclude the rounds: (1) A total of 5 rounds is reached; (2) The training
loss of the aggregator falls below the termination threshold L ,,,. We
empirically determine the value of £ ;,,, based on the performance of
the baseline model and set £,,;, as L ;,, +0.15.

We record the performance in terms of (1) the average and standard
deviation (std) of the area under the receiver operating characteristic
curve (AUC), and (2) the balanced accuracy (BACC) with macro av-
eraging across multiple testing runs. Note that the standard deviation
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Table 2

Summary of data preparation information.
Task Source Split (%) Runs
OV-EMT 49/21 (70%/30%) 10
COLU-KRAS TCGA 79/33 (70%/30%) 5
LU-EGFR 130/131 (50%/50%) 5
BR-HER2 208/207 (50%,/50%) 5
FOCUS (re-train) S:CORT 140/60 (70%/30%) 5
FOCUS (ext-test) : —/200 ( -/100%) 5
Task Training data Testing data
OV-EMT TCGA-OV TCGA-OV
COLU-KRAS TCGA-COAD, LUAD TCGA-COAD, LUAD
LU-EGFR TCGA-LUAD TCGA-LUAD
BR-HER2 TCGA-BRCA TCGA-BRCA
FOCUS (re-train) FOCUS FOCUS
FOCUS (ext-test) TCGA-COAD, LUAD FOCUS

captures the impact of random data split on the training process, which
is helpful to reflect the stability of model training and performance
variance in scenarios with small numbers of training slides.

4.2. Evaluation on slide-level subtyping

In this section, we analyse the performance of the Inter-MIL method
on the molecular subtyping task and compare it with baseline methods.

For Inter-MIL, we define the following variants in our experimental
results report: 1. Inter-MIL-b, which is a simplified version without
random tiles-level features; 2. adInter-MIL, which is based on the
standard Inter-MIL but adds adversarial training (Ganin et al., 2016) on
noisy tiles. In addition to these variants, we also design a pre-training
module for aggregation classifiers in MIL. This is a hot-swappable
module suitable for most MIL methods, so we use the prefix “PT-” to
indicate that this module is applied.

As shown in Tables 3 and 4, the Inter-MIL variants, compared to
the baseline Gated-AttPool method, achieved at least a 6% improve-
ment and demonstrate the best performance. As illustrated in Fig. 3-a,
Inter-MIL and its variants outperform the baseline method on all four
tasks. Investigating the optimisation process, as shown in Fig. 3-c, the
loss of Inter-MIL in the early iterations is on par with the baseline
method Gated-AttPool, but then the training rapidly converges after the
interactive optimisation of tile-level encoder.

As shown in Table 5, Inter-MIL’s performance on the external val-
idation cohort is evident. “FOCUS (re-trained)” refers to results after
training on 140 WSIs from 70 patients, using the optimal learning rate
and stopping point from the baseline and test on the 60 WSIs from
30 patients. In contrast, “FOCUS (external-test)” indicates the testing
results from the full 200 FOCUS WSIs, using a model trained on the
TCGA-COLU-KRAS cohort.

The external validation results shown in Table 5 highlight the ro-
bustness of the Inter-MIL approach. Given the significant preanalytical
variability between the TCGA and the FOCUS cohort, it is remarkable
that the performance in FOCUS as an external validation cohort only
decreases by about 3%. In comparison, other baseline methods show a
significant drop in their KRAS mutation prediction on FOCUS samples,
with performance declining by as much as 10%.

To provide some additional context to this external validation result
we perform re-training on the FOCUS cohort. Based on the known
characteristics of the FOCUS cohort the obtained improvement in AUC
is in line with our expectation and it demonstrated that the proposed
inter-MIL approach makes effective use of the added data.

In addition, pretraining the aggregation classifier accelerates the
optimisation of both Gated-AttPool and Inter-MIL series. As evidenced
by Figs. 3-b, -d, and 9-b (in supplementary material), after the aggre-
gation classifier was contrastively pretrained, the convergence of the
training is expedited by at least 10 epochs. This acceleration was even
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more pronounced in tasks such as LU-EGFR and BR-HER2, which have
more training data, where the convergence was more than 40 epochs
ahead. With the pre-training of aggregator for 30 epochs on tasks OV-
EMT and COLU-KRAS, and for 40 epochs on the other two tasks with
bigger datasets, the performance was further improved on tasks OV-
EMT and COLU-KRAS, but not significantly on the tasks LU-EGFR and
BR-HER2, as shown in Tables 3, 4, and Fig. 3-e. In general, across
the four subtyping tasks, Inter-MIL consistently demonstrated superior
performance in terms of AUC and BACC, especially when the size of
the training set is small.

4.3. Interpreting the model at various scales

In this section, we highlight the better interpretability generated
by Inter-MIL, which provides insight into the optimisation process
of features at various scales, from fine-grained tile-level features to
the global biologically relevant features. Fig. 3-f showcases a test
sample from the OV-EMT task, which demonstrates the interpretation
workflow from bottom to top: (1) Inter-MIL iteratively optimises the
encoder for tile instances. With different models, we use the Gradient-
weighted Class Activation Mapping tool (Grad-CAM) (Selvaraju et al.,
2017) to generate the gradient activation maps for individual tiles.
Comparing the attention regions on example tiles between the baseline
method and Inter-MIL, we observe that the high attention regions move
toward cell nuclei areas in Inter-MIL as the tile level-encoder was
iteratively optimised. (2) and (3) Macroscopically, we observe that the
attention map also shifts from non-cancerous regions to tumour regions
at the regional/global level during the optimisation. (4) We analyse
the attention distribution statistics on the exemplar slide and find that
tiles with the EMT prediction score >0.5 receive higher attention in
EMT-high cases while the EMT prediction score <0.5 co-occurs with
higher attention in EMT-low cases. (5) By visualising the feature space
of representative tiles in all test slides, we find that the tile-level
features learned by Inter-MIL are significantly more differentiable than
the baseline for tiles of different subtypes (i.e., EMT-Low vs. EMT-high).
Therefore, the evolution of features and attention maps, the consistency
of model attention and predictions, and an analysis of the latent feature
space are now illustrated on a set of concrete examples.

4.3.1. Evolution of tile-level attention

Inter-MIL iteratively optimises the tile-level encoder to model fine-
grained features, learning increasingly detailed histological features
to enable MIL’s aggregator to better assess the representativeness of
each tile for subtyping. Fig. 4 illustrates the evolution of the attention
distribution on tiles within a slide as the adInter-MIL improves the
feature representation. After multiple rounds of interactive training,
the model’s attention shifts from the tiles of background tissue to the
tiles on or near tumour regions (Fig. 4-a and b). Furthermore, after
one interactive training, the attention distribution of tiles in different
regions has changed significantly, while round-3 is further fine-tuned
based on round-2. For instance, Fig. 4-a shows a WSI which contains a
blood clot. After the third round of interactive training, the model no
longer pays attention to this area which does not have any diagnostic
relevance. Fig. 4-b presents an example where the attention shifts away
from stromal tissue, instead, the model focuses more on the tumour
areas, even showing the fissures between thin-strip-like tumour areas.

Examining the second part of Fig. 4-a and b, we compare the
allocation of attention to tumour and non-tumour tiles before and
after self-interactive training. Initially, attention towards non-tumour
tiles is comparable to or even exceeds that of tumour tiles. However,
after a few rounds of self-interactive training, attention towards non-
tumour tiles diminishes to zero while tiles from tumour regions garner
progressively more focus. Further analysis of tile-level heatmaps, using
gradient-based activation maps, reveals a gradual concentrated atten-
tion on nuclear-containing regions within tumour tiles, moving away
from background areas.
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Results on multiple molecular subtyping tasks with ROC-AUC = std (%) over 10 runs for task OV-EMT and 5 runs for tasks

COLU-KRAS, LU-EGFR, and BR-HRER2.

Methods OV-EMT COLU-KRAS LU-EGFR BR-HER2
CNN-MIL (Campanella et al., 2019) 59.86 + 1.11 50.56 + 0.15 - -
AttPool (llse et al., 2018) 61.38 + 1.35 61.41 + 0.78 - -
Gated-AttPool (llse et al., 2018; Lu et al., 2021a) 62.46 + 1.13 59.94 + 0.06 64.15 + 0.39 54.84 + 0.14
CLAM (Lu et al., 2021b) 62.62 + 1.10 62.18 + 0.80 65.17 + 0.25 54.17 + 0.11
FocAtt-MIL (Kalra et al., 2021) 56.89 + 1.86 63.76 + 1.05 64.19 + 0.12 53.53 + 0.15
Inter-MIL (ours) 71.91 + 0.50 64.78 + 0.18 69.81 + 0.12 63.08 + 0.04
Inter-MIL-b (ours) 68.53 + 0.21 64.01 + 0.3 67.99 + 0.02 62.00 + 0.07
adInter-MIL (ours) 74.55 + 0.43 66.34 + 0.31 70.65 + 0.08 63.21 + 0.03
PT - Gated-AttPool (ours) 64.18 + 1.01 62.34 + 0.70 65.21 + 0.25 57.21 + 0.22
PT - Inter-MIL (ours) 74.41 + 0.26 70.38 + 0.28 70.15 + 0.24 62.94 + 0.03
PT - adInter-MIL (ours) 77.00 + 0.40 71.38 + 0.11 71.33 + 0.08 64.02 + 0.11

Table 4

Results on multiple molecular subtyping tasks with BACC + std (%) over 10 runs for task OV-EMT and 5 runs for tasks

COLU-KRAS, LU-EGFR, and BR-HRER2.

Methods OV-EMT COLU-KRAS LU-EGFR BR-HER2

Gated-AttPool (Ilse et al., 2018; Lu et al., 2021a) 70.45 + 1.87 59.41 + 0.08 60.34 + 0.20 53.29 + 0.02
CLAM (Lu et al., 2021b) 69.00 + 1.08 62.97 + 0.27 61.11 + 0.20 55.63 + 0.11
FocAtt-MIL (Kalra et al., 2021) 61.71 + 0.72 61.74 + 0.10 57.32 + 0.02 53.56 + 0.02
Inter-MIL (ours) 84.86 + 0.45 64.50 + 0.45 66.04 + 0.33 56.69 + 0.07
adInter-MIL (ours) 85.45 + 0.48 65.85 + 0.24 69.56 + 0.03 63.21 + 0.03
PT - Gated-AttPool (ours) 71.45 + 0.89 62.49 + 0.36 61.19 + 0.21 57.40 + 0.14
PT - Inter-MIL (ours) 85.45 + 0.38 67.86 + 0.42 69.81 + 0.17 58.52 + 0.04
PT - adInter-MIL (ours) 85.77 + 0.61 69.78 + 0.16 70.87 + 0.15 63.67 + 0.14

Table 5

Results on KRAS mutation status prediction with ROC-AUC =+ std (%) and BACC + std (%) over 5 runs for external validation on FOCUS cohort, compared with the internal

validation results on COLU-KRAS task.

Methods FOCUS (re-trained) FOCUS (external-test) COLU-KRAS (for comparison)

AUC BACC AUC BACC AUC BACC
AttPool (Ilse et al., 2018) 70.79 + 0.39 60.79 + 0.45 51.55 + 0.06 50.32 + 0.02 61.41 + 0.78 58.83 + 0.52
Gated-AttPool (Ilse et al., 2018; 69.64 + 0.23 62.06 + 0.11 53.08 + 0.12 52.49 + 0.09 59.94 + 0.06 59.41 + 0.08
Lu et al., 2021a)
CLAM (Lu et al., 2021b) 71.49 + 0.25 63.12 + 0.44 51.27 + 0.05 49.94 + 0.00 62.18 + 0.80 62.97 + 0.27
Inter-MIL (ours) 78.01 + 0.14 69.59 + 0.04 62.41 + 0.12 58.43 + 0.30 64.78 + 0.18 64.50 + 0.45
adInter-MIL (ours) 75.27 + 0.15 70.07 + 0.01 61.89 + 0.04 58.61 + 0.36 66.34 + 0.31 65.85 + 0.24

Additional comparisons of attention maps of different methods, and
more examples of the model’s attention-shifting evolution process can
be found in Figures 10, 11, 12, and 13. Figures 14 and 15 show
the top attention tiles respectively given by adInter-MIL and baseline
methods. These figures can be found in the Supplementary Material. In
conclusion, the fine-grained attention maps are improved and become
concentrated around informative features such as nuclei after Inter-MIL
interaction training, with the tile-level encoder being optimised.

4.3.2. Consistency across attention and different classes

In each interactive training round, Inter-MIL optimises the tile-level
encoder with high-attention tiles as training material, thereby enabling
even other tiles to attain classification scores. In this section, we in-
vestigate whether, following the interactive optimisation of Inter-MIL,
the tiles from high-attention areas across different molecular subtypes
simultaneously receive higher predictive scores aligned with their spe-
cific subtype. For instance, in EMT-high slides, do high-attention tiles
tend towards EMT-high scores? Conversely, in EMT-low slides, do high-
attention tiles align with EMT-low scores? We demonstrate this by
presenting positive and negative examples from tasks OV-EMT and
COLU-KRAS in Fig. 5. For each example, the left shows the original
slide, the middle visualisation shows the attention value for each
tile, and then the right shows the fine-grained classification score on

each tile, in which the attention value is taken from the aggregator
after Inter-MIL training. We can see that for the EMT-low case, the
classification outcome corresponding to the high attention area is closer
to 0, while in the EMT-high case, the classification score corresponding
to the high attention area is close to 1. A similar observation holds for
the KRAS-no and KRAS-yes examples.

Additionally, the most right part of Fig. 5 presents the attention dis-
tribution of the tiles on the example slides. The upper figure illustrates
that tile distribution across attention ranges approximates a normal
distribution. In the lower figure, red bars denote the proportion of tiles
classified as EMT-high and KRAS-yes (with scores > 0.5), whereas green
bars indicate the proportion of tiles classified as EMT-low and KRAS-
no (with scores < 0.5). These results validate that Inter-MIL ensures
a more consistent alignment between the aggregator’s attention distri-
bution and the fine-grained classification scores at tile-level. Thereby
indicating that Inter-MIL can facilitate communication and alignment
of slide-level and tile-level features.

4.3.3. More discriminative features

In the preceding sections, we showcased how Inter-MIL facilitates
the alignment of visual features across tile-level and slide-level. In
this section, we demonstrate the proposed Inter-MIL leads to more
discriminative feature space.
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Fig. 3. Highlighted results and discussion. a, AUC-ROC curves of different models, for tasks: OV-EMT, COLU-KRAS, LU-EGFR, and BR-HER2, from left to right. Likewise below.
b, log of loss for MIL aggregator pretraining and log of loss comparison for Gate-AttPool models with/without aggregator pretraining. c, log of loss comparison for Gate-AttPool
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with different prediction results on EMT-low/high. f-(5), Feature space visualisation at the test cohort level. The feature space t-SNE (Van der Maaten and Hinton, 2008) mapping

of high informative tiles from all test slides.

Fig. 6-a displays the feature distribution of the 100 highest and
lowest attention tiles of all slides in the OV-EMT test set. It is mapped to
the 2-dimensional coordinates with help of the t-SNE (Van der Maaten
and Hinton, 2008) dimensionality reduction method. Green and yel-
low dots refer to the lowest-attention tiles from EMT-low/high slides,
respectively, while blue and red dots refer to the highest-attention
tiles from EMT-low/high slides. The distribution of tile features with
high attention is clearly different from that of low attention tiles, both
in the baseline GatedAttPool-MIL model (denoted as model ‘X’ in the
figure) and adInter-MIL model (denoted as model ‘Y’ in the figure).
However, there is a noticeable difference between GatedAttPool-MIL
and adInter-MIL as the distributions of high attention tiles of EMT-
low and EMT-high are clearly distinguishable in adInter-MIL model,
but not in the GatedAttPool-MIL model. High-attention tile examples
from EMT-low/high, and low-attention tiles are shown on the right
side. It is noticeable that low-attention and high-attention tiles present
distinct visual representations, yet differentiating high-attention tiles of
EMT-low and EMT-high subtypes demands finer visual features.
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Fig. 6-b illustrates the difference in feature distribution between the
GatedAttPool-MIL model and the adInter-MIL model for high-attention
and low-attention tiles, respectively. We note that the features of the
high-attention tiles benefit more from the proposed Inter-MIL and show
an improved separation of the relevant classes in feature space, while
the low-attention tile features are less affected. This suggests that the
improvement of classification is more significant on highly informative
features rather than low attention regions that are potentially noisy.

Fig. 6-¢ further presents examples of querying high-attention tiles in
the feature space. One example is EMT-high, and another is EMT-low.
Dark green dots indicate high attention tiles from queried slides. We
can observe that, whether it is EMT-low or EMT-high, the query points
in the optimised feature space are closer to the corresponding subtype
cluster and farther away from the others. In contrast, querying different
subtypes with the baseline model is not as convenient.

More results regarding the learned tile-level features can be found in
Figures 17 and 18 (see Supplementary Material). Among them, Figure
17 provides the feature distributions when sampling varying numbers
of top attention tiles in all four molecular subtyping tasks. The results
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the task (red histograms). The histogram, tile image and its attention heatmap demonstrate the attention evolution of these regions. Here in both presented scenarios, attention
scores increase over time for tiles representing densely nuclear regions, and decrease for tiles containing connective tissue.

reveal that after self-interactive training, the feature spaces of different
subtypes become more separated. Furthermore, Figure 18 shows that
in the feature spaces of Inter-MIL and adInter-MIL, high-attention tiles
from a test slide primarily neighbour high-attention tiles from slides of
the same molecular subtype. Conversely, in GatedAttPool-MIL, many
neighbours of high-attention tiles originate from slides of different
molecular subtypes.

4.4. Impact of key hyperparameters
As explained in Section 3, we need to determine how many rep-

resentative tiles are selected for tile-level encoder fine-tuning in each
round of interactive training. The key hyperparameter is k'. Fig. 7
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provides the comparison results for Inter-MIL on different hyperparam-
eter settings of k!, on tasks OV-EMT and COLU-KRAS, showing that
there may be some fluctuations in performance on different hyperpa-
rameter settings. As we compared multiple values of the selected tile
numbers: too many tiles lead the encoder to learn excessive noise, while
too few tiles result in insufficient learning of fine-grained features.
However, the Inter-MIL model still outperforms the baseline under
different settings of k'.

5. Discussion

In this paper, we introduce Inter-MIL to tackle the challenges of
complex molecular trait analysis, especially when specific histological
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prediction scores that correspond more closely to their subtypes.

biomarkers for subtypes are not clearly defined. Inter-MIL simulates the
pathologists’ practice of frequently adjusting microscope magnification
to capture both fine-grained and overall tissue features (Jaarsma et al.,
2015), thereby enabling a seamless transition from subtle, fine-grained
histology features to macro morphology features. Inter-MIL introduces
an iterative knowledge interaction in weakly supervised learning for
WSIs. It leverages global slide-level features as representative training
material for tile-level encoding, enhancing the discriminative feature
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space and simplifying slide-level classification. Our results demonstrate
the effectiveness of this interactive optimisation, showing improved
model performance.

A potential issue with the use of the TCGA dataset in our experi-
ments is associated with the lack of KRAS labels, which may bias the
model. This is because, even though the reasons for missing labels are
unknown, they are often not missing at random. E.g., an unknown
KRAS status may be correlated to the complexity of the case and the
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distribution of true KRAS status in these patients can be different from
the overall distribution. Therefore, we carried out external validation
to examine the generalisability of our method on unseen cohorts.
Also, training and evaluating Inter-MIL’s on our private cohort samples
demonstrates its superior utilisation of new data.

Baseline methods typically rely on extensive training samples to
compensate for the lack of optimisation of tile-level detail features
(Zheng et al., 2022). However, even with extremely small training sets,
Inter-MIL’s self-interactive tile-level embedding optimisation achieves
significant accuracy, demonstrating superior training efficiency com-
pared to methods that necessitate larger datasets.

Inter-MIL also enhances model interpretability by providing reliable
fine-grained features. By focusing on biologically informative regions
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and discarding noise, it enables more representative phenotype profil-
ing. Re-optimisation of tile-level features yields slide-level embeddings
enriched with fine-grained information, leading to more precise at-
tention allocation and improved tile-level optimisation in subsequent
rounds. This establishes a positive feedback loop, as evidenced by the
clustering of fine-grained features in the latent space, Inter-MIL allows
initially incorrect attention distributions to be rectified by using more
optimal fine-grained feature representations learned from other slides.
This self-correcting mechanism, absent in baseline models, optimises
alignment for both coarse and fine-grained visual features, countering
the impact of visual artefacts in small datasets.

Inter-MIL extends interpretability beyond attention, offering pseudo
tile-level classification scores, which baseline methods cannot provide
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Fig. 7. Fluctuations in performance with various values of parameter k!, which could be 10, 20, 50 (used), and 100. a and b refer to the methods of Inter-MIL and adInter-MIL, on
the task of OV-EMT, while ¢ and d show the performance of Inter-MIL and adInter-MIL, on the task of COLU-KRAS. For a, b, ¢, and d, the left shows the AUC-ROC curve under
different values of k', the mid shows the result comparison of ROC-AUC, and the right shows the Precision-Recall Curve (PRC) under different values of k'.

without detailed annotations. These scores clarify tile-level pseudo la-
bels, moving beyond mere indicators of importance to actual class pre-
dictions, and also offer valuable reference information for researchers
interested in the association between tile-level representations and
subtypes.

Beyond the Inter-MIL framework, we introduce two auxiliary mod-
ules: (1) Adversarial optimisation for low-attention tiles, inspired by
Ganin et al. (2016), enhancing model focus by reducing emphasis on
non-critical regions, as evidenced by more concentrated attention. This
module led to the development of adlnter-MIL, a variant of Inter-
MIL. The choice between Inter-MIL and adInter-MIL depends on data
quality. For datasets with significant noise (e.g., contaminants, over-
exposure) or have not undergone thorough cleaning/normalisation of
data, adInter-MIL effectively mitigates noise’s impact on attention allo-
cation. However, in rigorously quality-controlled datasets, adInter-MIL
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offers no substantial improvement over Inter-MIL; and (2) Contrastive
pre-training for bag-of-tiles aggregators, inspired by He et al. (2020)
and Chen et al. (2020), providing pre-trained parameters that enhance
the aggregators’ discriminative capabilities from the outset. While this
accelerates aggregator convergence and boosts classification, it results
in a sparse attention map due to selective tile sampling for contrast-
ing training. Nonetheless, the potential of aggregator pre-training to
enhance WSI analysis, especially when performing the pre-training on
external fundamental tasks like tumour/benign classification (Tolkach
et al., 2020) or training with unsupervised fashion like self-supervised
learning (He et al., 2020), is promising.

The proposed Inter-MIL framework is scalable and adaptable, it
can be adapted to various encoder and aggregator backbones, and the
multi-task mode can be extended by setting multiple output heads
in interactive training modules. Inter-MIL also has the potential to
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accommodate a wider array of histopathological analyses including
tumour classification (Dolezal et al., 2022), prognosis (Lu et al., 2020;
Foersch et al., 2023), and therapy response prediction (Foersch et al.,
2023), without necessitating pixel-level annotations. It also provides a
biologically pertinent tile-level feature pool, offering more informative
materials to enrich correlation analysis in multi-task and multi-modal
studies (Lipkova et al., 2022a; Chen et al., 2022c).

One limitation of Inter-MIL is its slight sensitivity to hyperparame-
ters, such as k!, analysed in Section 4.4. Furthermore, Inter-MIL relies
on the initial round of MIL to learn a preliminary attention distribution
on the slides. If the initial round fails or concludes prematurely, it may
result in suboptimal outcomes in subsequent self-interactive learning
phases.

6. Conclusion

In summary, we introduce a novel weakly supervised MIL approach
for predicting molecular subtypes from histological WSIs, utilising a
self-interactive algorithm to bridge multi-scale histopathological fea-
tures. This method facilitates the learning of highly discriminative
features in latent space and enhances interpretability through improved
visualisation outcomes.

Notably, Inter-MIL introduces a simple and efficient communication
mechanism for features across different scales in scenarios with a small
amount of data, an achievement not accomplished in other studies.
Thus, Inter-MIL presents a viable solution to practical challenges such
as datasets with a scant amount of cases and indeterminate biomarker
locations. Moreover, Inter-MIL’s design allows seamless integration
with other models, enabling users to adopt any advanced deep learn-
ing architecture for encoders and aggregators or to leverage other
pre-trained fundamental models.

Future efforts will aim to tackle existing technical hurdles, perform
more robust uncertainty estimation, broaden Inter-MIL’s applicability
across varied tasks, and assess the tile-level feature pool’s utility in di-
verse applications. Moreover, we intend to investigate Inter-MIL’s inte-
gration with more DNN architectures like Graph Neural Networks (Lee
et al., 2022) and Vision Transformers (Chen et al., 2022b; Azad et al.,
2024b) to adeptly capture contextually rich spatial information on
WSIs.
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