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(Unobserved) pathological process give rise to radiomic, pathomic or 
other omics phenotypic observations

Allegory of the cancer pathobiology lab
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Same object different shadows
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Our goal is to perform cause-from-effect inference of underlying 
pathological process given certain (multimodal) observations

Sequencing & Omics

Imaging
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Information Extraction in Computational Pathology
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Example Independent validation study of PAIGE Prostate: Kanan, Christopher, Jillian Sue, Leo Grady, Thomas J. Fuchs, Sarat Chandarlapaty, Jorge S. Reis-Filho, Paulo G O Salles, Leonard 
aŜŘŜƛǊƻǎ Řŀ {ƛƭǾŀΣ /ŀǊƭƻǎ Dƛƭ CŜǊǊŜƛǊŀΣ ŀƴŘ 9Ƴƛƭƛƻ aŀǊŎŜƭƻ tŜǊŜƛǊŀΦ άLƴŘŜǇŜƴŘŜƴǘ ±ŀƭƛŘŀǘƛƻƴ ƻŦ tŀƛƎŜ tǊƻǎǘŀǘŜΥ !ǎǎŜǎǎƛƴƎ /ƭƛƴical Benefit of an Artificial Intelligence Tool within a Digital 
5ƛŀƎƴƻǎǘƛŎ tŀǘƘƻƭƻƎȅ [ŀōƻǊŀǘƻǊȅ ²ƻǊƪŦƭƻǿΦέ WƻǳǊƴŀƭ ƻŦ /ƭƛƴƛŎŀƭ hƴŎƻƭƻƎȅ оуΣ ƴƻΦ мрψǎǳǇǇƭ όaŀȅ нлΣ нлнлύΥ Ŝмплтсςe14076. https://doi.org/10.1200/JCO.2020.38.15_suppl.e14076.



ML Problems in Pathology
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Given training data of routine WSIs, 
Can we predict:

Normal or Abnormal?
 Classification
Grade?
 Regression
Tumour Regions?
 Segmentation
Quantifying cells
 Quantification
Receptor Status?
 Classification
Mutation Status?
 Classification
Survival?
Drug Response?
Similar images?
 Retrieval
Biomarkers?
 Pattern Discovery

Spectrum of Mundanity

Asif, Amina, Kashif Rajpoot, Simon Graham, David Snead, Fayyaz Minhas, and Nasir Rajpoot. 

άUnleashing the Potential of AI for Pathology: Challenges and RecommendationsΦέ The 

Journal of Pathology 260, no. 5 (2023): 564ς77. https://doi.org/10.1002/path.6168.
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Colonic Biopsy Screening (CoBI)
Is this colorectal tissue sample:
Å Normal?
Å Abnormal?
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Graham, Simon, Quoc Dang Vu, Mostafa Jahanifar, Shan E. Ahmed Raza, Fayyaz Minhas, David Snead, 
ŀƴŘ bŀǎƛǊ wŀƧǇƻƻǘΦ άOne Model Is All You Need: Multi-Task Learning Enables Simultaneous Histology 
Image Segmentation and ClassificationΦέ Medical Image Analysis, November 11, 2022, 102685. 
https://doi.org/10.1016/j.media.2022.102685. 



What do Risk and WSIs share?
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Whole slide images are graphs (Youtube video), Fayyaz Minhas
Lu, W., Graham, S., Bilal, M., Rajpoot, N. and Minhas, F., 2020. Capturing cellular topology in multi-gigapixel pathology images. In Proceedings of the IEEE/CVF Conference on Computer 
Vision and Pattern Recognition Workshops (pp. 260-261).
Lu, Wenqi, Michael Toss, Muhammad Dawood, Emad Rakha, Nasir Rajpoot, and Fayyaz Minhas. "SlideGraph+: Whole slide image level graphs to predict HER2 status in breast 
cancer."Medical Image Analysis80 (2022): 102486. 



How does a graph neural network layer fuse information?
Å Input: A Graph with node and edge level features

ÅOutput: A Graph with (transformed) node and (possibly) 
edge features

ÅGraph layer: transform the representation of the input to a 
new representation in a learnable/trainable fashion

ÅThe GNN layer transforms the feature representation of each 
node as follows:

Å Where am I?  Generate context for each input node

Å Node pair transform: Transform features of each node connected 
to an input node and the node itself while taking pairwise edge 
information into account (using a neural network)

Å Aggregation: Aggregate information of neighbors  of the node to 
provide the local context in the form of a fixed dimensional feature 
vector (max, sum, average, etc.)

Å What should I become? Transform each node in the  context 
of its neighbors  (using a neural network)

ÅLesson:
Å GNNs Can fuse information across space or nodes

13
Whole slide images are graphs (Youtube video), Fayyaz Minhas
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DǊŀƘŀƳΣ {ƛƳƻƴΣ CŀȅȅŀȊ aƛƴƘŀǎΣ Χ bŀǎƛǊ wŀƧǇƻƻǘ άScreening 
of Normal Endoscopic Large Bowel Biopsies with 
Interpretable Graph Learning: A Retrospective StudyΦέ Gut, 
May 12, 2023. https://doi.org/10.1136/gutjnl-2023-329512. 

Automated Classification:
 Abnormal (Hyperplastic)

Leading to up to 33% reduction 
in review of normal slides at 99% 
sensitivity

https://doi.org/10.1136/gutjnl-2023-329512
https://doi.org/10.1136/gutjnl-2023-329512
https://doi.org/10.1136/gutjnl-2023-329512
https://doi.org/10.1136/gutjnl-2023-329512
https://doi.org/10.1136/gutjnl-2023-329512


MesoGraph : subtyping 
mesothelioma
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Eastwood, Mark, Heba Sailem, Silviu Tudor Marc, Xiaohong Gao, Judith Offman, Emmanouil Karteris, Angeles Montero Fernandez, et al. 
άMesoGraphΥ !ǳǘƻƳŀǘƛŎ tǊƻŦƛƭƛƴƎ ƻŦ aŜǎƻǘƘŜƭƛƻƳŀ {ǳōǘȅǇŜǎ ŦǊƻƳ IƛǎǘƻƭƻƎƛŎŀƭ LƳŀƎŜǎΦέ Cell Reports Medicine 0, no. 0 (October 9, 2023). 
https://doi.org/10.1016/j.xcrm.2023.101226.

https://mesograph.dcs.warwick.ac.uk/ 

https://doi.org/10.1016/j.xcrm.2023.101226
https://mesograph.dcs.warwick.ac.uk/


WSI graphs to predict patient survival
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Mackenzie, Callum Christopher, Muhammad Dawood, Simon Graham, Mark Eastwood, and Fayyaz MinhasΦ άbŜǳǊŀƭ DǊŀǇƘ aƻŘŜƭƭƛƴƎ ƻŦ ²ƘƻƭŜ {ƭƛŘŜ LƳŀƎŜǎ ŦƻǊ 
{ǳǊǾƛǾŀƭ wŀƴƪƛƴƎΦέ Lƴ Proceedings of the First Learning on Graphs Conference, 48:1-48:10. PMLR, 2022. https://proceedings.mlr.press/v198/mackenzie22a.html.

https://proceedings.mlr.press/v198/mackenzie22a.html


Cross-linking WSI 
Patterns with Omics
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Dawood, Muhammad, Mark Eastwood, Mostafa Jahanifar, Lawrence Young, Asa Ben-Hur, Kim Branson, Louise Jones, Nasir Rajpoot, 
ŀƴŘ CŀȅȅŀȊ ǳƭ !ƳƛǊ !ŦǎŀǊ aƛƴƘŀǎΦ άCross-Linking Breast Tumor Transcriptomic States and Tissue Histology.έ Cell Reports Medicine 
4, no. 12 (December 19, 2023). https://doi.org/10.1016/j.xcrm.2023.101313.

Given: Expression state of thousands of genes across patients
Problem: Very high dimensionality of gene expression data
Goal: 
We want to discover a small number of coherent, shared 
expression programs across patients
Algorithm: Correlation Explanation ÍÉÎ
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Intuition: άCƛƴŘ ƳŜ ƭŀǘŜƴǘ ŦŀŎǘƻǊǎ όƎŜƴŜ ƎǊƻǳǇǎύ ǿƘƛŎƘ ŜȄǇƭŀƛƴ 
ŀǿŀȅ ǘƘŜ ŘŜǇŜƴŘŜƴŎŜ ŀŎǊƻǎǎ ƎŜƴŜǎέ

Ὑ ᴼ πȟρ ȟὫḺὈ

Patients

A data-driven, information-ǘƘŜƻǊŜǘƛŎ ƎŜƴŜ ƳƻŘǳƭŜ ǿƘƻǎŜ άhbκhCCέ ǾŀƭǳŜǎ ǊŜǇǊŜǎŜƴǘ 
the presence/absence of a shared transcriptional programme across patients.

https://doi.org/10.1016/j.xcrm.2023.101313
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https://tiademos.dcs.warwick.ac.uk/bokeh_app?demo=HiGGsXplore 

ML Guided Spatial Gene Expression Profiling from bulk transcriptomic data using WSIs
Lesson: Finding latent factors of data can be very beneficial! 

Dawood, Muhammad, Mark Eastwood, Mostafa Jahanifar, Lawrence Young, Asa Ben-Hur, Kim Branson, Louise Jones, Nasir Rajpoot, 
ŀƴŘ CŀȅȅŀȊ ǳƭ !ƳƛǊ !ŦǎŀǊ aƛƴƘŀǎΦ άCross-Linking Breast Tumor Transcriptomic States and Tissue Histology.έ Cell Reports Medicine 
4, no. 12 (December 19, 2023). https://doi.org/10.1016/j.xcrm.2023.101313.

https://tiademos.dcs.warwick.ac.uk/bokeh_app?demo=HiGGsXplore

