
Machine Learning for Cancer Diagnostics, 
Prognostics and Prediction

Fayyaz Minhas

Associate Professor, Department of Computer Science

Deputy Director, Tissue Image Analytics Centre

Warwick Cancer Research Centre

University of Warwick

PathLAKEand PathLAKE+



AI and ML to help discover and understand biology and pathology
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ÅAI for Biology ÅAI for Pathology & Diagnostics
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Liquid Chromatography 
Tandem Mass 
Spectrometry 
(LC-MS/MS)

Compounds and 
their 

concentrations

RAMClust: Spectral-matching-based annotation for 
metabolomics data

Prediction of Protein Interfaces, Drug-Protein Interactions and Protein 
Function (Anti-CRISPR proteins, Anti-Microbial & Hemolytic peptides, 

Amyloid & Prion activity, Phage antibacterial proteins)
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Paintings by two different painters
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And this?

learning from data for generalization to unseen cases

inductive inference



Workflow: Conventional Histopathology
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Workflow: Digital Pathology
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Å Flexible working
Å Good concordance with slide based 

clinical decision making based on 
equivalence studies

Å However: digitization of glass slides 
alone does not resolve the pressures 
of an increasing workload on a 
diminishing workforce of pathologists

Example equivalence studies: Snead, David R. J., Yee-Wah Tsang, Aisha MeskiriΣ tŜǘŜǊ YΦ YƛƳŀƴƛΣ wƛŎƘŀǊŘ /ǊƻǎǎƳŀƴΣ bŀǎƛǊ aΦ wŀƧǇƻƻǘΣ 9ƭŀƛƴŜ .ƭŜǎǎƛƴƎΣ Ŝǘ ŀƭΦ ά±ŀƭƛŘŀǘƛƻƴ ƻŦ 5ƛƎƛǘŀƭ 
tŀǘƘƻƭƻƎȅ LƳŀƎƛƴƎ ŦƻǊ tǊƛƳŀǊȅ IƛǎǘƻǇŀǘƘƻƭƻƎƛŎŀƭ 5ƛŀƎƴƻǎƛǎΦέ Histopathology 68, no. 7 (June 2016): 1063ς72. https://doi.org/10.1111/his.12879.
IŀƴƴŀΣ aŀǘǘƘŜǿ DΦΣ ±ƛŎǘƻǊ 9Φ wŜǳǘŜǊΣ aŜŜǊŀ wΦ IŀƳŜŜŘΣ [ŜŜ YΦ ¢ŀƴΣ {ŀǊŀƘ /ƘƛŀƴƎΣ /ŀǊƭƛŜ {ƛƎŜƭΣ ¢ǊŀǾƛǎ IƻƭƭƳŀƴƴΣ Ŝǘ ŀƭΦ ά²ƘƻƭŜ Slide Imaging Equivalency and Efficiency Study: 
Experience at a Large Academic CenterΦέ aƻŘŜǊƴ tŀǘƘƻƭƻƎȅ онΣ ƴƻΦ т όWǳƭȅ нлмфύΥ фмсς28. https://doi.org/10.1038/s41379-019-0205-0. 

https://doi.org/10.1111/his.12879
https://doi.org/10.1038/s41379-019-0205-0


Workflow: 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.

https://info.paige.ai/prostate 

https://info.paige.ai/prostate
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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.

OMICS 
Preparation

OMICS 
Profiling

Molecular Status (MSI, CIN etc)
Mutations
Gene Expression

IHC

NGS/RNA-Seq Spatial Tx
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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.



Why is applying AI to pathology a good 
idea?

12What percentage of cells in this sample are fat cells?



How does ML work?
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Wenqi Lu, Islam M Miligy, Fayyaz Minhas, Young Saeng Park, David R J Snead, Emad A Rakha, Clare VerrillΣ bŀǎƛǊ wŀƧǇƻƻǘ ά[Ŝǎǎƻƴǎ ŦǊƻƳ ŀ .ǊŜŀǎǘ /Ŝƭƭ !ƴƴƻǘŀǘƛƻƴ 
/ƻƳǇŜǘƛǘƛƻƴ {ŜǊƛŜǎ ŦƻǊ {ŎƘƻƻƭ tǳǇƛƭǎΦέ {ŎƛŜƴǘƛŦƛŎ wŜǇƻǊǘǎΣ нлннΦ https://ora.ox.ac.uk/objects/uuid:9e34d4e6-c677-4380-9403-759808b349aa. 
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Wenqi Lu, Islam M Miligy, Fayyaz Minhas, Young Saeng Park, David R J Snead, Emad A Rakha, Clare VerrillΣ bŀǎƛǊ wŀƧǇƻƻǘ ά[Ŝǎǎƻƴǎ ŦǊƻƳ ŀ .ǊŜŀǎǘ /Ŝƭƭ !ƴƴƻǘŀǘƛƻƴ 
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https://ora.ox.ac.uk/objects/uuid:9e34d4e6-c677-4380-9403-759808b349aa
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f(x) = x1+x2+8 = 0 f(x) = -1.5x1+x2-12 = 0

f(x) = w1x1+w2x2+b = 0

Goal is to be able to generalize to unseen data
With Deep Learning ς ǿŜ ŘƻƴΩǘ ŜǾŜƴ ƴŜŜŘ ǘƻ ŘŜŦƛƴŜ ŦŜŀǘǳǊŜǎΗ



Deep Learning: From Philosophy to AGI University of Warwick

Exercise
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Deep Learning: From Philosophy to AGI University of Warwick

Exercise

17



Deep Learning: From Philosophy to AGI University of Warwick

Exercise
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Deep Learning: From Philosophy to AGI University of Warwick

Doing it interactively
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https://foxtrotmike.github.io/CS909/AND-NEURON.html 

https://foxtrotmike.github.io/CS909/AND-NEURON.html


Deep Learning: From Philosophy to AGI University of Warwick

But what if we have a linearly inseparable problem?

20



Deep Learning: From Philosophy to AGI University of Warwick

Machine learning and deep learning involve discovering 
meaningful representations of input data and then using 
these representations to partition data for various tasks

21



Why is applying ML to pathology a good 
idea? Business Need

ÅPathologist Recruitment 

ÅAging workforce

ÅSubjectivity

ÅTime & Effort in 
Quantification

22

άΧ  ǿƻǊƪŦƻǊŎŜ ŎŜƴǎǳǎ ŦǊƻƳ ǘƘŜ wƻȅŀƭ /ƻƭƭŜƎŜ ƻŦ 
Pathologists showed that a quarter of all 
histopathologists are over 55, most of whom are 
expected to retire by 2023. Furthermore, an all-time low 
number of trainee doctors are choosing to specialize in 
pathology with only 3 percent of NHS histopathology 
departments having enough staff to meet clinical 
ŘŜƳŀƴŘΦέ

https://thepathologist.com/inside-the-lab/beyond-digital 

https://thepathologist.com/inside-the-lab/beyond-digital


Why is applying ML to pathology a 
good idea?
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Given training data, 
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



A case study
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The problem

ÅColorectal Cancer
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https://www.gov.uk/government/publications/health-matters-preventing-bowel-
cancer/health-matters-improving-the-prevention-and-detection-of-bowel-cancer



Bowel Cancer Screening

ÅIn England, screening is offered every 2 
years for men and women aged 60 to 74 (or 
above on request)
ÅgFOBt test (replaced by Faecal 

Immunochemical Test (FIT)
ÅFollowed by Colonoscopy
ÅPathology Examination 
ÅEndoscopic biopsies from the large bowel 

account for 8% of the requests in NHS cellular 
pathology laboratories. 
ÅOf these samples, approximately 40% are 

reported as normal

26



PathLAKE CoBI Project

ÅWIBGI
Å²Ŝ ŎƻǳƭŘ άǎŎǊŜŜƴ ƻǳǘέ ƻǊ άǊǳƭŜ ƻǳǘέ 

abnormalities using AI based 
computational pathology 
algorithms using whole slide images 
as input

ÅWhat do we need for this?
ÅTraining and validation data with 

labels
ÅDevelop algorithms

27

Special thanks to all the funders, researchers and collaborators for support and 
involvement in the work presented on these slides

Commercialization

Petascale Data 

Management

Education and Training

AI Algorithm 

Development

Clinical & Pharmaceutical 

Applications



Data
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UHCW used as primary development set colorectal (colonoscopy) biopsies were audited 
over a 5-year period from 2012 to 2017, reviewed by 13 pathologists with diagnostic 
consensus 

Training & Validation External Test

External TestExternal Test
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Graham, Simon, Quoc Dang Vu, Mostafa JahanifarΣ {Ƙŀƴ 9Φ !ƘƳŜŘ wŀȊŀΣ CŀȅȅŀȊ aƛƴƘŀǎΣ 5ŀǾƛŘ {ƴŜŀŘΣ ŀƴŘ bŀǎƛǊ wŀƧǇƻƻǘΦ άhƴŜ aƻŘŜƭ Lǎ !ƭƭ ¸ƻǳ bŜŜŘΥ aǳƭǘƛ-Task Learning Enables SimǳƭǘŀƴŜƻǳǎ IƛǎǘƻƭƻƎȅ LƳŀƎŜ {ŜƎƳŜƴǘŀǘƛƻƴ ŀƴŘ /ƭŀǎǎƛŦƛŎŀǘƛƻƴΦέ aŜŘƛŎŀƭ LƳŀƎŜ !ƴŀƭȅǎƛǎΣ 
November 11, 2022, 102685. https://doi.org/10.1016/j.media.2022.102685. 
Pocock, Johnathan, Simon Graham, Quoc Dang Vu, Mostafa Jahanifar, Srijay Deshpande, Giorgos HadjigeorghiouΣ !ŘŀƳ {ƘŜǇƘŀǊŘΣ Ŝǘ ŀƭΦ άTIAToolbox as an End-to-9ƴŘ [ƛōǊŀǊȅ ŦƻǊ !ŘǾŀƴŎŜŘ ¢ƛǎǎǳŜ LƳŀƎŜ !ƴŀƭȅǘƛŎǎΦέ /ƻƳƳǳƴƛŎŀǘƛƻƴǎ aŜŘƛŎƛƴŜ нΣ ƴƻΦ м ό{ŜǇǘŜƳōŜǊ нпΣ 
2022): 1ς14. https://doi.org/10.1038/s43856-022-00186-5.
Lu, Wenqi, Michael Toss, Emad RakhaΣ bŀǎƛǊ wŀƧǇƻƻǘΣ ŀƴŘ CŀȅȅŀȊ aƛƴƘŀǎΦ άSlideGraphҌΥ ²ƘƻƭŜ {ƭƛŘŜ LƳŀƎŜ [ŜǾŜƭ DǊŀǇƘǎ ǘƻ tǊŜŘƛŎǘ I9wн{ǘŀǘǳǎ ƛƴ .ǊŜŀǎǘ /ŀƴŎŜǊΦέ !Ǌ·ƛǾΥнммлΦлслпн ώ/ǎϐΣ hŎǘƻōŜǊ мнΣ нлнмΦ http://arxiv.org/abs/2110.06042. 
Bilal, Mohsin, Shan E. Ahmed Raza, Ayesha Azam, Simon Graham, Mohammad Ilyas, Ian A. Cree, David Snead, Fayyaz Minhas, and Nasir aΦ wŀƧǇƻƻǘΦ ά5ŜǾŜƭƻǇƳŜƴǘ ŀƴŘ ±ŀƭƛŘŀǘƛƻƴ ƻŦ ŀ ²Ŝŀƪƭȅ {ǳǇŜǊǾƛǎŜŘ 5ŜŜǇ [ŜŀǊƴƛƴƎ CǊŀƳŜǿƻǊƪ ǘƻ tǊŜŘƛŎǘ ǘƘŜ {ǘŀǘǳǎ ƻŦ aƻƭŜŎǳƭŀǊ 
tŀǘƘǿŀȅǎ ŀƴŘ YŜȅ aǳǘŀǘƛƻƴǎ ƛƴ /ƻƭƻǊŜŎǘŀƭ /ŀƴŎŜǊ ŦǊƻƳ wƻǳǘƛƴŜ IƛǎǘƻƭƻƎȅ LƳŀƎŜǎΥ ! wŜǘǊƻǎǇŜŎǘƛǾŜ {ǘǳŘȅΦέ The Lancet Digital Health 3, no. 12 (December 1, 2021): e763ς72. https://doi.org/10.1016/S2589-7500(21)00180-1.

Two Flavours of CPath
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Å Feature Mining
Å Segmenting histological structures
Å Detecting nuclei and Classifying cells
ÅGetting annotations (nuclear, regional)

Pros and Cons (for Top-Down Style)
Lesser annotations needed
Multi -modality integration

Versatility of scientific questions

Large(r) amount of WSIs
Poor interpretability & explainability

Robustness
Impact of confounders
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IDARS: MSI vs MSSSlideGraph++: HER2/ER/PR Status:

http://arxiv.org/abs/2110.06042
https://doi.org/10.1016/S2589-7500(21)00180-1


Pre-processing and Image QC

ÅStain variation normalization

ÅImage quality control
ÅBlur detection

ÅLoss of cover slip

ÅTissue folding

ÅPen Marking

30
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Janowczyk, Andrew, Ren Zuo, Hannah Gilmore, Michael Feldman, and Anant MadabhushiΦ άHistoQC: An Open-
{ƻǳǊŎŜ vǳŀƭƛǘȅ /ƻƴǘǊƻƭ ¢ƻƻƭ ŦƻǊ 5ƛƎƛǘŀƭ tŀǘƘƻƭƻƎȅ {ƭƛŘŜǎΦέ JCO Clinical Cancer Informatics 3 (April 16, 2019). 
https://doi.org/10.1200/CCI.18.00157.

https://doi.org/10.1200/CCI.18.00157


Semantic Annotation Guidelines
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Wahab, Noorul, Islam M Miligy, Katherine Dodd, Harvir Sahota, Michael Toss, Wenqi Lu, Mostafa Jahanifar, 
Ŝǘ ŀƭΦ ά{ŜƳŀƴǘƛŎ !ƴƴƻǘŀǘƛƻƴ ŦƻǊ /ƻƳǇǳǘŀǘƛƻƴŀƭ tŀǘƘƻƭƻƎȅΥ aǳƭǘƛŘƛǎŎƛǇƭƛƴŀǊȅ 9ȄǇŜǊƛŜƴŎŜ ŀƴŘ .Ŝǎǘ tǊŀŎǘƛŎŜ 
wŜŎƻƳƳŜƴŘŀǘƛƻƴǎΦέ The Journal of Pathology: Clinical Research. https://doi.org/10.1002/cjp2.256.

https://doi.org/10.1002/cjp2.256

