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AI and ML to help discover and understand biology and 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 
Medeiros da Silva, Carlos Gil Ferreira, and Emilio Marcelo Pereira. “Independent Validation of Paige Prostate: Assessing Clinical Benefit of an Artificial Intelligence Tool within a Digital 
Diagnostic Pathology Laboratory Workflow.” Journal of Clinical Oncology 38, no. 15_suppl (May 20, 2020): e14076–e14076. https://doi.org/10.1200/JCO.2020.38.15_suppl.e14076.
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Colonic Biopsy Screening (CoBI)
Is this colorectal tissue sample:

• Normal?
• Abnormal?
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Graham, Simon, Quoc Dang Vu, Mostafa Jahanifar, Shan E. Ahmed Raza, Fayyaz Minhas, David Snead, 
and Nasir Rajpoot. “One Model Is All You Need: Multi-Task Learning Enables Simultaneous Histology 
Image Segmentation and Classification.” Medical Image Analysis, November 11, 2022, 102685. 
https://doi.org/10.1016/j.media.2022.102685. 
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Graham, Simon, Fayyaz Minhas, … Nasir Rajpoot “Screening 
of Normal Endoscopic Large Bowel Biopsies with 
Interpretable Graph Learning: A Retrospective Study.” 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


Predicting Spatial Transcriptomic 
Profiles from Imaging?

7

He, Bryan, Ludvig Bergenstråhle, Linnea Stenbeck, Abubakar Abid, Alma Andersson, Åke Borg, Jonas Maaskola, Joakim Lundeberg, and James Zou. 
“Integrating Spatial Gene Expression and Breast Tumour Morphology via Deep Learning.” Nature Biomedical Engineering 4, no. 8 (August 2020): 827–34. 
https://doi.org/10.1038/s41551-020-0578-x.

Figures from He et al. 2020.
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https://doi.org/10.1038/s41551-020-0578-x


• Critical Questions
• Can color variations in whole slide 

image patches predict spatial 
expression of genes?

• Do we really need deep neural 
networks for this?

• Answer: All you need is color
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Dawood, Muhammad, Kim Branson, Nasir M. Rajpoot, and Fayyaz Minhas. “All You Need Is Color: Image Based Spatial Gene 
Expression Prediction Using Neural Stain Learning.” In Machine Learning and Principles and Practice of Knowledge Discovery in 
Databases, edited by Michael Kamp, Irena Koprinska, Adrien Bibal, Tassadit Bouadi, Benoît Frénay, Luis Galárraga, José Oramas, et al., 
437–50. Communications in Computer and Information Science. Cham: Springer International Publishing, 2021. 
https://doi.org/10.1007/978-3-030-93733-1_32.

https://doi.org/10.1007/978-3-030-93733-1_32


Can we do spatial-OMICs profiling 
without spatial-OMICs profiling?
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Modality / Features H&E WSIs “Bulk” OMICs Spatial OMICs technologies 

Cost Low ($2) Medium High

Spatial Resolution Very High (subcellular) N/A Medium (spot)-High (cell)

Gene/Protein Expression Measurement Not Direct Measurement Direct Direct

Primary Use-Case Clinical Clinical/Research Research

Available Data Very Large datasets Large datasets Limited

Wouldn’t it be great if we could utilize Bulk sequencing data and machine learning to allow meaningful spatial 
profiling of tissue using just imaging?

AI 
Model 

Training
Trained Model

Making OMICs Spatial at Scale?

WSI

Expression

Expression

WSI



Previous Work : Bulk Transcriptomics
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Biases
1. Association between expression of different 

genes 

2. Phenotypic effects captured by Image-based 
predictor might be associated with the 
expression profile of set of genes not a single 
gene.

3. Disentanglement of phenotypic effects might 
be challenging, and it may be better to predict 
expression of “groups of genes”

patients



Cross-linking cancer transcriptomic 
states with histology imaging
• Can we achieve spatial transcriptomics 

without spatial transcriptomics?

• Solution: 
1. Represent the expression profile of a patient in 

terms of (200) binary gene group statuses
• Capture association in expression of genes

2. Predict these statuses from WSIs
3. Map the WSI level predictions back onto 

tissue regions
• What is the association between consistent patterns 

of gene expression patterns with image patterns
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Dawood, Muhammad, Mark Eastwood, Mostafa Jahanifar, Lawrence Young, Asa Ben-Hur, Kim Branson, Louise Jones, Nasir Rajpoot, 
and Fayyaz ul Amir Afsar Minhas. “Cross-Linking Breast Tumor Transcriptomic States and Tissue Histology.” Cell Reports Medicine 
4, no. 12 (December 19, 2023). https://doi.org/10.1016/j.xcrm.2023.101313.
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https://doi.org/10.1016/j.xcrm.2023.101313


• Breast 
Cancer 
Patient Data 

• Training/ Discovery 
• TCGA (n = 1082)

• Test/Validation Cohorts
• METABRIC (n = 1980)

• ABCTB (n = 178)

• CPTAC (n = 2303)
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Defining binary transcriptomic state

• Model each patient’s transcriptomic profile in 200 binary gene group 
statuses

• Each gene group indicates consistent gene expression patterns across patients for a set 
of genes 

• Purely data driven and shows the association between expression of different genes 
across patients
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Role of Gene Groups
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WSI Based Prediction of Transcriptomic State
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Predicting 
Transcriptomic 

State of 
Patients

Predicting 
Status of Gene 

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

Spatial Gene Group Profiling

https://tiademos.dcs.warwick.ac.uk/bokeh_app?demo=HiGGsXplore
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Differences in Cellular Composition 



Downstream tasks

• Use the embeddings generated by the 
transcriptomic state predictor to predict 
multiple downstream variables
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Dawood, Muhammad, Quoc Dang Vu, Lawrence S. Young, Kim Branson, Louise Jones, Nasir 
Rajpoot, and Fayyaz ul Amir Afsar Minhas. “Cancer Drug Sensitivity Prediction from Routine 
Histology Images.” Npj Precision Oncology 8, no. 1 (January 6, 2024): 1–13. 
https://doi.org/10.1038/s41698-023-00491-9.

WSI graphs to predict 
drug sensitivities

https://doi.org/10.1038/s41698-023-00491-9


Limitations and 
Conclusions

• It is possible to find associations 
between patterns observed in spatial 
OMICs and routine whole slide 
imaging

• Generative approaches hold a lot of 
potential

• We need to consider the effects of 
confounding factors and biases in 
cross-linking histological imaging and 
spatial omics as well as causality

• Cross-linking with methylation, chromatin 
organization and protein expression?
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Cover of “Godel, Escher, 
Bach: An Eternal Golden 
Braid” by Hofstadter. 
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Credits and with permission of Haider Afsar:

“So essentially you’ll present about the bad batch”. 
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Credits and with permission of Haider Afsar: Presentation on “What do cells and the death star have in common?”

“So essentially you’ll present 
about clone wars”. 
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