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Data and code on github.com/markowetzlab
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How to detect
oesophageal cancer early?
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Barrett Oesophagus is a precursor to cancer

Non-dysplastic
Barrett’s

HGD Intramucosal Advanced
cancer Cancer
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Progression
rate %/year

Desai Gut 2011, Hvid-Jensen NEJM, 2011, Duits, Gut 2014, Bhat, JNCI 2011

5-year
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Oesophageal diseases often
remain undiagnosed

investigate heartburn
is a barrier for patients and
healthcare provider
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Cytosponge procedure
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Deep learning models

Benchmarking of different approaches

Automated diagnosis
vs. pathologist
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True Positive Rate

VGG-16 - AUC: 0.98 (Cl: 0.96-0.99)
SqueezeNet - AUC: 0.97 (CI: 0.94-0.99)
ResNet-18 - AUC: 0.97 (Cl: 0.94-0.99)
Inception v3 - AUC: 0.99 (CI: 0.97-0.99)
Densenet - AUC: 0.98 (CI: 0.95-1.00)
AlexNet - AUC: 0.97 (CI: 0.93-0.99)

0.2 0.4 0.6 0.8
False Positive Rate

1.0

True Positive Rate

Automated diagnosis
vs. endoscopy

Pathologist

VGG-16 - AUC: 0.83 (Cl: 0.77-0.88)
SqueezeNet - AUC: 0.80 (Cl: 0.74-0.86)
ResNet-18 - AUC: 0.83 (Cl: 0.78-0.89)
Inception v3 - AUC: 0.83 (ClI: 0.77-0.89)
Densenet - AUC: 0.82 (CI: 0.77-0.87)
AlexNet - AUC: 0.80 (Cl: 0.75-0.86)

0.4 0.6 0.8
False Positive Rate

1.C



Triage-driven diagnosis

o Stratify patient samples into confidence-based groups:

Easy cases: Difficult cases:
automated review manual review
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Automation approaches

Full automation

Deep learning
classifier

Quality control :‘i::'. % :’ » Diagnosis

Fully automated
classification
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Semi-automation
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What is the extent, diversity and origin of
chromosomal instability pan-cancer?

Dr. Ruben Drews

A pan-cancer compendium of
chromosomal instability
R. Drews et al
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Absolute copy number

Example:
117 high-grade serous ovarian cancers
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Chromosomal instability (CIN)

Chromosomes
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Genomic chaos

Pervasive TP53 mutations
Few recurrent changes

no clinical stratifier beyond
germline BRCA1/2
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1/ copy
number

signatures

Each signature is
a characteristic
genomic pattern
= set of features
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Link signatures to putative causes

c) Example three star rating for CX3

Mutated
genes

+ 30

Pattern of
change

BRCA1, BRCA2 Impaired homologous
recombination

PIK3R2, MYC1 Replication stress

PPP2R1A, MAPK1

TP53 Impaired DNA damage
sensing

ERCC2 Impaired nucleotide

excision repair (NER)

Segment size is indicative of large-scale state transitions, a
genomic hallmark of HRD (Popova et al., 2012).

One copy change hints to both loss-of-heterozygosity events
and tandem duplications.

Orthogonal
data

+ 9%

Tandem duplication classes Hallmarks of homologous
1,1/2, 2 recombination deficiency
(HRD)

SV signatures 1, 3, 5

SBS signature 3

ID signature 6

Ovarian CNA signatures 3, 7
Loss-of-heterozygosity
Seven other HRD metrics

Improvement in PFl and OS Platinum-sensitivity
for ovarian cancer patients

Drews et al 2022
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I
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Case study: Predicting platinum-sensitivity

Increasing complexity _
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CX2 activity of germline BRCA1 samples
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CX3 activity of germline BRCA1 samples

CX5
IHR

+ Replication stress

CX3

IHR

+ Replication stress
+ Impaired NER

+ Impaired DNA

damage sensing
d) Median survival [days] Hazard ratio
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