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Diagnostic Image Analysis Group
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The Diagnostic Image Analysis Group is part of the
Departments of Imaging, Pathology, Ophthalmology, and
Radiation Oncology of Radboud University Medical Center.
We develop computer algorithms to interpret and process

Faculty

medical images.
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News

Tue 0 February 2022
Jeroen van der Laak appointed professor of
Computational Pathology

From February 1, 2022, Jeroen van der Laak was appointed full professor of computational Assistant Professo ead Research
Pathology at the Radboud UMC. Read more — Software Engineer

Ajay Pate

Matthieu Rutten

Scientific staff

Fri 28 January 2022
PhD defense Wouter Bulten
Wouter Bulten succestully defended his PhD thesis titled 'Artificial intelligence as a digital fellow in

pathology: human-machine synergy for improved prostate cancer diagnosis.' on the 28th of January.
Read more

John-Melle

Dyt Results of the PANDA challenge published in Nature
1010 129 A % Medicine

After two years of hard work. the fina! results of PANDA Challenge on Al for prostate cancer grading
are published! Read more

10616

Marina D'Amato Dooper Leander van




Al learns from data

ALL SYSTEMS 9‘0
AlphaFold: a solution to a 50-year-old
grand challenge in biology

In a major scientific advance, the latest version of our Al system AlphaFold has been
recognised as a solution to the...

I i

30 NOV 2020 —

thispersondoesnotexist.com
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Al for image classification
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From: https://medium.com/swih/teaching-computerto-distinguishdogsand-cats576062a03628 Radboudumc



Al for digital pathology
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Adapted from: https://medium.com/swlh/teaching-computerto-distinguishdogsand-cats576b62a03628 Radb oud umc



Computational Pathology Landscape
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The promise of Al in histopathology / oncology

Improve diagnostics workflow Support treatment planning

A Automate (some) tasks A Biomarker quantification
A Reduce subijectivity A Biomarker discovery

A Ensure reproducibility

A Quality control

Radboudumc



The promise of Al in histopathology / oncology

Improve diagnostics workflow

A Automate (some) tasks
A Reduce subjectivity

A Ensure reproducibility
A Quality control
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Prognosis

Al-assisted mitotic count

Glandular/Tubular Differentiation:
>75% of tumor forms glands

Nuclear Pleomorphism:
Uniform cells with small nuclei
similar in size to normal breast
epithelial cells

Mitotic Count:
<7 mitoses per 10 high power
fields

Grade 2

Glandular/Tubular Differentiation:
10% to 75% of tumor forms glands

Nuclear Pleomorphism:

Cells larger than normal with open
vesicular nuclei, visible nucleoli,
and moderate variability in size and
shape

Mitotic Count:
8-15 mitoses per 10 high power
fields

Source: https://pathology.jhu.edu/breast/stagirgrade/

Glandular/Tubular Differentiation:
<10% of tumor forms glands

Cells with vesicular nuclei,
prominent nucleoli, marked
variation in size and shape

> 16 mitoses per 10 high power

MITOSIS

A Part of breast cancer grading

A Modestinter-observer agreement
A Disagreemenbn hot-spot

A Disagreemenbn mitoses

A Srong prognostic value

Radboudumc



Al-assisted mitotic count

D. Tellez et al., IEEE TMI, 2018 Radboudumc



Al-assisted mitotic count

Overlay colors:

B Mitosis density Radboudumc



Al-assisted mitotic count

HOT SPOT

Overlay colors:

B Mitosis density Radboudumc



Al-assisted mitotic count reduces variabllity
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0.609

0.654

0.794

Overlay colors:
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[ Tl Mitosis density

M. Balkenhokt al., Lab. Invest., 2019 Radboudumc



Al-based mitotic count has prognostic value

Recurrence free survival
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C.Mercan M. Balkenhokt al. [in preparation] Radboudumc



Al-based mitosis detection in lung histology

Radboudumc



Al-based Artifact Detection

Tissue fold

G. Smit et al., MIDL 2021 Radboudumc



Artifact detection In routine diagnostics

Artifact
Detection
Yes Pathi)rloglst
' ComputerAided
Diagnosis

No

A

Technician <
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The promise of Al in histopathology / oncology

Support treatment planning

A Automate (some) tasks A Biomarker quantification
A Reduce subjectivity A Biomarker discovery

A Ensure reproducibility

A Quality control

Radboudumc



Pretreatment tissue biopsy

Radboudumc



[@ Neoadjuvant Chemotherapy
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[@ Neoadjuvant Chemotherapy
i

'n' responder Overtreatment with a noneffective drug

nnnnnn ponder Surgery delayed with no benefits




Al-driven Precision Treatment

i

» lreatment
Response
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Prediction ofpCRfrom breast cancer biopsies

@ Segmentation

TRERY

Tumor Stroma Lymphocytes Necrosis "=t Rest

@ Biomarker L

LTR: Lymphocytes
Lymphocytes + Tumor

cTiLs: computational tumor
infiltrating lymphocytes score

.« |TR: Tumor within 80um of Lymphocytes :
Tumor :
Mitoses
Tumor

logreg(ITR+ MTR)

Method

HEstained biopsies

Automatic tissue segmentation
Automatic mitosis detection
Biomarker extraction
Multicentric development data

Final test on external data

W. Aswolinskiyet al., [in preparation]

Radboudumc



Prediction ofpCRfrom breast cancer biopsies

Triplenegative

ROC NKI TNBC test set
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W. Aswolinskiyet al., [in preparation]
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Immunotherapy in NSCLC




Immunotherapy in NSCLC
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PDL1 staining umorProportion Score (TBS

@ PD-L1 negative tumor cell © PD-L1 negative immune cell

@ PD-L1 positive tumor cell @ PD-L1 positive immune cell

No. PD-L1 positive tumor cells
Total No. of viable tumor cells

TPS = x 100

No. PD-L1 positive cells (tumor cells,
CPS = lymphocytes, macrophages) X 100

Total No. of viable tumor cells

From E. de Ruiter et al., Modern Pathology, 2020

Radboudumc



The good of PEL1

A Some predictive value
A Good agreement when 50% threshold is used fotTPS

Tumor proportion score correlation
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[1] S. Chang et al., J. Path. Transl. Med., 2019
[2] L. varEekeleret al. [in preparation] Radboudumc



The good of PEL1

A Some predictive value
A Good agreement when 50% threshold is used fotTPS
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The limitations of PEL1

A Results depend on antibodies (22C3, SP263, E1L3N, etc.) and laboratory
procedure

A Low agreement when using the 1% threshold of TPS
A Poor agreement when assessing immune cells

A Limited predictive value

Radboudumc



Beyond PLEL1 (alone)

A Focus orspatial analysi®f multiple types of markers, including RID

Al for spatial analysis

A Detect cells

A Classify cells

A Learn from spatial distribution

A We need to train algorithms!

Radboudumc



Inter-observer agreement on PD1 spatial analysis

N=12 NSCLC cases

3-5 regions of interest per slide

3 pathologists

Manual annotations of cells:

A PDL1+ tumor and immune cells
A PDLZI tumor cells

A Other cells

[2] L. varEekeleret al. [in preparation] Radboudumc



Inter-observer agreement on PD1 spatial analysis

Overall agreement: ~0.G-1score at cell detection level)

Examples of cases wikligh agreement:

PDL1+ tumor

PDL1- tumor

PDL1+ immune

Other cells

Highest agreement, F1 score: 0.73 Highest agreement, F1 score: 0.87

[2] L. varEekeleret al. [in preparation] Radboudumc



Inter-observer agreement on PD1 spatial analysis

Overall agreement: ~0.G-1score at cell detection level)

Examples of cases wilbw agreement:

.\.'" Y e ’_“ -." v

PDL1+ tumor

PDL1- tumor

PDL1+ immune

Other cells

Lowest agreement, F1 score: 0.0 Lowest agreement, F1 score: 0.07

[2] L. varEekeleret al. [in preparation] Radboudumc



Initial results on aitomated PD-L1 quantification
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Collaborative reader study

GOAL
A Extend current study
A More cases
A More antibodies
A Beyond TPS
A Comparison with Al algorithm
A Base for future validation studies

Interested Iin joining?

Contact me!
(francesco.ciompi@radboudumc.nl)

3
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Beyond TP3he tumor microenvironment

Cancer types
Mast coca
— BRCA —!
—— GACA —
. HECA —
— PACA
L LUCA —
L MELA _!
* OVCA _|

PMN

DC

NK

Prognostic association

. Bad . None . Good

Number of patients

()OO0

25001 1,001- 501- 101- <100
5,000 1,000 500

D. Bruni et al., Nature Review<ancer, 2020 Radboudumc



Tertiary Lymphoid Structures (TLS)

Cancer
Research

Tumor Biology and Immunology

Germinal Centers Determine the Prognostic
Relevance of Tertiary Lymphoid Structures and
Are Impaired by Corticosteroids in Lung S
Squamous Cell Carcinoma

Karina Silipa', Alex Soltermann?, Farkhondeh Movahedian Attar', Ruben Casanova®,
Zina M. Uckeley', Helen Thut', Muriel Wandres', Sergejs Isajevs™, Phil Cheng®,
Alessandra Curioni-Fontecedro®, Periklis Foukas™®, Mitchell P. Levesque®, Holger Moch?,
Aija Line®, and Maries van den Broek'

Review > Nat Rev Cancer. 2019 Jun;19(6):307-325. doi: 10.1038/541568-019-0144-6.

Tertiary lymphoid structures in the era of cancer
immunotherapy

Catherine Sautés-Fridman 1, Florent Petitprez 2 3, Julien Calderaro 2 4 5, Wolf Herman Fridman 2

Affiliations + expand
PMID: 31092904 DOI: 10.1038/s41568-019-0144-6

Free article

Article | Published: 15 January 2020
Tertiary lymphoid structures improve
immunotherapy and survival in melanoma

Rita Cabrita, Martin Lauss, Adriana Sanna, Marco Donia, Mathilde Skaarup Larsen, Shamik Mitra, Iva

Johansson, Bengt Phung, Katja Harbst, Johan Vallon-Christersson, Alison van Schoiack, Kristina Lévgren,

Sarah Warren, Karin Jirstrom, Hakan Olsson, Kristian Pietras, Christian Ingvar, Karolin Isaksson, Dirk

Schadendorf, Henrik Schmidt, Lars Bastholt, Ana Carneiro, Jennifer A. Wargo, Inge Marie Svane & Géran
Jonsson &

Nature 577, 561-565 (2020) | Cite this article
46k Accesses ‘ 329 Citations | 415 Altmetric ‘ Metrics

nature cancer

Explore content ¥ About the journal ¥ Publish with us v

nature *> nature cancer ? brief communications ? article

Brief Communication ‘ Published: 12 August 2021

Mature tertiary lymphoid structures predict immune
checkpointinhibitor efficacy in solid tumors
independently of PD-L1 expression

Radboudumc



Al-based TLSGCdetection

MANUAL TLS

AUTOMATIC TL

J7

MANUAL GC

AUTOMATIC GC

M. VanRijthovenet al.[in preparation]
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Prognostic value of TLS in NSCLC
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Tumorinfiltrating lymphocytes ([IL3

g Annals of Oncology 26: 259-271, 2015 ~ w7 ~ W
reV|eWS dok:10.109&/annonc/mdu4s0 REVIEW
Tublaried o) Shelmnou 2014 IMMUNOLOGICAL LANDSCAPE IN SOLID TUMOURS
AND ITS IMPLICATIONS IN RESPONSE TO IMMUNOTHERAPY

The evaluation of tumor-infiltrating lymphocytes (TILs)

in breast cancer: recommendations by an International Immunoscore and its introduction in clinical practice

TILs Working Group 2014

R. Salgado' 2, C. Denkert3.", S. Demaria*.!, N. Sirtaine®, F. Klauschen?, G. Pruneri®, S. Wienert3, Jerdme GALON 1.2 %, Anastasia LANZI' 1,2

G. Van den Eynden’, F. L. Baehner®?, F. Penault-Llorca'®, E. A. Perez'', E. A. Thompson'2, Fatoratnryrobiaterativesti ; ey ik s Gontre e St St Tkt 6 Eoiomt

4 4, A 4 3ak 7 3 i Laboratory of Integrative Cancer Immunology, Equipe Labellisée Ligue Contre le Cancer, French National Institute of Health an

W.F. Syv:;mans'3. A LéOR'Chafdi?“' 154, ngck‘\"’ 8,C. 02”330"6"0‘ H. %aneyﬂ, M. |9"at'ad2|55‘8- Medical Research (INSERM), Sorbonne University, Paris, France; 2Cordeliers Research Center, Paris, France
4 : k Mo el

G. Fk?"s J- Spgrano ,Z. Kos?!, T. Nielsen??, D. L. lem' » K. H. Allison "J;S' Reis 'F“'h? ' *Corresponding author: Jérome Galon, Laboratory of Integrative Cancer Immunology. Equipe Labellisée Ligue Contre le Cancer, French National Institute
i i i 3 ] R ! ; of Health and Medical Research (INSERM), Sorbonne University, 75006 Paris, France. E-mail: jerome. galon(@erc jussieu.fr

S. Loibl8, C. Sotiriou'®, G. Viale?’, S. Badve?®, S. Adams*.", K. Willard-Gallo?®." & S. Loi®® f Health and Medical Research (INSERM), Sorbonne University, 75006 Paris, France. E-mail lona f
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0-10% stromal TILs 0% stromal TILs

For
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different areas e
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A Potential tumor-agnostic marker for ICI therapy
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[1] J. Shen et al., ASCO 2021 Radboudumc
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Z Swiderskeet al., Medical Image Analysis, 2019
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