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Why do we want/need a change?

Population pyramids, EU-27, 2019 and 2050
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ArticlesI A systematic consensus study of 24 international experts reached
78.3% agreement that Al will be routinely and impactfully
integrated into anatomic pathology workflows by 2030, with
Compuatioaal pathology in050:a Defphiistudy forecasting strong consensus on nine categories including KPIs, workforce

the role of Al in pathology within the next decade -

changes.
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Background Artificial intelligence (Al) is rapidly fuelling a fundamental transformation in the practice of pathology.
However, clinical integration remains challenging, with no Al algorithms to date in routine adoption within typical

i hol AP) lab This surv hered current ex rspectives and expectations regarding i ill 1
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020 and February 2021 regarding the anticipated role of in pathology by the year 2030. The study consisted of
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R a Ly e S RV e COMBRISARN) ATURSM CRRT O BRS Rk THcHiog comsomsas. o For the Mode, (%) designates the percentage of panellists who selected that score. Al, artif nge. Item # refers to
Findings Consensus opinlons were reached on 141 of 180 survey tems (78.3%). Experts agreed that Al would be the question # on the survey questionnaire. Likert scale interpretation: Agreement level: 1 = = Neither agree nor
routinely and impactfully used within AP lab y and pathologist clinical workflows by 2030. High consensus was .
reached on 100 items across nine categories encompassing the impact of Al on (1) pathology key performance dlsagree, 5 = Agreel 6 = Strongly agree, 7 = Very Strongly agree.
C t of RED, HT Médica, San Juan de Dios Hospital, Cérdoba, 14011, Spain
C o Pathology and Center for Artifical Intelligence in Mediine & Imaging, Stanford University School of . . . . P .
ek e 08 G e Table 1: Statements on which high directional consensus was reached regardii indicators (KPIs).
veww thelancet com Vol 88 Febevary, 2023 1

Berbis M et al. Computational pathology in 2030: a Delphi study forecasting the role of Al in pathology within the next
decade. eBioMedicine, 2023; 88
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By 2030, the probability of these Al tools being routinely used in pathology labs is ...

Mandatory 2nd reads when the pathologist diagnosis doesn’t match the potential Al diagnosis (within a predefined 97 6 (54.2) 5.79 (0.83) 6.0 (5.0-6.0) Very likely
range/%; e.g., if the Al tool detects potential tumor on a biopsy but the pathologist reads the biopsy as no evidence of

tumor)

Standardization of pathology reports 98 6 (66.7) 5.88 (0.68) 6.0 (6.0-6.0) Very likely
Al-assisted laboratory workflow management, including workload assignments to pathologists, residents, and 59 5 (45.8) 533 (1.31) 5.0 (5.0-6.0) Likely
technicians

Detection of signet ring-cell cancer 80 5 (42.7) 5.29 (1.08) 5.0 (5.0-6.0) Likely

Pre-selection of potentially cancer-positive samples for pathologist’s review, while the bulk of clearly negative samples 63 5 (45.8) 5.13 (1.26) 5.0 (5.0-6.0) Likely
can be automatically processed

Al application ltem # Mode (%) Mean (SD) Median (IQR) Likelihood %
<
Identification of micrometastases 78 7 (50.0) 6.17 (1.09) 6.5 (6.0-7.0) Certain g
Detection of lymph node metastases 79 7 (54.2) 6.33 (0.87 7.0 (6.0-7.0) Certain E
Quantification of IHC or IF stains, such as Ki-67, ER, PgR, PD-L1 85 7 (70.8) 6.67 (0.56) 7.0 (6.0-7.0) Certain g
Quantification of number of mitoses in H&E-stained images 86 7 (50.0) 6.33 (0.76) 6.5 (6.0-7.0) Certain 2
Counting lymphocytes 87 7 (50.0) 6.42 (0.65) 6.5 (6.0-7.0) Certain _g
Automated ordering of IHC for specific applications/assisting with selection of immunohistochemical stains needed 61 6 (45.8) 5.46 (0.93) 6.0 (5.0-6.0) Very likely %
Automated QA/QC of IHC positive and negative controls 62 6 (54.2) 5.75 (0.90) 6.0 (5.0-6.0) Very likely g‘
Proposing specific IHC or other molecular methods to solve a specific diagnostic problem 68 6 (417) 5.17 (134) 5.5 (5.0-6.0) Very likely <—;
Prioritization of cases (such as cases with neoplasia and infectious organisms in immunosuppressed patients) 69 6 (45.8) 5.50 (1.10) 6.0 (5.0-6.0) Very likely G
Quality control of whole-slide images (scanning process), and detection of poor-quality slides (tissue folds, poor 73 6 (66.7) 6.13 (0.68) 6.0 (6.0-6.5) Very likely %
staining) °
ey
Quality improvement of whole-slide images 74 6 (62.5) 6.00 (0.92) 6.0 (6.0-6.5) Very likely o
Pre-selecting regions of interest suspicious for cancer for pathologists to view 76 7 (45.8) 6.29 (0.75) 6.0 (6.0-7.0)  Very likely E
Identification of hotspot areas 77 7 (45.8) 6.25 (0.85) 6.0 (6.0-7.0) Very likely S
[}
Detection of microorganisms (AFB, H. pylori) 81 6 (58.3) 6.17 (0.87) 6.0 (6.0-7.0) Very likely é
Assisting with tumor grading 82 6 (62.5) 6.21 (0.59) 6.0 (6.0-7.0) Very likely e
Quantification of eosinophils in eosinophilic esophagitis 88 6 (54.2) 6.13 (0.68) 6.0 (6.0-7.0) Very likely *?,
Quantitation of features (e.g., fibrosis in various organs, liver steatosis, etc.) 89 6 (62.5) 6.29 (0.55) 6.0 (6.0-7.0) Very likely -g_
Marking of perineural invasion, lymphovascular invasion 90 6 (50.0) 5.79 (0.98) 6.0 (5.0-6.0) Very likely g
Automated measurements (e.g., of tumor areas) 94 6 (54.2) 6.21 (0.66) 6.0 (6.0-7.0) Very likely ©
Ensuring all diagnostically relevant areas on the slide are viewed prior to report finalization 95 6 (50.0) 5.42 (0.83) 6.0 (5.0-6.0) Very likely g
o
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decade. eBioMedicine, 2023; 88

Triaging of cases to the most appropriate pathologist at the earliest possible time 64 5 (41.7) 5.08 (1.41) 5.0 (5.0-6.0) Likely
Providing a set of differential diagnoses on difficult cases 92 5 (45.8) 5.13 (0.90) 5.0 (5.0-6.0) Likely
Proposing specific additional tests for solving a diagnostic problem (e.g., Al algorithm suggesting STAT6 93 6 (37.5) 5.17 (1.24) 5.0 (5.0-6.0) Likely
immunostaining on a spindle cell neoplasm of the pleura)

Import of contextually-related data on a case for quick review by the pathologist during diagnostic slide review 96 5 (58.3) 5.21 (0.72) 5.0 (5.0-6.0) Likely
Pre-populating relevant report details from the medical record/gross description 99 5 (54.2) 5.29 (0.95) 5.0 (5.0-6.0) Likely

Selection of the appropriate synoptic report based on prior pathology findings, including the current case gross report 100 5 (50.0) 5.38 (0.88) 5.0 (5.0-6.0) Likely

@ MEDICAL UNIVERSITY Pre-populating reports based on Al interpretation of images 101 5 (45.8) 5.13 (1.03) 5.0 (5.0-6.0) Likely

OF VIENNA Finding the source of contaminants 102 5 (58.3) 5.17 (0.96) 5.0 (5.0-5.5) Likely
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M) Check for updates

Advances in computational nephropathology
Digital pathology workflow

OPEN . . ist"
g Light microscopy Pathologist's
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Tissue Tissue Digitization and Classification ~ Biomarkers Prognostication Pathology
assessment processing case assembly report
Pathology relies on pathologists’ Editor's Note
and semlquanmative measuves to characterize the
structural and molecular alterations of tissues. Novel The application of artificial intelligence-based ]
analytical methocs snd recent advances In tha analysis to kidney pathologic lesions has Lesion
computational field, particularly in artificial lnlelllgence bis
and deep leaming In pathology, termed made exciting progress, made possible by the detection
pathology, have led to widespread ,pp"mhm and ac_iver_n of scanngd glass slides to create whole o w
advancement in research. Integrating computational slide images, which then can be analyzed both 9 c |
approaches into the digital pathology workflow can for quantitation of features a pathologist might g o quamy‘ Stain Grading and
facilitate the automated, high-throughput analysis of see and exciting new approaches, including el ‘6 | i i i
histopathologic images, thereby improving precision, subvisual features that can enhance under- q',) o translation dlagnos's
reproducibility, and efficiency in pathology diagnostics. standing of tissue injuries. In this addition to g’ - l
We provide a comprehensive overview of the our series on artificial intelligence and machine o o = 71
advancements and applications of computational learning, Hélscher et al. fro?n the Boor labora- E © R.OQIOHS of Gene_St_atus Improved
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new exciting era, where computational methods are N structure and molecular alterations at the microscopic ©
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immunohistochemistry for molecular markers, and, in many
cases, electron microscopy for the evaluation of ultrastruc-
tural changes. Most of these methods are assessed by pa-
thologists visually and qualitatively, still often performed in
an analog manner using microscopes. Semiquantitative his-
topathologic measures are part of almost every kidney biopsy
report. Examples include the Oxford classification of IgA
nephropathy (IgAN), or the Banff lesion scores used in the
classification of kidney allograft pathology.” Albeit providing
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[T Classification

[l Segmentation and pathomics [l Biostatistics [7] Generative Aland NLP  [] Multimodal Al




Alphabet

« Agents « LLM « TCGA

« AP « MCP « Tiling

« CLIP - MIL « Tokens

« CNN - MPP « Transformers
« CPATH « NER « TTS

* Dice « Object Detection « VLM

« FM « RAG « Weak supervision
« ICC-Profiles « Reinforcement learning « Workflows

* loU « Segmentation . ...

- Jaccard « Skills

« k-fold CV « STT
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Method Input Neural Network Result
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Method Input Neural Network Result
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Method Input Neural Network Result
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Method Input Neural Network Result
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Method Input Neural Network Result
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Method Input Neural Network Result
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Method Input Neural Network Result
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What about

here?
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Digital pathology workflow
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Potentially integrating all above mentioned tasks (semi- or fully autonomous workflow)
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M) Check for updates

Al-assisted LC-OCT improved diagnostic accuracy by 20.3
£ JEADV = percentage points (from 72.7% to 93.0%) compared to

traditional methods, effectively bridging a 2-year experience
Al-assisted basal cell carcinoma diagnosis with LC-OCT: gap for dermat0|ogIStS W|th ||m|ted expertlse

A multicentric retrospective study

ORIGINAL ARTICLE

Sébastien Fischman' © | Théo Viel' | Jean-Luc Perrot™ | Javiera Pérez-Anker*® |
Mariano Suppa®**© | Elisa Cinotti”” | Clément Lenoir®® | Carmen Orte Cano® |

Julia Welzel' | Sandra Schuh™ | Elke Christina Sattler" | Véronique del Marmol® |
Pietro Rubegni’ | Martina Dragotto’ | Vittoria Cioppa’® | Francesca Falcinelli’® |
Simone Cappilli'**® | Steven Challe' | ClaraTavernier' | Josep Malvehy™® |

Linda Tognettig | LC-OCT Reviewers Consortium

'Damae Medical, Paris, France

*Department of Dermatology, University Hospital of Saint-Etienne, Saint-Etienne, France

*UMR CNRS 5516 Laboratoire Hubert Curien, Saint-Etienne, France

"Melanoma Unit, Hospital Clinic Barcelona, University of Barcelona, Barcelona, Spain

SCIBER de enfermedades raras, Instituto de Salud Carlos I11, Barcelona, Spain

*Department of Dermatology, Hopital Erasme, HUB, Université Libre de Bruxelles, Brussels, Belgium

“Groupe d'Imagerie Cutanée Non Invasive (GICNI) of the Société Francaise de Dermatologie (SFD), Paris, France
*Department of Dermato-Oncology, Institut Jules Bordet, Université Libre de Bruxelles, Brussels, Belgium
*Dermatology Unit - Department of Medical, Surgical and Neurological Sciences, University of Siena, Siena, Italy
"Department of Dermatology and Allergology, University Hospital, University of Augsburg, Augsburg, Germany
""Department of Dermatology and Allergy, University Hospital, LMU, Munich, Germany

“Dermatologia, Dipartimento di Medicina e Chirurgia Traslazionale, Universita Cattolica del Sacro Cuore, Rome, Italy

BUOC di Dermatologia, Dipartimento di Scienze Mediche e Chirurgiche, Fondazione Policlinico Universitario A. Gemelli - IRCCS, Rome, Italy

Correspondence

Sébastien Fischman, Damae Medical, 14 rue Abstract Diagnosis Correct answers without Al Correct answers with Al Diagnosis Correct answers without Al Correct answers with Al
Sthrau, Pari Background: Basal cell carcinoma (BCC) is the most common skin cancer, requiring Superficial BCC 74,42% 97,67% (+23,25%) Nodular BCC 51,16% 88,37% (+37,21%)

an early diagnosis and accurate margin definition to prevent functional and cosmetic
complications. Traditional methods using clinical and dermoscopic images (C&D)
often rely on biopsies and histology for final validation. Non-invasive techniques like
LC-OCT, enabling ‘digital biopsies’, are promising alternatives, but remain underu-
tilized due to the expertise required. The development of Artificial Intelligence (AI)
algorithms is a promising approach to assist dermatologists in their diagnosis and
support the broader adoption of such technologies.

Objectives: We present a real-time Al assistant for BCC diagnosis with LC-OCT,
which is, to date, the only real-time AT model across all dermatological imaging mo-
dalities. The study aims to quantify the model's effectiveness when used by dermatol-
ogists with different levels of expertise and compare its performance with traditional
methods and unaided LC-OCT.

, France

Email: sebastien@damae-medical.com

Josep Malvehy and Linda Tognetti: co-senior authorship.

The members of LC.

>T Reviewers Consortium are presented in Acknowledgements.

Linked Article: B.-Y. Gao and Y.-T. Lee. ] Eur Acad Dermatol Venereol 2026;40:¢508-¢509. https://doi.org/10.1111/jdv.70276

ded the original work is properly cited, the use is non-commercial and no modifications or adaptations are made
The Author(s). Journal of the European Academy of Dermatology and Venereology published by John Wiley & Sons Ltd on behalf of European Academy of Dermatology
and Venereology.

] Eur Acad Dermatol Venereol. 2026;40:1059-1068. wileyonlinelibrary.com/journal/jdv 1059
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Can we predict metastases from dermatoscopy?
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1.00- 1.00- ns ns
> Br J Dermatol. 2024 Oct 17;191(5):847-848. doi: 10.1093/bjd/ljae281. I ns | | ns | I Insl |
Prediction of melanoma metastasis using 0.95- ns 0.95+ | |
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- Automated image analysis of
pre-histologic imaging can be a
prognostic staging method




@

MEDICAL UNIVERSITY
OF VIENNA

Digital pathology workflow

IHC/IF

Kidney
biopsy

Tissue Tissue
assessment processing

Light microscopy

Electron microscopy

Digitization and

Pathologist's
assessment

case assembly

Lesion
detection

I

Stain
translation

Grading and
diagnosis

Al-assisted
case triage

°
o 2
290
2
2 ©
0.0
gg
Ec
Multimodal
» data fusion
P
O
£ Molecular
'g = omics
zg
©

|

Gene status
prediction

Decision-tree
reports

|

I

Biomarkers Prognostication Pathology

Feature
analysis

report

Report
generation

Speech
recognition

Potentially integrating all above mentioned tasks (semi- or fully autonomous workflow)

Multimodal
agents

ML/DL tasks

[T Classification Segmentation and pathomics [l Biostatistics [] Generative Al and NLP  [] Multimodal Al

Impact on
patient
management

Improved
and more
efficient
workflows
+
Improved
precision
diagnostics



A simplified topology of digital pathology

wimn

Lab Scanner

Storage SlideServer SlideViewer Pathologist

Archive Analytics

Is this good enough?

MEDICAL UNIVERSITY
OF VIENNA 21




Journal of Pathology Informatics 22 (2026) 100682

- D Artifact Prevalence and Impact
Contents lists available at ScienceDirect ;I;'-ll Jourmol of

Journal of Pathology Informatics

Air/Edge
journal homepage: www.elsevier.com/locate/jpi

Other Artifacts 83.5%

GrandQC adaptation as an artificial intelligence tool for quantitative artifact )
detection in hematoxylin and eosin whole-slide images—Simulation of =
quality control biopsies day

Folded Tissue

Gongalo Borrecho “*“*** Pedro Nina **, Ricardo Santos ¥, Inés Ferreira ", Pedro Salgueiro, Catarina Madeira ¢,
Lufs Rato ', Rui Caetano Oliveira "

* NOVA National School of Public Health, NOVA University Lisbon, Lisbon, Portugal

* Comprehensive Health Research Centre (CHRC), NOVA Medical School, Lisbon, Portugal

Jmmrﬁd&m:km(mzmw Dark Spots 94.5%
* Egas Moniz Center for Interdisciplinary Research (CHEM), Monte de Caparica, Portugal

! Human Genetic Department, Instituto Nacional de Satide Doutor Ricardo Jorge (INSA), Lisbon, Portugal
* Nowa Information Management School (IMS), Lisbon, Portugal

* Centro de Anatomia Patoldgica Germano de Sousa (CAPGS), Colmbra, Portugal

' VISTA Lab, Centro Algoritmi, Universidade de Evara (UE), Evora, Portigal

Out of Focus

1.89%

« Prevalence (%) Mean Area (%) -

Benchmark Comparison: Our Cohort vs. 19 Pathology Departments (Mean & Median)

ARTICLE INFO ABSTRACT E Mean
Keywords: duction: Digital pathol inues to the daily routine of pathology, in terms of the increasingly auto- B Median
Digital pathology mated y and i in the di i i lhmug,h the adoption of artificial intelligence (Al) tools to support
C"""m'":ll‘s'::l:“xy i . The reli of these tools depend on the whole-slide 20
Quality c:uml image (WSID) qu.lhly being guaranteed a priori. Premlyﬂml quality control step that underpins this guarantee, and

artifact d ion remains largely qualitative and is freq: in routine digital pathology. This opcra-

tional feasibility study evaluated whether an ad; ion of GrandQC, an opx Altool, enables d, quan-

titative artifact assessment of a complete single-day biopsy from a high. ighput digital pathol

laboratory, analyzed retrospectively.

Material and methods: A random biopsies day of 2025 at Centro de Anatomia Patolégica Germano de Sousa (CAPGS)
was selected as a sample to test the performance of GrandQC on the WSI generated (n = 544) in order to simulate
the daily workflow. A script was created to quantify the pixels corresponding to the type of artifact automatically, cre
ating an Excel file for registering and statistical analysis.

Results: Analysis took a median of 24 s per WSI, detecting a median of 1.46% of tissue area with some type of artifact.
Dark Spots and blurring areas were the most representative detected artifacts.

Conclusion: GrandQC is a valuable tool in the quantitative quality control of biopsies tissue, allowing quick evaluation,
signaling types of artifacts, and identifying cases that need to be reviewed before being handed over to the pathologist
allowing the recognition of opportunities to improve laboratory histology quality and precision medicine.

brd

o

% Artefact Area per Slide

Introduction remarkable accuracy, rivaling that of human pathologists in tasks such as
prostate cancer detection, where accuracy can exceed 98%,” in support in
Digital pathology rep ap d i in pathological routine, laborious, and repetitive situations such as the determination of
lab bling the ition from 1 pes to lhe the grade of infection hy Hduobu:wpylom mllosxs scoring in breast cancer, 5
| analysis of digitized histological slides—whole-slide images as wdl as in the d of p kers without the use of
(WSI) 1-© At the heart of this revolution is deep leaming (DL), an ad: d di ic techni sur.h as HER2, microsatellite insta-
artificial intelligence (Al) technology that uses neural networks to analyze bility, and EGFR i despite these r only being availabl

these digital images. DL systems have demonstrated their ability to achieve for research.®'* This change enables the integration of DL algorithms for

* Comesponding author at: Unidade Local de Satide de Coimbra, E-P.E. Pathology Department, Av. Bissaya Barreto - Praceta Prof. Mota Pinto 3000-075, Coimbra, Portugal. s

4 2 Oum s 2 - "~ "o e ”~
E-mail address: 19308@ulscoimbra min-ssude.pt (G. Borrecho). COMORY

Pathology Departments (ordered by mean artefact load)
http://dx.doi.org/10.1016/],jpi.2026.100682
Received 25 January 2026; Received in revised form 3 June 2026; Accepted 6 June 2026
Available online 11 June 2026 Less More
2153-3539/© 2026 The Author(s). Published by Elsevier Inc. on behalf of iation for gy ics. This is an open access article under the CC BY license antefacts artotacts
(http://creativecommons.org/licenses/by/4.0/).

MEDICAL UNIVERSITY

OF VIENNA




A simplified topology of digital pathology

wimn

Lab Scanner

Storage SlideServer SlideViewer Pathologist

Archive Analytics

Is this fast enough?

MEDICAL UNIVERSITY
OF VIENNA 23




7H219999 |

- Reducing review time
- Reducing navigation burden

MEDICAL UNIVERSITY
OF VIENNA 24




>
=
7
~
5
2,
Z
)
=
<
S
A
5
>

<
Z
Z
=
>
=
O




Proceedings of Machine Learning Research ~ 315:322-341, 2026 Full Paper ~ MIDL 2026 submission

Orientation Normalization of Multi-Stain Skin Tissue
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Abstract
Efficient examination of skin tissue specimens is key for pathologists to keep up with an
increasing workload. Normalizing the orientation of tissue cross-sections before manual
assessment could contribute to a more streamlined digital workflow. In this study, we com-
pare multiple deep learning-based approaches for predicting the rotation angle required to
correct the misorientation of skin tissue cross-sections. The models were developed and
evaluated using a dataset of 10,649 H& ained and 9,731 IHC-stained cross-section im-
ages from specimens with melanocytic lesions. Our results show that framing rotation

angle prediction as a classification task with the circular target space divided into sepa-
rate classes performed best, reaching mean absolute errors of 2.77° and 3.56° on the test
sets of HEE and THC-stained cross-sections, respectively, approaching the level of human
annotators. Automated orientation normalization, when implemented in whole slide im-
age viewers, could make tissue examination more efficient and convenient for pathologists,
while also serving as a valuable preprocessing step for the development of position-aware
or multi-stain deep learning models.

Keywords: Classification, Regression, Rotation Angle, Computational Pathology. Melanoma

1. Introduction

Whole slide imaging has enabled the transition from conventional, microscope-based tissue
examination to fully digital pathology diagnostics, offering benefits such as digital archiving,
remote working, as well as computational image analysis to assist pathologists (Stathonikos

2013, 2020). Before a tissue specimen can be examined, however, it undergoes a his-
tological preparation process, which includes tissue fixation, paraffin embedding, microtome
sectioning, and staining. During the preparation process, tissue sections are often placed
y orientation. Unlike ti

on the glass slides with an arbit

sue sections of most organ types,

cross-sections of skin tissue specimens typically have an ideal orientation (i.e., the epidermis
positioned at the top to reflect the natural outside-to-inside structure) and are, therefore,
frequently misoriented, impeding optimal histological examination.

© 2026 CC-BY 1.0, E. Topolnjak, E. Paulides, W.A.M. Blokx, M. Veta & R.T. Lucassen
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Model with mean absolute errors of 2.77°-3.56°

1. Automated rotation is possible

2. Relevant publications in computational medicine come from
conferences (MIDL 2026)

3. The model is open source & free to use:
https://huggingface.co/RTLucassen/orientation_normalization
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- Automated analyses can provide
unprecented insight and improve
workflow efficiency
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INTRODUCTION

Abstract

Background: The broad histomorphological spectrum of melanocytic pathologies
requires large data sets to develop accurate and generalisable deep learning (DL)-
based diagnostic pathology classifiers. Weakly supervised DL promotes utilisation of
larger training data sets compared to fully supervised (patch annotation) approaches.
Objectives: To evaluate weakly supervised DL image classifiers for discriminating
melanomas from naevi on haematoxylin and eosin (H&E)-stained pathology slides.
Methods: A representative H&E slide for 260 naeviand 260 melanomas from mucocu-
taneous sites at one tertiary institution was digitized. Clinicopathological features
were recorded for each case including thickness and histological subtype. Whole-
slide or whole-tissue section labels were applied. The ground truth was established
by consensus diagnosis from two pathologists. Multiple-instance learning models,
Trans-MIL, CLAM and DTFD-MIL were evaluated at 10X, 20x and 40x magnifica-
tions using stratified fivefold Monte Carlo cross-validation, with 80/10/10 splits for
training/validation/test groups, to predict melanoma from naevus. Heatmaps were
generated to understand model performance.

Results: Naevi cases were younger (median age: 51 years; melanoma median age:
71.5 years), with more balanced sex distribution (males: 48.8%, melanoma male sub-
group: 64.2%). The most frequent histological subtypes of naevi and melanomas were
dysplastic compound (7=99, 38.1%) and superficial spreading (n=124, 47.7%), re-
spectively. Average AUC (+1 SD) for Trans-MIL, CLAM and DTFD-MIL across test
groups were 0.9952+0.006, 0.9925+0.0052 and 0.9708+0.0328, at 20x magnifica-
tion, respectively. Performance of the models varied according to the magnification
used. Heatmaps from the two best performing models, Trans-MIL and CLAM, gen-
erally indicated attention on appropriate tissue regions for interpretation.
Conclusions: Weakly supervised DL on pathological slides of common mucocutane-
ous melanocytic tumours provides highly accurate diagnostic value for discrimination
of melanomas and naevi. External validation and further assessment on less frequently
occurring histologic subtypes and borderline cases using this method is required.

and accurate adjunctive tools to support pathologist in-
terpretation of melanocytic pathology is required. While

Pathological diagnosis of melanomas and naevi can be adjunctive tools to date have focused on immunohisto-
challenging and subjective." The development of reliable chemistry stains (e.g. PRAME) and genomic ancillary

Linked article: S. P. Clark. ] Eur Acad Dermatol Venereol 2024;38:2209-2210. https://doi.org/10.1111/jdv.20382.

© 2024 European Academy of Dermatology and Venereology.
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INTRODUCTION

Pathological diagnosis of melanomas and naevi can be
challenging and subjective.' The development of reliable

Abstract

Background: The broad histomorphological spectrum of melanocytic pathologies
requires large data sets to develop accurate and generalisable deep learning (DL)-
based diagnostic pathology classifiers. Weakly supervised DL promotes utilisation of
larger training data sets compared to fully supervised (patch annotation) approaches.
Objectives: To evaluate weakly supervised DL image classifiers for discriminating
melanomas from naevi on haematoxylin and eosin (H&E)-stained pathology slides.
Methods: A representative H&E slide for 260 naevi and 260 melanomas from mucocu-
taneous sites at one tertiary institution was digitized. Clinicopathological features
were recorded for each case including thickness and histological subtype. Whole-
slide or whole-tissue section labels were applied. The ground truth was established
by consensus diagnosis from two pathologists. Multiple-instance learning models,
Trans-MIL, CLAM and DTFD-MIL were evaluated at 10X, 20x and 40x magnifica-
tions using stratified fivefold Monte Carlo cross-validation, with 80/10/10 splits for
training/validation/test groups, to predict melanoma from naevus. Heatmaps were
generated to understand model performance.

Results: Naevi cases were younger (median age: 51 years; melanoma median age:
71.5years), with more balanced sex distribution (males: 48.8%, melanoma male sub-
group: 64.2%). The most frequent histological subtypes of naevi and melanomas were
dysplastic compound (7=99, 38.1%) and superficial spreading (n=124, 47.7%), re-
spectively. Average AUC (+1 SD) for Trans-MIL, CLAM and DTFD-MIL across test
groups were 0.9952+0.006, 0.9925+0.0052 and 0.9708+0.0328, at 20x magnifica-
tion, respectively. Performance of the models varied according to the magnification
used. Heatmaps from the two best performing models, Trans-MIL and CLAM, gen-
erally indicated attention on appropriate tissue regions for interpretation.
Conclusions: Weakly supervised DL on pathological slides of common mucocutane-
ous melanocytic tumours provides highly accurate diagnostic value for discrimination
of melanomas and naevi. External validation and further assessment on less frequently
occurring histologic subtypes and borderline cases using this method is required.

and accurate adjunctive tools to support pathologist in-
terpretation of melanocytic pathology is required. While
adjunctive tools to date have focused on immunohisto-
chemistry stains (e.g. PRAME) and genomic ancillary
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Full dataset: 260 naevi + 260 melanomas
Average AUC: 0.99

Histological Subtype

Test Fold 1,
n (°/o) (N=52)

Test Fold 2,
n ('yo) (N=52)

Test Fold 3,
n (%) (N=52)

Test Fold 4,
n (%) (N=52)

Test Fold 5,
n (%) (N=52)

Naevus subtype (n=26)

Dysplastic compound

7 (13.5)

11 (21.2)

10 (19.2)

11 (21.2)

10 (19.2)

Dysplastic junctional

6 (11.5)

3 (5.8)

4 (7.7)

5 (9.6)

3(5.8)

Dermal

7 (13.5)

10 (19.2)

7 (13.5)

7 (13.5)

6 (11.5)

Common compound

3 (5.8)

0(0)

2(3.8)

1(1.9)

4 (7.7)

Blue

2(3.8)

1(1.9)

2 (3.8)

2 (3.8)

1(1.9)

Combined

1(1.9)

1(1.9)

0(0)

0(0)

2(3.8)

Acral

0(0)

0(0)

1(1.9)

0(0)

0(0)

Melanoma subtype (n=26)

Superficial spreading

10 (19.2)

11 (21.2)

12 (23.1)

11(21.2)

10 (19.2)

Nodular

6 (11.5)

2(3.8)

2(3.8)

7 (13.5)

7 (13.5)

Lentigo maligna (invasive)

2 (3.8)

7 (13.5)

7 (13.5)

3 (5.8)

4(7.7)

Pure desmoplastic

3 (5.8)

0(0)

1(1.9)

1(1.9)

0(0)

Mixed desmoplastic

0(0)

2(3.8)

1(1.9)

1(1.9)

0(0)

Metastasis

1(1.9)

1(1.9)

1(1.9)

2 (3.8)

1(1.9)

Acral

2(3.8)

1(1.9)

2(3.8)

1(1.9)

2(3.8)

Melanoma in-situ

1(1.9)

1(1.9)

0 (0)

0 (0)

2 (3.8)

Mucosal

1(1.9)

1(1.9)

0(0)

0(0)

0(0)
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Artificial intelligence-based triaging
of cutaneous melanocytic lesions

® Check for updates
Ruben T. Lucassen'? |, Nikolas Stathonikos', Gerben E. Breimer', Mitko Veta®* & Willeke A. M. Blokx'*

Pathologists are facing an increasing workload due to a growing volume of cases and the need for
more comprehensive diagnoses. Aiming to facilitate workload reduction and faster turnaround times,
we developed an artificial intelligence (Al) model for triaging cutaneous melanocytic lesions based on
whole slide images. The Al model was developed and validated using a retrospective cohort from the
University Medical Center Utrecht, the Netherlands. The dataset consisted of 52,202 whole slide
images from 27,167 unique specimens, acquired from 20,707 patients. Specimens with only benign
common nevi, also known as moles, were assigned to the low complexity category (86.6%). In
contrast, specimens with any other melanocytic lesion subtype, including non-common nevi,
melanocytomas, and melanomas, were assigned to the high complexity category (13.4%). The
dataset was split on patient level into a development set (80%) and test sets (20%) for independent
evaluation. Predictive performance was primarily measured using the area under the receiver
operating characteristic curve (AUROC) and the area under the precision-recall curve (AUPRC). A
simulation experiment was performed to study the effect of implementing Al-based triaging in the
clinic. The Al model reached an AUROC of 0.966 (95% ClI, 0.960-0.972) and an AUPRC of 0.857 (95%
Cl, 0.836-0.877) on the in-distribution test set, and an AUROC of 0.899 (95% Cl, 0.860-0.934) and an
AUPRC of 0.498 (95% CI, 0.360-0.639) on the out-of-distribution test set. In the simulation
experiment, using random case assignment as baseline, Al-based triaging prevented an average of
43.9 (95% ClI, 36-55) initial examinations of high complexity cases by general pathologists for every
500 cases. In conclusion, the Al model achieved a strong predictive performance in differentiating
between cutaneous melanocytic lesions of high and low complexity. The improvement in workflow
efficiency due to Al-based triaging could be substantial.

Cutaneous melanoma is the fifth most common cancer in both the United  eosin (H&E)-stained tissue cross-sections. However, differentiating
States and the Netherlands'”. Over the last decades, the incidence rate of  between some subtypes of melanocytic tumors is more challenging, with
melanoma has consistently increased. In 2023, more than 97,000 people in  studies reporting low inter- and intra-observer agreement ™. Particularly for
the United States and more than 8000 people in the Netherlands were  these ambig cases, i histochemical (IHC) staining and mole-

diagnosed with this type of skin cancer. Because of the relatively high risk of
metastasis in melanoma patients, after which the prognosis significantly

cular testing can be helpful in making the correct diagnosis, at the cost of
ging the tur d time by days to weeks™. While all melanocytic

worsens, it is crucial to combine early detection, correct diagnosis, and fast
treatment’.

Melanocytic skin lesions are clusters of pigment-producing cells called
melanocytes, which range in terms of biological behavior from benign
(nevus, also known as mole), intermediate (melanocytoma), to malignant
(melanoma)'. Most of these lesions are benign and can be dentl

lcswm should ideally be examined by specialized dermatopathologists, in
many centers also general pathologists have to contribute to the examina-
tion of these lesions. To make matters worse, due to a growing volume of
cases and the need for more comprehensive diagn the workload for

pathologists is expected to further increase’,
The v

diagnosed based only on microscopic ination of h lin and

to fully digital pathology departments enables the

! i of artificial intelligence (AI) models for workflow

P
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Al-based triaging prevented an average of 43.9 (95%
Cl, 36-55) initial examinations of high complexity
cases by general pathologists for every 500 cases.




Spitz Tumors

Journal of Pathology Informatics

nce-based classification of Spitz tumors n

mers *, Chied F. EbS Al N. Najem *, Donal P, Hayes
Liliane C.0. Wynaend s Seatheaikos
sen*, Mitho Veta ™, Willeke A M. Blokx

Marjann:
R

HE+MelanA

PLOS ONE

Evaluating deep learning-based melanoma
classification using immunohistochemistry
and routine histology: A three center study

 Markuss V. Heppr. s vl

Tites & Brinker

3D

Acatatia crine 3t EIC
¥ ScienceDirect
Original Research
A 3-dimensional histology computer model of ®

malignant melanoma and its implications for
digital pathology

Antoaio P
Gerardo Ferrara *, Stephan A. B
Mar Llamas-Velasco ‘. Jochen Sven Utikal ", Stefan Frohling
Christof von Kalle *, Jakob Nikolas Kather ', Lucas Schneider
Titus J. Brinker

Melanoma subtypes

Translating Features to Findings: Deep Learning for Melanoma
Subtype Prediction

Doers Guarmens Sarins Kivewnchimdars !, Suemer Wabeund 'O, Cutmg Ngwpen ! and e Saliba 1

Absiract

Comparison to experts

640 »

Disgmonth performance of aniflcial ®
inteTligeme for Risbngic o lanoaa
recogaition compared 10 15

Interntional cxpert pathobogivts
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.
ROI detection And many others...
Robust ROI Detection in Whole Slide Images Guided by Pathologists’ 1
Viewing Patterns 'S
Pt Gharkon' 3. s W, Chany’ Shevan R Ksapevic’. s C. S Ko Gl g cancers
S —— = w B
Re: D et
by b classif Deep Learning Approach to Classify Cutaneous Melanoma in a
Whole Slide Image

Melanocytic
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Eczema vs. palmoplantar ECzema vs. Psoriasis Drug eruption vs. Atopic Dermatophytosis
Psoriasis dermatitis vs. Normal

nnnnnnnnnnnnn

- Journal of Curaneous Pathology WILEY
WILEY S =
Vision transformer-based diagnosis of psoriasis and eczema
in whole-slide histology Deep Leaming vs. Traditional Machine Learning in the Diagnosis
of Cutaneous AC Study with J omiceat Aknict
Al on Whole-Slide Images
vols to ish Hand Cver D rer Di ic Accuracy of Histop gic Features Suggesti
A Quai Approach 3 of Der ytosis: A R pective Cohort Selection Study
- With Machine Learning Evaluation
A bt 5
""""""""""
¢ Py
p—
L troductior 2 -
g -

Inflammatory vs. Eczema Vs.
AIBD (DIF) Lymphoma Lymphoma

Inflammatory & Lymphoma
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BCC + Subtyping BCC Adnexal tumors SCC vs. Verruca vulg.

SR EC ORIGINAL ARTICLE

A Deep Learning Architecture for Image c
Representation, Visual Interp bility and A d A European Journal of Cancer n

Basal-Cell Carcinoma Cancer Detection ke An artificial intelligence model of whole-slide pathology specimens

high-grade

= =]
gel Alfcasn Cruz o', Joh B4 o Oval st msch -

Anne Petzold! - Anja Wessaly'* - Michael Exdmans’ - Stefan Schilep' - Staphan Schrem!!
Luis Carfon. ). Aubo Vers' g g
Fraskiin Kiesewstser* - Cancla Berking' - Blas A. T. Koch' - Markus V. Heppt'*

sk and Fabio Aug

Deep learning based histological classification of ads

¢ Arrastia ", Danie Otere Baguer ", Max
el ", Michae! Ermberger ', Dirk Schade

Detection and subtyping of basal cell carcinoma in whole-slide o, OIL USA

histopathology using weakly-supervised learning -l
Dusa J. Geijs *, Stephan Docper *, Witali Aswolisshsy , Lisa M. Hillen”, Avital L Amir g

ARTICLE INFO ABSTRA

At teselipence

Introduction

[Re—

1. bntraduction

BCC Bowen vs. SebK

B cancers

Evaluation of a Deep Learning Approach to Differentiate
Bowen’s Disease and Seborrheic Keratosis

AanaE

Artificial neural networks and pathologists recognize basal cell
carcinomas based on different histological patterns

Keratinocytic
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e A 727 Kimeswenger 2021: “[...] achieved 99.3% accuracy in

ARTICLE

® identifying basal cell carcinoma tumor regions on
Artificial neural networks and pathologists recognize basal cell histological SlideS’ [ ] _]”

carcinomas based on different histological patterns

Susanne Kimeswenger'?? - Philipp Tschandl® - Petar Noack® - Markus Hofmarcher® - Elisabeth Rumetshofer® -
Harald Kindermann’ - Rene Silye® - Sepp Hochreiter® - Martin Kaltenbrunner®* - Emmanuella Guenova (»®* -

Guenter Klambauer® - Wolfram Hoetzenecker' * a &
A * - *

Received: 1 August 2020 / Revised: 14 October 2020 / Accepted: 15 October 2020 / Published online: 13 November 2020 1.00-
© The Author(s), under exclusive licence to United States & Canadian Academy of Pathology 2020 by —d

—_ °
Abstract % e %

Recent advances in artificial intelligence, particularly in the field of deep leaming, have enabled researchers to create 0.95 1 4 ; ° l
compelling algorithms for medical image analysis. Histological slides of basal cell carcinomas (BCCs), the most frequent 'ﬁ‘
skin tumor, are accessed by pathologists on a daily basis and are therefore well suited for automated prescreening by neural T
networks for the identification of cancerous regions and swift tumor classification. H
In this proof-of-concept study, we implemented an accurate and intuitively interpretable artificial neural network (ANN) 0.90 1 ;
for the detection of BCCs in histological whole-slide images (WSIs). Furthermore, we identified and compared differences in a3
the diagnostic histological features and recognition patterns relevant for machine learning algorithms vs. expert pathologists.
An attention-ANN was trained with WSIs of BCCs to identify tumor regions (n = 820). The diagnosis-relevant regions T :
used by the ANN were compared to regions of interest for pathologists, detected by eye-tracking techniques. 0.85 .
This ANN accurately identified BCC tumor regions on images of histologic slides (area under the ROC curve: 0.993, 95% ° R
CI: 0.990-0.995; sensitivity: 0.965, 95% CI: 0.951-0.979; specificity: 0.910, 95% CI: 0.859-0.960). The ANN implicitly J- T
calculated a weight matrix, indicating the regions of a histological image that are important for the prediction of the network.
Interestingly, compared to pathologists” eye-tracking results, machine learning algorithms rely on significantly different 0.80 °
recognition patterns for tumor identification (p<10°%),
To conclude, we found on the example of BCC WSIs, that histopathological images can be efficiently and interpretably —_—
hine learning algorithms can potentially e
enhance diagnostic precision in digital pathology and uncover hitherto unused classification patterns. 0.75

analyzed by state-of-the-art machine learning techniques. Neural networks and mz

Introduction 0.701
These authors contributed equally: Emmanuella Guenova, Guenter °
Klambauer, Wolfram Hoetzenecker Digital pathology, i.e., the management and clinical inter-

Supplementary information The online version of this article (hups:/  Pretation of information retrieved from digitalized histology

541379-020-00712-7) contains supplementary slides, aims to improve the safety, quality, and accuracy of 0.65 1
material, which is available to authorized users.

Wolfram Hoetzenecker Kepler University Hospital Linz, Department of Pathology and

wolfram.hoetzenecker @ kepleruniklinikum.at Microbiology, Linz, Austria ® MiL-Attention
hanncs Kenter Universits Ling, Institote for Machine Learine. 0.60-

Johannes Kepler University Linz, Kepler University Hospital Linz, :‘::""{;\;‘J"" niversity Linz, Institute for Machine Leamning ® MiL-max

Department of Dermatology, Linz, Austria e ® MiL-mean

University of Applied Sciences, Upper Austria, Marketing and Baseline SeLU

Johannes Kepler University Linz, Institute of Applied Physics, Electronic Business, Steyr, Austria

Department of Soft Matter Physics, Linz, Austria

0.55

University of Lausanne, Faculty of Biology and Medicine,
Department of Dermatology, Lausanne, Switzerland

Johannes Kepler University Linz, Linz Institute of Technology, AUC Accuracy F1
Soft Materials Lab, Linz, Austria
University Hospital of Zurich, Department of Dermatology,

Medical University Vienna, Depa g of Derma gy, - .
fedical University of Vienna, Department of Dermatology Zurich, Switzeiand

Vienna, Austria

Dataset: “Sections of BCCs and normal skin”
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More diagnoses

MEDICAL UNIVERSITY  Han SS et al Assessment of deep neural networks for the diagnosis of benign and malignant skin neoplasms in comparison with dermatologists:
OF VIENNA A retrospective validation study. PLoS Med. 2020 Nov 25;17(11):e1003381. doi: 10.1371/journal.pmed.1003381
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The most relevant thing to create and
evaluate a classifier is the dataset
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Digital pathology workflow

Light microscopy Pathologist's
Kidney IHC/IF assessment = ifiipaction
biopsy Electron microscopy T patient
Molecular analysis | \ l management
Tissue Tissue Digitization and Classification =~ Biomarkers Prognosticatio@ Pathology
assessment processing case assembly report
Lesion
detection
- [
§ S Stain Grading and
® _g diagnosis
g3 -
ES Gene status Improved
prediction and more
efficient
Multimodal Al-assisted workflows
data fusion case triage +
o 2 Report
g,'g iai eneration improved
ET Molecular Decision-tree gonal precision
gL omics reports analysis Speech diagnostics
= = recognition

Potentially integrating all above mentioned tasks (semi- or fully autonomous workflow) ‘

Multimodal
agents

ML/DL tasks

[T Classification Segmentation and pathomics [l Biostatistics [] Generative Al and NLP  [] Multimodal Al




Hallucinations

Careless Whisper: Speech-to-Text Hallucination Harms

ALLISON KOENECKE, Cornell University, USA
ANNA SEO GYEONG CHOVI*, Cornell University, USA
KATELYN X. MEI", University of Washington, USA
HILKE SCHELLMANN T, New York University, USA
MONA SLOANET, University of Virginia, USA

[~] 1% of audio transcriptions contained entire
hallucinated phrases or sentences which did
not exist in any form in the underlying audio.

38% of hallucinations include explicit harms
such as perpetuating violence, making up
inaccurate associations, or implying false
authority

MEDICAL UNIVERSITY
OF VIENNA

Dependent variable:

Hallucination

|SEare of Duration Being Non-Vocal

0.951°" (0.438) ]

Number of Words

Has Aphasia

Is Female

Age

Age Squared

African American

Other Race

Years of Education
English is First Language
No Vision Loss

0.056** (0.011)
0.368* (0.204)
—0.017 (0.168)
0.044 (0.043)

—0.0004 (0.0004)
—0.132 (0.469)
—0.281 (0.518)
—0.058* (0.033)
—0.227 (1.035)
0.395 (1.026)

No Hearing Loss 0.500 (1.028)
Constant —6.447*** (2.175)
Observations 10,830

Log Likelihood —783.942
Akaike Inf. Crit. 1,593.883

Note:

*p<0.1; **p<0.05; ***p<0.01
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Learning with language models




33y, female
Axillary changes since
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O < C | O 8 chat.mistral.aifi 8% w| & L 9 @

& Exit Incognito mode 9:06 [

Female Patient, 33 years
Clinic: Multiple axillary skin colored papules since 4 years
Dermatopathology: Perifollicular fibrosis with foam cells, prominent apocrine glands

Diagnosis or differential diagnoses?
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Fox-Fordyce disease (“Apocrine miliaria”)

S0
L
Qoa®

Bder A. Patterns
histopathologic of
Fox-Fordyce disease.
Am J Dermatopathol.
[...] impossible to decide, whether Fox-Fordyce disease is an inflammatory condition or a genetically determined 2004 Dec,26(6).48§
alteration of cornification [...]. The [...] pathogenesis [...] remains to be elucidated, [...] signs [...] evolve only )
during fertility, preponderantly of women, when the function of apocrine glands is increasing; after the

menopause, the lesions subside.
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Sycophancy

“Chatbots ass-kissing”




Sycophancy in Al responses is pervasive
and alters people's behavioral inclina-
tions. (Left) On personal advice queries,
Al models affirm users' actions 49%
more often than crowdsourced human
responses. (Right) In experiments where
participants discussed real interpersonal
conflicts, sycophantic Al increased
participants’ conviction that they were
right and their desire to keep using

the model, while reducing their willingness
to repair the conflict.

PRAISE

Harms of Al chatbots'
sycophancy, flattery, and
overly agreeable advice
pp. 1316 & 1348

The plants that drought
can'tkill p.1312

Satellite sees a tsunami'’s
finer physics p.1368

Demonstrating parallel
evolution at a global scale
p.1346
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Prevalence of sycophancy in Al

¢

Your actions are justified!

\.., &)

Rates at which Al models endorse user actions
(contrasted with crowdsourced human responses)

0% 20% 40% 60% 80% 100%

Mistral-7B — +38%

Claude —+39%
Gemini —+40%
Qwen —+44%
Mistral-248B ~+51%
GPT-5 =+52%
Llama-70B =~+52%
Llama-8B +52%
GPT-40 auman £+52%
Llama-17B 39% ) = +55%

Effects of sycophantic Al

Participants discuss real personal conflicts with
non-sycophantic Al OR sycophantic Al

| understand...but That was justified!

e ot
Post-interaction measures
Condition Non-syco Syco

Is your behavior right or wrong?
completely wrong completely right

—— +25%
1 2 3 4 5 6 7

I should apologize for what happened
strongly disagree strongly agree

1 2 3 4 5 6 7

How likely are you to use the model in the future?
not at all likely very likely

—> +13%

1 2 3 4 5 6 7




(A) Naive user, hallucinating bot

V06
€< —J— Sycophantic
Sycophantic Chatbots Cause Delusional Spiraling, Even in Ideal Bayesians %% 0.4 { ~E- Non-sycophantic
Kartik Chandra', Max Kleiman-Weiner?, Jonathan Ragan-Kelley' & Joshua B. Tenenbaum? 25 024  _ - =
'MIT CSAIL g2 | e
2University of Washington, Seattle €T 0,013 SmrmesemanTT oD ' ! ;
3MIT Department of Brain & Cognitive Sciences 0.0 0.2 0.4 06 0.8 1.0
Rate of sycophantic/hallucinated responses ()
(B) Naive user, factual bot
;k:_J CE,, 0.6
"Al psychosis" or "delusional spiraling” is 5§02 [
an emerging phenomenon where Al g8, — === — —— —— -
C h at b Ot users f| N d th emse Ive S . Raté of sycophar;tic/hallucinai:ed response's () '
dangerously confident in outlandish oo, eSS AT R
. < £ 0.0154 Sycophantic
beliefs after extended chatbot gs E- Nomsycophantic
conversations. 82
5.8 0.005
538 0.000{ : . : . :
[...] even an idealized [...] rational user is *® Rate ofsycophantichallucinated responses (1)
vulnerable to delusional spiraling, and (D) Informed user, factual bot
that sycophancy plays a causal role. g5 00
28 0.010
»§§ 0.005
838 0.000{ , ' , ' .
0.0 0.2 0.4 0.6 0.8 1.0

Rate of sycophantic/hallucinated responses (m)
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Recommendations

Shift educational experiences in school.
RESEARCH

A new direction for : \ . Co-create educational Al tools with educators, students, parents, and
studentsinan Al comuiinites

world: PrOSper, , / .| Use Al tools that teach, not tell.

prepare, protect \

Conduct research on children’s learning and development in an Al world.

Mary Burns, Rebecca Winthrop, Natasha Luther, Emma
Venetis, and Rida Karim

January 14, 2026 DN - . Promote holistic Al literacy for students, teachers, parents, and education
o N N /
leaders.

Prepare teachers to teach with and through Al.

Provide a clear vision for ethical Al use that centers human agency.

Employ innovative financing strategies to close the Al divide.

Break the engagement addiction and design platforms that are centered

https://www.brookings.edu/articles/a-new-direction-for-students-in-an-ai- around positive mental health for children and youth.
world-prosper-prepare-protect/ [2026-01-17]

10. Establish comprehensive regulatory frameworks for educational Al.
11.  Procure technology that protects students’ privacy, safety, and security.

12. Support families to manage children’s Al use at home.
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[.LILMs for education should be forced
to behave antagonistically




Missing today

* Foundation Models

+ Benchmarks

+ Taxonomies

+ Agents

«  Workflows

« Vision-Language models
« Calibration

* Predicting prognosis

* Predicting mutations

* Predicting therapy response
+ Detection & Counting

* Smart searching

« Biases and confounders

 Color assessment and normalization
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Interest in collaboration!

Consensus on terminology

Automated semantic coding of dermatopathology texts

Holistic and free dermatopathology datasets

Human-Computer Interaction with digital platforms

Assessment and creation of DermPath Foundation Models

Philipp TSCHANDL
Department of Dermatology

Medical University of Vienna

erc

UTODIAL

philipp.tschandl@meduniwien.ac.at
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