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Supplementary Material 1: Example of a search strategy for bibliographic databases

Medline Search Strategy
Ovid MEDLINE(R) ALL

<1946 to October 31, 2024>

1 validation.ab,kw,ti. 304518

2 "validat*".ab,kw,ti. 747042

3 accuracy.ab, kw,ti. 554360

4 "accura*".ab,kw,t. 1065166

5 effectiveness.ab,kw,ti. 591622
6 "effective*".ab,kw,ti. 2551876

7 evaluation.ab,kw,ti. 1457715

8 "evaluat*".ab,kw,t. 4437488

9 Validation Study/ 109212

10 "Sensitivity and Specificity"/ 369325
11 Evaluation Study/ 261997

12 lor2or3ord4or5or6or7or8o0r9o0rl10o0rl11 7680280

13 artificial intelligence.ab,kw,ti. 38218
14 machine learning.ab,kw,ti. 93351
15 deep learning.ab,kw,ti. 51275
16 Al.ab,kw,ti. 46131

17 algorithm.ab,kw,ti. 260562

18 neural networks.ab,kw,ti.45572

19 supervised learning.ab,kw,ti. 5238
20 Artificial Intelligence/ 39848

21 Diagnosis, Computer-Assisted/ or Machine Learning/ 57596
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27

28
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32
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34

35

36

37

38

39
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41

42

43

44

45

46

Deep Learning/ 16391
Algorithms/ 304764

Neural Networks, Computer/ 48535

Pattern Recognition, Automated/ or Supervised Machine Learning/ or Image Processing,

Computer-Assisted/165673

13orl14or150rl16or17o0r18or190r20o0r21or22or23or24or25 770896

pathology.ab,kw,ti. 375577

histopathology.ab,kw,ti. 82088

Pathology, Clinical/ or Pathology/ or Pathology, Surgical/ or Pathology, Molecular/ 43400

27 0r280r29 461460

Diagnosis.ab, kw,ti. 1867730
detection.ab,kw,ti. 1093766
computer-aided detection.ab,kw,ti. 1920
computer aided detection.ab,kw,ti. 1920

CAD.ab,kw,ti. 50273

Early Diagnosis/ or Diagnosis/ or Diagnosis, Computer-Assisted/

"diagnos*".ab,kwiti. 3058578
"detect*".ab,kw,ti. 2809926
31or32o0r33o0r34or350r36or37or38 5422041

lung cancer.ab,kw,ti. 201460

non-small cell lung cancer.ab,kw,ti. 77187
non small cell lung cancer.ab,kw,ti. 77187
NSCLC.ab,kw,ti. 60568

SCLC.ab,kw,ti. 10034

small cell lung cancer.ab,kw,ti. 87622

squamous cell carcinoma.ab, kw,ti. 110667

71471



47 large cell carcinoma.ab, kw;ti. 1795

48 adenocarcinoma.ab,kw,ti. 163109
49 lung carcinoma.ab,kw,ti. 20568

50 lung neoplasms.ab,kw,ti. 5819

51 epidermoid carcinoma.ab,kw,ti. 3860
52 pulmonary cancer.ab,kw,ti. 1145
53 pulmonary neoplasms.ab,kw,ti 566

54 pulmonary carcinoma.ab,kw,ti. 1181
55 oat cell lung cancer.ab,kw,ti. 50

56 lung tumour.ab,kw,ti. 1062

57 Lung Neoplasms/ 259177

58 Carcinoma, Non-Small-Cell Lung/ 71086
59 Carcinoma, Small Cell/ 17563

60 Carcinoma, Squamous Cell/ 141251
61 Carcinoma, Large Cell/ 2576

62 "Adenocarcinoma of Lung"/ 10726

63 400r41ord42ord43ord44or45o0rd6ord7 ord8 or49 or 50 or 51 or 52 or 53 or 54 or 55 or 56 or
57or580r590r60or6lor62 618283

64 12 and 26 and 30 and 39 and 63 410
65 12 and 26 and 30 and 39 and 63 410

66 limit 64 to yr="2010-2024" 351

The most recent search was executed on January 12t 2025.



Supplementary Material 2: Quality assessment tool of diagnostic accuracy studies tailored to artificial
intelligence and digital pathology (QUADAS-AI-P)

Participant selection/study design

Did the validation dataset include more than 100 samples?

If not, did the validation dataset consist of more than 50 unique samples?

Was the biopsy case selection representative of the condition being assessed in the study?
Was a consecutive or random sample of participants enrolled?

Was a case-control design or enriched cohort study avoided?

Was the sample diverse in terms of sex, age, sociodemographic status and ethnicity?

Was the study cohort generalizable to the target population?

Was the algorithm validated in the setting (country, healthcare setting) it is intended to be
deployed in?

Image selection

Did the validation dataset include the complete digitised biopsy section?

Did the validation dataset consist of images taken from multiple centres?

Did the validation dataset consist of images prepared using different scanners and were the
number of images produced by each scanner roughly equal?

If different scanners were not used and algorithms were validated using single-centre data,
were data augmentation techniques used?

Was an open-source dataset used?

Was validation performed using scanners that were not used when training the model?

Reference standard

Was the gold-standard (histopathological assessment by a pathologist) used as the reference
standard?

Was there more than one pathologist involved in making a diagnosis?

Were pathologists blinded to the results of the algorithm when interpreting biopsy samples?
Was assessment by pathologists based on digital biopsy slides?

Index test

Were algorithm results interpreted without knowledge of the result of the reference standard?

Flow and timing

Was there an appropriate time interval between application of the algorithm and the reference
standard?

Were all participants included in the analysis?

Did all participants receive a reference standard?

Did all participants receive the same reference standard?




Supplementary Material 3: Table showing the risk of bias and concerns regarding applicability for each of the included studies

Study Reference

Risk of bias

Concerns regarding applicability

Participant Image selection | Reference Index test Flow and Participant Index test Target
selection/ study standard timing selection condition
design

Bilaloglu et al. 2019 High High Unclear Low Unclear Unclear Low Unclear
Borras Ferris et al. 20242 High Unclear Unclear Unclear Unclear Low Low Low
Cao et al. 20233 High Low High Unclear Unclear Unclear Low Low
Chen et al. 20224 Unclear High Unclear Low Low Unclear Low Low
Coudray et al. 2018° High High Unclear Unclear Unclear Unclear Low Low
Gertych et al. 2019° High High Unclear Unclear Low Unclear Low Low
Hari et al. 20217 High High Unclear Low Unclear Unclear Low Unclear
Kanavati et al. 20208 Unclear Unclear Unclear Unclear Unclear Unclear Low Low
Kanavati et al. 2021° High Unclear Low Unclear Low Unclear Low Low
Le Page et al. 2021%° High High High Unclear Unclear Unclear Low Low
Lu et al. 202111 High Low High Unclear Unclear Unclear Low Unclear
Mukashyaka et al. 202412 High High Unclear Unclear Unclear Unclear Low Low
Noorbakhsh et al. 20203 High High Unclear Low Unclear Unclear Low Low
Quiros et al. 2024 High High Unclear Unclear Unclear Unclear Low Unclear
Sakamoto et al. 2022% High Low Low Low Low Unclear Low Low
Sharma et al. 20246 High High Unclear Unclear Unclear Unclear Low Low
Swiderska-Chadaj et al. High Low Low Unclear Unclear Unclear Low Low
2020Y

Vorontsov et al. 20241® High Unclear Unclear Unclear Unclear Unclear Unclear Unclear




Wang et al. 2019%° High Unclear Low Unclear Low Low Low Low
Wang et al. 202320 High Unclear Unclear Unclear Unclear Unclear Low Low
Yang et al. 20212 Unclear Unclear Low Low Low Low Low Low
Yu et al. 2020%2 High High Unclear Low Low Low Low High




Supplementary Material 4: Table of methodological concerns

Key methodological concerns

Algorithm

e Intended clinical setting was not clearly defined for the majority of studies
e lack of clarity on how models will fit into existing pathways (as an aid, triage, or
replacement for the clinician)

Study design

e High proportion of studies used a retrospective case-control design
e  Majority of studies used small datasets consisting of fewer than 500 samples
A large number of studies used data from a single centre only
Poor reporting of:
e The number of datasets that samples were taken from
e Validation setting
e  Study type

Population/participant selection

e Target population often not defined

¢ Non-diverse and unrepresentative datasets used

e The number of participants from which samples were taken from was often unclear
Poor reporting of:

e Participant characteristics

e Participant enrolment

Image selection

e Alarge proportion of studies did not account for technical variation that may occur
across different centres
Poor reporting of:
e  Whether any technical diversity was achieved
e Reference standard
e Scanners used for training and validation

Diagnostic performance and metrics




e High heterogeneity in metrics used, limiting ability to compare models
Poor reporting of:

e Clinically meaningful measures such as sensitivity and specificity

e Measures of variability (e.g. confidence intervals)




Supplementary Material 5: Funding sources of individual studies

Study Reference

Funding source(s)

Bilaloglu et al. 2019

Cancer Center Support Grant, NYU School of Medicine
Laura and Isaac Perlmutter Cancer Center

Borras Ferris et al. 20242

European Union’s Horizon 2020 research and innovation
program

Caoetal. 20233

National Natural Science Foundation of China
Fundamental Research Funds for the Central Universities,
China

Chen et al. 2022*

National Key R&D Program of China
National Natural Science Foundation of China
Guangdong Natural Science Foundation

Coudray et al. 2018°

Cancer Center Support Grant, NYU School of Medicine
Laura and Isaac Perlmutter Cancer Center.

Gertych et al. 2019° e Precision Health Grant at Cedars-Sinai Medical Center
o Department of Surgery at Cedars-Sinai Medical Center
e  CTSI grant, Cedars-Sinai
e National Science Centre, Poland
Hari et al. 20217 e R37CA222574
e RO01CA2227388
e P50CA101942
e Dunkin’ Donuts Breakthrough Grant
Kanavati et al. 20208 -
Kanavati et al. 2021° -
Le Page et al. 2021%° -
Lu et al. 202111 e BWH Pathology
e Google Cloud Research Grant
e Nvidia GPU Grant Program

NSF Graduate Fellowship
National Institutes of Health

Mukashyaka et al. 202412

Jackson laboratory
National Institutes of Health/National Cancer Institute

Noorbakhsh et al. 20203

National Institutes of Health Cloud Credits Model Pilot,
Google Cloud
National Cancer Institute

Quiros et al. 2024

Cancer Center Support Grant, NYU School of Medicine
Laura and Isaac Perlmutter Cancer Center

EP/R018634/1

BB/V016067/1

European Union’s Horizon 2020 research and innovation
programme

Mazumdar-Shaw Molecular Pathology Chair endowment,
University of Glasgow

School of Computing Science, University of Glasgow
Openshift GPU cluster management team

Sakamoto et al. 20221

New Energy and Industrial Technology Development
Organisation
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Sharma et al. 202416

Swiderska-Chadaj et al. 2020%

Precision Health Grant at Cedars-Sinai Medical Center
Department of Surgery at Cedars-Sinai Medical Center
National Science Centre, Poland

Vorontsov et al. 202418

Cancer Center Support Grant, National Institutes of
Health/National Cancer Institute

Wang et al. 2019%°

National Institutes of Health
Cancer Prevention and Research Institute of Texas

Wang et al. 2023%°

National Institutes of Health
Cancer Prevention and Research Institute of Texas

Yang et al. 20212

National Key R&D Program of China

National Natural Science Foundation of China
Guangdong Natural Science Foundation

Support Scheme of Guangzhou for Leading Talents in
Innovation and Entrepreneurship

Yu et al. 2020%?

National Cancer Institute, National Institutes of Health
National Human Genome Research Institute, National
Institutes of Health

Mobilize Center, Stanford University

Harvard Data Science Fellowship

Harvard Medical School Center for Computational
Biomedicine Award
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Supplementary Material 6: Preferred Reporting Items for Systematic reviews and Meta-Analyses
extension for Scoping Reviews (PRISMA-ScR) Checklist

SECTION ITEM | PRISMA-ScR CHECKLIST ITEM ::‘(’;';TED ON

TITLE
Title
ABSTRACT

Structured
summary

INTRODUCTION

Rationale

Objectives

METHODS

Protocol and
registration

Eligibility criteria

Information
sources*

Search

Selection of
sources of
evidencet

Data charting
processt

10

Identify the report as a scoping review.

Provide a structured summary that includes (as
applicable): background, objectives, eligibility
criteria, sources of evidence, charting methods,
results, and conclusions that relate to the review
questions and objectives.

Describe the rationale for the review in the
context of what is already known. Explain why the
review questions/objectives lend themselves to a
scoping review approach.

Provide an explicit statement of the questions and
objectives being addressed with reference to their
key elements (e.g., population or participants,
concepts, and context) or other relevant key
elements used to conceptualize the review
questions and/or objectives.

Indicate whether a review protocol exists; state if
and where it can be accessed (e.g., a Web
address); and if available, provide registration
information, including the registration number.
Specify characteristics of the sources of evidence
used as eligibility criteria (e.g., years considered,
language, and publication status), and provide a
rationale.

Describe all information sources in the search
(e.g., databases with dates of coverage and
contact with authors to identify additional
sources), as well as the date the most recent
search was executed.

Present the full electronic search strategy for at
least 1 database, including any limits used, such
that it could be repeated.

State the process for selecting sources of evidence
(i.e., screening and eligibility) included in the
scoping review.

Describe the methods of charting data from the
included sources of evidence (e.g., calibrated
forms or forms that have been tested by the team
before their use, and whether data charting was
done independently or in duplicate) and any
processes for obtaining and confirming data from
investigators.

2, protocol (5, 6)

8, 10,
Supplementary
material 1

Supplementary
material 1, 8

8,10

12



SECTION ITEM | PRISMA-ScR CHECKLIST ITEM Ol B Ol
PAGE #
10,

Data items

Critical appraisal
of individual
sources of
evidence$§

Synthesis of
results

RESULTS

Selection of
sources of
evidence

Characteristics of
sources of
evidence

Critical appraisal
within sources of
evidence

Results of
individual sources
of evidence
Synthesis of
results

DISCUSSION

Summary of
evidence

Limitations

Conclusions

FUNDING

Funding

11

12

13

14

15

16

17

18

19

20

21

22

List and define all variables for which data were
sought and any assumptions and simplifications
made.

If done, provide a rationale for conducting a
critical appraisal of included sources of evidence;
describe the methods used and how this
information was used in any data synthesis (if
appropriate).

Describe the methods of handling and
summarizing the data that were charted.

Give numbers of sources of evidence screened,
assessed for eligibility, and included in the review,
with reasons for exclusions at each stage, ideally
using a flow diagram.

For each source of evidence, present
characteristics for which data were charted and
provide the citations.

If done, present data on critical appraisal of
included sources of evidence (see item 12).

For each included source of evidence, present the

relevant data that were charted that relate to the

review questions and objectives.

Summarize and/or present the charting results as

they relate to the review questions and objectives.

Summarize the main results (including an overview
of concepts, themes, and types of evidence
available), link to the review questions and
objectives, and consider the relevance to key
groups.

Discuss the limitations of the scoping review
process.

Provide a general interpretation of the results with
respect to the review questions and objectives, as
well as potential implications and/or next steps.

Describe sources of funding for the included
sources of evidence, as well as sources of funding
for the scoping review. Describe the role of the
funders of the scoping review.

Supplementary
material 2,
protocol (8, 9)

10

8,10

Figure 1, 2

Table 1
Figure 3,

Supplementary
material 3

Table 1, table 2, 3,
4,5,6

2,3,4,5,6

6,7,8

8

’

Supplementary
material 5

13
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