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ABSTRACT

PURPOSE Tumor budding (TB) is an independent prognostic biomarker for colorectal 
cancer (CRC), yet its clinical adoption is limited by labor-intensive and sub-
jective visual scoring. Computational pathology (CPath) algorithms using deep 
learning offer potential to improve efficiency and reproducibility. Using an 
international Delphi study, we established consensus requirements to guide 
validation and clinical adoption of CPath algorithms, aiming to enhance di-
agnostic accuracy and patient care.

METHODS A two-round international Delphi process was conducted, involving interna-
tional experts, to reach consensus on predefined statements. In round 1, 
baseline characteristics were collected and participants were asked to rank 
statements representing the minimal requirements for the implementation of a 
CPath algorithm for TB assessment. After completion of this round, participants 
received a personalized feedback report summarizing interim results for items 
that lacked consensus. In round 2, participants re-evaluated their initial re-
sponses to statements without consensus, in the light of anonymized group 
feedback provided in their personalized report.

RESULTS Fifty-nine pathologists participated in round 1, with a 90% response rate in 
round 2. Consensus was reached for 21 of 29 (72%) minimal requirements. All 
reached consensus by agreement. Eight statements (28%) remained without 
consensus after round 2.

CONCLUSION Agreement was reached on the technical, organizational, ethical, and legal 
aspects, although some requirements were not agreed upon. This highlights the 
importance of evaluations that take specific contexts into account, as well as the 
need for continuous stakeholder engagement throughout the development and 
implementation phases.

INTRODUCTION

Histopathologic assessment of the presence of tumor 
budding (TB) yields a promising biomarker for colorectal 
cancer (CRC). TB is defined as isolated single cells or 
small clusters of up to four tumor cells located at the 
invasive tumor front. 1 , 2 These biomarkers possess in-
dependent prognostic information, in addition to TNM 

staging of CRC. TB is of particular importance in early 
CRC, as it is frequently encountered in population screening 
programs. The assessment is necessary for improved de-
cision making on therapeutic strategies and for prevention 
of possible undertreatment and overtreatment. 3 Although 
TB assessment is recognized in the WHO classification and

international clinical guidelines, 4-7 clinical adoption is 
hampered as human visual scoring remains labor intensive 
and subjective, resulting in a moderate interobserver 
agreement in hematoxylin and eosin slides.

TB scoring can be improved by supporting pathologists with 
computational pathology (CPath) algorithms, which are 
mostly based on deep learning (DL) technology. 8 In previous 
research, a DL model was developed to recognize TB in 
digitized CRC tissue sections. The DL model demonstrated 
high sensitivity for TB detection. 8-10

Identifying the potential value of CPath algorithms in real-
world clinical practice will greatly benefit from early health

ACCOMPANYING CONTENT

Appendix

Data Supplement

Accepted July 2, 2026 

Published July 31, 2026

JCO Clin Cancer Inform 

10:e2600034

© 2026 by American Society of 

Clinical Oncology

Creative Commons Attribution 
Non-Commercial No Derivatives 
4.0 License

ascopubs.org/journal/cci | 1

D
ow

nl
oa

de
d 

fr
om

 a
sc

op
ub

s.
or

g 
by

 R
ad

bo
ud

 U
ni

ve
rs

ity
 N

ijm
eg

en
 o

n 
Ju

ly
 3

1,
 2

02
6 

fr
om

 1
31

.1
74

.2
44

.0
75

C
op

yr
ig

ht
 ©

 2
02

6 
A

m
er

ic
an

 S
oc

ie
ty

 o
f 

C
lin

ic
al

 O
nc

ol
og

y.
 A

ll 
ri

gh
ts

 r
es

er
ve

d.
 

https://orcid.org/0000-0001-9337-1318
https://orcid.org/0000-0003-0887-4127
https://orcid.org/0000-0001-7982-0754
https://doi.org/10.1200/CCI-26-00034
https://ascopubs.org/doi/suppl/10.1200/CCI-26-00034
http://ascopubs.org/journal/cci
http://crossmark.crossref.org/dialog/?doi=10.1200%2FCCI-26-00034&domain=pdf&date_stamp=2026-07-31


technology assessment (early HTA). Early HTA can be de-
fined as all methods used to inform decisions about sub-
sequent development, research, and/or investment by 
explicitly evaluating the potential value of a conceptual or 
actual health technology. 11 In a previous study, potential 
barriers and facilitators for CPath adoption were explored 
among pathologists, showing that the quality of evidence 
supporting the clinical use of CPath algorithms and their 
compatibility with current pathology laboratory workflows 
are important for pathologists to consider before using such 
algorithm in daily practice. 12

A CPath algorithm has the potential to improve efficiency 
and reproducibility in pathology. However, to facilitate the 
implementation of the algorithm, it is crucial to define 
minimal requirements for acceptance of this technology. 
Therefore, we conducted a Delphi study with an interna-
tional panel of pathologists to establish consensus on the 
minimal requirements that must be met before imple-
mentation in clinical practice. These standards will support 
pathology laboratories in validating and implementing 
CPath solutions, ultimately enhancing diagnostics accuracy 
and patient care.

METHODS

Study Design

We conducted a qualitative study using a two-round Delphi 
method to systematically determine the minimum re-
quirements for the adoption of a CPath algorithm for TB in 
CRC. 13 Minimum requirements were defined as the relevant 
conditions that must be satisfied for pathology laboratories 
to implement the CPath artificial intelligence (AI) TB to 
function correctly, safely, and effectively in daily clinical

practice. A Delphi method is an iterative process used to 
achieve consensus among a panel of experts, particularly in 
areas where empirical evidence is limited, to guide future 
directions. Participants remain anonymous and respond to 
structured questions in multiple rounds. After each round, 
controlled feedback is given, allowing experts to refine their 
opinion. Consensus is reached through the analyses of group 
responses. 14 No formal, prespecified stopping rule was ap-
plied. Instead, adequacy of convergence was assessed 
pragmatically on the basis of the proportion of statements 
reaching consensus after two iterative rounds, with re-
evaluation limited to the statements that did not reach 
consensus in round 1. No predefined quantitative conver-
gence metrics were used to determine whether additional 
Delphi rounds were required.

Study Population and Recruitment

For this study, we recruited a panel of GI pathologists, who 
are the projected end-users of the CPath algorithm for TB in 
CRC, using a purposive sampling approach. Inclusion criteria 
required participants to (1) be (self-considered) sub-
specialized GI pathologists and (2) have sufficient English 
language proficiency. Potential participants were recruited 
by email from diverse working groups (Australian Division of 
the International Academy of Pathology, GI Pathology Di-
vision; Rodger C. Haggitt Gastrointestinal Pathology Society; 
ESP Working Group of Digestive Diseases; British Society of 
Gastroenterology; and Dutch Expert Group on Gastroin-
testinal Pathology). In addition, we invited GI pathologists 
from the TB consortium group through email, authors of 
publications on TB in the past 5 years who were identified 
through PubMed contacted through email, and additional 
participants through a public message on LinkedIn posted 
by one of the researchers (I.D.N.). After the initial email

CONTEXT

Key Objective
What do GI pathologists consider minimal requirements for the use of a computational pathology (CPath) algorithm for 
tumor budding (TB) assessment in daily clinical practice?

Knowledge Generated
An international panel of GI pathologists agreed upon a set of 21 minimal requirements for the implementation of a CPath 
algorithm for TB assessment in clinical practice. The additional set of requirements on which there was no agreement 
highlights key considerations in the implementation process.

Relevance (P. Innominato)
Although this Delphi process consensually identified a set of minimal requirements for the routine implementation of a 
potentially clinically relevant CPath algorithm, some aspects remained dependent on the working environment and artificial 
intelligence-proficiency of the stakeholders. This study provides a first appropriate consensus and warrants additional 
improvement cycles to further optimize this set for universal contextualization, both geographically and temporally.*

*Relevance section written by JCO Clinical Cancer Informatics Associate Editor Pasquale Innominato, MD, PhD.
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requesting participation, two reminders were sent to 
nonresponders.

Data Collection

The Delphi study was conducted over two rounds. The first 
round took place between January 4 and March 8, 2024. The 
second round took place from July 24 to September 17. In 
round 1, we collected baseline characteristics of the partic-
ipants, including sex, age, country of practice, years of 
professional work experience, and prior experience with 
digital image analysis algorithms. Then, we introduced a 
case study describing a hypothetical CPath algorithm for TB 
assessment. This case study was developed to ensure all 
participants approached the questionnaires from a consis-
tent clinical and technological context. Next, participants 
were asked to rank statements representing the minimal 
requirements for the implementation of the CPath algorithm 

for TB assessment. These statements were derived from a 
model for assessing the value of AI (MAS-AI), as proposed by 
Fasterholdt et al. 15 This model provides a structured 
framework to evaluate the maturity, impact, and imple-
mentation readiness of AI solutions in clinical practice. The 
MAS-AI model includes a two-step approach across nine 
domains, along with five process factors to guide multi-
disciplinary assessment. We focused on the first step of 
MAS-AI, which involves the early evaluation of AI tech-
nology by using five domains: (1) health problem and current 
use of technology, (2) development of the AI model, (3) 
deployment of the AI model, (4) ethical aspects, and (5) legal 
aspects. Each MAS-AI domain was deconstructed into 
subcomponents reflecting key assessment criteria for the 
use of CPath in clinical practice. These subcomponents were 
informed by a literature review and were iteratively refined 
for clarity and contextual relevance. 16 The project team 

consisted of a pathologist, a CPath expert, a HTA expert, and 
an implementation science expert. Each team member in-
dependently rephrased and refined the statements in three 
internal iterative rounds, drawing on their own area of ex-
pertise. Following this process, 29 concrete and evaluable 
statements were formulated to define minimal standards for 
AI-based TB assessment. Before development of the Delphi 
study, the statements were reviewed by the project team for 
clarity and face validity and piloted with two independent 
pathologist colleagues. No formal external pilot testing or 
wording validation was conducted. Participants were asked 
to indicate their level of agreement with each statement 
regarding potential clinical implementation of the CPath 
algorithm for TB assessment, using a nine-point Likert scale 
ranging from 1-strongly disagree to 9-strongly agree, with 
only the end points labeled.

After completion of the first Delphi round, each participant 
received a personalized feedback form summarizing the 
interim results for items that lacked consensus. These forms 
included the median score for each statement, participants’ 
individual scores, and the distribution of scores across the 
entire panel of participants (percentages per answer option).

An illustrative example of a feedback form is provided in the 
Data Supplement (File S1).

All individuals who responded in the first round were invited 
to participate in the second Delphi round, using the same 
nine-point Likert scale. The second round comprised of two 
parts: (1) information on the hypothetical CPath algorithm 

for TB to provide contextual grounding and (2) the state-
ments for which no consensus was reached in round 1. 
Participants were encouraged to re-evaluate their initial 
responses in the light of the anonymized group feedback 
presented in their personalized report and rate each state-
ment using the same nine-point Likert scale. The ques-
tionnaires of round 1 and round 2 are provided in the Data 
Supplement (File S2).

Data Analysis

The data from the Delphi study were analyzed according to 
predefined consensus criteria, as commonly used in a Delphi 
methodology. 17 The analysis aimed to assess the level of 
agreement and disagreement among participants regarding 
the minimal standards for a CPath algorithm for TB as-
sessment. Consensus was defined as ≥70% of participants 
scoring 7, 8, or 9 (agreement) or ≥70% scoring 1, 2, or 3 
(disagreement). A consensus threshold of 70% cutoff 
agreement or disagreement was applied, which is commonly 
used in Delphi studies to balance inclusivity with meaningful 
expert agreement. 14,17 This threshold reflects a pragmatic 
compromise that allows for inclusion of broadly supported 
statements while avoiding excessive stringency that may 
impede consensus formation in heterogeneous expert 
panels. Adopting a more conservative threshold (eg, 80%) 
would have resulted in more conservative consensus out-
comes and potentially excluded statements with substantive 
but not near-unanimous support. Conversely, a more liberal 
cutoff (eg, 60%) would have increased the risk of classifying 
statements with weaker, more polarized, or less stable 
agreement as consensus. Statements that did not reach 
consensus were carried forward to round 2 for further 
evaluation. In round 2, the same process was repeated. 
Statements that reached consensus were considered re-
solved and led to the identification of minimal requirements 
for AI-based TB assessment. In addition to consensus 
proportions, median scores and IQRs were calculated and 
reported for each statement and for each Delphi round. 
These descriptive statistics provide insight into the strength 
and dispersion of expert agreement beyond binary con-
sensus outcomes. For statements that were re-evaluated in 
round 2, changes in median scores across rounds reflect the 
magnitude and direction of change in expert opinion be-
tween rounds.

RESULTS

In round 1, 59 pathologists participated, all of whom were 
invited to participate in round 2 (response rate round 2 5 

90%). Of the participants, 31 were male (53%) and 28 were

JCO Clinical Cancer Informatics ascopubs.org/journal/cci | 3
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female (47%). Most of the respondents were between 45 and 
54 years of age (36%), followed by 35-44 years (34%) and 
55-64 years (22%). Regarding professional experience, most 
of the participants had more than 10 years of practice in 
pathology (69%), whereas 17% had 6-10 years of experience 
and 14% had ≤5 years. Subspecialized pathologists repre-
sented the largest group (73%), while 25% were general 
pathologists and 2% were residents. Most of the respondents 
were affiliated with academic hospitals (70%), whereas 30% 

worked in nonacademic settings. Participants were geo-
graphically diverse, with the largest group residing in The 
Netherlands (29%) and the United States (27%). Other 
countries represented included the United Kingdom (14%); 
Australia (7%); Switzerland (5%); Germany, Canada, Ire-
land, and Nigeria (each 3%); and France, India, and Italy 
(each 2%).

Concerning digital pathology, 53% of the respondents re-
ported prior experience with digital image analysis or AI 
algorithms in the research and development phase, while 
47% had no such experience. Within diagnostic practice, 
49% indicated experience with digital image analysis or AI, 
compared with 51% without such exposure.

In round 1, 17 statements (out of a total of 29; 59%) reached 
consensus as minimal requirements for the use of the TB 
CPath algorithm in daily clinical practice. After the first 
round, no consensus was reached on 12 statements. In the 
second round, an additional four statements reached con-
sensus, resulting in a total of 21 (72%) minimal require-
ments. Of these last four, all were based on agreement. The 
consensus-based minimal requirements are presented in 
Figure 1. The results of all the requirements are presented in 
Data Supplement (File S3). Eight statements (28%) remained 
without consensus after round 2. These nonconsensus 
statements are reported separately in Figure 2 and are vi-
sually highlighted in Data Supplement (File S3) using a red 
box to provide transparency regarding areas where expert 
agreement was not achieved. Inspection of the response 
distributions for these statements revealed heterogeneous 
patterns of agreement, which are visualized in Data Sup-
plement (File S4) using pie charts to illustrate the spread of 
expert opinions.

DISCUSSION

An international panel of GI pathologists reached consensus 
on a set of 21 minimal requirements for the implementation 
of a CPath algorithm for TB assessment in clinical practice. 
On examining the use of the CPath TB algorithm, there was 
no agreement on the requirement for this algorithm to fully 
replace the pathologist, but the result was close to rejection. 
This finding aligns with the current perspective on the use of 
AI in pathology and, more generally, in health care: There 
should always be an expert in the loop. 18 We recommend that 
pathology laboratories first establish a workflow that inte-
grates the pathologist. However, no consensus was reached 
on the timing when to run the CPath TB algorithm: before,

during, and/or after the diagnostic evaluation of the pa-
thologist. This lack of consensus may reflect that the more 
critical question is not when to run the algorithm, but rather 
when to use the information it provides. Research by Fogliato 
et al 19 found that the timing of using the AI model does 
influence decisions. This study found that radiologists who 
conducted their own evaluation before using the AI model 
were less likely to agree with the AI output. Consequently, 
workflow integration must be established before imple-
mentation is undertaken, given its impact on clinical deci-
sion making. Moreover, our questionnaire provided only 
minimal information, for example, details on the risk cat-
egorization of the CPath TB algorithm according to the EU 
Medical Device Regulation were lacking. 20 Such risk cate-
gorization could help to determine at which time point in the 
workflow it is considered safe to run and use the CPath TB 
algorithm. 21

Regarding the model development, GI pathologists agreed 
that they need additional information, such as the data 
used, the training approach, and the evaluation metrics. 
This aligns with a key facilitator of AI implementation, 
namely transparency in AI development. 22-24 However, no 
consensus was reached on the requirement whether in-
formation about the model architecture should be provided 
to enable reconstruction. This requirement showed a wide 
dispersion of scores and is highly technical, as pathologists 
may not fully understand its implications or possess the 
skills to perform such a task. While a substantial proportion 
of pathologists rated this requirement as highly relevant, 
others considered it of limited importance, suggesting 
divergent views on the necessity and feasibility of technical 
transparency for clinical use. A recent study on the com-
petencies required for pathologists to use CPath in daily 
practice does not state this as an essential competency. 
However, it does mention that a basic understanding of the 
different steps in AI model development should be ac-
quired, as well as awareness of the potential risks in the 
design and reporting of AI. 25

All requirements regarding the deployment of the AI model 
were deemed necessary before implementing the CPath TB 
algorithm in daily clinical practice. To evaluate whether the 
CPath TB algorithm meets requirements such as compati-
bility, flexibility, and usability in a specific setting, pathology 
laboratories could use a structured validation process, as 
described in the review by van der Laak et al. 24

Many participants acknowledged the relevance of the de-
velopment of the algorithm using data from different ethnic 
and cultural groups, but the wide dispersion of scores 
suggests context-dependent prioritization, potentially 
influenced by differences in local patient populations, data 
availability, and regulatory expectations. Although equity 
and diversity were not prioritized as minimal requirements 
in this study, these aspects remain critical for the responsible 
adoption of AI in health care. 26 Algorithms trained on ho-
mogeneous datasets risk introducing bias, which can lead to
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unequal diagnostic performance across patient populations. 
Therefore, as implementation settings become clearer, 
stakeholders should revisit these requirements and consider 
strategies to ensure inclusiveness, such as incorporating 
diverse datasets and monitoring algorithmic performance 
across demographic subgroups. Addressing these issues

proactively can help build trust among clinicians and pa-
tients and align AI development with broader ethical and 
legal standards.

Together, the nonconsensus findings indicate that work-
flow, transparency, and equity-related requirements are

Health care problem and current 
use of the AI model

Accepted
I will use the AI solution for tumor budding in clinical practice if
1) the tumor budding AI can be used as add-on to current clinical workflow.
2) the tumor budding AI is validated with retrospective data.
3) the tumor budding AI is validated with prospective data.
4) the goal how the tumor budding AI is developed is explained. a

Accepted
I will use the AI solution for tumor budding in clinical practice if
5) the tumor budding AI is accompanied by a description, the data of which 
are used to develop the model.
6) the tumor budding AI results are checked for accuracy against real-world 
evidence.
7) the tumor budding AI is accompanied by a description of the training 
approach.
8) the tumor budding AI is accompanied by a description of the metrics 
used to evaluate the models performance.
9) the tumor budding AI performance is benchmarked against current 
standards.

Accepted
I will use the AI solution for tumor budding in clinical practice if
10) the tumor budding AI includes an evaluation of prior use.
11) the tumor budding AI is compatible with the existing equipment and 
infrastructure.
12) the tumor budding AI parameters can be adjusted to meet user 
requirements.
13) the tumor budding AI operates within interfaces that are available in 
the organization.
14) the tumor budding AI is easy to use.

Accepted
I will use the AI solution for tumor budding in clinical practice if
15) the tumor budding AI quantifies the risk of false-positive and negative 
results.
16) the tumor budding AI complies with the GDPR
17) the tumor budding AI is developed with attention to trust (transparency, 
accountability, and responsibility issues).
18) the tumor budding AI is accompanied by a clear chain of accountability.
19) the tumor budding AI output can be overruled by human interaction.
20) the tumor budding AI quantifies the risk of overdiagnosis or 
underdiagnosis.

Accepted
I will use the AI solution for tumor budding in clinical practice if
21) the tumor budding AI complies with the current legal/IVDR standards.

Development of the AI model

Deployment of the AI model

Ethics of the AI model

Legal aspects of the AI model

FIG 1. Consensus-based minimal requirements of TB algorithm implementation. a Model creation, exploratory study, feasi-
bility study, noninferiority study, etc. AI, artificial intelligence; GDPR, General Data Protection Regulation; IVDR, in vitro di-
agnostic regulation; TB, tumor budding.
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recognized as important by many experts, but are weighed 
differently depending on practical and contextual consid-
erations. From an early HTA perspective, this heterogeneity 
highlights areas where further empirical evidence and 
context-specific evaluation will be needed before uniform 

implementation expectations can be defined.

The consensus-based minimum requirements identified in 
this study do not constitute empirical evidence of analytical 
validity, clinical validity, or clinical utility. Rather, they re-
flect stakeholder-derived expectations that precede and 
inform these validation stages. From an early HTA per-
spective, these minimum requirements are intended to guide 
subsequent empirical validation and context-specific 
implementation decisions, rather than to replace formal 
assessments of analytical performance, clinical effective-
ness, or clinical impact.

A strength of this study is that we included a broad inter-
national panel of pathologists in the early phase of devel-
opment, to assess the minimal requirements for future 
implementation of the CPath TB algorithm into daily clinical 
practice. We used various recruitment strategies to include 
GI pathologists from a range of different countries. A lim-
itation related to this panel is that most were from aca-
demics, while this algorithm is also relevant in nonacademic 
settings. Next to this, almost half of our panel was involved 
in AI development research in pathology. Both could have an 
influence on our results, for example, being more critical 
regarding the development of the AI model and wanting to 
have all the information present. The predominance of

academic, subspecialized pathologists and those with AI 
experience may also result in a consensus that is more 
optimistic about the feasibility and potential benefits of 
integrating AI into pathology workflows. However, this 
perspective may not fully capture the barriers and concerns 
that pathologists in nonacademic laboratories might en-
counter, such as resource limitations, limited exposure to AI 
technologies, and different organizational priorities. No 
formal sensitivity or subgroup analyses were performed to 
explore differences in consensus by professional experience, 
practice setting (academic versus nonacademic), or prior 
exposure to AI. Despite these limitations consensus was 
reached for 21 out of 29 statements, indicating broad 
agreement on a core set of minimal requirements that must 
be met before the clinical implementation, even with this 
panel composition. Another limitation is that the explana-
tion of the AI model in the survey may lack important in-
formation for the study participants to decide on the 
minimal requirements. However, some requirements may 
also be flexible, depending on the local context and pref-
erences of pathology laboratories. Therefore, the minimal 
requirements that are still under discussion can be reviewed 
again by pathology laboratories, depending on their specific 
context.

In conclusion, this Delphi study identified stakeholder-
derived minimal expectations for the potential imple-
mentation of a CPath algorithm for tumor budding in 
CRC. These expectations reflect expert consensus on pre-
requisites considered important in an early phase of 
technology development, rather than empirically validated

Health care problem and current 
use of the AI model

Nonagreement
I will use the AI solution for TB in clinical practice if
1) the TB AI runs before my diagnostic evaluation.
2) the TB AI runs during my diagnostic evaluation.
3) the TB AI runs after my diagnostic evaluation.
4) the TB AI can be used as alternative triage (prioritization of cases)
5) the TB AI can be used as replacement for the evaluation by
a pathologist.

Nonagreement
I will use the AI solution for TB in clinical practice if
6) the TB AI is accompanied by a detailed description of the model 
architecture in order to make reconstruction possible.

Nonagreement
I will use the AI solution for TB in clinical practice if
7) the TB AI promotes equity and diversity by facilitating equitable use 
and access.
8) the TB AI is developed using data from different ethnic and cultural 
groups.

Development of the AI model

Ethics of the AI model

FIG 2. Nonconsensus statements of TB algorithm implementation. AI, artificial intelligence; TB, tumor budding.
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implementation standards. While consensus was reached 
on many technical, organizational, ethical, and legal as-
pects, several requirements remained context dependent or

unresolved. This highlights the need for specific-context 
evaluation and ongoing stakeholder dialog as development 
and implementation progresses.
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APPENDIX. DELPHI STUDY PARTICIPANTS
Only participants who provided their details in the second round of the Delphi study 
are listed.

1. Marnix Jansen, MD, PhD, MSc, Associate Professor, Department of Pathology, 
UCL Cancer Institute

2. Dr Newton A.C.S. Wong, Honorary Associate Professor in Pathology, University 
of Bristol

3. Professor Maurice Loughrey, Queen’s University Belfast, United Kingdom
4. Chella van der Post, MD, PhD, Pathologist
5. Iv ´ an A. Gonz´ alez, MD, Assistant Professor, Department of Pathology and
Laboratory Medicine, Indiana University School of Medicine 

6. Sonay Kuş Özt¨ urk, Ms, Department of Pathology, Radboud University Medical
Center

7. Paromita Roy, Senior Consultant, Tata Medical Center, Kolkata
8. Pr Magali SVRCEK, Sorbonne Universit ´ e, AP-HP, Saint-Antoine Hospital, De-
partment of Pathology

9. Michael Vieth, Prof. Dr Institute of Pathology, Friedrich-Alexander-Universit¨ at
Erlangen-N¨ urnberg, Klinikum Bayreuth, Bayreuth, Germany

10. David Schaeffer, MD, Vancouver General Hospital, Vancouver, BC Canada
11. Professor Heike I Grabsch, Maastricht University (NL) and University of Leeds 

(United Kingdom)
12. Professor Dr Kirsten Mertz, Institute of Medical Genetics and Pathology, 

University Hospital Basel, Basel, Switzerland
13. Uchenna Ezenkwa, Dr, Department of Histopathology, Federal University of 

Health Sciences, Azare, Nigeria
14. Christophe Rosty, MD, PhD, Envoi Pathology, University of Queensland, 

Brisbane, QLD, Australia
15. Prof David Gibbons, Department of Pathology, St Vincent’s University Hospital, 

Dublin, Ireland
16. Raul S. Gonzalez, MD, Emory University School of Medicine
17. Marilyne Lange, MD, PhD, Amsterdam UMC
18. Prof Anthony J. Gill, MD, FRCPA, University of Sydney, Sydney, NSW, Australia

19. Professor Adrian C. Bateman, Consultant Histopathologist, University Hospital 
Southampton NHS Foundation Trust

20. Professor Kieran Sheahan, St Vincent’s University Hospital and UCD School of 
Medicine, Dublin

21. Adoke Kasimu Umar, Consultant Pathologist, Federal Medical Centre Birnin 
Kebbi, Nigeria

22. Valeria Barresi, University of Verona, Italy
23. A. Klooster, MD-PhD, Pathologie Friesland, Leeuwarden
24. Dr FC Meeuwsen, MD from Erasmus MC Rotterdam, the Netherlands
25. Prof. Petur Snaebjornsson, MD, PhD, Netherlands Cancer Institute, Depart-

ment of Pathology, Amsterdam, the Netherlands, and University of Iceland, 
Faculty of Medicine, Reykjavik, Iceland.

26. Dr N Knijn, Pathology DNA, Arnhem
27. Gursah Kats-Ugurlu, MD, PhD, Department of Pathology, University Medical 

Center Groningen, University of Groningen
28. A.H.A.G. Ooms, MD, PhD, Pathology Department, Pathan BV, Rotterdam
29. Melissa W. Taggart, Professor, University of Texas M.D. Anderson Cancer 

Center
30. Noam Harpaz, MD, PhD, Professor of Pathology and Gastroenterology, Icahn 

School of Medicine at Mount Sinai, New York.
31. Stijn Crobach, Department of Pathology, LUMC Leiden
32. Adam L. Booth, Assistant Professor of Pathology and Immunology, Wash-

ington University School of Medicine
33. Joseph Misdraji, Professor of Pathology, Yale University, Yale New Haven 

Hospital
34. Jinru Shia, MD, Memorial Sloan Kettering Cancer Center, New York
35. Dr Nick West, University of Leeds
36. E.E.M. Peters, MD, PhD, Haaglanden Medical Center
37. Jennifer Do, MD, FCAP, FASCP, GI Pathologist; Advanced Pathology Solutions, 

Little Rock, AR
38. Michail Doukas, MD, PhD, Department of Pathology, Erasmus University 

Medical Center Rotterdam, the Netherlands
39. Dr Richard Standish
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