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ABSTRACT

Introduction Histopathological evaluation of prostate
biopsies using the Gleason scoring system is critical

for prostate cancer diagnosis and treatment selection.
However, grading variability among pathologists can

lead to inconsistent assessments, risking inappropriate
treatment. Similar challenges complicate the assessment
of other prognostic features like cribriform cancer
morphology and perineural invasion. Many pathology
departments are also facing an increasingly unsustainable
workload due to rising prostate cancer incidence and

a decreasing pathologist workforce coinciding with
increasing requirements for more complex assessments
and reporting. Digital pathology and artificial intelligence
(Al) algorithms for analysing whole slide images show
promise in improving the accuracy and efficiency of
histopathological assessments. Studies have demonstrated
Al’s capability to diagnose and grade prostate cancer
comparably to expert pathologists. However, external
validations on diverse data sets have been limited and
often show reduced performance. Historically, there have
been no well-established guidelines for Al study designs
and validation methods. Diagnostic assessments of Al
systems often lack preregistered protocols and rigorous
external cohort sampling, essential for reliable evidence of
their safety and accuracy.

Methods and analysis This study protocol covers the
retrospective validation of an Al system for prostate
biopsy assessment. The primary objective of the study

is to develop a high-performing and robust Al model for
diagnosis and Gleason scoring of prostate cancer in core
needle biopsies, and at scale evaluate whether it can
generalise to fully external data from independent patients,
pathology laboratories and digitalisation platforms. The
secondary objectives cover Al performance in estimating
cancer extent and detecting cribriform prostate cancer and
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STRENGTHS AND LIMITATIONS OF THIS STUDY

= The study protocol incorporates one of the largest
datasets of digitised prostate core needle biopsies
for the development and retrospective validation of
diagnostic artificial intelligence (Al) models.

= The whole slide image data capture a broad spec-
trum of variation in patient populations, histolog-
ical sample preparation and scanning instruments
across different clinical sites.

= The collection and digitisation of the cohorts has
been carefully planned to ensure fully external vali-
dation of Al algorithms without information leakage
between the data used for Al development and for
Al validation.

= We recognise the under-representation of cer-
tain demographic groups in these predominantly
Caucasian patient cohorts and are committed to
addressing this through continued data collection.

= The varying practices and interobserver variation
in the reporting of prostate pathology introduce
systematic differences in the reference standards
across cohorts, which cannot be fully eliminated
due to the subjective nature of histopathological
assessments.

perineural invasion. This protocol outlines the steps for
data collection, predefined partitioning of data cohorts for
Al model training and validation, model development and
predetermined statistical analyses, ensuring systematic

development and comprehensive validation of the system.

The protocol adheres to Transparent Reporting of a
multivariable prediction model of Individual Prognosis Or
Diagnosis+Al (TRIPOD+Al), Protocol ltems for External
Cohort Evaluation of a Deep Learning System in Cancer

BM) Group
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Diagnostics (PIECES), Checklist for Al in Medical Imaging (CLAIM) and
other relevant best practices.

Ethics and dissemination Data collection and usage were approved

by the respective ethical review boards of each participating clinical
laboratory, and centralised anonymised data handling was approved by
the Swedish Ethical Review Authority. The study will be conducted in
agreement with the Helsinki Declaration. The findings will be disseminated
in peer-reviewed publications (open access).

INTRODUCTION

Prostate cancer is the second most common malignancy
in men globally." More than two million men undergo
prostate biopsy every year in the EU and US alone.”
This is further expected to increase markedly in the
coming 15 years due to the prolonged life expectancy
and widespread adoption of more sensitive screening
and diagnostic methods.” Histopathological evaluation
of prostate core needle biopsies is crucial for diagnosing
and treating prostate cancer. Pathologists examine biop-
sies using the Gleason scoring system,” assigning primary
and secondary grades (eg, Gleason score (GS) of 3+4=7)
based on the relative quantities of tissue representing
different Gleason patterns.” Grading is, however, inher-
ently subjective and associated with high intrapathologist
and interpathologist variability (Cohen’s kappa statistics
varying from 0.30 to 0.70 between pathologists), placing
patients at risk of inappropriate treatment selection.”

With the aim of standardisation, the International Society
of Urological Pathology (ISUP) updated grading guide-
lines such that GSs are pooled into five ordinal categories
(ie, 1-5) referred to as the ISUP grades (also called grade
groups or WHO grade).” ? ' Besides Gleason scoring,
similar challenges affect the reliable assessment of other
histopathological entities relevant to the clinical manage-
ment of prostate cancer, such as cribriform cancer
morphology'' or perineural invasion (PNI),' both of
which are associated with poor prognosis.

Digital pathology'” and the application of artificial
intelligence (AI) algorithms to analyse whole slide
images (WSIs) hold promise for reducing variability and
improving the accuracy of histopathological assessments.
Many previous studies have demonstrated that Al can
diagnose and grade prostate cancer on par with expert
pathologists."*™"” However, external validations demon-
strating the generalisation capacity of these models on
data spanning across scanning devices, laboratories and
patient populations not involved in the model devel-
opment have been limited. Moreover, results from the
validation studies have often shown deteriorated perfor-
mance on the external data."* "' These complications
are not specific to prostate pathology, as there are several
examples of scanner-induced variability and bias posing
challenges for AI models across different tasks and tissue
types. 222

The unresolved issues with generalisation limit
the widespread application of Al in clinical practice,
including histopathology. The field has historically
lacked well-established guidelines on Al study designs

and standardised methods for the proper evaluation and
reporting of Al validation studies. Generally, diagnostic
assessments of Al systems lack preregistered study proto-
cols with predefined analysis plans and rigorous sampling
of external cohorts, which are key factors for generating
reliable evidence of the safety and diagnostic accuracy of
these systems in view of further prospective evaluations in
clinical trials.”** Here, we present a comprehensive study
protocol for the development and retrospective valida-
tion of an Al system for diagnostic assessment of prostate
biopsies. This protocol outlines study objectives, analysis
and experimental pipelines, as well as data cohorts for
evaluating the generalisability and robustness of the Al
system. The Al system is ultimately intended to be used
as part of computer-aided diagnosis software to provide
decision-making support for pathologists. However, this
study focuses solely on the standalone diagnostic perfor-
mance of the system, excluding clinical implementation,
user interaction and combined analysis with human
pathologist supervision aspects.

Several guidelines have recently been proposed or
are under development for reporting clinical valida-
tion studies of Al-based methods, for example, SPIR-
IT-AI (Standard Protocol Items: Recommendations for
Interventional Trials-AI) and its companion statement
CONSORT-AI (Consolidated Standards of Reporting
Trials-Al), which are intended for protocols and reporting
of randomised clinical trials involving an Al intervention
component,” * or the DECIDE-AI (Developmental and
Exploratory Clinical Investigations of DEcision support
systems driven by Artificial Intelligence) guideline which
applies specifically to early, small-scale evaluation of
Al interventions, with a focus on clinical utility, safety
and human factors.”” In terms of guidelines applicable
to preclinical and offline evaluation of Al prediction
models, the TRIPOD+AI (Transparent Reporting of a
multivariable prediction model of Individual Prognosis
Or Diagnosis+AI)* guideline on developing or reporting
the performance of Al prediction models has recently
been released,” while the STARD-AI (Standards for
Reporting of Diagnostic Accuracy Study-AI)* guideline
is still under development. This protocol incorporates
guidelines by the TRIPOD+AL?* applicable parts of the
best practice checklists proposed in PIECES (Protocol
Items for External Cohort Evaluation of a Deep Learning
System in Cancer Diagnostics),”’ CLAIM (Checklist for
Al in Medical Imaging)™ * and other methodological
checklists, including those for radiology due to the lack
of similar guidelines in pathology.”*

To our knowledge, the studies outlined in this protocol
represent the largest retrospective validation of an Al
system for prostate cancer diagnosis using digitised core
needle biopsies. Although all data cohorts and partitions
are predefined, the protocol is designed to allow the
addition of new validation cohorts without altering the
initial partitions. Thus, this protocol will be extended as
needed to support further retrospective validation of the
Al system on other patient populations on a global scale.
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Furthermore, in addition to its current diagnostic appli-
cations, the Al system will serve as a foundation for future
systems aimed at prognostication, treatment response
prediction and reducing reliance on immunohistochem-
istry (IHC). A prospective clinical trial, to be described in
a separate protocol, is planned to evaluate the real-world
performance of the Al system and its integration into
clinical workflows.

METHODS AND ANALYSIS

Study objectives

The objective of the study is to develop a high-performing
and robust Al model for diagnosis and Gleason scoring
of prostate cancer in core needle biopsies, and at scale
demonstrate that it can generalise to fully external data
from independent patients, pathology laboratories and
digitalisation platforms.

Primary objective

The primary objective is to assess the concordance
between the Al model and pathologists in diagnosing and
Gleason-scoring prostate cancer in core needle biopsies.

Secondary objectives

There are three secondary objectives which this study

accommodates:

» Assess the concordance between the Al model and
pathologists in measuring cancer extent (in millime-
tres) in prostate core needle biopsies.

» Assess the concordance between the Al model and
pathologists in detecting PNI in prostate core needle
biopsies.

» Assess the concordance between the Al model and
pathologists in detecting cribriform cancer in pros-
tate core needle biopsies.

Al system

The Al system developed and validated in this study is
intended for the histopathological assessment of digitised
prostate core needle biopsies. The system will be based on
deep neural networks and its specific design (eg, image
preprocessing steps, model architecture and training
approach) will be optimised during the study (see online
supplemental appendix 1 for further description of the
design choices and hyperparameters that will be eval-
uated). This study comprises multiple Al models, each
tailored for the specific objectives, that is, grading, PNI,
cribriform cancer and cancer length, and together these
models integrate to form an Al system.

System input

A WSI stored in a supported vendorspecific format,
depicting a formalin-fixed, paraffin-embedded haema-
toxylin & eosin (H&E) stained prostate core needle
biopsy specimen with one or several tissue cuts of one or
several biopsy cores.

System output

» GS: the system will output GS, such as 4+3=7, indi-
cating the primary and secondary patterns observed
within the input WSI. The GS ranges from 3+3=6to
5+5=10, with lower scores representing less aggressive
cancer and higher scores indicating more aggressive
cancer. Benign samples are encoded as 0+0.

» ISUP grade: the system will output an ISUP grade
which groups GS into ordinal categories, ranging
from 1 to 5. The GS are expressed as ISUP grades as
follows: ISUP 1 (GS 6), ISUP 2 (GS 3+4=7), ISUP 3
(GS 4+3=7),ISUP 4 (GS 8),ISUP 5 (GS 9-10). Benign
samples are encoded as 0.

» Cancer extent: the system will quantify the extent of
cancer within the provided WSI in millimetres. This
measurement indicates the size of the cancerous area
within the tissue specimen.

» Cribriform cancer: the system will output the predicted
probability of cribriform prostate cancer morphology
being present within the input WSL

» PNI: the system will output the predicted probability
of PNI being present within the input WSIL.

» Visualisation: the system will provide a visualisation
of its predictions including areas of different Gleason
patterns, PNI and cribriform cancer, which can be
examined in a WSI viewer software overlaid on the
digital slide. The exact format of the visualisation will
vary depending on the viewer software.

Study design

The aim of this study is to develop the Al system described
above and validate its diagnostic performance on retro-
spectively collected cohorts. To carry out the study, histor-
ical data, including medical records, pathology reports
and digitised images, have been collected for cases where
both the Al system and human pathologists make diag-
nostic assessments. The study design involves two inde-
pendent phases: Al system development and Al system
validation as shown in figure 1. The development phase
involves an iterative cycle of refining the model design
and hyperparameters using predefined development
and tuning cohorts for model training and estimation of
the effects of design choices on diagnostic performance.
Once the overall performance on the development and
tuning sets is deemed to have reached a plateau and
further changes to the model design no longer yield
meaningful improvements, a design freeze will take place
and the final AI model will be graduated to the validation
phase. This design achieves complete isolation between
the model development and the retrospective validation
to avoid any information leakage, which could lead to
overly optimistic validation results. All model parameters
and hyperparameters, including selection of any classi-
fier thresholds, will be set based on the development and
tuning cohorts, and no adjustments or tweaking will be
conducted on the validation cohorts, which will remain
entirely untouched during the development phase. Devel-
opment data, on the other hand, can be freely accessed
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Figure 1 Overview of the study design. The study design has two main steps: (top) The development phase involves model
design optimisation through an iterative process of experiments. In each experiment, the model is trained and its performance is
evaluated on the development set using cross-validation and on a separate tuning set. (bottom) The validation phase is initiated
with a design freeze, after which no further changes to the model take place. Validation comprises the assessment on the
internal data (ie, collected from the same laboratory and/or using the same scanner as development data) and the external data
(ie, collected from other laboratories using other scanners than any of the development data). The colour-coding of the cohort
icons represents the shared origin of data used for development and internal validation, and the fully independent nature of the
external validation and tuning cohorts. Created in BioRender. Mulligi, N. (2025) https://BioRender.com/evzu6sn. WSIs, whole

slide images.

without risk of bias at any point, allowing optimisation of
the AI model design prior to the validation phase of the
study.

The development cohorts provide a wide representa-
tion of tissue morphologies, scanning devices, labora-
tories and clinical characteristics of patients, allowing
for the training of a robust model. The tuning cohorts
enable assessing model generalisation (ie, performance
on data from different laboratories and scanners than
the development cohorts) on each development itera-
tion, and direct performance comparison with state-of-
the-art models evaluated on these same datasets in earlier
studies.'”!” Sequential experiments will be conducted one
modification at a time to evaluate, for example, different
preprocessing approaches for extracting image data from
the WSI, deep neural network architectures, optimiser
hyperparameters, etc (see online supplemental appendix
1). Model performance at each step will be measured
using cross-validation on the development cohorts and
independent evaluation on the tuning cohorts.

The validation phase will employ a blinded approach,
wherein neither the pathologists nor the Al model
have access to each other’s assessments. The valida-
tion cohorts consist of samples representing a range of
heterogeneous clinical settings and were collected from
patients not included in the development or tuning
cohorts. They are categorised as internal (scanner and
laboratory included in the development set), partly
external (scanner included in the development set) or
fully external (neither scanner nor laboratory included
in the development set) depending on the slide scanners
and clinical laboratories involved. Internal validation
can be expected to provide an optimistic estimate of the
diagnostic performance of the Al model in the absence
of laboratory or scanner variation. The generalisation
performance of the model will ultimately be evaluated
on the external validation cohorts, which avoids any
optimistic bias. The design also allows for additional vali-
dation cohorts to be added at any point after the devel-
opment phase.
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Due to interobserver variability among pathologists,
reference standards established by pathologists vary across
different validation cohorts. This complicates the assess-
ment of the Al model for generalisation across cohorts,
as any differences in observed performance can be partly
attributed to differences in reference standards and partly
attributed to imperfect Al generalisation to data originating
from different clinical sites. In the case of the primary
study objective of Gleason scoring, we have addressed this
issue by having a representative subset of slides from each
cohort be reassessed by the lead pathologist (LE). The lead
pathologist is highly experienced in urological pathology
and has shown high concordance relative to other expe-
rienced uropathologists in several studies."” > *® For the
secondary study objectives of cribriform cancer and PNI
detection, the assessments were conducted either by the
lead pathologist or by other experienced (>25 years of clin-
ical experience after residency) uropathologists (BD, HS)
whose concordance with the lead pathologist has been
quantified in earlier studies.'' '* This provides a consistent
reference standard which will allow us to assess the tech-
nical generalisation performance of the model (without
complete confounding between laboratory, scanner and
pathologist reference standards), in addition to large-
scale evaluation relying on the varying reference standards
provided by the local pathologists for each cohort.

Clinical and pathological characteristics of the included
patients are summarised in online supplemental appendix
2, and detailed information on the slide scanning is
provided in table 1. Details on reference standards for
each cohort with respect to grading are given in table 2,
and with respect to cribriform cancer and PNI are given
in table 3. Information on slides representing morpho-
logical subtypes is given in table 4, and the number of
slides for which IHC staining was performed in order
to confirm the diagnosis is tabulated in table 5. Online
supplemental appendix 2 shows CONSORT diagrams and
a comprehensive summary of the data cohorts (including
patient characteristics and selection, biopsy acquisi-
tion, histopathological sample preparation, digitisation
and reference standard protocols). Due to variations in
reporting practices and availability of detailed clinical
information across the included sites and datasets, not all
clinical characteristics or scanning metadata are available
for all patient cohorts (missing data are indicated as N/A
in the corresponding tables).

Inclusion and exclusion criteria

Provided below are the detailed criteria used to assess the
eligibility of patients, individual biopsy slides or WSIs for
inclusion in this study.

Inclusion criterion
Patients who underwent a prostate core needle biopsy
were eligible.

Exclusion criteria
» Clinical information:

- Patients with either slides or associated pathology
information unavailable.

- Slides lacking identifiers (IDs) preventing linkage
to the pathology data.

- Slides with identical IDs preventing unambiguous
linkage to the pathology data.

- Slides with mismatching GS and ISUP grade
information.

- Slides with mismatching information concerning
malignancy and GS or ISUP grade (eg, indicated
benign but a GS is provided).

- Slides with partial or erroneous GS reporting (eg,
<6, 4+0or 1+1, etc).

» Staining and slide preparation:

- Samples not containing prostate tissue, for exam-
ple, bladder biopsies, testicular biopsies.

- Samples not stained with H&E (eg, IHC stains).

- Initial cuts of tissue blocks deemed unsuitable by
the pathologist for providing a diagnosis and re-
quiring a recut.

- Empty biopsy slides with no tissue on the glass.

» Slide integrity and annotation:

- Slides with pen mark annotations that cover a vast
amount of the tissue, obscuring the underlying
morphology.

- Slides with pen mark annotations conflicting with
the pathology diagnosis (eg, there exists a pen mark
annotation on the slide, but the slide is diagnosed
as benign or vice versa). This only applies to the
STHLMS3 cohort, where the pen mark annotation
process is known to be consistent for all samples
(see Stockholm3 (STHLM3) in online supplemen-
tal appendix 2).

- Slides with pen mark annotations that result in the
majority of the tissue being out of focus during
scanning.

» Slide digitisation:

- Earlier scans of the same slide on the same scanner
instrument, assuming the latest WSI represents a
successful rescanning due to, for example, earlier
focus issues.

- Corrupt WSI files which cannot be accessed with
OpenSlide37 or OpenPhi.™

Data partitions

Requirements for data partition

We established a number of requirements to guide the

inclusion, exclusion and partitioning of data into devel-

opment, tuning and validation sets to account for several
sources of potential bias in the training and validation of
the model. We followed available guidelines and criteria

for balanced and representative data partitions™ ** # *

and arrived at the following set of requirements:

1. Representative sample selection: Ensure the data are
representative of the diversity encountered in clinical
practice by including multisite cohorts with variations
in scanning equipment (eg, vendors, models, image for-
mats), biopsy preparation (eg, staining, tissue cutting),

Mulligi N, et al. BMJ Open 2025;15:€097591. doi:10.1136/bmjopen-2024-097591

5

'salfojouyoal Jejiwis pue ‘Buiurel) |y ‘Buluiw erep pue 1xa1 01 pale[al sasn Joj Buipnjoul ‘1ybluAdoos Agq paloslold
oiselipfelunxapall
uaulj|@aianexee doljA uning ¥e Gzoz ‘0z snbny uo jwodfwq-uadolway/:diy woly papeojumod ‘Gzoz AInr £ uo 165260-720z-uadolwag/9eTT 0T se paysiignd 1siy :uado rINg


https://dx.doi.org/10.1136/bmjopen-2024-097591
https://dx.doi.org/10.1136/bmjopen-2024-097591
https://dx.doi.org/10.1136/bmjopen-2024-097591
https://dx.doi.org/10.1136/bmjopen-2024-097591
https://dx.doi.org/10.1136/bmjopen-2024-097591
https://dx.doi.org/10.1136/bmjopen-2024-097591
http://bmjopen.bmj.com/

BMJ Open: first published as 10.1136/bmjopen-2024-097591 on 7 July 2025. Downloaded from http://bmjopen.bmj.com/ on August 20, 2025 at Turun Yliop Laaketieteellinen
Tiedekuntakirjasto
Protected by copyright, including for uses related to text and data mining, Al training, and similar technologies.

(€0

Open access

panuiuon
0ee s 10-022€+D 09€S 6102 1SNBNY  UspPaMS ‘eujoS ‘[eNdsoH Alsieniun
oee idpu” (wrl$09%°0) X02 220000 JoWOOZOUEN nNSjeweweH -610z AInr eysuljoley “ABojoyred o juswipedsq F-HNM
YA £ sAs”  (wrlgeos o) x02 12601a-any Xd zlv ouady g10g Jeqwedeg uspamg ‘elesddn ‘geT18I0S
uspamg ‘ejesddn ‘Ausianiun
ejesddn ‘ABojoyied pue ‘solausn)
29 idpu*  (wrlgoy0) 02 %0000 0l2elD nsyeweweH  810g 4990100 ‘ABojounwiwj jo juswpedsg
8102 uspamg ‘ejesddn ‘Ausiaaiun
19901008102 elesddn ‘ABojoyied pue ‘solausn)
vl idpu* (wrigoyy0) 02 850000 0leelD nsleweweH Jequeideg ‘ABojounwiwj jo juswpedsg IS
|| ueos 6102 /8quwaosq spuesyleN 8yl ‘usbawlN
G/2S # (wr98t°0) x02 V/N olwelouued HOILSIHAE  -610g Aenuer  YsueQ [edlpa|N Ausiealun pnogpey JNNY
AemioN
10-012€1D 09S €202 YoseiN ‘uebuenelg ‘leydsoH Ausioniun
29.S idpu  (wrlg6le 0) x0F 992000 lswioozoueN nsjewewelH -gg0g Aenige Jsbuenelg ‘ABojoyied 4o juswpedsq HNS
uspamg ‘eu|os ‘1IBINHIsu|
¥81000 €202 Yoy Bysuljosey ‘solishelsolg pue
6822 sAs”  (wrlgogeg 0) x0r —€0000-NON 0ySNoO  wnipuniy  -gg0g Aenige ABojolwapid] [edIps|A Jo Juswpedaq
uspamg ‘eu|oS ‘1IeINHIsu|
020z aunp Bysuljoey ‘solshelsolg pue
8/02¢ Xewds (wrlpose0) x0r LY00LN4  SdN euSl|B] sdiiiud  —610¢ 4290300 ABojolwep|d] [edips\ JO JuswpedaQ
uspamg ‘eujos ‘1eInNIsu|
20-000210 610z aunp Bysuljoey ‘solshelsolg pue
€16 L1 idpu  (wrl9gsy0) 02 €000/8 HX J8WO0ZOUEN NSjEweWwEH -810g yose ABojolwep|d3 [edips JO juswpedsq
svve il 6102 8UnP-2102
£99¢ sas” (wrigeog0) x02  1260LA-ANY Xa e ouedy Jequieydes uspams ‘eesddn ‘GeTe)I0s com_mwﬂmw
. 2+-00960 USpeMs ‘BUIOS ‘JeInsu| [euISII
LIve Hi 1H-02 102 J9qWenoN B)Suljoiey] ‘solsiesolg pue pue Buun;
92.S idpu-  (wrlpgsi o) x02 1¥£09. JaWO0Z0UEN NSjeweweH -¥10g AInp ABojoiwepid3 [eolpa|A Jo Jusweded  LENTHLS  4uswdojensq
Jaquinu  jew.oy (oz1s 19X1d) *ou |[euas I°POIN Jopudp pouad Hujuueog uoneoso| buiuueog Hoyon Hids
ISm ISM  uonesyiubep

Jauueos

SISM PUB seinqupe uoiisinboe sbewl jo maiAeA) | djgel

Mulligi N, et al. BMJ Open 2025;15:097591. doi:10.1136/bmjopen-2024-097591


http://bmjopen.bmj.com/

BMJ Open: first published as 10.1136/bmjopen-2024-097591 on 7 July 2025. Downloaded from http://bmjopen.bmj.com/ on August 20, 2025 at Turun Yliop Laaketieteellinen

Open access

Tiedekuntakirjasto
Protected by copyright, including for uses related to text and data mining, Al training, and similar technologies.

"obewi apijs sjoym ‘|SM

ipeisnap Jausip [eHdsSOH ‘SN eubojo) [endsoH Alsianiun ‘MMN ‘endsoH Ausiaaiun Jebuenels ‘HNS ‘EWIoYx001S ‘SINTHLS ‘leudsoH uelQn) 1S oide) ‘D] S {0g0g Asdoig aieisold Jeadg
‘02904dS ‘eouel qelUAS ‘Y4S ‘PuBlul4 QeJUAS ‘|4S ‘PUBSZIMS gB|UAS ‘HOS ejus) [edIpaN AlsIoAlun pnodpey ‘OINNY BIg.|IBA JOU ‘Y/N ZPOT 4O ANsIeAluN [BDIPSIAl “TNIA ‘Blyod-IsueT]
uauielysiN ‘d1IN ‘sedAigns [eoaibojoydiow HNY ‘2-HNM {eudsOoH AusJaalun eysuljoiey] ‘L-HNY {eudsoH Ausianiun snyley ‘HNY ‘ABojoyredoin eisanby ‘OV ‘Alsianiun [e2IPSIN 1Yoy ‘NINY
*SI9UUBOS JUBJBUIP Yum pasiubip sepls 10 sjasgns Buiddeliano-uou

UIBuOD JO JBuuUeds a|buls B Yim pasiibip Jayie aiem SPoYoD JaylQ "SI8UUBDS Juaiayip Yim pasiibip sepils jo siesgns Buiddepano uieluod (NN PUB H1S ‘SNTHLS ‘@l) () yim paysew spoyoD

09€S BllIsSNy ‘}peisneN
0S Hwewo (wrgogeg 0) x0p V/N JaWwooz0UEN nsjeweweH V/N  Jousip) ‘1peisnaN Jeusip [erdsoH SNM
Auewen)
09€S ‘aubojon ‘aubojo) [eudsoH
0S Hhewo (wrgoge 0) X0 V/N JaWO0Z0UEN NsjeweweH V/N Aussanun ‘ABojoyred 4o smnsu| in
0LeeLD 09€S uspams ‘efesddn
0./S2 i (wryoze o) xop V/N JswoozoueN nsjeweweH 0202 ‘leydsoH Aussenun elesddn  02904ddS
€20z Aenige4 H4S ®
98ve xejuhs  (wrpoSeg o) x0F V/N  Sdn eusliew| sdijiyd —ge0g aunp Aley ‘ezuoly ‘ps eley qejuAs |4S B HOS
uspamg ‘eujoS ‘1BINHISU|
#81000 €202 Yorey BYSuljole) ‘solslieisolg pue
GY61 sAs”  (wrlgogeg 0) X0y —€0000-NON oySNoQ  wnipuniy  —gz0g Aenuer ABojolwepid3 [edIps|A Jo juswpedsq
uspamg ‘eujoS ‘1BINHISU|
0c0¢ \Cm:cmﬁ By suljoiey .wo_ww_umywo_m pue
€0G XxeyAs  (wrlpose o) xov /¥00LN4  Sd4n 8us!s| sdijiyd —610g Jequiedsg ABojojwepid] [edIps|A JO juswpedsq NN
11 yseld 0202 YoreN puejuld ‘Duis|eH ‘euloIpai
7961 sxiw  (wrl 22v2 0) x0r 20/10 0S¢ olwelouued HOILSIHAE -6102 4990100 Je|nosjo 4O 8INHIsU| ysiuul4 d1N
uspamg ‘eu|os ‘jeudsoH Alsianiun
avl sas” (wrlgeog o) X02 €€0/SS Xd z1v ouady 220z AInp exsuljosey ‘ABojoyied jo Juswipedeq Z-HNA
21-00962 Yewusq
1H-02 020g eunp ‘snyJey ‘leydsoH Aysieniun
2ol idpu  (wrGySy0) x02 6020Z1 JawoozoueN nsjeweweH -610g JoquanoN snyJey ‘ABojoyied jo juswipedsq HNVY
uspamg ‘eujos ‘1eINNIsu|
81000 ¥20g Aenige4 Bysuljoey| ‘solishelsolg pue
8/ sAs”  (wrlgogeg 0) x0r —€0000-NDN 0ySNoO  wnipuniy  —gog Aenuer ABojolwepid] [edIps|A Jo Juswpedaq
uspamg ‘eujos ‘}eInNISu|
0c0g sunp BYsuljoJey| ‘sonsiieisolg pue SHOY0D
85 xewAsr  (wrlpogz o) X0 LY00LN4  SdN eusd] sdiiiud  —610g 4090300 ABojolwep|d] [edIps JO JusWEdSQ ov uonepIfeA
€202 J/eqwadag uedep [euwsaixe Ajued
(92 _Q_oc. AEJ _,_,NN.OV X0 812000 0lcelLD nsljeweweH —£20¢ \Cm:cm_.. .mij_mmmz .>H_w._o>_r_3 |eQIPaA YOIy NNV pue |eutaix3
Jaquinu  jew.oy (o215 19X1d) *ou |[euas I°POIN Jopudp pouad Hujuueog uoneoso| buijuueog Hoyon Hids
ISM ISM  uoneosyubep Jouueos

penuiuod | 9|qeL

Mulligi N, et al. BMJ Open 2025;15:€097591. doi:10.1136/bmjopen-2024-097591


http://bmjopen.bmj.com/

I

Open access

Table 2 Reference standard protocols with respect to grading

Cohorts

Reference standard protocol

Total
Slide number of
Split Cohort Cohort subset number Type readers Level
Development, STHLM3  STHLMS full cohort 36 848  Single reader (LE) 1 Slide Patient
tuning and ImageBase 20 Panel 23 Slide
'V”;ﬁégilon PANDA Swedish private validation 212 Consensus 3
cohorts Sl
STHLM3 morphological subtypes 24 Single reader (LE) 1
SUH SUH full cohort 5762 Single reader 14 Slide
Re-graded 66 Single reader (LE) 1
RUMC RUMC full cohort 5275 Single reader Multiple Slide
PANDA RUMC tuning set 195 Panel 3
PANDA RUMC private validation set 333 Panel 3
Re-graded 66 Single reader (LE) 1
STG STG full cohort 247 Single reader (LE) 1 Slide
KUH-1 KUH-1 full cohort 330 Single reader (LE) 1 Slide Patient
Externaland AMU AMU full cohort 73 Single reader 1 Patient
sglﬂit?;‘;ema' AQ AQ full cohort 136 Single reader 1 Slide
cohorts AUH AUH full cohort 102 Single reader 1 Slide
Re-graded 41 Single reader (LE) 1
KUH-2 KUH-2 full cohort 146 Single reader (LE) 1 Slide
MLP MLP full cohort 1964 Single reader Multiple Location
Re-graded 66 Single reader (LE) 1 Slide
MUL MUL full cohort 1959 Consensus 2 Slide
Re-graded 66 Single reader (LE) 1
SCH SCH full cohort 2434 Single reader Multiple Location
Re-graded 72 Single reader (LE) 1 Slide
SFI SFI full cohort 537 Single reader Multiple Location
Re-graded 67 Single reader (LE) 1 Slide
SFR SFR full cohort 515 Single reader Multiple Location
Re-graded 49 Single reader (LE) 1 Slide
SPROB20 SPROB20 full cohort 2570 Single reader Multiple Patient
Re-graded 50 Single reader (LE) 1 Slide
UKK UKK full cohort 50 Panel 11 Slide
WNS WNS full cohort 50 Panel 10 Slide

Reference standard protocols are divided into three categories: single reader, consensus and panel. In the single reader category, a sole
reader assessed each slide. In the consensus category, assessments from multiple readers were combined based on site-specific criteria for
consensus. In the panel category, readers provided independent assessments in a blinded manner.

AMU, Aichi Medical University; AQ, Aquesta Uropathology; AUH, Aarhus University Hospital; KUH-1, Karolinska University Hospital; KUH-2,
KUH morphological subtypes; MLP, Mehildinen Lénsi-Pohja; MUL, Medical University of Lodz; RUMC, Radboud University Medical Center;
SCH, Synlab Switzerland; SFI, Synlab Finland; SFR, Synlab France; SPROB20, Spear Prostate Biopsy 2020; STG, Capio S:t Géran Hospital;
STHLMS3, Stockholm3; SUH, Stavanger University Hospital; UKK, University Hospital Cologne; WNS, Hospital Wiener Neustadt.

morphological heterogeneity (eg, different GSs and
rare cancer subtypes) and patient demographics.

2. Representative sample size: Include a sufficiently large
sample for development and validation to increase the
probability of generalisability in the larger population.

3. Mitigate overfitting due to observer bias: Alleviate the
possibility of overfitting or ‘over tweaking’ of the mod-
el, which may be caused by excessive refinement of the
model design aimed at maximising cross-validation
performance in development data, since that can
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Table 3 Reference standard protocols with respect to PNI and cribriform cancer

Cohorts Reference standard protocol
Total
Slide number of
Split Cohort Cohort subset number Type readers Level
Development, STHLM3 STHLMS3 full cohort 36848  Single reader (LE) 1 Slide Patient
.tuning and Re-assessed cribriform cancer (round 1) 702 Single reader (LE) 1 Slide Pixel
Ivn;l? c;g?ilon Re-assessed cribriform cancer (round 2) 304 Panel 9 Slide
cohorts Re-assessed PNI (round 1) 485 Single reader (LE) 1 Slide Pixel
Re-assessed PNI (round 2) 212 Panel 4 Slide
SUH SUH full cohort N/A N/A N/A N/A
Re-assessed cribriform cancer (round 1) 332 Single reader (AB) 1 Slide
Re-assessed cribriform cancer (round 2) 200 Single reader (LE) 1 Slide
Re-assessed PNI (round 1) 509 Single reader (AB) 1 Slide
Re-assessed PNI (round 2) 185 Single reader (LE) 1 Slide
External AMU AMU full cohort 73 Single reader 1 Slide
‘éi';%ﬂ?“ MUL  MUL full cohort NA  N/A N/A N/A
Re-assessed cribriform cancer 276 Consensus 2 Slide
Re-assessed PNI 276 Consensus 2 Slide
SCH SCH full cohort N/A N/A N/A N/A
Re-assessed cribriform cancer 56 Single reader (HS) 1 Slide
Re-assessed PNI 94 Single reader (BD) 1 Slide

Reference standard protocols are divided into three categories: single reader, consensus and panel. In the single reader category, a sole
reader assessed each slide. In the consensus category, assessments from multiple readers were combined based on site-specific criteria for
consensus. In the panel category, readers provided independent assessments in a blinded manner. The SUH, MUL and SCH cohorts do not
have consistent original reporting on cribriform cancer and PNI.

AMU, Aichi Medical University; MUL, Medical University of Lodz; N/A, not available; PNI, perineural invasion; SCH, Synlab Switzerland;
STHLMS3, Stockholm3; SUH, Stavanger University Hospital; WSI, whole slide image.

jeopardise generalisation outside the development  Predefined data partitions

cohorts. The issue can be mitigated by additional (ex-  The process of splitting the data cohorts into develop-
ternal) tuning data cohorts serving as a less biased = ment, tuning, and internal and external validation sets
performance indicator during model development. It ~ was conducted adhering to the requirements for data
should be further ensured that the tuning cohorts are ~ partitions and is described below (see figure 1 for an over-
independent of model training (eg, criteria for early ~ view). The characteristics of the data cohorts included in

stopping of model training should be assessed only on this study are described in detail in online supplemental
the development data). appendix 2.

4. Ensure independence of specimens between data The development set was sampled from the following
partitions: Each data partition (development, tuning, cohorts: Capio S:t Goran Hospital (STG), Radboud
internal or external validation sets) should be inde- University Medical Center (RUMC), Stavanger Univer-
pendent of the others with no overlap of biopsies or  sity Hospital (SUH) and Stockholm3 (STHLM3). From
patients. the RUMC, STHLM3 and SUH cohorts, the patients who

5. Ensure independence of the sample preparation pro-  were not allocated to tuning or validation sets (see below)
cess between data partitions: Sample external cohorts  were assigned to the development set (approximately
such that there is no overlap with respect to the clinical ~ 80% of patients). Given the limited size and skewed
laboratories that prepared these cohorts and the devel-  grade distribution of the STG cohort, it was fully allocated
opment cohorts. into the development set. The development set covers

6. Ensure independence of the digitisation process be-  several clinical laboratories and scanner devices as well
tween data partitions: Sample external cohorts such  as a large degree of variation in tissue morphology and
that there is no overlap with respect to the scanning the clinical characteristics of patients, in part due to the
device used for these cohorts and the development largest cohort, STHLM3, originating from a population-
cohorts. based screening trial (Requirements 1-2). Each of the
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Table 4 Summary of slides representing various morphological subtypes

Internal validation Partly external
cohort validation cohort External validation cohort
Morphological subtype STHLMS3 (n=24) AQ (n=58) AQ (n=78) KUH-2 (n=146)
Adenosis 4 18 7 34
Atrophy 0 0 0 38
Partial atrophy 0 7 9 0
Simple atrophy 0 1 15 0
Basal cell hyperplasia 0 10 7 20
Cancer of atrophic type 7 1 3 2
Clear cell cribriform hyperplasia 0 0 5 3
Cowper’s glands 0 2 14 6
Foamy gland cancer 0 4 2 13
Increased number of glands 0 0 5 0
Postatrophic hyperplasia 0 2 2 4
Prostatectomy* 0 1 4 0
PIN-like cancer 3 0 0 0
Pseudohyperplastic cancer 9 4 0 24
Sclerosing adenosis 0 4 2 0
Seminal vesicle 0 5 7 0
Small cell cancer 0 0 0 4
TUR-P* 0 13 4 0

The AQ cohort contains partly external validation data (scanner was used in the development) and fully external validation data (scanner
was not used in the development). A single slide can be associated with multiple subtypes. Instead of morphological subtypes, the
samples denoted with (*) represent other types of specimens than core needle biopsies. Besides assessing performance on unusual
and potentially challenging morphologies, we will assess how the Al system intended for needle biopsies will respond to other specimen
types and evaluate frameworks for automatically flagging outlier cases.*

Al, artificial intelligence; AQ, Aquesta Uropathology; KUH-2, Karolinska University Hospital morphological subtypes; PIN, prostatic
intraepithelial neoplasia; STHLM3, Stockholm3; TUR-P, transurethral resection of the prostate.

Table 5 Summary of slides with IHC staining confirming the diagnosis

Number of slides

IHC ISUP 1 ISUP2 ISUP3 ISUP4 (4+4, ISUP 5 (4+5,
Split Cohort performed  All Benign  (3+3) (3+4) (4+3) 3+5, 5+3) 5+4, 5+5)
Internal validation SUH Yes 247 132 60 16 10 9 20

No 909 604 93 60 64 44 44
External validation ~ SCH Yes 365 120 131 47 46 9 12

No 2064 1455 194 154 137 85 35

Missing 5 5 0 0 0 0 0

SFR Yes 116 66 41 4 1 1 0
No 398 306 46 24 2 9 6
Missing 1 1 0 0 0 0 0

The number of slides stratified by ISUP grade with/without IHC staining performed to confirm the diagnosis. For the SCH and SFR
cohorts, where pathology reporting was performed on anatomical location or patient level, the total summed numbers of slides
associated with an IHC-supported diagnosis are shown.

IHC, immunohistochemistry; ISUP, International Society of Urological Pathology; SCH, Synlab Switzerland; SFR, Synlab France; SUH,
Stavanger University Hospital.
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development cohorts was further split into 10 cross-
validation folds by randomly allocating patients to folds,
stratified by the maximum slide level ISUP grade of each
patient.

The tuning set was sampled from the following cohorts:
Karolinska University Hospital (KUH-1), RUMC and
STHLM3. The entire KUH-1 cohort was assigned to
tuning and represents a fully external cohort relative to
the development set (ie, different patients, laboratory
and scanner). This set also corresponds to the European
external validation cohort of the PANDA challenge.'”
The subsets of the RUMC and STHLMS3 cohorts assigned
to the tuning set represent internal data relative to the
development set (ie, different patients but the same labo-
ratories and scanners) and correspond to the PANDA
public test sets in Kaggle (ie, the PANDA tuning sets). The
tuning sets allow for evaluating the effects of model design
changes on data that is independent of the development
set, direct comparison with state-of-the-art models from
PANDA, and in the case of KUH-1, assessing the general-
isation performance of the model prior to design freeze
(ie, performance on data coming from different patients,
laboratories and scanners compared with the develop-
ment data) (Requirement 3). A subset of slides belonging
to the PANDA Swedish tuning set was allocated to the
internal validation set for reasons related to patient strati-
fication and the inclusion of specific subsets of interest in
the internal validation (see below).

The internal validation set was sampled from the
following cohorts: RUMC, STHLMS3 and SUH, consisting
of patients who were not part of the development or
tuning sets but whose biopsies were obtained from the
same clinical laboratories and scanned with the same
scanners as the development and tuning set samples. The
STHLMS3 internal validation set includes the following
subsets, supplemented with randomly sampled patients to
achieve a total 20% fraction of patients assigned to tuning
and validation: ImageBase,g6 Swedish private test set in
Kaggle (ie, PANDA Swedish internal validation set) 7 PNI
multiobserver validation set" and rare morphological
subtypes set.”” Including these samples as subsets of the
internal validation set will facilitate (internal) compar-
isons with results obtained in the papers referenced in
the preceding sentence. The SUH internal validation
set includes the following subsets, supplemented with
randomly sampled patients to achieve a 20% fraction of
patients assigned to validation: all patients (n=25) with
multiple recuts of their biopsy tissue blocks, and patients
(n=81) corresponding to a random selection of 119
slides stratified on ISUP grade (to be rescanned repeat-
edly over time for an Al temporal stability study). The
STHLMS3 subsets allocated into the internal validation
set were selected based on being particularly valuable for
the evaluation phase of the study, while the SUH subsets
will be used as validation sets in upcoming follow-up
studies involving the AI model developed here, hence

cannot be assigned to the development set. The RUMC
internal validation set includes the RUMC private test set
in Kaggle (ie, PANDA RUMC internal validation set),"”
supplemented with randomly sampled patients to achieve
a total 20% fraction of patients assigned to tuning and
validation.

External validation cohorts are fully external rela-
tive to the development set (no overlap with respect to
patients, laboratory or scanner) or partly external (no
overlap with respect to patients or laboratory, but digi-
tisation performed using a scanner that is also present
in the development set). Fully external validation
set cohorts include Aichi Medical University (AMU),
Aarhus University Hospital (AUH), KUH morpholog-
ical subtypes (KUH-2), Mehildinen Lansi-Pohja (MLP),
Medical University of Lodz (MUL), Synlab Switzerland
(SCH), Synlab Finland (SFI), Synlab France (SFR), Spear
Prostate Biopsy 2020 (SPROB20), University Hospital
Cologne (UKK), Hospital Wiener Neustadt (WNS). Partly
external validation set cohorts include: Aquesta Uropa-
thology morphological subtypes (AQ), partially scanned
on a scanner present in the development set and partially
scanned on an external scanner. The external nature of
the validation set cohorts fulfils Requirements 4-6.

All data splits were performed on patient level, that is,
all slides and resulting WSIs from a given patient were
allocated to the same data partition in order to avoid
information leakage between development and valida-
tion sets. If a patient was biopsied on several occasions,
all biopsies were included and allocated together. Any
samples lacking patient identifiers were assigned to devel-
opment data to avoid the risk of slides from any patients
ending up in both development and evaluation cohorts.

Subsets of the slides included in this study have been
scanned multiple times. If the same slide had been
rescanned multiple times on the same individual scanner
(ie, the same physical device), we only kept the WSI with
the latest scanning date, assuming the rescanning was
due to, for example, initially poor focus or other scan-
ning issues. Subsets of the STG, STHLM3 and MUL
cohorts were rescanned with multiple different scanners
(see table 1). To avoid biasing the evaluation towards
these slides that appear in the dataset multiple times,
we will only include one WSI per slide in the validation
sets. For STHLM3, we will randomly select one WSI for
each slide to be evaluated, and for MUL, we will use WSIs
from the Grundium Ocus40 scanner, excluding those
on the Philips UFS scanner. This ensures that the MUL
cohort remains entirely external relative to the devel-
opment data, considering that the STHLM3 cohort was
partly digitised on the same Philips UFS instrument. The
repeated scans will, however, be used during Al model
development as an augmentation technique (except
for the Grundium Ocus40 which is kept as an external
scanner for validation), and for a separate cross-scanner
reproducibility analysis (see section Statistical analyses).
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Statistical analyses
Overview of statistical analyses
1. Primary analysis: Diagnosis and Gleason scoring
I. Internal and external validation against the origi-
nal cohort-specific reference standard
II. Subgroup analyses

A. Evaluate performance across different age

groups.

B. Evaluate performance on systematic versus tar-

geted biopsies.

C. Evaluate performance on non-treated patients
versus patients treated for benign prostatic hy-
perplasia (BPH) prior to biopsy.

.Evaluate performance on morphological

subtypes.

E. Evaluate performance on cases requiring versus
not requiring IHC staining.

F. Evaluate performance compared with the cur-
rent state-of-the-art Al systems.

Sensitivity analyses

A. Cross-scanner consistency analyses.

B. Compare the Al system versus individual pa-
thologist panel members.

C. Internal and external validation against uni-
form reference standard by the lead pathologist.

D.Blinded reassessment of slides with marked
errors.

III.

2. Secondary analysis: Cancer extent prediction
I. Internal and external validation against the origi-
nal cohort-specific reference standards.

II. Subgroup analyses

A. Evaluate performance across different age
groups.

B. Evaluate performance on systematic versus tar-
geted biopsies.

C. Evaluate performance on non-treated patients
vs patients treated for BPH prior to biopsy

Sensitivity analyses

A. Cross-scanner consistency analyses.

III1.

3. Secondary analysis: Cribriform cancer detection
I. Internal and external validation against the origi-
nal cohort-specific reference standards.
II. Subgroup analyses

A. Evaluate performance across different age
groups.

B. Evaluate performance on systematic versus tar-
geted biopsies.

C. Evaluate performance on non-treated pa-
tients versus patients treated for BPH prior to
biopsy.

Sensitivity analyses

A. Cross-scanner consistency analyses

B. Compare the Al system versus individual pa-
thologist panel members.

E. Reassessment excluding borderline slides.

III.

4. Secondary analysis: PNI detection
I. Internal and external validation against the origi-
nal cohort-specific reference standards.
II. Subgroup analyses
A. Evaluate performance across different age
groups.
B. Evaluate performance on systematic versus tar-
geted biopsies.
C. Evaluate performance on non-treated patients
versus patients treated for BPH prior to biopsy.
Sensitivity analyses
A. Cross-scanner consistency analyses
B. Compare the Al system versus individual pa-
thologist panel members.
E. Reassessment excluding borderline slides.

III.

5. Exploratory analyses

I. Evaluate visualisations of the Al output.

II. Evaluate the impact of tissue segmentation
algorithms
Evaluate end-to-end versus transfer-learning-based
models.
Evaluate the impact of physical colour calibration.

III.

Iv.

Details of statistical analyses

Primary analysis: diagnosis and Gleason scoring

We will quantify the concordance of the Al system’s
cancer diagnosis (positive/negative), GS and ISUP grade
with the reference standards in the tuning, internal vali-
dation and external validation cohorts using the metrics
described below. The analysis will be conducted on slide
level (AQ, AUH, KUH-1, KUH-2, MUL, RUMC, SFR,
STHILM3, SUH, UKK, WNS), anatomical location level
(MLP, SFI, SCH) and/or patient level (KUH-1, SCH,
SFI, SFR, SPROB20) depending on the granularity of the
available reference standards.

Cancer diagnosis

Sensitivity (true positive rate) and specificity (true nega-
tive rate) will be used to quantify the agreement of
negative/positive diagnosis for prostate cancer with the
reference standard. Cls for sensitivity and specificity will
be computed using the non-parametric bootstrap over
cases. We will additionally report the area under the
receiver operating characteristics curve (AUROC) and
confusion matrices.

Gleason score

Quadratically weighted Cohen’s kappa (QWK) will be
used to quantify the agreement of Gleason scoring with
the reference standard. In addition, we will also report
linearly weighted Cohen’s kappa (LWK) and confusion
matrices. To allow calculating weighted kappas, Gleason
patterns (eg, 3+4) will be encoded into ordinal variables
following earlier studies*™ as follows: benign (0), 3+3
(1), 3+4 (2), 443 (3), 3+5 (4), 4+4 (5), 5+3 (6), 4+5 (7),
5+4 (8), 5+5 (9). CIs will be computed using the non-
parametric bootstrap over cases.
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ISUP grade

Quadratically weighted Cohen’s kappa (QWK) will be
used to quantify the agreement of the ISUP grade with
the reference standard. In addition, we will also report
linearly weighted Cohen’s kappa (LWK) and confusion
matrices. To allow calculating weighted kappas, ISUP
grades will be treated as ordinal variables (0-5), with
benign encoded as 0. CIs will be computed using the non-
parametric bootstrap over cases.

Secondary analysis: cancer extent prediction

We will quantify the concordance of the Al system’s
prediction of linear cancer extent expressed in milli-
metres with the reference standards in those tuning,
internal validation and external validation cohorts
where a reference standard is available (AUH, KUH-1,
STHLMS3, SUH, STG, MLP, SCH, SFI, SFR). The concor-
dance will be quantified using root mean squared error
(RMSE). In addition, we will also report Pearson’s
linear correlation coefficient and show scatter plots of
predicted millimetre cancer length versus millimetre
cancer length reported by the reference standard. The
analysis will be conducted on slide level (AUH, KUH-1,
STHLM3, SUH, STG, SFR), anatomical location level
(MLP, SFI, SCH) and/or patient level (MLP, SCH, SFI,
SFR) depending on the granularity of the available
reference standards (see online supplemental appendix
2). CIs will be computed using the non-parametric boot-
strap over cases.

Secondary analysis: cribriform cancer detection

We will quantify the concordance of the Al system’s predic-
tion of the presence of cribriform cancer with the refer-
ence standards in those internal and external validation
cohorts where a reference standard is available (AMU,
MUL, SCH, STHLM3, SUH). The tuning set has an insuf-
ficient number of cribriform samples for evaluation and
will be included in the training. The concordance will be
quantified using unweighted Cohen’s kappa. In addition,
we will also report AUROQC, sensitivity (true positive rate),
specificity (true negative rate) and confusion matrices.
Slides reported as borderline for cribriform cancer will
be considered negative. The analysis will be conducted on
slide level. CIs will be computed using the non-parametric
bootstrap over cases.

The model will be developed and validated to iden-
tify cribriform growth pattern, irrespective of whether it
occurs within acinar adenocarcinoma (ie, invasive cribri-
form) or intraductal carcinoma (IDC) (ie, non-invasive
cribriform). The rationale for this is that these entities
are often assessed and reported together for further
prognostication and treatment planning. This practice
is supported by the 2019 ISUP consensus, which recom-
mended incorporating IDC into the Gleason grading
when present alongside invasive carcinoma.*

Secondary analysis: PNI detection
We will quantify the concordance of the Al system’s
prediction of the presence of PNI with the reference

standards in those internal and external validation
cohorts where a reference standard is available (MUL,
SCH, STHLM3 and SUH). The tuning set has an insuf-
ficient number of PNI samples for evaluation and will be
included in the training. The concordance will be quan-
tified using unweighted Cohen’s kappa. In addition, we
will also report AUROC, sensitivity (true positive rate),
specificity (true negative rate) and confusion matrices.
Slides reported as borderline for PNI will be considered
negative. The analysis will be conducted on slide level.
CIs will be computed using the non-parametric bootstrap
over cases.

Subgroup analyses

Subgroup analysis A

We will measure the performance of the Al system in
terms of the primary and secondary objectives across
subgroups of patients divided by age. Analysis will be
conducted on the cohorts where age information can be
retrieved (online supplemental appendix 2) according to
the age groups: <50, 50-59, 60-69 and >70.

Subgroup analysis B

We will measure the performance of the Al system in
terms of the primary and secondary objectives across
subgroups of patients divided by biopsy sampling tech-
nique (systematic vs targeted vs combined). The analysis
will be conducted on the cohorts where biopsy sampling
technique information can be retrieved.

Subgroup analysis C

We will measure the performance of the Al system in terms
of the primary and secondary objectives across subgroups
of patients who were treatmentnaive or had received
treatment for BPH (using, eg, b-alpha reductase inhibi-
tors) before the biopsy procedure. The analysis will be
conducted on the cohorts where treatment information
can be retrieved. Some (very few) individuals included in
the patient cohorts may also have undergone prior pros-
tate cancer treatment (eg, radiation therapy), but the
number of cases is insufficient for a subgroup analysis.

Subgroup analysis D

We will measure the performance of the Al system in
terms of the primary objective on subgroups of slides
representing morphological subtypes of benign and
malignant tissue that are usually hard for pathologists to
diagnose. We evaluate the performance of the Al system
in the STHLM3 morphological subtypes internal valida-
tion cohort, the KUH-2 external validation cohort and
the AQ external and partly external validation cohorts.
See table 4 for the distribution of morphological subtypes
reported in each cohort. We will evaluate performance
in terms of cancer diagnosis and, additionally, Gleason
scoring, where applicable to the subtype.

Subgroup analysis E
We will measure the performance of the Al system in
terms of the primary objective across subgroups of slides
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which required IHC staining for confirming the diagnosis
and slides which the pathologists could assess without
IHC. The analysis will be conducted on the cohorts where
information on IHC can be retrieved (see table 5).

Subgroup analysis F
We will measure the performance of the Al system in
terms of the primary objective in comparison to the
state-of-the-art algorithms developed in the PANDA chal-
lenge.17 The analysis will be conducted on the subgroups
of the KUH-1, RUMC and STHLM3 cohorts representing
the internal and external validation sets of PANDA. For a
fair comparison, we will apply the Al system on the WSIs
provided to the challenge participants, which differ in
terms of preprocessing and file format from the under-
lying original WSIs of the KUH-1 and STHLM3 cohorts,
which are used in our primary analysis.

1. We evaluate the performance in the tuning cohort
KUH-1 (ie, PANDA European external validation set)
and compare the Al system with the PANDA challenge
algorithms.

2. We evaluate the performance in the combined PANDA
subset of the RUMC and STHLM3 internal valida-
tion cohorts (ie, PANDA internal validation set) and
compare the Al system with the PANDA challenge
algorithms.

Sensitivity analyses

Sensitivity analysis A

We will evaluate the reproducibility of the Al system’s
output in terms of the primary and secondary objec-
tives on WSIs obtained from the same slides on multiple
scanners. The analysis will be conducted on the
STHLM3 tuning and internal validation cohorts and the
MUL external validation cohort, which contain WSIs
rescanned on different scanners (see table 1). In the
STHLMS3 cohort, a subset of slides (n=287) have been
rescanned on five scanners: Aperio AT2 DX, Grundium
Ocus40, Hamamatsu NanoZoomer 2.0-HT C9600-12,
Hamamatsu NanoZoomer XR C12000-02 and Philips
IntelliSite UFS. In the MUL cohort, a subset of slides
(n=b03) have been rescanned on two scanners: Grun-
dium Ocus40 and Philips IntelliSite UFS. We will quan-
tify the reproducibility of the AI predictions across
scanners using QWK, and LWK and the percentage of
slides with discordant predictions for each objective and
each pair of scanners. We will additionally report confu-
sion matrices.

Sensitivity analysis B
To put the discrepancies between the Al system and the
reference standards in the context of interobserver vari-
ation between pathologists, we will quantify all-against-all
pairwise agreements in panels consisting of pathologists
and the Al system.

For the primary objective, the analysis will be conducted
on subsets of the STHLM3 (ImageBase) and RUMC
(PANDA Radboud) internal validation cohorts and on

the full UKK and WNS external validation cohorts, which
were assessed by a panel of pathologists and have per-
pathologist grades available in addition to their consensus
(see table 2). For the secondary objectives of cribriform
cancer and PNI detection, the analysis will be conducted
on subsets of the STHLMS3 internal validation cohort,
assessed by panels of pathologists (see table 3).

We will calculate the average pairwise agreement (QWK
and LWK for the primary objective, unweighted Cohen’s
kappa for the secondary objectives) for all the patholo-
gists in the panels, including the Al system, and compare
the average Al-pathologist agreement to the average
pathologist-pathologist agreement. CIs will be computed
using bootstrapping, as detailed in a previous study."”

Sensitivity analysis C

To assess the sensitivity of the results to different pathol-
ogists providing the cohortspecific reference standards
and to isolate differences in observed Al performance
due to varying reference standards from those due to
imperfect generalisation to different labs and scanners,
we will repeat the primary analysis using a consistent refer-
ence standard. We will measure the agreement between
the Al system and the uniform reference standard set
by the lead pathologist (LE) on subsets of the SUH and
RUMC internal validation cohorts and the AUH, MLP,
MUL, SCH, SFI, SFR and SPROB20 external validation
cohorts. While the original reference standards were
varyingly reported either on the level of slides, anatom-
ical locations, or patients, LE’s reassessments are consis-
tently reported on slide level. See table 2 for a summary
of the reassessed subsets and reference standard protocol
in online supplemental appendix 2 for details on the case
selection for each cohort.

Furthermore, we will measure the agreement in ISUP
grades (QWK and LWK) between the original reference
standards and the lead pathologist on the reassessed
subsets of each cohort. To facilitate this comparison for
cohorts with original reference standards provided on
anatomical location or patient level (whereas the grading
by LE is on slide level), the location or patient level
grading by LE will be obtained as the maximum ISUP
grade over all slides belonging to a location or patient.

Sensitivity analysis D

We will perform a sensitivity analysis that involves a reas-
sessment of slides where the Al system committed clini-
cally significant errors by repeating the primary analysis
against the updated reference standard. This analysis
aims to evaluate what portion of clinically significant
errors can be attributed to data quality issues, such as
mistyped information in the reference standard tables,
mixed-up slide identifiers or WSI scanning issues in cases
where the original reference standard was set using a
microscope. Significant errors are defined as cases where
the Al model predicts a slide as benign, but the refer-
ence standard indicates ISUP grade >2, or conversely the
Al predicts a slide as ISUP grade >2, but the reference
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standard indicates benign. These slides will be reassessed
by the lead pathologist (LE) and/or other experienced
uropathologists, blinded to the original reference stan-
dard and the Al output. If a slide cannot be assessed due
to, for example, poor focus, it will be excluded. The evalu-
ation will be conducted on the internal and external vali-
dation cohorts, on both the full cohorts after updating
the reference standards, and on only the updated subsets.
Additionally, during this analysis, pathologists will report
whether any of the cases with clinically significant errors
represent ductal adenocarcinoma (DAC). Despite being
the second most common subtype of prostate cancer after
acinar adenocarcinoma, DAC only accounts for 0.17% of
prostate cancers™ and may, therefore, be challenging for
Al to detect due to the limited amount of training data.

Sensitivity analysis E

We will perform a sensitivity analysis that involves the
exclusion of samples reported by the pathologists as
‘borderline’ for cribriform cancer or PNI, followed by
repeating the secondary analyses concerning these objec-
tives. Conducting the analysis only on samples indicated
as negative or positive will provide an estimate of the Al
system’s performance in detecting cribriform cancer and
PNI less affected by the uncertainty and subjectivity in
the definition of these entities. We will additionally quan-
tify the prevalence of borderline diagnoses among slides
initially classified as false positives versus true negatives
to quantify whether borderline cases are overrepresented
among false positives. This would indicate that false posi-
tives mainly arise due to uncertainty of the reference
standard.

Exploratory analysis: evaluate visualisations of the Al output
We will output visualisations of the Al system’s predic-
tions to highlight areas on each slide containing different
Gleason patterns, cribriform cancer or PNI. The visuali-
sations will be assessed qualitatively by the lead patholo-
gist (LE) and/or other experienced uropathologists for
concordance with their assessments. We may additionally
quantify the rate of agreement between the Al system and
the pathologists by collecting region annotations to serve
as a reference standard, and by calculating the pixel-wise
sensitivity, specificity, intersection over union or other
suitable metrics.

Exploratory analysis: evaluate the impact of tissue
segmentation algorithms

Detecting tissue from the background to only apply the
rest of the analysis on tissue pixels is a common prepro-
cessing step for most computational pathology algo-
rithms. While this task of tissue segmentation may seem
trivial, many modern Al algorithms reach such low error
rates in their main task that any errors in tissue detec-
tion can contribute to the overall model performance
in a considerable way. In particular, missed tissue poses
a risk of false negative diagnoses, if this leads to the
exclusion of malignant tissue from the analysis. We will

evaluate the effect of tissue segmentation on the overall
performance of the Al system in terms of the primary
and secondary objectives by comparing two different
tissue segmentation algorithms. One of the algorithms
represents classical image processing and relies on
filtering and thresholding the image."” The other algo-
rithm is a trained deep learning-based segmentation
model. We will apply both algorithms to perform the
tissue segmentation during model training and vali-
dation and compare the results on the internal and
external validation cohorts.

Exploratory analysis: evaluate end-to-end versus transfer-
learning-based models

Recently, so-called foundation models trained in a self-
supervised manner on large and heterogeneous datasets
have been proposed as generally applicable solutions
to diverse tasks in computational pathology as an alter-
native to tissue type or task-specific models.” We aim to
compare our end-to-end trained prostate cancer-specific
model to transfer-learning-based models relying on state-
of-the-art foundation models for histopathology. We will
apply a suitable foundation model as a feature extractor
and train an additional classifier to adapt the model to
the task of diagnosis and Gleason scoring of prostate
biopsies. For this transfer learning step, we will use the
same development cohorts as for the end-to-end trained
model. We will then evaluate the model on the same
internal and external validation cohorts as the end-to-end
trained model for a direct comparison.

Exploratory analysis: evaluate the impact of physical colour
calibration

Variations in the reproduction of colour across different
digital pathology scanners may pose a problem for Al,
leading to inconsistent model outputs depending on the
scanner used for slide digitisation. A physical calibrant in
the form of a spectrophotometrically characterised slide
has been proposed as a means for standardising the colour
characteristics of WSIs acquired with different scanners.”
We will evaluate the impact of applying physical colour
calibration on the performance of the AI model on those
internal and external validation cohorts where the cali-
brant slide could be scanned on the same scanner as the
prostate biopsies to allow calibration.

Confounding factors

Statistical confounding, or spurious correlations, in the
training and validation data of predictive models, may
lead to ‘shortcut learning’ or so-called ‘Clever Hans
predictors’,” where overly optimistic performance on
validation data is seen as the result of the model taking
advantage of unintended correlations between some attri-
butes of the data and the correct labels. Such biases are
also common in digital pathology datasets.”” ** We have
carefully considered the potential presence of such biases
in our cohorts and taken the steps described below to
mitigate the issue.
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An important confounding factor is the scanner instru-
ments used for digitising various subsets of our data
cohorts. Patients in different cohorts and subsets of
cohorts have been sampled in varying ways, leading to
differences in the compositions of these groups in terms
of GS and ISUP grade distribution. These correlations
between specific clinical sites or scanner instruments and
the target labels can create biases during training since
the model could learn to associate the appearance of WSIs
obtained from a specific site or with a specific scanner with
a higher or lower likelihood of a particular diagnostic or
grading outcome. If the same bias is present in validation
data, this will lead to overly optimistic results. Conversely,
if the bias present in training data is not present in the
validation data, a model relying on these spurious correla-
tions will perform poorly. The main approach we have
taken to mitigate the risk of overly optimistic validation
results is relying on fully external validation data. The
external validation cohorts represent patients, clinical
sites, laboratories and scanners not present in the training
data. This minimises the risk of the same spurious correla-
tions appearing in both training and external validation
data. When it comes to discouraging the model from
learning any spurious correlations between laboratories
or scanners and the target labels, which could result in
suboptimal performance in the absence of these correla-
tions, we will apply a sampling scheme which removes
the correlations between these variables during model
training.

Another common confounding factor we have iden-
tified is markings on the slides. Pathologists often place
pen marks on the glass slides to indicate cancerous
regions. These can lead the Al model to directly associate
the presence of markings with the presence of cancer, or
indirectly to associate image quality artefacts such as poor
focus caused by the pen marks with a higher likelihood of
cancer being present. We have mitigated these issues by
(1) applying tissue detection and masking of background
pixels as an image preprocessing step, ensuring that
pen markings adjacent to tissue will not be shown to the
model, (2) washing and rescanning of slides where pen
markings are placed on top of tissue or caused focusing
issues or (3) excluding slides where neither of the first two
options was possible. The first approach of background
masking is applied to all the WSIs included in the study.
The second approach of washing slides was applied to the
development cohorts where we had control over the scan-
ning process, namely STHLM3 and SUH. In the RUMC
cohort, we excluded slides with pen marks on the tissue
based on the findings of the participants in the PANDA
challenge.

Representative sampling

A key issue in the evaluation of diagnostic tests is how
disease prevalence influences estimates of statistical
measures used to assess the diagnostic performance of
the tests. Prevalence is generally defined as the propor-
tion of individuals in a population who have a particular

disease at a given time. However, more specifically, the
prevalence relates to the datasets used for evaluating a
diagnostic test.

The positive predictive value (PPV;ie, the probability
that individuals with a positive test result truly have
the disease), negative predictive value (NPV; ie, the
probability that individuals with a negative test result
truly do not have the disease) and the Cohen’s kappa
statistics are influenced by the disease prevalence in
the datasets used for evaluating the performance of
diagnostic tests. As prevalence increases, the PPV of a
test also increases; and conversely, NPV decreases with
increasing prevalence. This relationship means that in
datasets where a disease (or disease subtype) is more
common, the test’s ability to identify true positives
increases and true negatives decreases. Similarly, the
disease prevalence and case mix will impact estimates
of Cohen’s kappa.

In contrast to PPV, NPV and Cohen’s kappa, sensitivity
(also known as true positive rate, that is, the ability of a
test to correctly identify patients with the disease) and
specificity (also known as true negative rate, ie, the ability
to correctly identify those without the disease) are not
affected by changes in prevalence. These measures are
intrinsic properties of the test and do not depend on how
common the disease is in a population or dataset.

The sampling scheme or experimental design impacts
the estimated prevalence in a study, thereby affecting
the diagnostic performance statistics that are sensitive
to prevalence. For example, in case—control studies, the
prevalence is artificially set by the researcher. In datasets
collected for the development of diagnostic Al systems
(such as the one described in this protocol), it is common
to upsample patients with a disease or disease subtype.
If a consecutive case series were used for training an Al
system to perform Gleason scoring, a very large set would
be required in order to ensure a sufficiently large subsa-
mple of, for example, GS 9 and 10 samples for efficient
training. Similarly, convenience sampling, where subjects
are selected based on their availability rather than at
random or according to a defined study design, can lead
to a sample with a prevalence rate that does not match
the general population. These types of experimental
designs and sampling schemes can lead to assessments of
PPV, NPV and Cohen’s kappa that do not reflect estimates
that would be obtained in a consecutive case series in the
general population.

The impact of prevalence on performance estimates
underlines the importance of carefully considering
the design of diagnostic studies. When prevalence is
expected to differ, adjustments or different interpreta-
tions of PPV and NPV may be necessary to avoid misin-
formative conclusions. The data we use for training
and evaluation of the Al system is a mixture of conve-
nience samples (AMU, AQ, KUH-2, RUMC, SPROB20,
STG) and data representing consecutive clinical cases or
another well-defined and controlled sampling scheme
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(AUH, KUH-1, MLP, MUL, SCH, SFI, SFR, STHLM3,
SUH, UKK, WNS). For the datasets with a known
sampling scheme and experimental design, we can use
prior probability shift corrections to achieve estimates
of PPV, NPV and Cohen’s kappa on a well-defined base
population.;’2 o3

Power

We have not performed formal power (or sample size)

calculations. The reason for this is as follows:

» The central objective of this study is to calculate point
estimates of performance (using statistical measures
as described above) and their CIs, rather than empha-
sising power to detect a specific effect size (which
is more relevant when comparing interventions or
diagnoses).

» This is a retrospective evaluation of Al for prostate
pathology. This means that the sample size is fixed
based on the datasets at hand.

ETHICS AND DISSEMINATION

The study is conducted in agreement with the Decla-
ration of Helsinki. The data were retrieved in one or
more rounds at each of the participating international
sites between 1 May 2012 and 1 May 2024. All data were
deidentified at each site and provided to Karolinska Insti-
tutet in anonymised format. The centralised collection of
patient samples from the international sites to Karolinska
Institutet was approved by the Swedish Ethical Review
Authority (permit 2019-05220). The following local
approvals were provided to cover the data collection at
each site: AMU (permit 2023-074 for the AMU cohort),
Aquesta Pathology Ethics Committee (permit 2023-001:
462351 for the AQ cohort), Stockholm regional ethics
committee (permits 2012/572-31/1, 2012/438-31/3, and
2018/845-32 for the KS, STG and STHLM3 cohorts), the
Bioethics Committee at the Medical University of Lodz
(permit RNN/295/19/KE for the MUL cohort), and the
Regional Committee for Medical and Health Research
Ethics (REC) in Western Norway (permits REC/Vest
80924, REK 2017/71 for the SUH cohort). For the AUH,
MLP, SCH, SFI and SFR cohorts, ethical approval was
waived by the respective local institutional review boards
due to the retrospective usage of fully deidentified pros-
tate specimens, and the data collection under the waiver
was approved by the Swedish Ethical Review Authority
(permit 2019-05220). The RUMC, SPROB20, UKK and
WNS cohorts represent fully deidentified open data
available in online repositories (see online supplemental
appendix 2 for details). Written informed consent was
provided by the participants in the STHLM3 dataset. For
the other datasets, informed consent was waived by the
institutional review boards due to the usage of deiden-
tified prostate specimens in a retrospective setting, and
the data collection under the waiver was approved by the
Swedish Ethical Review Authority (permit 2019-05220).
The study results will be submitted for publication in an
open-access format, regardless of whether the findings

are positive, negative or inconclusive in relation to the
study hypothesis.

Study status
The key time points for a retrospective Al development
and validation study are: (1) establishment of the prespec-
ified statistical analysis to be conducted on validation
data, (2) locking of the Al model design, (3) unlocking
of the validation data to evaluate the final model’s diag-
nostic performance and, potentially, (4) repeating eval-
uation on additional validation datasets while the model
design remains locked. Respecting this timeline is crucial
to ensure there is no information leakage from the vali-
dation data to influence the Al model design. Develop-
ment data, on the other hand, can be freely accessed at
any point, allowing optimisation of the Al model design
prior to the validation phase of the study. The study status
on this timeline is as follows:

1. 7 July 2024: The protocol was made publicly available
as a preprint on medRxiv (https://www.medrxiv.org/
content/10.1101/2024.07.04.24309948v1) to prespec-
ify the analysis plan, presented here without modifica-
tions to its contents.

2. 16 August 2024: The Al model design was locked. No
further changes to the model are allowed.

3. 2025: Final evaluation of the AI model will be con-
ducted according to the prespecified analysis plan on
the validation data and results published in a peer-
reviewed journal.

4. TBA: The study has no specific completion date, as the
study design will allow extension of the analysis with
additional patient cohorts indefinitely, repeating the
same analysis steps, as long as the Al model design
will remain locked. We are currently collecting addi-
tional data cohorts to cover a wider representation of
patient demographics (collection ongoing in Canada,
Iraq, Italy and Jordan) and will reapply the locked Al
model and analysis plan to validate Al performance on
these cohorts. The results from these cohorts will be
published separately in peerreviewed journals when
available.
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