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a b s t r a c t 

The number of biomedical image analysis challenges organized per year is steadily increasing. These in- 

ternational competitions have the purpose of benchmarking algorithms on common data sets, typically to 

identify the best method for a given problem. Recent research, however, revealed that common practice 

related to challenge reporting does not allow for adequate interpretation and reproducibility of results. 

To address the discrepancy between the impact of challenges and the quality (control), the B iomedical 

I mage A nalysis Challenge S (BIAS) initiative developed a set of recommendations for the reporting of chal- 

lenges. The BIAS statement aims to improve the transparency of the reporting of a biomedical image 

analysis challenge regardless of field of application, image modality or task category assessed. This article 

describes how the BIAS statement was developed and presents a checklist which authors of biomedical 

image analysis challenges are encouraged to include in their submission when giving a paper on a chal- 

lenge into review. The purpose of the checklist is to standardize and facilitate the review process and 

raise interpretability and reproducibility of challenge results by making relevant information explicit. 

© 2020 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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. Introduction 

The importance of data science techniques in almost all fields of

iomedicine is increasing at an enormous pace ( Esteva et al., 2019 ;
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opol, 2019 ). This holds particularly true for the field of biomedical

mage analysis, which plays a crucial role in many areas including

umor detection, classification, staging and progression modeling

 Ayache and Duncan, 2016 ; Hosny et al., 2018 ; Litjens et al., 2017 )

s well as automated analysis of cancer cell images acquired using

icroscopy ( Bora et al., 2017 ; Bychkov et al., 2018 ; Yu et al., 2016 ).

While clinical trials are the state of the art methods to as-

ess the effect of new medication in a comparative manner
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( Meldrum, 20 0 0 ), benchmarking in the field of image analy-

sis is performed by so-called challenges . Challenges are interna-

tional competitions, typically hosted by individual researchers, in-

stitutes, or societies, that aim to assess the performance of multi-

ple algorithms on identical data sets and encourage benchmarking

( Kozubek, 2016 ). They are often published in prestigious journals

( Chenouard et al., 2014 ; Maier-Hein et al., 2017 ; Menze et al., 2015 ;

Sage et al., 2015 ; Setio et al., 2017 ; Zheng et al., 2017 ), are associ-

ated with significant amounts of prize money (up to €1 million on

platforms like Kaggle (2010) ) and receive a huge amount of atten-

tion, indicated by the number of downloads, citations and views. A

recent comprehensive analysis of biomedical image analysis chal-

lenges, however, revealed a huge discrepancy between the impact

of a challenge and the quality (control) of the design and report-

ing standard. It was shown that (1) “common practice related to

challenge reporting is poor and does not allow for adequate in-

terpretation and reproducibility of results”, (2) “challenge design is

very heterogeneous and lacks common standards, although these

are requested by the community” and (3) “challenge rankings are

sensitive to a range of challenge design parameters, such as the

metric variant applied, the type of test case aggregation performed

and the observer annotating the data” ( Maier-Hein et al., 2018 ).

The authors conclude that “journal editors and reviewers should

provide motivation to raise challenge quality by establishing a rig-

orous review process.”

The Enhancing the QUAlity and Transparency Of health Re-

search (EQUATOR) network is a global initiative with the aim of

improving the quality of research publications and research itself.

A key mission in this context is to achieve accurate, complete and

transparent reporting of health research studies to support repro-

ducibility and usefulness. A core activity of the network is to as-

sist in the development, dissemination and implementation of ro-

bust reporting guidelines, where a guideline is defined as “a check-

list, flow diagram or structured text to guide authors in report-

ing a specific type of research” ( TheEQUATORNetwork (2008) ). Be-

tween 2006 and 2019, more than 400 reporting guidelines have

been published under the umbrella of the equator network. A well-

known guideline is the CONSORT statement ( Moher et al., 2001 ;

Schulz et al., 2010 ) developed for reporting of randomized con-

trolled trials. Prominent journals, such as Lancet, JAMA or the

British Medical Journal require the CONSORT checklist to be sub-

mitted along with the actual paper when reporting results of a

randomized controlled trial. 

Inspired by this success story, the B iomedical I mage A nalysis

Challenge S (BIAS) initiative was founded by the challenge work-

ing group of the Medical Image Computing and Computer As-

sisted Intervention (MICCAI) Society board with the goal of bring-

ing biomedical image analysis challenges to the next level of qual-

ity. 

As a first step towards better scientific practice, this paper of

the initiative presents a guideline to standardize and facilitate the

writing and reviewing process of biomedical image analysis chal-

lenges and help readers of challenges interpret and reproduce re-

sults by making relevant information explicit. 

Please note that we do not want to put unnecessary restrictions

on researchers. For this reason, the template for challenge papers

as proposed in the following sections merely serves as guidance,

and authors are free to arrange the relevant information in any

way they want. What we regard as important is for the informa-

tion in the paper to be complete, such that transparency and re-

producibility can be guaranteed. For this reason, we encourage au-

thors of challenge papers to submit the checklist presented in this

manuscript ( Appendix A ; Maier-Hein et al., 2020 ) along with their

paper such that reviewers can easily verify whether the informa-

tion on challenge design and results is comprehensive. If informa-

tion is missing (represented by “n/a” in the column Reported on
age No of the checklist) it is up to the reviewers to request adding

t. 

Section 2 introduces the terminology used to describe chal-

enges and describes the process applied to generate this guideline

ocument. Section 3 gives recommendations on how to report the

esign and results of a biomedical image analysis challenge. The

aper then closes with a brief discussion in section 4 . 

. Methods 

In this paper, we define a biomedical image analysis challenge as

n open competition on a specific scientific problem in the field

f biomedical image analysis ( Maier-Hein et al., 2018 ). A challenge

ay encompass multiple competitions related to multiple tasks ,

hose participating teams may differ and for which separate rank-

ngs/leaderboards/results are generated. For example, a challenge

ay target the problem of anatomical structure segmentation in

omputed tomography (CT) images, where one task may refer to

he segmentation of the liver and a second task may refer to the

egmentation of the kidney. We use the term case to refer to a data

et for which a participating algorithm produce one result (e.g. a

egmentation or classification). Each case must include at least one

mage of a biomedical imaging modality. 

Metrics are used to compute the performance of an algorithm

or a given case and should reflect the property(ies) of the algo-

ithms to be optimized. Note that we do not use the term metric

n the strict mathematical sense. Metrics are usually computed by

omparing the results of the participating team with a reference

nnotation. We prefer the term reference (alternatively: gold stan-

ard ) to ground truth because reference annotations are typically

nly approximations of the (forever unknown) truth ( Jannin et al.,

006 ). 

Typically, a challenge has a training phase of several weeks or

onths, at the beginning of which the challenge organizers release

raining cases with corresponding reference annotations. These an-

otations help the participating teams develop their method (e.g.

y training a machine learning algorithm). Alternatively, the train-

ng data is not directly released but participating teams may sub-

it their algorithms to the challenge platform (using Docker con-

ainers, for example ( Guinney and Saez-Rodriguez (2018) )). Note

hat the official training phase may be preceded by a dry run phase .

uring this phase, the challenge organizers may themselves work

ith the data to determine the level of difficulty of the task(s), for

xample. In the test phase , participating teams either upload their

lgorithms, or they get access to the test cases without the ref-

rence annotations and submit the results of their algorithms on

he test cases to the challenge organizers. This procedure may be

eplaced or complemented by an on-site challenge event in which

articipating teams receive a set of test cases and are asked to pro-

uce the corresponding results on-site (typically on the same day).

For many challenges a ranking of the participating teams is pro-

uced based on the metric values computed for the test cases.

ote that some challenges additionally include a validation phase

etween training and test phase, in which initial rankings (so-

alled leaderboards ) are generated to show participating teams how

ell their methods generalize. Insights in this step may be used

or final parameter tuning. A glossary of some of the terms used in

his paper is provided in Appendix B . 

The procedure to generate this guideline document was heavily

ased on a previous study related to the critical analysis of com-

on practice in challenge organization ( Maier-Hein et al., 2018 )

nd is summarized in the following paragraphs: 

Challenge capture 

To analyze the state of the art in the field, the publicly avail-

ble data on biomedical image analysis challenges was acquired. To
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apture a challenge in a structured manner, a list of 53 challenge

arameters was compiled by a group of 49 scientists from 30 in-

titutions worldwide. These parameters include information on the

hallenge organization and participation conditions, the mission of

he challenge, the challenge data sets (e.g. number of training/test

ases, information on imaging protocols), the assessment method

e.g. metrics and ranking scheme) and challenge outcome (e.g.

ankings). Analysis of websites hosting and presenting challenges,

uch as grand-challenge.org, dreamchallenges.org and kaggle.com

ielded a list of 150 biomedical image analysis challenges with

49 tasks performed in a time span of 12 years ( Maier-Hein et al.,

018 ). Between 2004 and 2016, most challenges were organized

n the scope of international conferences, primarily the MICCAI

onference (48%) and the International Symposium on Biomedi-

al Imaging (ISBI) (24%). More recently, an increasing number of

hallenges are hosted on platforms like ( Kaggle (2010) ), Synapse

for the DREAM challenges ( DREAM, 2006 ; Saez-Rodriguez et al.,

016 )) and crowdAI (2018) (for the ImageCLEF challenges). Details

n the challenge characteristics (e.g. imaging modalities applied,

lgorithm categories investigated, number of training/test cases)

an be found in Maier-Hein et al. (2018) . 

Analysis of challenge reporting 

It was found that reports on biomedical challenges covered only

 median of 62% of the 53 challenge parameters identified as rel-

vant by the international consortium. The list of parameters of-

en not reported include some that are crucial for interpretation

f results such as information on how metrics are aggregated to

btain a ranking, whether training data provided by challenge or-

anizers may have been supplemented by other data, and how the

eference annotation was performed and by whom. It was further

ound that challenge design is highly heterogeneous, as detailed in

aier-Hein et al. (2018) . 

Prospective structured challenge capture 

To address some of the issues, a key conclusion of Maier-

ein et al. (2018) was to publish the complete challenge design

efore the challenge by instantiating the list of parameters pro-

osed. To test the applicability of this recommendation, the MIC-

AI board challenge working group initiated the usage of the pa-

ameter list for structured submission of challenge proposals for

he MICCAI conferences 2018 and 2019. The submission system re-

uired a potential MICCAI 2018/2019 challenge organizer to instan-

iate at least 90% of a reduced set of 40 parameters (cf. Tab. 1 in

aier-Hein et al. (2018) ) that were regarded as essential for judg-

ng the quality of a challenge design proposal. The median percent-

ge of parameters instantiated was 100% (min: 94%) (16/25 submit-

ed challenges in 2018/2019). 

Finalization of checklist Based on the prospective challenge

apture, the parameter list was revised by the MICCAI board chal-

enge working group to improve clarity. A questionnaire was then

ent to all co-authors to acquire final feedback on the parameters.

ach author had to independently assess every single parameter

 n = 48 ) of the list by answering the following questions: 

1. I agree with the name (yes/sort of/no). 

2. I agree with the explanation (yes/sort of/no). 

3. If you do not agree with the name or the explanation, please

provide constructive feedback. 

4. Please rate the importance of the checklist item. If you think

that it is absolutely essential for challenge result interpreta-

tion and/or challenge participation put absolutely essential . Oth-

erwise choose between should be included and may be omitted . 

5. Please indicate whether the checklist item(s) is (are) essential

for challenge review (yes/no). 

To identify missing information, participants were also asked to

dd further relevant checklist items that were not covered and to
dd any other issue important to compile the checklist. The MIC-

AI board challenge working group then developed a proposal to

ddress all the comments and points of criticism raised in the poll.

n a final conference call with the co-authors of this paper, remain-

ng conflicts were resolved, and the checklist was finalized, result-

ng in a list of 42 main parameters and 79 sub-parameters. 

The following sections describe the authors’ recommendations

n how to report the design and outcome of individual tasks of

 biomedical image analysis challenge based on this parameter

ist. The corresponding reporting guideline is provided in Appendix

 and was uploaded to Zenodo (2013) to ensure version control

 Maier-Hein et al., 2020 ). 

. Guideline for challenge reporting 

Following standard scientific writing guidelines, we propose di-

iding a challenge paper into the sections Introduction, Methods,

esults and Discussion , where the Methods section corresponds to

he challenge design and the Results section corresponds to the

hallenge outcome. These sections are preceded by a concise title

nd abstract as well as a list of representative keywords to sum-

arize the challenge mission and outcome. The following sections

ive basic recommendations on how to structure and write the in-

ividual sections. Appendix A ( Maier-Hein et al., 2020 ) serves as a

tructured summary of this section. 

.1. Title, Abstract and Keywords 

The title should convey the essential information on the chal-

enge mission. In particular, it should identify the paper as a

iomedical image analysis challenge and indicate the image modal-

ty(ies) applied as well as the task category (e.g. classification,

egmentation) corresponding to the challenge. The abstract should

erve as a high-level summary of the challenge purpose, design

nd results and report the main conclusions. The keywords should

omprise the main terms characterizing the challenge. 

.2. Introduction: Research Context 

The first section should provide the challenge motivation and

bjectives from both a biomedical and technical point of view. It

hould summarize the most important related work and clearly

utline the expected impact of the challenge compared to previous

tudies. The task to be solved/addressed by the challenge should be

xplicitly stated, and the section should clarify whether the chal-

enge mainly focuses on comparative benchmarking of existing so-

utions or whether there is a necessity of improving existing solu-

ions. 

.3. Methods: Reporting of Challenge Design 

The challenge design parameters to be reported are classified in

our categories related to the topics challenge organization, mission

f the challenge, challenge data sets , and assessment method . The fol-

owing paragraphs summarize the information that should be pro-

ided in the corresponding subsections. 

.3.1. Challenge organization 

This section should include all of the relevant information re-

arding challenge organization and participation conditions. This

nformation can either be reported in the main document or be

rovided as supplementary information (e.g. using the form pro-

ided in Suppl 1 ). It should include the challenge name (includ-

ng acronym (if any)) as well as information on the organizing

eam and the intended challenge life cycle type . Note that not

very challenge closes after the submission deadline (one-time
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event). Sometimes it is possible to submit results after the dead-

line (open call/continuous benchmarking) or the challenge is re-

peated with some modifications (repeated event). Information on

challenge venue and platform should include the event (e.g. confer-

ence, if any) that the challenge was associated with, the platform

that was applied to run the challenge as well as a link to the chal-

lenge website (if any). 

Comprehensive information about participation policies should

be related to the interaction level policy (e.g. only fully-automatic

methods allowed), the training data policy (indicating which data

sets could be used to complement the data sets provided by the

challenge (if any)), the award policy , which typically refers to chal-

lenge prizes and the results announcements (e.g. only names of top

3 performing teams will be publicly announced). It should also

contain information about the organizer participation policy . A pol-

icy related to this aspect may be, for example, that members of

the organizers’ institutes could participate in the challenge but are

not eligible for awards and are not listed in the leaderboard. Cru-

cially, annotators of the test data should generally not be allowed

to annotate additional training data that is exclusively provided to

only one/some of the participating teams 1 . Finally, details on the

publication policy should be provided: Do all participating teams

automatically qualify as co-authors? Or only the top performing

ones (theoretically, this could prevent people from participating

with an arbitrary method just for the sake of being an author of

a highly cited paper)? Who of the participating teams’ members

qualifies as an author (e.g. fixed maximum number per team? All

team members? First author and supervisor (if any)?)? Can the

participating teams publish their results separately? If so: After an

embargo? 

The section should further contain information on the submis-

sion method , preferably including a link to the instructions that the

participating teams received. It should also include information on

the procedure for evaluating the algorithms before the best runs/the

final method were submitted for final performance assessment. 

Information on the challenge schedule should focus on the

date(s) of training, validation (if any) and test data release as well

as on the submission of algorithm results on test data, the as-

sociated workshop days (if any) and the release date of the re-

sults. In some challenges, a post-competition collaborative phase

can take place, where e.g. top teams are brought together to fur-

ther improve on solutions. This should be explicitly mentioned in

the schedule. 

Crucially, information related to the challenge organization

should include information on the ethics approval (if applicable)

and the data usage agreement (indicating who may use the data

for which purposes under which conditions). Similarly, information

on code availability should be provided explicitly relating to both

the organizers’ and the participating teams’ software. To make con-

flicts of interest transparent, the section should also list the fund-

ing/sponsoring associated with the challenge and should explicitly

state who had access to the test case(s) labels and when. Finally,

the author contributions should be explicitly listed in the supple-

mentary material. 

3.3.2. Mission of the challenge 

This paragraph should state the biomedical application ( field

of application , e.g. diagnosis, screening, intervention planning) and

the task category (e.g. segmentation, classification, retrieval, detec-

tion) that the participating teams’ algorithms were designed for. To

refer to the subjects (e.g. patients)/objects (e.g. physical phantoms)

from whom/which the image data was acquired, we use the term
1 Remark of the authors: Such a case of intentional or unintentional “cheating”

has occurred in the past. 

s

 

a  

w  
ohort . The paper should explicitly distinguish between the target

ohort , which refers to the subject(s)/object(s) from whom/which

he data would be acquired in the final biomedical application

e.g. healthy subjects who undergo screening) and the challenge

ohort , defined as the subject(s)/object(s) from whom/which the

hallenge data was acquired (e.g. white male healthy subjects from

ermany who participated in a voluntary study X). Note that this

ifferentiation is crucial to understand the potential “domain gap”

hen transferring challenge results to the actual application. Im-

ortant differences may be related to various aspects including

he subject(s)/object(s) from whom/which the image data is ac-

uired (e.g. cancer patients in real application vs. porcine models

n a challenge), the source of image data (e.g. various CT scan-

ers in real application vs. a specific scanner in the challenge)

nd the characteristics of data (e.g. fraction of malignant cases in

eal world vs. equal number of malignant and benign cases in the

hallenge). 

To describe the cohorts in detail, the section should also include

nformation on the imaging modalities , and additional context infor-

ation (e.g. clinical data) acquired. Most challenges performed to

ate are based solely on images and corresponding reference an-

otations (e.g. tumor labels), yet an increasing number of compe-

itions provide further information on the patients, such as general

nformation (age, gender), or laboratory results. 

The section should further state the target entity(ies) which in-

ludes the data origin , i.e. the region from which the image data is

cquired (e.g. scan of the head, video of the whole operating the-

ter) and the algorithm target defined as the structure (e.g. tumor

n the brain), object (e.g. robot), subject (e.g. nurse) or component

e.g. tip of a medical instrument) that the participating algorithms

ocus on. 

Finally, it should provide a concise statement of the assess-

ent aim(s) (e.g. finding the most sensitive lesion detection al-

orithm vs. identifying the fastest algorithm that provides a me-

ian detection accuracy below a certain threshold). The metric(s)

nd ranking scheme chosen (parameters 29 and 30 in assessment

ethod, Appendix A , Maier-Hein et al., 2020 ) should reflect the as-

essment aims as closely as possible, i.e. optimizing the metrics

ill ideally optimize the properties of the algorithm that are im-

ortant according to the assessment aim. Note that it is necessary

o make the assessment aim explicit, as it may not be straight-

orward to find an appropriate metric for certain properties to be

ptimized. 

.3.3. Challenge data sets 

While the information contained in the challenge mission sec-

ion should refer to both the target cohort and the challenge co-

ort, this section is exclusively dedicated to the challenge cohort.

t should start with a description on the data source(s) . This should

nclude information on specific acquisition devices (e.g. the spe-

ific type of magnetic resonance imaging (MRI) scanner used),

cquisition protocols (e.g. the specific MRI imaging protocol ap-

lied) as well as centers/data providing source(s) and operators that

ere involved in the data acquisition (e.g. a specific robot in a

pecific university clinic). If the centers involved cannot be men-

ioned due to requirements for anonymity, this should be made

xplicit. Information on the operators should focus on the rele-

ant information in the challenge context. It may, for example, be

rrelevant to state the years of experience of the person acquir-

ng an MRI image according to an established protocol whereas,

or data derived from a complex surgical procedure, it may be

rucially important to explicitly list the level of expertise of the

urgeon. 

The section should further provide information on the training

nd test case characteristics . It should begin with stating explicitly

hat data encompasses a single case , i.e. which data is meant to
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e processed to produce one result that is compared to the corre-

ponding reference result. Information on the cases should further

nclude information on the number of training/test cases as well as

n why a specific proportion of training/test data was chosen, why

 certain total number of cases was chosen and why certain charac-

eristics were chosen for the training/test set (e.g. class distribution

ccording to real-world distribution vs. equal class distribution). 

Information on the annotation characteristics should begin

ith describing the general approach to training/test case an-

otation (e.g. annotation of the test data by a medical expert

s. annotation of the training data via crowdsourcing such as

n Maier-Hein et al. (2014) ). It should include the instructions

iven to the annotators prior to the annotation, details on the

ubject(s)/algorithm(s) that annotated the cases (e.g. information

n level of expertise such as number of years of professional

xperience, medically-trained or not) and the method(s) used to

erge multiple annotations for one case. All information should be

rovided separately for the training, validation and test cases if

ecessary. 

Data pre-processing methods (if any) used to process the raw

ata should also be well-described and justified. Crucially, poten-

ial sources of errors related to the annotation but also the data

cquisition should be comprehensively described. Sources of error

elated to the data acquisition may, for example, refer to calibra-

ion errors of the image modality, tracking errors related to pose

omputation of surgical instruments or errors resulting from sub-

tantial motion during image acquisition. Preferably, a quantita-

ive analysis (e.g. using the concept of intra-annotator and inter-

nnotator variability) should be performed to estimate the magni-

ude of the different error sources. 

.3.4. Assessment method 

Information on the assessment method are related to the met-

ic(s) applied, the ranking scheme as well the statistical analyses. 

The metric(s) to assess a property of an algorithm should be

ell-explained including the parameters used (if any) and prefer-

bly with reference to a paper. The metrics should be justified

n the context of the challenge objective (parameter assessment

im(s) ) and the biomedical application. For example, the Dice sim-

larity coefficient (DSC) is a well-suited metric for assessing seg-

entation accuracy for large structures, such as organs in images,

ut is not well-suited for quantifying segmentation accuracy in the

ase of small pathologies. 

If one or multiple rankings were generated for the challenge,

he ranking method(s) should be specified by describing how met-

ic values are aggregated/used to generate a final ranking (if any).

t should also provide information on the rank value in case of tied

ositions, as well as on methods used to manage submissions with

issing results on test cases ( missing data handling ) and to han-

le any diversity in the level of user interaction when generating

he performance ranking (interaction level handling). The section

hould further make explicit how the ranking chosen matches the

ssessment aim. 

Details for all the statistical methods used to analyze the data

hould be provided. If results on test cases were entered as miss-

ng values, it should be described how these were handled in the

tatistical analyses . Further, details about the assessment of the ro-

ustness of the ranking should be provided. If statistical hypothesis

ests were used to compare, e.g. participating teams, details about

he statistical method should be provided including a description

f any method used to assess whether the data met the assump-

ions required for the particular statistical approach. For all data

nalysis methods, the software product used should be mentioned.

referably, the code should also be released along with the paper. 

Further analyses performed should also be reported in this sec-

ion. This includes experiments based on combining individual al-

o  
orithms via ensembling and experiments on inter-algorithm vari-

bility, for example. 

.4. Results: Reporting of Challenge Outcome 

We suggest subdividing the outcome section into five cate-

ories: Challenge submission, information on selected participating

eams, metric values, rankings and further analyses. 

At first, information on the submissions received should be sum-

arized. This includes the number of registrations , the number of

valid) submissions (if applicable: in each phase) and the number of

articipating teams that the challenge paper is about (selected par-

icipating teams) with justification why these participating teams

ere chosen (e.g. top n performing teams; teams with a metric

alue above a threshold; m % top performing teams). Depending on

he number of participating teams, information on selected partici-

ating teams can be provided in the main document or in the ap-

endix. Information on those teams referred to in the results sec-

ion should include a team identifier (as name of the team) as well

s a description of the method . The latter can for example be a brief

extual summary plus a link to a document that provides detailed

nformation not only on the basic method but also on the specific

arameters/optimizations performed for the challenge. Ideally, this

eference document should also provide information on complex-

ty analysis with respect to time and memory consumption, hard-

are/OS requirements and reference to the source code. 

Depending on the number of test cases and participating teams,

aw metric values (i.e. metric values for each test case) and/or

ggregated metric values should be provided for all participating

eams/the selected teams. Parts of these results may be moved to

he appendix. 

The ranking(s) (if any) should be reported including the

esults on robustness analyses (e.g. bootstrapping results

 Wiesenfarth et al., 2019 )) and other statistical analyses . Again,

epending on the number of participating teams, the paper may

efer to only the top performing teams (referred to as selected par-

icipating teams above). Depending on the number of participating

eams, full (if necessary partially anonymized) ranking(s) should

e provided in the main document, as supplementary material or

n another citable document. 

The results of further analyses performed (if any) should also be

eported in this section. This includes analyses of common prob-

ems/biases of the methods. 

.5. Discussion: Putting the Results into Context 

The final section should provide a concise summary of the chal-

enge outcome and discuss the findings of the challenge thoroughly

n the context of the state of the art. It should clearly distinguish

etween the technical and biomedical impact . Current performance

f the best methods should be discussed and conclusions drawn

bout whether the task is already solved in a satisfactory way (e.g.

he remaining errors are comparable to inter-annotator variability).

urthermore, an analysis of individual cases , in which the majority

f algorithms performed poorly (if any), should be included. Also,

dvantages and disadvantages of the participating methods should

e discussed. In this context, it should be made explicit whether

n algorithm with clearly superior performance could be identi-

ed or if more than one algorithm is well-suited for the specific

ask. Furthermore, limitations of the challenge should be made ex-

licit (design and execution). Finally, concrete recommendations for

uture work should be provided and a conclusion drawn. 

. Discussion 

As a first step to address the discrepancy between the impact

f biomedical image analysis challenges and the quality (control),
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the BIAS initiative aims to improve the transparency of the report-

ing . This article describes how the BIAS statement was developed

and presents a checklist which authors of biomedical image analy-

sis challenges are encouraged to include in their submission when

giving a challenge paper into review. By making relevant informa-

tion explicit, the checklist has the purpose to standardize and facil-

itate the reviewing/editorial process and raise interpretability and

reproducibility of challenge results. 

The checklist generated in the scope of this article relies heav-

ily on the challenge parameter list published in our previous work

( Maier-Hein et al., 2018 ). In the meantime, this parameter list

has been instantiated with more than 500 tasks from more than

150 challenges, both retrospectively ( Maier-Hein et al., 2018 ) and

prospectively in the scope of the structured challenge submission

system used for MICCAI 2018 and 2019. According to our experi-

ence, the (updated) list presented in this work should be appropri-

ate to capture the relevant information on current challenge design

and organization. It is worth noting, however, that an update of the

checklist may be required at a later point in time. For example, on-

going research is investigating the generation of probabilistic output

for a whole range of algorithm categories ( Kohl et al., 2018 ); rather

than providing a single contour as result for a segmentation task.

For instance, such methods produce a whole range of plausible so-

lutions via sampling. It is currently unknown how such output may

be efficiently handled in the design of future challenges. 

An increasingly relevant problem is that it typically remains un-

known which specific feature of an algorithm actually makes it

better than competing algorithms ( Maier-Hein et al., 2018 ). For ex-

ample, many researchers are convinced that the method for data

augmentation often has a much bigger influence on the perfor-

mance of a deep learning algorithm than the network architecture

itself. For this reason, a structured description (e.g. using ontolo-

gies) not only of the challenge but also of the participating al-

gorithms may be desirable. Due to the lack of common software

frameworks and terminology, however, this is not trivial to imple-

ment at this stage ( Maier-Hein et al., 2018 ). 

It is worth mentioning that our guideline has explicitly been

developed for reporting the design and results for one task of a

challenge. If a challenge includes multiple tasks, the results should

preferably be reported in separate publications. If this is not de-

sirable (i.e. a single paper refers to multiple tasks with substantial

overlap between tasks such as tasks sharing the same data sets), a

separate checklist for each task should be generated. Alternatively,

a single checklist may be provided in which some items are com-

mon to all tasks and other items contain separate parts for each

task. 

It should also be noted that challenges could in theory focus on

collaboration rather than competition. In such collaborative chal-

lenges, the participating teams would work jointly on a dedicated

problem, and the focus would be on solving a problem together

rather than benchmarking different methods. We have not explic-

itly addressed such collaborative challenges with the checklist. 

We believe that the work invested to improve challenge report-

ing could also be valuable in guiding challenge design. For this

reason, we have converted the reviewer checklist into a document

that can be used to comprehensively report the envisioned design

of a challenge and could thus be used to review a challenge be-

fore it is organized ( Suppl 2 ). Based on this document, the MIC-

CAI society and MICCAI 2020 organizing team decided to introduce

the concept of challenge registration. Similar to how clinical trials

have to be registered before they are started, the complete design

of accepted MICCAI challenges had to be put online before chal-

lenge execution. This was achieved with Zenodo (2013) , a general-

purpose open-access repository that allows researchers to deposit

data sets, software, and other research-related items. Such stored

items are citable, because a persistent digital object identifier (DOI)
s generated for each submission. As Zenodo also supports ver-

ion control, changes to a challenge design (e.g. to the metrics or

anking schemes applied) can be made transparent. These changes

ust be communicated to the MICCAI society and well-justified. To

ate (June 2020), 8 out of the 28 challenges committed changes to

he designs, originally uploaded in April 2020. Most of them were

hanges to the schedule, which can be attributed to the COVID-

9 outbreak. We believe that the transparency and quality control

hat comes along with challenge registration is a big step towards

igher quality of biomedical challenges. 

Challenges are becoming increasingly important in various

elds, ranging from protein structure, to systems biology, text

ining, and genomics, thanks to initiatives such as CASP (Crit-

cal Assessment of Techniques for Protein Structure Prediction)

 Moult et al., 2017 ), BioCreative (Critical Assessment of Informa-

ion Extraction in Biology ( Do ̆gan et al., 2019 )), DREAM (Dia-

ogue for Reverse Engineering Assessment and Methods ( Saez-

odriguez et al., 2016 )), and CAGI (Critical Assessment of Genome

nterpretation ( Daneshjou et al., 2017 )). The checklist and the chal-

enge design document could be adapted to these research areas

nd thus contribute substantially to better scientific practice re-

ated to challenges in general. 

In conclusion, this document is the first to provide a guideline

or the reporting of a biomedical image analysis challenge regard-

ess of field of application, image modality or algorithm category

ssessed. We hope that the checklist provided will help editors of

ournals in the field of biomedical image analysis and beyond to

stablish a rigorous review process with the mid-term goal of in-

reasing interpretability and reproducibility of results and raising

he quality of challenge design in general. 
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