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AI competitions as infrastructures of power in medical 
imaging
Dieuwertje Luitse , Tobias Blanke and Thomas Poell 

Department of Media Studies, University of Amsterdam, Amsterdam, The Netherlands

ABSTRACT  
This article examines how platform-based AI competitions structure 
power relations in medical imaging research. It focuses on two 
leading platforms, Kaggle and Grand Challenge, which provide 
organisational as well as infrastructural support to run AI 
competitions. In dialogue with critical AI and platform studies 
research, we investigate how such competitions are organised – 
under which infrastructural conditions and by whom – and how 
this shapes processes of model production and evaluation. To 
address these concerns, we have collected data from 118 medical 
image AI competitions on Kaggle and Grand Challenge, organised 
between January 2017 and May 2022. In addition, a variety of 
platform boundary resources – platform documentation, 
competition descriptions, dataset descriptions, and competition 
leaderboards – have been gathered. The analysis of these materials 
shows, first, that platforms direct the AI development process by 
requiring substantial financial resources, defining which institutions 
can host a competition and under which conditions. Second, 
competition organisers define dataset diversity and the 
generalisability of models. As most datasets are constructed with 
data from hospitals in North America, Western Europe and China, 
the application of models to different geographical contexts is 
potentially limited. Finally, competition participants influence model 
development through the institutional, demographic, and 
disciplinary contexts in which they operate. Overall, the 
examination demonstrates the importance of critically 
interrogating the entire medical AI research pipeline, including the 
definition of research problems, the construction of datasets as 
well as model production and evaluation.
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Introduction

Medical imaging is a vital research field for artificial intelligence (AI1), particularly since 
CTs or MRIs provide vast amounts of valuable health data (Prevedello et al., 2019). To 
stimulate development and facilitate the scientific evaluation of new models,2 AI-based 
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research in medical imaging is traditionally organised in a competitive manner. These 
competitions are typically platform-based and organised by consortia that issue dedi
cated research problems, focusing on specific tasks, such as breast cancer detection 
(TIGER–2022) or brain tumour segmentation (RSNAMICCAI–2021). Addressing such 
tasks, participants compete by developing and evaluating their machine-learning models 
with provided training and test datasets.3 Teams are ranked on a leaderboard by the 
evaluation score of their (best) submission. These medical imaging AI competitions 
increasingly attract both public and commercial research organisations, which appears 
to impact this research field and the distribution of power within it (Maier-Hein et al., 
2018). This paper examines how such platform-based competitions specifically structure 
power relations in medical image AI research.

Performance competitions have a long-standing tradition in machine-learning subfi
elds like Computer Vision (CV) or Natural Language Processing (NLP). Competitions 
such as The Text REtrieval Conference (1992-ongoing) (e.g., Harman, 1993; Sparck 
Jones, 1995) have proven to be important for the development of new research 
approaches. Perhaps the most famous example of competitions playing a vital role in 
AI research is the ImageNet Large-Scale Visual Recognition Challenge (ILSVRC) (Rus
sakovsky et al., 2015). Associated with the ImageNet dataset (Deng et al., 2009), this com
petition for image classification and object localization and detection ran between 2010 
and 2017. In 2012, a team from the University of Toronto won the Challenge with a deep 
neural network-driven model that significantly outperformed all competing teams using 
graphics processing units (GPUs) (Krizhevsky et al., 2012). This moment is often marked 
as the turning point in AI research, shifting the field towards the currently dominant 
deep-learning paradigm. This fundamental shift would not have been possible without 
competitions, as it is heavily data-driven and requires large amounts of computing 
power (Dotan & Milli, 2020). It has, subsequently, accelerated the uptake of competitions 
and changed them towards ever larger datasets and new types of data.

The last decade has seen the emergence of specialised competition platforms such as 
Kaggle and Grand Challenge—two leading platforms in AI-based medical imaging. They 
provide organisational as well as infrastructural support (e.g., data storage, compute, 
Application Programming Interfaces (APIs), and Jupyter Notebooks) to run compe
titions initiated by public or commercial research organisations. Winning teams can 
expect prizes of over $1 million (Maier-Hein et al., 2018), usually provided by the organ
ising institution or through competition sponsorships. While sharing some similarities, 
these platforms also differ in significant ways. Kaggle is a large commercial platform, 
which was acquired by Google in 2017 (Li, 2017). It regularly hosts competitions across 
various AI sub-domains, including medical image AI, and had over 10 million registered 
users in 2022. Grand Challenge is a much smaller specialised research community-driven 
platform with approximately 70,000 users. It was initiated by the Diagnostic Image 
Analysis Group at the Radboud University Medical Centre (RUMC) and is dedicated 
to competitions in medical imaging.

For medical image analysis, platform-hosted competitions constitute an important 
part of their overall research infrastructure, steering global research and development. 
We understand research infrastructures as ‘sociotechnical systems that are centrally 
designed and controlled’ (Plantin et al., 2018, p. 295), typically for developing new tech
nologies, forms of knowledge, and scientific practice (Bowker & Star, 2000; Larkin, 2013). 
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In medical imaging, these infrastructures have been celebrated as ‘accelerators for medi
cal imaging innovations’ (Bulten et al., 2022, p. 154), which enable research groups to 
collect and deploy valuable health data, come together around specific research problems, 
and compete for the best solutions. Models that perform well in these competitions are 
more likely to be adapted for clinical practice and can be seen to further steer the indi
vidual careers of winning participants through the publication of competition research 
papers (Reinke et al., 2021).

Relatively little is known, however, about how their platform-based infrastructures 
set the conditions for medical AI research, including development and evaluation. 
This is surprising given the growing concerns over the power dynamics in (medical) 
AI research in general and the development of machine-learning applications that 
increasingly amplify existing inequalities towards historically disadvantaged commu
nities (Benjamin, 2019; Obermeyer et al., 2019; Thomas, 2021). So far, critical work 
has primarily focused on power imbalances in the construction of single research com
ponents such as medical imaging datasets (e.g., Oakden-Rayner, 2019; Rostamzadeh 
et al., 2022). While such elements are significant, platform-hosted medical imaging com
petitions operate across the entire medical AI research pipeline. They structure the 
definition of research problems, the construction of datasets as well as model pro
duction and evaluation by introducing tasks and metrics. It is therefore critical to 
understand the organisation of these competitions in their entirety, and the position 
key actors like platforms, organising institutions, and competition participants occupy 
within them.

This paper provides new insights through a critical study of medical imaging compe
titions on Kaggle and Grand Challenge between 2017 and 2022. Combining a critical AI 
and platform studies research approach, we investigate how competitions on Kaggle and 
Grand Challenge are organised – under which infrastructural conditions and by whom – 
and how this shapes processes of model production and evaluation. Pursuing this 
inquiry, we first situate our contribution within the critical literature on power differen
tials of power in AI research and development and on the infrastructural power of plat
forms. Second, we discuss our methodology and the materials we analysed to trace the 
organisation of platform-based medical imaging AI competitions. The remainder of 
the paper analyses the organisation of AI competitions, their power dynamics, and the 
implications for medical imaging.

Data, platform infrastructures, and power in AI research

Critical scholarship on power dynamics in AI research and development highlights the 
limits of bias- and ethics-oriented approaches and calls for more comprehensive analyses 
of social practices and power relations (e.g., Barabas et al., 2020; D’Ignazio & Klein, 2020). 
Dataset development has been of particular interest in this literature, showing how 
associated practices are influenced by global asymmetries and power dynamics (e.g., 
Miceli et al., 2022; Paullada et al., 2021). Following ‘critical dataset studies,’ (Thylstrup, 
2022) datasets are considered key infrastructures, forming the underlying conditions 
upon which machine-learning research and development operates (Denton et al., 
2021). They define which research problems are addressed, what is and what is not con
sidered to be progress, providing the grounds upon which novel algorithmic techniques 
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are being developed, tested, and evaluated. A combination of a dataset and a correspond
ing evaluation metric summarise a machine-learning system’s performance over a 
specific task as a single number or score (Raji et al., 2021) and set a so-called ‘benchmark’ 
for the competition-style of research in AI (Denton, 2022).

The impact of benchmarks on the organization of AI research has also been recog
nised by other authors, considering practices of benchmarking beyond dataset construc
tion (e.g., Hutchinson et al., 2022; Raji et al., 2021). Grounded in a longer history of 
computing practices in computing such as the Common Task Framework (Donoho, 
2017), benchmarking has become the dominant mode of machine-learning model evalu
ation over the past decade (Denton, 2022). According to Raji et al. (2021, p. 8), this has 
led to the development of entire infrastructures for ‘competitive testing’ allowing partici
pants to continuously optimise their models, proposing small metric variations to 
improve performance. In the division of labour within competitions, competition organ
isers not only provide the necessary datasets, but also define the metrics to which models 
are being validated and tested. In other words, competition organisers are not only 
responsible for the development of the datasets, but they also take a central position in 
defining the standards by which models are produced and evaluated (Denton, 2022).

Building on these observations, this paper more closely investigates the specific power 
relations in competitions organised on two major competition platforms: Kaggle and 
Grand Challenge. Following work in platform and infrastructure studies (e.g., Plantin 
et al., 2018; Poell et al., 2021), these platforms can be understood as large-scale compu
tational infrastructures integrating a multitude of heterogeneous components, including 
data storage, compute power, APIs, and software tools that facilitate, aggregate, and govern 
interactions between complementors (competition organisers and participants). Through 
their computational resources both Grand Challenge and Kaggle control infrastructural 
access, while preformatting or standardizing the activities for using their infrastructure.

We specifically draw on and contribute to the recent scholarship in platform studies, 
which examines how platforms exercise what can be called infrastructural power (e.g., 
Aradau & Blanke, 2022; Poell et al., 2021). In fact, following Foucault (1977, 1982), we 
can say that platforms as infrastructures do not simply possess a concentrated, universal 
hierarchical, one-directional form of power. We understand power through infrastruc
ture as a set of dispersed relational forms, exercised ‘as a way in which certain actions 
may structure the field of other possible actions’ (Foucault, 1982, p. 791). It is an imma
nent multiplicity of relations that allow infrastructures to guide ‘the possibility of conduct 
and putting in order the possible outcome’ (Foucault, 1982, p. 789), thereby structuring 
its users’ (subjects’) horizon of possibilities for knowledge production.

To understand the ‘microphysics’ of infrastructural power we need to examine how 
infrastructures set standards and lead to standardization. Following Foucault (1977), 
we understand a microphysics of infrastructural power here as the network of mechan
isms and micro-relations of power that materialises through infrastructure as a strategic 
assemblage of smaller elements to structure conduct of others and order possible out
comes. According to Bowker and Star (2000, pp. 14–15), standards can be understood 
as ‘any set of agreed-upon rules for the production of (textual or material) objects’ 
that span multiple communities of practice or sites of activity for knowledge production. 
Standards are enforced and deployed through infrastructures (e.g., platforms) and have 
consequences for how they can be used: they enable and condition certain types of work 
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and action or control ways of working and acting over others and may even operate as 
barriers for particular users or groups (Bowker & Star, 2000; Star, 1999). In so doing, 
infrastructural power is operated through standardization as it allows for ‘screening 
out’ (un)limited diversity (Star & Lampland, 2009) and instead set the conditions, struc
ture, and foreclose possibilities for research (e.g., in medical imaging), how it is con
strained, preserved, and compared.

Platforms like Kaggle and Grand Challenge set such technical standards, terms and 
conditions, and criteria for participation through a variety of so-called boundary 
resources, which include APIs, software development kits, developer terms, data, and 
software tools (Nieborg & Helmond, 2019). These boundary resources structure a net
work of power relations by enabling third parties such as competition organisers to 
gain attention for their research projects and crowdsource new approaches through plat
form infrastructures. At the same time, they allow these platforms to govern what parti
cipating actors can do and how they can do it within the competition environment, 
thereby possibly foreclosing other AI research directions and practices. From this per
spective, we examine how Kaggle and Grand Challenge operate infrastructural boundary 
resources to provide new opportunities for research, while foreclosing others.

Well-funded actors – in terms of technical expertise, access to data, financial 
resources, and institutional connections – can play a central role in platform ecosystems 
(Poell et al., 2021). Building on platform boundary resources and infrastructures, these 
actors can define and marshal the participation of other actors in the ecosystem. A pro
minent example of such actors are the AI research divisions of large tech corporations 
such as Alphabet and Amazon, which have heavily invested in computing infrastructures 
(Luitse & Denkena, 2021). Also conceptualised as an emerging ‘compute divide’ (Ahmed 
& Wahed, 2020), this creates significant advantages in AI research and development for 
these corporations and a small set of elite universities such as Stanford or Carnegie Mel
lon, allowing these actors to set the standards in the field (Whittaker, 2021). Following 
this line of research, the present inquiry examines how AI-competition organisers not 
only provide datasets but also define the standards on which machine-learning models 
can be produced and evaluated. Hence, the paper critically examines both the infrastruc
tural power of competition platforms and how key actors build on these research infra
structures to play a central role in the development of AI in medical imaging.

Studying competitions on Kaggle and Grand Challenge

Platform-hosted medical image AI competitions are complex entities that come with 
methodological challenges. First, the computational infrastructures of these compe
titions, like other platform infrastructures, are largely obfuscated, complicating empirical 
research. Second, competitions constantly evolve, and competition leaderboards are sub
ject to change. Therefore, we only considered finished competitions for further analysis.

To overcome these challenges and understand how power dynamics on Kaggle and 
Grand Challenge enable and shape AI production and evaluation in imaging, we have 
developed a digital methods’ approach that draws from data on platforms, competition 
organisers and participants from 118 medical image AI competitions on Kaggle and 
Grand Challenge, organised between January 2017 and May 2022. 15 competitions 
were organised on Kaggle, and 105 on Grand Challenge. In addition, for the two 
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platforms, we analysed a variety of boundary resources: (1) Kaggle and Grand Challenge 
platform documentation, including competition documentation, APIs, Notebooks and 
compute infrastructure; (2) competition descriptions, organisation, rules and evaluation 
pages; (3) dataset description pages; (4) competition leaderboards.

Appendices I and II provide a full overview of the collected resources. The materials in 
Appendix II are organised per competition (Title) and sorted by hosting platform and 
timeframe to facilitate the analysis of competitions’ organisation within the given period. 
For both Kaggle and Grand Challenge, data was systematically retrieved over the exam
ined period. Because of the large numbers of competition participants, Grand Challenge 
leaderboard data for 11,847 participants was manually parsed. Kaggle data on leader
boards was computationally retrieved using the Kaggle API. Yet, due to platform-specific 
API constraints, the dataset of 3881 participants was sampled to (a) data from at least ten 
participants per competition; (b) data of participants that appear on more than one lea
derboard (2763), as these active participants can be considered central to the develop
ment process; (c) randomly collected data of 1000 other participants to ensure diversity.

We have pursued the analysis of this data along three lines. First, we examined Kaggle 
and Grand Challenge’s documentation to identify and compare how these platforms 
organise competitions. Exploring how Kaggle and Grand Challenge structure the way 
institutions can set up a competition, provides insight in how these platforms standardise 
and shape this process. Here, we also looked at how these platforms regulate several 
infrastructural components, ranging from data storage to model training and evaluation. 
On this infrastructural level, the analysis paid specific attention to the platforms’ docu
mentation on the computational infrastructures that are important for the training 
and evaluations of machine-learning models (Whittaker, 2021) as well as Kaggle and 
Grand Challenge’s documentation of competition participation and submissions.

Drawing on the set of collected competition descriptions, organisation, and rules 
pages, the second level of inquiry concerned an investigation into the institutional back
grounds of competition organisers, the medical imaging datasets they provide, and the 
ways in which these actors define research problems. In addition, we considered the 
evaluation pages for all observed medical image AI competitions, to identify the metrics 
of model evaluation as defined by the organisers. This allowed us to gain a deeper under
standing of the ways in which organising parties define the conditions for – and thereby 
direct – machine-learning model production by competition participants, as well as the 
evaluation of submitted models.

Finally, we further substantiated the first two levels of inquiry by using the collected 
Kaggle and Grand Challenge leaderboard data to map the distribution of competition 
participants in terms of geographical location and institutional background. This map
ping provided insights in where well-performing AI models have been produced, as 
well as in the types of disciplinary backgrounds they build upon such as radiology, com
puter science, or biomedical engineering.

The infrastructural power of Kaggle and Grand Challenge

From a platform perspective, we find that both Kaggle and Grand Challenge, each in par
ticular ways, structure the organisation of medical image AI competitions at multiple 
stages. First, the organisation of a competition for medical image analysis is conditioned 
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by the required financial resources. This is especially the case for Kaggle competitions. As 
a commercialised platform that operates across different domains, Kaggle requires com
petition organisers to construct their datasets and define a single machine-learning pro
blem. The application is subsequently reviewed by the platform’s dedicated ‘competitions 
team’ that decides whether a competition is eligible for Kaggle. If accepted, then the team 
consults organising institutions for data preparation (e.g., cleaning) and custom work in 
the competition design process (KG-2022a). Such custom engagement concerns re- 
defining the machine-learning problem central to the competition in question, outlining 
competition-specific terms and rules, and setting the metrics for model evaluation.

All this work comes at a significant cost for competition organisers. In fact, the average 
budget for organising a Kaggle-hosted competition ranges from $85,000 to $200,000. 
While this budget estimate includes prize money, any ‘special custom engagements’ 
(KG-2022a) (e.g., defining evaluation metrics) may further increase it. Key variables 
include (1) the amount of Kaggle consultation for data preparation; (2) the number 
and value of prizes; and (3) the amount of custom work (e.g., on evaluation metrics) 
(KG-2022a). Grand Challenge, in turn, enables competitions at a minimum cost of 
€5000, plus significant variable costs for compute time and storage in the AWS cloud 
(GC-2022c). To calculate the variable budget, organisers are required to add a cost esti
mate to their competition application. If a competition ends up exceeding its estimated 
compute and storage budget, then the platform reserves its right to reduce the final costs, 
for example, by limiting the number of submissions allowed per participant (GC-2022c). 
Clearly, the significant costs for the organisation of Kaggle competitions limit who can 
apply for hosting a competition on this platform to the types of institutions that have 
the financial means to apply. While the barriers of entry for organising a Grand Chal
lenge competition seem lower at first hand, its financial requirements for compute 
power and data storage through the AWS cloud can shape the organisation process as 
they set the conditions for a competition’s scale, for example by regulating the number 
of models that can be submitted.

Second, Kaggle and Grand Challenge set the conditions of possibility for medical ima
ging competitions at the degree of data and task design. Grand Challenge requires organ
ising actors to apply via an extensive request form (GC-2022a), evaluated by the 
platforms’ team of reviewers at the RUMC. This team subsequently decides whether 
the proposal will be accepted and if so, in what way the platform will support the com
petition (GC-2022a). More specifically, it is through this questionnaire that Grand Chal
lenge structures the organisation of medical imaging competitions from the ground up 
(Figure 1). The platform requires organisers to follow a set of pre-defined task types 
that can be conducted within a competition such as classification, detection, or segmen
tation. Furthermore, the platform structures competition organisation, standardised 
according to one of twenty predetermined human body structures. While most body 
structures are included in this pre-defined list (Figure 1), lower limb body structures 
such as upper and lower legs as well as feet remain excluded (only the knee is rep
resented). Lastly, the platform pre-specifies the types of image data that can be used in 
a competition.

In conditioning the types of machine-learning tasks that can be defined when seeking 
to host a competition, the platform sets research directions towards topics such as the 
detection or segmentation of cancer – something that is commonly defined by a research 

INFORMATION, COMMUNICATION & SOCIETY 1741



community itself. This further solidifies its position as a critical research infrastructure in 
the field. The research communities’ commitment to work within this ecosystem, conse
quently, risks narrowing the possibilities for alternative research types that do not fit the 
competition structure but may ‘contribute to different understandings about AI 
[research] possibilities’ (Luitse & Denkena, 2021, p. 11). Such excluded approaches 
involve, for example, various methods for public participation and consultation (Delgado 
et al., 2023; Young et al., 2023) in the production and evaluation of AI systems for medi
cal imaging that rely on input from a larger consortium of actors, including those most 
affected by them.

While dataset construction and task design for Kaggle-hosted competitions is left to 
the organising institutions, we find that this platform especially shapes the practices of 
competition organising institutions at the level of evaluation. Model evaluation, 

Figure 1. Overview of Task types, (Body) Structures and (Data) Modalities that can be selected on 
Grand Challenge through the competition application form (GC-2022b).
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Hutchinson et al. (2022, p. 1860) explain, is a ‘system of arbitrary structure that takes a 
model as an input and produces outputs of some [numerical] form to judge the model’ 
and evaluation design requires the selection of one or more evaluation metrics (e.g., accu
racy) and a test dataset. Both the choice of metrics and the selection of test data are cru
cial for the machine-learning development pipeline as these entities influence how model 
performance is eventually measured and compared, ultimately deciding on what is con
sidered a ‘good’ model for one particular task and which model is ‘even better’ than some 
alternative. Kaggle provides organisers “a list of the most popular evaluation metrics that 
will be useful for the majority of use cases” (KG-2022d) (Figure 2), despite it being 
difficult to choose one (Goodfellow et al., 2016). While organising actors with a larger 
financial budget are able to further customise their individual evaluation metrics with 
the Kaggle team (KG-2022a), the provision of this list allows the platform to standardise 
the metric selection process by limiting the options to a prestructured list organisers can 
choose from.

Hence, the role of Kaggle has become particularly dominant in standardising the 
metrics for measuring and comparing model performance in this competitive environ
ment. This is a design task that otherwise requires careful and human-centred 
decision-making by multiple actors, including expert researchers (e.g., AI researchers 
specialised in healthcare and medical specialists), based on the intended model structure 
and use (Mitchell et al., 2019). Moreover, as Raji et al. (2021) point out, the focus on 
metrics for model evaluation on Kaggle leaves no room for organising institutions to 
mobilise alternate evaluation methods such as disaggregated analysis (Buolamwini & 
Gebru, 2018; Raji & Buolamwini, 2019). This is unfortunate, as such methods have pro
ven to be effective in the detection and mitigation of several demographic biases (e.g., 
toward race, ethnicity, gender, and age). This is a practice that should be standard for 
both dataset and model development for AI-based medical imaging (Garin et al., 2023).

Finally, both Kaggle and Grand Challenge condition model development in compe
titions through their platform boundary resources, regulating the access to compute 
power for training and testing models in competitions. For 50% of the Kaggle compe
titions under study, participants are required to use the integrated Kaggle (Jupyter) Note
books infrastructure to build their models. Within these so-called ‘Code Competitions,’ 
model evaluation time on CPU or GPUs is set to a maximum number of hours (Figure 3). 

Figure 2. On Kaggle, competition organisers choose one evaluation metric from a predefined list. 
Custom metrics can be developed, but this comes with additional costs for the organising institution 
(KG-2022d).
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Participants of a Grand Challenge competition are required to upload a file with their 
predictions on the test set (Type 1) or to submit their models in the form of a Docker 
container4 (Type 2). In case of a Type 2 competition, the platform runs these algorithms 
on the private test set. Model running time, in turn, is dependent on the organisers’ bud
get for computing power (GC-2022).

Considering that contemporary AI research approaches increasingly rely on large 
amounts of computing power (Dotan & Milli, 2020), such regulations around the use 
of compute infrastructures – like machine-learning datasets (Denton et al., 2021) – 
shape what novel algorithmic techniques can be developed and used to build models 
that are submitted in competitions (Hooker, 2020). In addition, it creates a research 
gap between well-funded organising institutions that can afford to provide more comput
ing power to their participants for the training and testing of models in competitions 
which may lead to better performance results and competition organisers who do not 
have the financial means to do so. This extends previous research on boundary resources 
as governing instruments that shape platform activity (Nieborg & Helmond, 2019) 
towards (medical) AI research and development. Both Kaggle and Grand Challenge 
operate their boundary resources to control the use of compute infrastructures, thereby 
articulating directions of model development for AI-based medical imaging.

The role of competition organising institutions

At the level of competition organising institutions, our findings show that this group of 
actors’ condition model development in competitions at several stages of the machine- 
learning development pipeline. Focusing on practices of task design first, organisers of 

Figure 3. Example of Code Requirements provided by Kaggle within a competition (PANDA-2020).
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Grand Challenge are specifically drawn to design competitions around 3D segmentation 
tasks. 44% of the competitions hosted on this platform focused on semantic or instance 
segmentation of MRI or CT data.5 For instance, a popular ‘KiTS’ competition (Heller 
et al., 2021) was organised on the segmentation of kidney tumours in abdominal CT ima
ging. This follows a longer tradition of the medical AI research community using its central 
position in the competition ecosystem to steer research in this particular direction. As 
Maier-Hein et al. (2018) show, 70% of all competitions organised prior to 2018 focused 
on segmentation tasks, defining the (semi-)automatic segmentation of medical imaging 
‘an important and popular research direction’ (Heller et al., 2021, p. 3). Hence, considering 
the impact of competition in the field (Mendrik & Aylward, 2019), the focus on segmenta
tion tasks is likely to receive more attention than others, not just within the community 
itself but also by industry actors looking for sponsors and partnerships.

Such public or industry partners and sponsors play an important role in shaping the 
collection and annotation of datasets (Denton, 2022). Successful competitions that attract 
many participants often provide large medical image datasets consisting of health data 
that is typically not publicly available (cf. ImageNet). To overcome this challenge, organ
ising actors collaborate with each other or with industry partners to construct ‘multicen
tre datasets’ for model training, testing and, in some cases, post-competition internal 
validation. For example, the recent Kaggle-hosted competition on the diagnosis of pros
tate cancer (PANDA-2020) – the PANDA challenge – was organised by a consortium of 
researchers from Radboud University Medical Centre (the Netherlands), the Karolinska 
Institutet (Sweden) and Google Health (United States). The competition training and 
datasets of 12,625 whole-slide images originated from the two medical institutions listed 
above, as well as from Karolinska University Hospital (validation), two independent 
medical laboratories and one tertiary unspecified teaching hospital in the United States 
(validation). Data was annotated by pathology experts from the three countries (Bulten 
et al., 2022). This partnership allowed for building ‘the largest publicly available dataset of 
prostate biopsies to date’ (Bulten et al., 2022, p. 155) underpinning the PANDA chal
lenge. The competition and its underlying EU-US multicentre dataset are claimed to 
facilitate the development of generalisable models ‘to different patient populations across 
the world’ (Bhattacharya et al., 2022). Its competition design, however, articulates a very 
particular understanding of dataset diversity – EU and US populations as representative 
of ‘the world’ – while data from patients in hospitals in e.g., Asian, Latin-American 
countries or African countries are not included. Such data are, of course, of critical 
importance to further explore the possibilities for model generalisability through situated 
accounts of model evaluation and testing outside of competition infrastructures.

The power of partnerships in constructing datasets for model development also 
becomes visible in smaller competitions. A competition using colour fundus photogra
phy (CFP) (Airogs-2022), e.g., relied on large amounts of retinal data from EyePACS, 
a platform that provides ‘end-to-end services and technology for blindness prevention 
programs’ (Retinal Consulting Solution, n.d.). The organising team collaborated with 
EyePACS to acquire the large datasets necessary for training and evaluation. As the 
organisers of AIROGS: Artificial Intelligence for RObust Glaucoma Screening explain: 

[W]e used a large screening dataset of around 113,000 images from about 60,000 patients 
and approximately 500 different sites with a heterogeneous ethnicity. We splitted the data 
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in a training set with about 101,000 gradable images […] and a closed test set with approxi
mately 11,000 […] images. (Airogs 2022)

Considering the sensitivities of medical data and the regulatory restrictions around data 
sharing in medicine (Simko et al., 2022), it is usually difficult to construct such large 
image datasets. However, third-party collaboration allowed the organisers to proceed 
and host the competition on Grand Challenge, attracting 351 participants from 51 
countries, and gathering solutions from 15 teams across 13 countries that eventually sub
mitted a model during the final evaluation phase (De Vente, 2022). This enabled them to 
crowdsource a number of different approaches and move towards their aim of ‘imple
menting robust AI for glaucoma screening in clinical practice’ (De Vente, 2022).

Approaches to dataset diversity by competition organising institutions also shape 
model production and evaluation. As the majority of organisers are located in the United 
States, Western Europe and China (Figure 4), most datasets underlying the competitions 
included in our research, are constructed with data sourced from patients located in these 
respective geographic regions. Consequently, the data from hospitals in other parts of the 
world remains underrepresented across competitions, thereby inserting structural limit
ations, as well as racial and gender biases in these datasets (Paullada et al., 2021). This has 
a significant impact on how well the data and associated metrics of evaluation actually 
represent the particular task defined by the competition organisers (Raji et al., 2021; Tho
mas & Uminsky, 2022). In other words, it impacts what research claims can be made 
based on competition outcomes. Furthermore, model production in competitions is 
more likely steered into the direction of ‘fine-tuning’ for a specific competition task or 
overfitting towards a dataset to perform well, rather than focussing on providing a sol
ution for a clinical problem that can be adapted and validated for different geographical 
contexts (Maier-Hein et al., 2018). This is further substantiated by the fact that details 
about patient consent for data collection are missing from the information on the organ
isation of competitions, revealing a particular ‘politics of data reuse’ (Thylstrup et al., 
2022) in which patients clearly have little to no power. More generally, it is difficult to 
evaluate data diversity: dataset descriptions rarely further specify sociodemographic 

Figure 4. Distribution of competition organising institutions.

1746 D. LUITSE ET AL.



information in terms of gender and race, nor do they specify the reasons why a particular 
dataset was collected in the first place, or by whom it was annotated.

Competition organising institutions tend to approach dataset diversity primarily in a 
technical way. Descriptions of diversity focus on listing the variety of scanners (e.g., 
brand, scanner model) for imagery production as well as the diversity of image resol
utions (ACROBAT-2022; CADA-AS-2022; autoPET-2021; SIIMISIC-2020; and SII
MACR-2019). This resonates with research by Scheuerman et al. (2021, p. 21), who 
observe that for computer vision datasets diversity ‘was not commonly used in terms 
of human conditions such as race, gender or ability.’. Instead – and similar to our 
findings – diversity meant ‘describing diverse instances of data’ (p. 21). While technical 
information like image resolution is significant for medical image analysis, the ‘technical’ 
approach to diversity has consequences for model development by competition partici
pants. Uncertainties concerning the sociodemographic diversity of training and test data 
very much impact participants’ ability to detect and account for model bias against these 
properties during evaluation (Ganapathi et al., 2022).

Power relations among competition participants

The practices of competition participants are conditioned by Kaggle and Grand Challenge, 
as well as competition organising institutions. However, similar to dataset development 
(Denton et al., 2021), competitive machine-learning model development is also influenced 
by the demographic and disciplinary contexts in which participating teams operate. 
Research teams from different institutions across the globe have different research tra
ditions that build upon a variety of ‘disciplinary values’ (Dotan & Milli, 2020) – values 
that ultimately play a role in guiding research approaches for model development.

From this participant perspective, we find that the global distribution of competing 
teams significantly differs between Kaggle and Grand Challenge and also depends on 
the focus of the various teams and their place within the machine-learning (research) 
community. In line with the platform’s commercial nature, Kaggle competition partici
pants are more likely to operate independently or are based at commercial companies 
such as large technology corporations like Amazon or NVIDIA, machine-learning start
ups, or dedicated (research) companies that focus on the development of specific appli
cations. These companies are typically located in the United States, followed by India, 
Japan, Germany and China. This is illustrated in Figure 5, which shows the global distri
bution of Kaggle competition participants per 10 million inhabitants. The figure colours 
are mapped from red to yellow, with red representing a high frequency of participants for 
that particular country. Such industry involvement is particularly beneficial for the 
organising institution as Kaggle competitions attract many talented participants (Tau
chert et al., 2020), resulting in an even greater number of (potentially) valuable sub
missions that can be used for further development.

However, such industry involvement simultaneously risks playing into the hands of 
commercial entities that may use the Kaggle competition model to attract machine-learn
ing talent and clients. Participants in the top-performing teams of the SIIM-ISIC Mela
noma Classification and APTOS 2019 Blindness Detection competitions, for example, are 
affiliated with H2O.ai, an open-source platform to build machine-learning applications 
for businesses, governments, nonprofits, or academic institutions. This company 
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specifically advertises the number of so-called ‘Grandmasters’ (Kaggle Grandmasters | 
H2O.ai, n.d.) – a Kaggle title for participants that have ‘consistently demonstrated out
standing performance’ (KG-2022h). Similarly, a winning participant of the PANDA 
Challenge is affiliated with Rist, a Japan-based company that operates a team that ‘allows 
for participation in Kaggle activities during work, based on the performance in Kaggle 
competitions.’ (株式会社Rist | Rist Inc.) and gain visibility on the competition platform. 
Competition performance, in these examples, appears to function as a statistical measure 
to advertise a company’s capabilities and attract clients or talent in a highly competitive 
market. As this environment is already increasingly captured by well-resourced large 
technology corporations and elite universities (Ahmed & Wahed, 2020), this risks further 
reducing the research opportunities for mid- and lower-tier academic institutions.

In addition, industry-embedded participants on Kaggle are rarely positioned in the 
health sector, although most medical imaging competitions are organised by medical 
institutions using sensitive and complex medical data. In contrast to the large number 
of hospital-affiliated computer scientists and biomedical engineers active on Grand Chal
lenge (Figure 6), these Kaggle participants identify themselves as general ‘data scientists’ 
(Figure 7). This points to a scarcity of domain expertise among competition participants 
on this platform, shifting model development away from the medical imaging disciplines 
towards data science. Domain expertise is, however, crucial for the field (Thomas, 2021), 
especially to discover problems with annotation labels in medical imagery – an impactful 
data issue that is difficult to detect without a medical background, but one of the key 
sources of bias in AI-based medical imaging (Rostamzadeh, 2022). Considering the 
potential implications of (undesirable) data biases for model development in medicine 
(e.g., Obermeyer et al., 2019; Seyyed-Kalantari et al., 2021), it is critical to detect such 
issues at multiple stages of the development pipeline, even though participating teams 
are not responsible for the construction of competition datasets.

Taken together, while medical imaging expertise is more present among competition 
participants on the Grand Challenge, we find that the geographic distribution of 

Figure 5. Distribution of competition participants for Kaggle competitions, scaled towards country 
population per 10 million inhabitants.
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participants (Figure 8) on this platform mirrors the global distribution of (public) invest
ment in AI research and development. On Grand Challenge, the top two countries are 
China and Taiwan with the most participating teams on the platform. This is not surpris
ing considering the Chinese ambition to ‘become the world leader in AI by 2030’ 
(Roberts et al., 2021, p. 59) and the Taiwanese ‘$517.5 million strategy to cultivate AI 
technology specialists and create an environment for AI scientific research’ (Executive 
Yuan, 2018). Continuous participation in medical imaging competitions, therefore, 
seems to follow these state-led strategies. This has transformed competitions into power
ful research infrastructures (Mendrik & Aylward, 2019; Reinke et al., 2021) and winning 
models in these competitions frequently lead to paradigm shifts in the field (e.g., AlexNet 
that won the 2012 ImageNet Challenge). Because of large state investments, research 

Figure 6. Top 5 department titles Grand Challenge competition participants as reported by partici
pants on their individual Grand Challenge profile pages.

Figure 7. Top 5 bigrams of job titles for Kaggle competition participants as reported by participants 
on their individual Kaggle profile pages.
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groups have the financial means and the institutional connections to gain technical 
expertise and participate successfully in (prestigious) competitions, solidifying their pos
ition in the medical AI research and development ecosystem.

Conclusion

Examining the organisation of competitions through Kaggle and Grand Challenge, this 
article showed that these machine-learning development platforms enable, streamline, 
and scale the production and evaluation of AI models in medical imaging. They facilitate 
the participation in model development of large numbers of competing teams and 
research institutions from around the globe. At the same time, our analysis also suggests 
that the configuration of platforms, competition organisers, and participants concentrates 
power toward a small number of actors. This paradoxical combination of facilitating and 
opening fields of knowledge production, while simultaneously bringing about power 
concentrations can be seen in most sectors in which platforms intervene (e.g., Aradau 
& Blanke, 2022; Poell et al., 2021). For AI-based medical imaging, this has far-reaching 
consequences for who defines the conditions under which AI research can be produced, on 
which population knowledge production takes place, and who reaps the benefits of AI devel
opment. This can be observed on all three levels of our analysis.

First, platforms set the conditions of possibility for the AI development process by 
requiring substantial financial resources, defining which institutions can and cannot take 
part in hosting a competition and setting the rules and regulations for competition organ
isation. The Kaggle platform operates significant hosting fees that raise the barriers to entry. 
Grand Challenge, in turn, conditions the cost and scale of competitions by relying on AWS. 
Additionally, we found that both Kaggle and Grand Challenge structure the competition 
design process at the stages of (1) dataset construction (Kaggle & Grand Challenge); (2) 
task types and subject focus areas for research (Grand Challenge); and (3) setting evaluation 
metrics (Kaggle). Consequently, while datasets remain important components that set the 

Figure 8. Distribution of competition participants for Grand Challenge competitions, scaled towards 
country population, per 10 million inhabitants.
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basic conditions for AI research and development in terms of problem definition, articula
tion of progress, and development of novel algorithmic techniques (Denton, 2022; 
Thylstrup, 2022), the platforms that host performance competitions play a key role in 
this process too. This raises concerns about the position of the research community and 
its ability to explore new techniques for model development or ‘alternative methods of 
evaluation’ (e.g., Raji et al., 2021; Thomas & Uminsky, 2022) outside the realm of bench
marking. Such alternatives are currently excluded within this competitive ecosystem.

Second, competition organising institutions direct model production by focusing com
petitions on image segmentation tasks, partly to attract attention from major industry 
actors developing clinical applications. Successful competitions are particularly reliant 
on powerful public and industry partnerships for the construction of large-scale multi
centre datasets consisting of data from different geographic areas. Through such datasets, 
competition organisers define dataset diversity and the generalisability of machine-learn
ing models, even though the underlying data often represents a limited number of patient 
populations from only a few hospitals and countries. Most datasets are constructed with 
data from hospitals in North America, Western Europe, and China, limiting the possi
bility of the application of models to other geographical contexts (Maier-Hein et al., 
2018). These observations align with Denton’s (2022) argument that competition organ
isers not only develop competition datasets, but also they exercise power by further stan
dardising model production and evaluation with respect to a given machine-learning task 
and they frame what knowledge can be derived from those processes.

Finally, competition participants influence model production through the institutional, 
demographic, and disciplinary contexts in which they operate. We found that partici
pation in Kaggle is particularly driven by aspirations to attract talent in the highly com
petitive AI industry. Strikingly, such industry-driven teams mainly consist of data 
scientists who do not have specific medical imaging domain expertise. We note that 
the absence of domain expertise risks further shifting model production away from 
the medical imaging disciplines towards general data science – a concerning develop
ment considering that medical know-how is critical (Thomas, 2021). Participation in 
medical AI competitions is also driven by national AI strategies by governments, such 
as the Chinese and Taiwanese. These strategic state efforts steer financial resources 
and institutional connections to a handful of university-affiliated teams to develop 
their technical expertise and participate successfully in (prestigious) competitions.

Considering the increasing concerns about the social inequalities medical AI systems 
may produce (e.g., Obermeyer et al., 2019; Thomas, 2021), our observations underline 
the importance of critical research into machine-learning development, particularly as 
the medical domain comes with a set of ‘unique ethical, legal, and regulatory challenges’ 
(Markus et al., 2021, p. 1). Pursuing such research, it is vital to cover the entire research 
pipeline, including model evaluation. It is only by considering the entire research and 
development infrastructure that risks of bias, inequality, and power concentration can 
be addressed and mitigated.

Notes

1. ‘AI’ encompasses various approaches rooted in different research traditions and disciplines. 
Using AI in this paper, we refer to ‘narrow AI’ deep-learning systems.

INFORMATION, COMMUNICATION & SOCIETY 1751



2. We understand machine-learning models as algorithmic assemblages that aggregate data, 
the model architecture, and the learning algorithm into a processual workflow to solve a par
ticular task.

3. Training data refers to the set of data instances used to train a model by fitting its parameters 
to perform a defined task. Test data is subsequently leveraged to evaluate the model after 
training and measure its ability to generalise to data that the model has not seen during 
training (Scheuerman et al., 2021).

4. A Docker container is a standard software unit that packages all code, libraries and 
additional files to quickly run a software application (e.g., a machine learning model) 
from one computing environment to another.

5. Semantic segmentation refers to the detection of multiple objects within a single category 
(e.g., human) Instance segmentation requires the identification of individual objects within 
a specific category (e.g., each individual person) (Minaee et al., 2022).
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