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Abstract. As technologies for applications in medical imaging and com-
puter-assisted interventions mature, technical feasibility alone is insuf-
ficient for translation to bedside. Highlighted by communities that em-
phasize human-centered technology design and recent efforts at MIC-
CAI, there is a need to evaluate technological solutions with human in-
volvement. Among the various forms of human-centered evaluation, we
focus on empirical, controlled user studies of human-technology interac-
tion. These evaluations involve actual applications and real end-users,
providing actionable evidence about human impact and intended use.
However, the lack of standardized studies and unique challenge in user
studies complicate the measurement of progress and reproducibility in
research. This paper aims to support the MICCAI community in con-
ducting evaluations with human subjects, by drawing on insights from
human-centered principles and quantitative research in human-computer
interaction. We discuss key considerations that include the formulation,
planning, and execution of valid and meaningful experiments. The rigor
and use of systematic methods in human-subjects evaluations will ulti-
mately provide researchers with more reliable evidence to assert the po-
tential achievements of their technological solutions. As considerations
for human-subject experiments differ from those for technical develop-
ment, the evaluation of these works demands criteria within the MICCAI
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community that account for the substantial effort and rigor required to
conduct human-subject evaluations. Findings and lessons from human-
machine interaction studies will guide future research aimed at deploying
technologies and assessing clinical effectiveness.

Keywords: Human-subjects research - human-in-the-loop - human-machine
interaction - controlled user study

1 Introduction

The integration of computational systems in medicine introduces technology
designed to assist with clinical tasks, from diagnostic image interpretation to
surgical guidance and therapeutic interventions. Understanding the most ef-
fective form of technological assistance for these tasks is crucial and requires
evaluations contextualized within specific use cases or application-grounded sce-
narios [6]. Most research in computing systems focuses on technical metrics to
demonstrate that algorithms perform accurately and reliably in solving clinical
tasks [21]. However, these evaluations neglect measures of human-technology in-
teraction. This is problematic when integrating medical image computing (MIC)
and computer-assisted intervention (CAI) technologies into clinical settings, where
human users will interact with these systems and use them to assist critical de-
cisions or actions within complex workflows [23].

Human-centered evaluation methods include intentional assessments of hu-
man performance and experience [17]. In particular, empirical evaluations pro-
vide a testbed for studying the interactions between humans and technologies
as they complete relevant tasks, helping to understand the factors that shape
users’ behavior, expectations, and outcomes of the collaboration. By conduct-
ing structured tests with representative users, tasks, and context, this approach
generates empirical evidence that supports and justifies algorithmic designs. The
rigor and use of systematic methods in human-subjects evaluations of MIC and
CATI solutions will ultimately provide the evidence for researchers to claim poten-
tial achievements of these technologies, reduce unexpected failures and negative
impact of Al, and move toward real-world evaluation [2].

The timing of controlled user studies in MIC and CAI systems development
remains debated. Some prioritize algorithm design and performance optimization
before human evaluation [20, 3, 19], while others incorporate iterative user input
earlier, often through simulations or prototypes [10, 13, 4]. Despite these differing
approaches, both ultimately require empirical human-subject studies to assess
the system’s impact on user behavior and ensure safe progression toward real-
world implementation [18].

The pursuit of human-subjects evaluations across MIC and CAI invites us
to reexamine and evolve beyond the conventional research and development
paradigms traditionally embraced by the MICCAI community. As we venture
into this relatively uncharted domain, we need to cultivate a shared understand-
ing and support its added value to current benchmarks. In Section 2, we set
the stage for a deeper exploration into considerations for controlled user studies.
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% Study Goals
@ « Anticipate confounding factors and determine which aspects of the intended use to replicate in the
experiment design and the consequences of potential
= « Deliberately decide the functionality of the technology system needed and prioritize efforts to achieve

this level.

/\ User Tasks and Interfaces

« Carefully select meaningful tasks and instantiations to be aligned with the study goals.
‘\_/ + Design to minimize misuse, confusion, and balance the features to be added in the interface.

User Recruitment
« Determine a strategy to recruit participants suitable for the test task and verify their compatibility.

m © Measurement and Evaluation

+ Detail the rationale and methods for 1ts selection, and as well
. as any adjustments, thereby clarifying study requirements.

Fig. 1. Considerations in Controlled User Studies in MIC and CAI Applications.

Following this, Section 3 calls for action to the MICCAI community to foster a
culture of openness and to adopt conscientious and best practices in support of
these approaches within human-centered evaluation. Through these sections, the
paper aims to spark a conversation within the MICCAI community about em-
bracing this critical pursuit and to outline a collective and systematic approach
towards the development of more innovative, usable, and practical MIC and CAI
solutions that move from bench to bedside.

2 Empirical User Study Design Considerations across
MIC and CAI

We present a set of practical considerations, summarized in Figure 1 and illus-
trated in a case study (Sec. 2.6), that inform the formulation, planning, and
execution of valid and meaningful controlled user studies and promote good
practices.

2.1 Identifying Study Goals

User studies with MIC and CAI technologies resemble psychology and human-
computer interaction (HCI) testing. They require human participants whose ex-
periences are studied either in controlled laboratory conditions or in real-world
contexts. Evidence collected through these studies can inform researchers about
potential achievements of the technological solutions they are envisioning, rather
than relying on assumptions. Research in explainable AT (XAI) has particularly
emphasized this perspective by challenging a purely computational approach to
developing explainable mechanisms and advocating for the integration of human-
centered practices [4]. As with other types of empirical evaluations, researchers
establish if a change in an experimental condition causes a change in an outcome
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measurement, resulting in a hypothesis that can be tested through controlled ex-
periments or refined through exploratory research [15]. The validity of the results
can be assessed internally and externally. Internal validity refers to the aspects of
a study’s design that ensure that the causal relationships are valid, specifically
by reducing confounding factors. External validity considers the aspects that
capture the broader applicability of the results to additional groups of people,
contexts, etc. [22]. The challenge of balancing experimental control with ecolog-
ical realism is central to designing studies that are both rigorous and clinically
relevant [14,5]. To account for both, anticipate confounding factors and deter-
mine which aspects of the intended use to replicate in the experiment design and
the consequences of potential violations.

Formulating feasible experimental conditions where participants can engage
with a technology is a pivotal aspect of study design that requires planning inter-
ventions. Successful implementation and validation of these manipulations are
key to ensuring the study’s internal validity. This process involves not only devis-
ing interventions that can be realistically applied within the study’s constraints
(e.g., equipment, ethical approval, participant, and data availability) but also
establishing reliable methods to evaluate their successful execution.

2.2 Technology System Design

In experimental interventions in human-technology interaction studies, researchers
must determine both the system design and its execution during the study, select-
ing the appropriate level of implementation fidelity — from low-fidelity mock-ups
to fully functioning systems — based on the research questions being addressed.

Prototype mock-ups serve as a strategic tool for rapidly exploring design op-
portunities and probing user behaviors in a controlled yet flexible environment
before committing to actual implementations [24]. While feasible for minor ad-
justments in inputs or outputs, mock-ups present limitations when simulating
complex computational processes involving medical images.

An intermediate approach involves curating samples of real system behavior,
carefully chosen to facilitate the study of specific phenomena and avoid dealing
with variability in system outputs [24]. This strategy can still assess risks of
errors in diagnostic algorithms [11], segmentation tools, or registration accuracy.

Unlike mock-ups or curated samples, a fully functioning system can process
inputs, adapt to user actions, and provide appropriate responses, offering more
dynamic interactions, real-time feedback, and authentic experience. However,
modifying a fully implemented system based on user feedback can be slow and
resource-intensive, hindering rapid iteration. When rapid iteration is a priority,
researchers can use conceptual prototypes that incorporate real system outputs,
provided that the functionalities under study are grounded in established tech-
nical concepts.

When physical interaction with the environment is involved, design consid-
erations must go beyond screen-based interfaces to include physical systems.
Surgical navigation systems, robotic platforms, and image-guided tools require
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careful integration of hardware and software. Simulation environments and sur-
gical phantoms allow researchers to study human interaction without risk, but
simulation fidelity affects how well findings translate to clinical use [8]. Different
study types — benchtop, phantom, cadaver, and in-vivo — vary in realism and ap-
proval requirements, making iterative design more challenging due to potential
hardware modifications. In general, deliberately decide the functionality needed
for achieving study goals, then prioritize efforts accordingly.

2.3 User Tasks and Interfaces

In task-based evaluations, participant activities reflect real-world uses of the
tool, system, or product. Tasks may either be well-established ones that are
commonly studied and have driven collaborative efforts in computational chal-
lenges, or newly designed tasks to showcase functionalities for applications not
yet seen in practice. New tasks may emerge as technologies evolve, necessitating
development in close collaboration with stakeholders.

Selecting task instances typically involves real data to preserve clinical real-
ism, spanning diverse conditions (e.g., multi-class cases, imbalance, rare events)
and avoiding artificial stimuli. Although variety reflects real-world complexity,
factors must remain manageable given available resources. Study length influ-
ences participant commitment and data quality, and repeated exposure to multi-
ple cases may introduce learning effects that confound the intervention’s impact.
Carefully select meaningful tasks and instantiations to be aligned with the study
goals.

Along with tasks, user interface (UI) design shapes participant interaction
with the system. UI development should be integral from the beginning of the
design process. Early collaboration with experts in HCI, human factors, design,
and other relevant areas ensures that the Ul effectively supports specific human-
technology interaction scenarios, emphasized in key guidelines [12,1, 16]. Overly
complex interfaces can obscure innovative features and complicate assessment,
while overly simplistic designs may undermine clinical relevance. Design to min-
imize misuse, confusion, and balance the features to be added in the interface.

Running a pilot study before full data collection is strongly recommended.
Pilots help identify usability issues, ambiguities in task instructions, timing prob-
lems, and other practical concerns that may not be apparent during design.
Feedback from pilot participants allows researchers to refine the study protocol,
interface, and procedures before committing to the full study.

2.4 User Recruitment

Evaluations involving human subjects to perform real tasks with the target appli-
cation demand precise identification and well-thought-out recruitment strategies
of participants. Criteria for inclusion must define representativeness and include
reliable verification methods. In the medical context, participant samples fre-
quently come from specialized populations with more challenges to access.
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Online platforms like Prolific'# enable recruitment of physicians for surveys.
However, although online studies offer broader reach and limited environmental
control, participant engagement may threaten external validity, as behavior may
not reflect real-world responses. Increasing sample size is not always a remedy: it
raises costs and can amplify trivial effects, while fundamental design flaws remain
unaddressed. Conducting a priori power analysis is thus strongly recommended
to estimate the sample size required to detect a meaningful effect at a chosen
significance level, given expected variability [25]. Although baseline human-factor
data and effect sizes are scarce in medical domains, this challenge creates an
opportunity to adopt more rigorous and validity-enhancing practices.

Variability in participant skills, inherent in both online and in-person re-
cruitment and possibly intentional [7,10], will naturally occur in experiments
with human subjects. Between-subject designs are sensitive to these individual
differences and typically require larger samples per condition. To address these
individual differences and observe the expected effects with smaller sample sizes
— an important consideration when qualified participants may be difficult to
recruit — within-subject designs can be used.

Training materials help align participants’ skills and knowledge with the
study requirements, mitigating task success variability and balancing informed
participation with the learning curve. Acknowledging potential end users’ lack of
training and familiarity with these tools is crucial for interpreting study results,
as seeing real benefits may require time for users to become accustomed to
the tool, which is a process best captured through long-term observational or
field studies, rather than single sessions in a controlled experiment. In line with
study design and implementation, determine a strategy to recruit participants
suitable for the test task and verify their compatibility, considering factors such
as experience level, technical proficiency, clinical site, and geographic context.

2.5 Measurement and Evaluation

The research question and goals set different human-desirable constructs that
might be of interest and meaningful in determining the success of MIC and
CALI technologies. Common constructs include task performance (e.g., accuracy,
completion time), cognitive load, trust and reliance, usability, and situational
awareness. Established instruments such as the NASA Task Load Index and
System Usability Scale can be applied, though many constructs lack validated
instruments specific to MIC and CAI contexts.

Defining the construct under investigation and implementing instruments
that measure it accurately are the basis to make correct inferences that otherwise
would not be fixed by having rigorous study design, advanced analysis methods,
or large samples. If the outcomes are not measured using relevant metrics and
under certain study designs, no reliable statements or claims can be made about
how suitable is the system to achieve certain human engineering goals.

1 https://www.prolific.com/
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Information on how measures were selected and used is essential to assess
a study’s validity. In psychology, lack of such transparency has been shown to
undermine confidence in measures and findings, often prompting reconsideration
of claims [9]. Measurement decisions should therefore align with the constructs
of interest from early stages, and further work is needed to adapt and validate
instruments for MIC and CAI contexts. Detail the rationale and methods for
measurements selection, recording, and calculation, as well as any adjustments,
thereby clarifying study requirements.

2.6 Case Study

To demonstrate practical utility, we examined how a CAI publication on virtual
reality simulation for microsurgery by You et al. [26] applied these considera-
tions in practice. For study goals (Sec. 2.1), the paper tests the efficiency of two
hands-free interaction concepts for controlling visualization adjustments during
operative tasks, comparing a simulated setup in virtual reality to a physical
session with surgical microscopes as a reference. For technology system design
(Sec. 2.2), the system used existing technologies (head-mounted display and re-
sponsive virtual screens) to adjust the field of view using head pose and gaze
direction data. For user tasks and interfaces (Sec. 2.3), participants completed
repeated target selection tasks, simulating operative adjustments requiring visu-
alization changes. For user recruitment (Sec. 2.4), the study targeted neurosur-
geons (attendings and residents) as representative end users. For measurement
and evaluation (Sec. 2.5), the study recorded completion time and head motion
path length as objective performance metrics.

3 Call for Collective, Proactive Action

Recognize the Challenge and Efforts. As illustrated in the previous section,
empirical user studies in MIC and CAI involve numerous critical decisions,
from defining study goals and obtaining ethical approval to analyzing data. Re-
searchers must determine system fidelity, choose between functional implemen-
tations and mock-ups, design and test interfaces, conduct manipulation checks,
secure ethics committee approval, recruit participants, set up experimental envi-
ronments (including specialized equipment or simulations), run pilots, and select
appropriate statistical analyses. These iterative steps highlight the substantial
complexity and commitment required. Although published studies may appear
straightforward, user research demands intensive planning and execution, dis-
tinct from purely technical work.

However, these best practices must be balanced against real-world constraints.
Pilot studies, though essential, extend timelines and require additional recruit-
ment. Recruiting clinically qualified participants poses significant logistical chal-
lenges: coordinating with hospitals, accommodating clinical schedules, and ob-
taining site-specific approvals can delay studies by months. High-fidelity simu-
lations demand substantial investment in equipment and expertise. Researchers
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should prioritize considerations based on their research questions. Early-stage
concept validation may reasonably use lower-fidelity prototypes, while claims of
clinical readiness require more rigorous ecological validity. Explicitly acknowl-
edging trade-offs strengthens rather than weakens a study’s contribution.

Despite these constraints, early empirical investigations, even at a prelimi-
nary stage, can yield critical insights into the practicality and effectiveness of
these technologies in clinical contexts. These efforts can help identify potential
pitfalls of real applications early on, offering opportunities for refinement and
adjustment before proceeding to more detailed and committed system develop-
ment. This is particularly valuable given the safety-critical nature of many MIC
and CAI applications, where understanding human factors before deployment
can prevent adverse outcomes. We should proactively work to equip our com-
munity with the necessary tools, training, and recognition to successfully foster
the growth of this area.

Promote Transparency, Openness, and Reproducibility. Transparency in report-
ing empirical user study methodologies and findings is crucial. This transparency
extends beyond detailing the study’s design to include justifications for method-
ological choices and an honest assessment of how well the experimental scenario
reflects real-world conditions. For studies involving physical interactions or in-
terventional technologies, this includes reporting on the fidelity of simulation en-
vironments, the realism of phantoms or test setups, and any constraints imposed
by safety or regulatory requirements. Any deviations from intended clinical use
should be clearly stated, not left to interpretation, and acknowledged as limita-
tions. This ensures that the research community and practitioners can accurately
evaluate the study’s relevance and impact, laying a solid foundation for the sys-
tematic growth of human-centered research in MIC and CAI. Furthermore, clear
and comprehensive reporting is essential for addressing ethical considerations
and institutional review board approval. To support reproducibility, key report-
ing elements include study goals and hypotheses, participant characteristics and
recruitment criteria, task and stimuli design, system fidelity and functionality,
interface features, experimental procedure and conditions, measurement instru-
ments and constructs, analysis approach, and limitations.

Open-source code repositories have become standard for technical studies.
Empirical user studies could benefit from similar practices to improve repro-
ducibility and knowledge sharing. This includes sharing study protocols, task de-
scriptions, interface designs, questionnaires, and analysis scripts. Pre-registering
study designs and hypotheses can enhance the credibility of findings by distin-
guishing confirmatory analyses from exploratory ones. While sharing raw par-
ticipant data may be limited due to privacy concerns, providing anonymized
or aggregated data, along with documentation of data collection methods, en-
ables researchers to build on existing work, replicate findings, or conduct meta-
analyses. Establishing community norms for these sharing practices would help
accelerate progress and minimize redundant efforts.

Fostering an accepting and open-minded stance toward human-centered re-
search in MIC and CAI is essential. Given the nascent nature of human-centered
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approaches in these fields, it is important to recognize that conventional eval-
uation metrics and approaches may not always apply. There should be caution
against dismissing research based on preconceived notions of valid methodology
or impact. Evaluations should be based on evidence, ensuring feedback construc-
tively contributes to refining and advancing the field.

4 Conclusion

This paper has outlined considerations for conducting rigorous controlled user
studies in MIC and CAI research, spanning study goals, technology system de-
sign, tasks and interfaces, participant recruitment, and measurement. The unique
challenges of these domains — specialized user populations, safety-critical appli-
cations, and complex equipment — demand careful attention and expertise dis-
tinct from purely technical work. Of course, controlled user studies have inherent
limitations: findings from laboratory settings may not generalize to real clinical
environments, participants may behave differently when observed, and short-
term studies cannot capture how adoption unfolds over time. These limitations
do not diminish the value of controlled studies, but they highlight the need for
complementary approaches such as field studies, longitudinal evaluations, and
qualitative inquiry as technologies mature toward deployment. By establishing
rigorous practices, the MICCAI community can build a cumulative evidence base
that reliably supports claims about human-centered technologies.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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