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ABSTRACT

The intersection of Al, healthcare, and visualization is evolving
rapidly, posing challenges that cut across disciplinary boundaries
and resist easy resolution. The Visual Analytics in Healthcare
workshop (VAHC), co-located every other year at the IEEE VIS
conference and the AMIA (American Medical Informatics Associ-
ation) annual conference, has served as a forum to connect the visu-
alization and medical informatics community since 2010. In 2025,
to celebrate the 16th edition, we used the workshop as an oppor-
tunity to consolidate the community’s collective experience (and
expertise) and identify Grand Challenges where the field should
prioritize going forward. We combined thematic coding of the
15 accepted VAHC workshop papers with structured group dis-
cussions among more than 40 participants, organized around three
major themes: “Technical innovation vs. clinical reality”, “Human-
centered and scalable VAHC”, and “From foundations to actionable
insights”, followed by post-workshop reflexive analysis. Across all
three groups, Al emerged as the most consistently recurring con-
cern. In this paper, we report our Al-centered insights from the
VAHC 2025 group activity, contextualize them against the broader
literature along five Grand Challenges themes, and distill them into
five challenge clusters, each concluded with recommendations for
future research directions that cross disciplinary boundaries: (/)
trust and bias, (2) data and infrastructure, (3) explainability and
communication, (4) human-Al interaction, and (5) model reliabil-
ity and validation. We share these challenges and their associated
research directions as a starting point for discussion and collabora-
tion across the healthcare, Al, and visualization communities. All
supplemental materials are available at https://osf.io/p79uj.

Index Terms: Visual Analytics, Healthcare Visualization, Chal-
lenges and Opportunities, Al in Healthcare, Human-Al Interaction

1 INTRODUCTION

The rapid integration of Al into healthcare is reshaping how clin-
icians, patients, and researchers interact with health data. The vi-
sualization community is uniquely well-positioned to support this
transition, yet faces the challenge of identifying where to focus its
efforts. The introduction of these technologies requires that re-
searchers address unprecedented obstacles: those of scalability and
data quality, resulting from the explosion in consumer-collected
data, of those same consumers’ sudden, unprecedented access to
health data about themselves, of clinicians’ skepticism towards Al
recommendations in clinical decision-making and treatment plan-
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ning, and of a lack of patient literacy, which complicates physician-
patient relationships.

This is not the first time that the visualization community has
challenged healthcare research. In 2015, Caban and Gotz [13] rec-
ognized visualization and visual analytics (VA) as disciplines ca-
pable of realizing the potential behind the adoption of Electronic
Health Records (EHR) on a large scale, rejecting paper records as
the standard for recording and sharing clinical data. This “call to ac-
tion” was written to provoke a reaction in both the visualization and
medical informatics communities, pushing the two towards deeper
collaboration on research, towards more open, accessible, and per-
sonalized care. The Visual Analytics in Healthcare (VAHC) work-
shop [1] is a forum where the visualization and medical informatics
communities can gather to discuss research intersecting visual data
analysis and clinical informatics. Topics of interest to the workshop
include applications of VA to clinical care, public health data analy-
sis, Al for healthcare data visualization, and patient- and consumer-
related methods. In 2024, a special issue of the Journal of Amer-
ican Medical Informatics Association (JAMIA) was published on
the topic of digital and personal health, following the results of
VAHC 2024 [4].

As with the introduction of EHR, the advent of Al methods in
healthcare has sparked a radical paradigm shift, impacting various
aspects of research and practice (see, e.g., [33, 39, 37]). These
include support in patient diagnosis and clinical decisions [37], au-
tomated identification of cancerous tissues from X-rays [33], drug
research [39], robot-assisted surgical procedures [37]. Within this
“revolution”, with opportunities and challenges on the horizon,
VAHC 2025 set out to directly involve the community in a collabo-
rative effort to identify the Grand Challenges in VAHC, intended to
cross boundaries between visualization/VA and medical informat-
ics communities.

In this paper, we report the Al-centered findings from VAHC
2025, co-located with IEEE VIS. Our process is grounded in over
a decade of VAHC workshop proceedings, and includes system-
atic thematic coding of the 15 accepted VAHC 2025 submissions,
structured group discussions with more than 40 workshop partici-
pants, and post-workshop reflexive analysis. This process reveals
five Al-centered challenge clusters (bias and trust, data and infras-
tructure, explainability and communication, human-AlI interaction,
and model reliability and validation) that recurred independently
across three differently-framed discussion groups, suggesting they
reflect community-wide priorities rather than organizer framing.
Across all five, a consistent signal emerges: the most persistent Al
challenges in healthcare VA are not technical, but rather calibration
problems: between trust and evidence, between explainability and
clinical utility, between automation and human agency. We offer
these clusters and their associated research directions as a synthesis
of current community concerns and a step toward a shared research
agenda at the intersection of healthcare, Al, and visualization.

2 METHODS

Longitudinal Literature Grounding. We base our approach
on over a decade of VAHC workshop proceedings, ensuring that
VAHC 2025 grand challenges activities will be well-grounded. Ca-
ban and Gotz [13] presented a structured survey of open problems


https://osf.io/p79uj

in health VA, identifying integration with clinical workflows, scal-
ability, evaluation, and data privacy as persistent gaps, many of
which remain unsolved. A subsequent VAHC special issue [4]
updated this inventory around six clusters: explainable and trust-
worthy Al, user-centered design, health communication, EHR ac-
cessibility and privacy, equity and inclusion, and interdisciplinary
collaboration. External perspectives on evaluation rigor, encod-
ing standards, and the gap between visualization research norms
and clinical evidence requirements were additionally drawn from a
panel on health visualization challenges at EuroVis 2025 [10]. To-
gether, these sources informed the controlled vocabulary used for
submission coding and the three Grand Challenge themes.

Pre-Workshop Submission Coding. We coded all 15 accepted
VAHC 2025 papers (seven research papers, four posters and system
demonstrations, and four Grand Challenge papers) against a con-
trolled vocabulary of 20 thematic codes, derived inductively from
the submissions and anchored in the literature above. Codes in-
cluded evaluation methodology, Human-centered AI (HCAI), LLM
applications, decision-making support, user task characterization,
scalable data analysis, wearable data, genomics, reasoning under
uncertainty, and visualization fundamentals, among others. This
coding provided a transparent, assumption-independent basis for
identifying workshop themes and allocating submissions to discus-
sion groups, reducing the risk that theme selection reflected orga-
nizer bias rather than the community’s actual research priorities.
Coding was performed independently by one VAHC conference
organizer (co-author), with all other organizers reviewing assign-
ments; disagreements were resolved through group discussion until
consensus was reached.

Theme Derivation and Workshop Execution. Similarity-
based clustering of the coded submissions yielded three themes.

e Theme 1 (Technical Innovation vs. Clinical Reality) clus-
tered around LLM applications, HCAI, and clinical decision-
making support, addressing the persistent gap between aca-
demic innovation and clinical adoption. The discussion
prompt asked: How can we ensure that the tools we innovate
are clinically viable, trusted, and adoptable by end users?
Theme 2 (Human-Centered Scalable VAHC) addressed user
task characterization, wearable and genomic data, and
personal-to-population scaling. The discussion prompt asked:
How do we design visualization frameworks that serve multi-
ple stakeholders while scaling from individual patient care to
population health?

Theme 3 (From Foundations to Actionable Insights) consol-
idated visualization fundamentals, evaluation methodology,
and reasoning under uncertainty. The discussion prompt
asked: What design principles and evaluation standards en-
sure healthcare visualization tools reliably guide users from
exploratory analysis to actionable decisions?

Formulating each theme as an open prompt rather than a closed def-
inition was a deliberate choice to encourage participants to surface
unexpected directions rather than confirm pre-existing assumptions.

The activity portion of the workshop opened with four light-
ning talks presenting the accepted Grand Challenge papers [44,
16, 6, 43], each framing an open research problem and further op-
erationalizing the tension between technical innovation and clinical
adoption (see Table 1. Ultimately, these talks seeded the structured
group discussions that followed, in which more than 40 partici-
pants engaged in 90-minute sessions per theme, using hand-written
notes to identify challenges, sub-themes, and research directions, to
lower the barrier to participation. Gotz, Bernard, and Miksch mod-
erated the groups; designated note-takers Arleo, Morgenshtern, and
Laramee recorded and summarized outcomes. Participants sponta-
neously joined the groups based on their personal interests in the
health-related themes. The groups were diverse in healthcare-real-
world experience, comprising academic participants at professor,
postdoctoral researcher, and PhD student level.

Post-Workshop Analysis and AI Scope Decision. Following
the workshop, each moderating pair conducted reflexive thematic
analysis of their group’s notes, breaking down discussions into

Table 1: Distribution of Al-related statements in the three workshop
participant groups (#) and workshop papers per challenge cluster.

Challenge Cluster # VAHC2025 Papers
@ Bias and Trust 12 [28,20, 43]
£ Data and Infrastructure 12 [5,16,32,7,6]
2] Explainability and Comm. 12 [28,8,29,38,44]
A Human-AI Interaction 23 [5, 6,20, 23,21, 30]
Model Reliability and Validation 10  [43, 38, 44]

Total 69 15

overarching topics. The full author team then collaboratively an-
alyzed all three sets of discussion notes, iteratively identifying con-
vergences across themes. Convergence across independently mod-
erated groups strengthened confidence that the identified topics re-
flect community-wide priorities rather than the perspective of any
single discussion group. This process resulted in 155 statements
being identified across the three themes, with 53, 62, and 40 per
group, respectively. Al emerged as a recurring theme across all
three groups, as well as across the other VAHC discussion for-
mats (submissions and lightning talks). From the full set of VAHC
workshop discussion notes from the group activity, we isolated
Al-related statements (69/155) and applied a bottom-up inductive
coding approach, deriving codes and sub-codes from the data and
resulting in five overarching codes, each with three to four sub-
categories (see Table 1). A detailed breakdown of statements and
coding is available as supplemental material. Consistent with re-
flexive thematic analysis practices, members of the research team
acted as active interpreters in this process. The coding process
involved discussions to reflect on and refine interpretation by the
entire team. For each resulting cluster, we examined its presence
across workshop submissions, contextualized findings against the
broader literature, and distilled opportunities and future directions
to seed cross-disciplinary research agendas.

3 AI-CENTERED GRAND CHALLENGES IN VAHC

We present five challenge clusters that emerged from our analysis
[£. We discuss each challenge cluster through workshop findings,
broader literature, and concrete opportunities and directions.

@ Bias and Trust The workshop discussion on bias and trust
(12/69) highlights three core challenges for healthcare. First, multi-
ple forms of bias (5/12), model, data, and human (e.g., confirmation
bias), raise concerns about reliability and decision quality, empha-
sizing the need for lifecycle-wide mitigation. This concern aligns
with work documenting how biases compound across the Al devel-
opment pipeline, from data acquisition through deployment, with
downstream effects on clinical decision quality and healthcare dis-
parities [15, 14]. Second, misinformation (3/12) emerges both from
public misconceptions about Al (e.g., equating all Al to LLMs) and
from external sources, such as forums, exacerbated during crises
such as COVID-19 [3]. Third, trust calibration (4/12) is critical:
both overtrust (even among experts) and distrust must be managed,
promoting informed skepticism. In visualization research, overtrust
was empirically shown to increase with task difficulty, and trans-
parency alone does not reliably recalibrate it [19], a finding with
direct implications for time-pressured clinical settings. Workshop
contributions illustrate these tensions in deployed settings. Nipu et
al. [28] report on the post-deployment evaluation of an interactive
oncological risk estimator, documenting how clinician feedback on
a multi-view Al-backed dashboard shapes revisions to risk commu-
nication and cohort-level stratification. Hosseini et al. [20] examine
how LLMs adapt visualization rhetoric to population health per-
sonas, raising open questions about how persona-driven rhetorical
choices may reinforce stakeholder priors and affect calibrated
interpretation. In the group activity, VAHC systems were seen as
potential tools for communicating and, therefore, strengthening
trust between patients, clinicians, and other healthcare providers,
as well as a way to reduce or raise awareness about potential
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biases. Towards this goal, Sacha et al.’s conceptual framework [36]
proposes decomposing uncertainty propagation throughout the
VA pipeline and process, providing a basis for explicitly com-
municating uncertainty at key stages and introducing operator- or
system-level interventions that counteract perceptual and cognitive
biases. Such an approach, instantiated in healthcare contexts [27],
can directly support calibrated trust in clinical VA systems.
Opportunities and Directions. Across sub-themes, biases and trust
emerge as situated constructs shaped not only by data and model
performance, but by how uncertainty, bias, and provenance are
communicated in context. This points to the need for standardized
frameworks for trust calibration that account for overtrust and un-
dertrust in deployed clinical Al systems, and that guide how these
factors should be operationalized in clinical practice.

£ Data and Infrastructure The workshop discussion topics
on data and infrastructure (12/69) are equally prominent in Al-
driven healthcare. Large-scale data collection (3/12), from patient
journaling to continuous sensing, offers significant potential, but
creates analytical bottlenecks and data quality problems, with
most data remaining underutilized or not validated according to
quality metrics or medical domain knowledge. This highlights the
need for effective pipelines that transform raw data into clinically
meaningful insights. Workshop contributions also underscore the
opportunity to better leverage ubiquitous sensing for the benefit of
patient care. Assor et al. [5] present ParcoursVis, a progressive VA
system operating on EHR-derived event sequences at the scale of
millions of patients and billions of events, and report an insight-
based evaluation protocol developed with hospital practitioners.
Rauscher et al. [32] address the analytical challenges of multi-
granular physical activity datasets spanning laboratory and real-life
wearable measurements, contributing a linked-view application for
hypothesis generation in interdisciplinary intervention studies. At
the same time, governance concerns (5/12) emerge around data
trustworthiness, privacy, and access, alongside calls for standards
such as FAIR principles [46]. While shared data access across a
care team can aid effective care, access restrictions in the healthcare
system exist (in part) to protect patients, and care providers must
uphold secure, appropriately restricted access. Persistent gaps
in data stewardship were found during the COVID-19 pandemic
across clinical information systems [31], echoing the presence of
this challenge externally from the VAHC research community.
Finally, integration (4/12) remains a key challenge, requiring
interoperability across heterogeneous sources and a clearer data
infrastructure to enable seamless, reliable use in clinical and
patient-centered contexts. In the group activity, VAHC systems
were seen as enablers of integration, exploration, and interpretation
of heterogeneous data streams, transforming large-scale raw data
into actionable insights while supporting transparency, governance,
and interoperability across clinician- and patient-centered systems.
Data provenance communication strategies in VA can address
issues around accountability and liability present when clinicians
begin to engage with patient-provided data, providing information
on data sources (patient, clinical, sensor-based vs. qualitative).
Systematic review evidence indicates that healthcare professionals
and researchers generally view patient-generated health data from
wearables and apps positively, while concerns regarding data reli-
ability and integration of heterogeneous data sources into existing
clinical workflows continue to constrain clinical adoption [11, 45].
Opportunities and Directions. Rather than data scarcity, the
primary opportunity lies in addressing fragmentation and gover-
nance. Future work focuses on developing end-to-end, interoper-
able pipelines that not only integrate heterogeneous data sources
but also make data quality, provenance, and uncertainty explicit
throughout. Specifically, provenance [47] uncertainty [34] visual-
ization state-of-the-art reports offer a robust conceptual foundation
for transparent provenance tracking that support accountability and
actionable clinical decision-making.

2 Explainability and Communication Among the state-
ments centered on explainability and communication (12/69), a key

focus is effective risk communication (3/12). This includes how
to present uncertainty and establish standardized, evidence-based
methods for conveying risk to patients. Visualization (3/12) plays
a critical role in making data provenance, quality, and insights
understandable. At the same time, limitations of transparency
and tensions between explainable Al (XAl) research and clinical
practice emerge (6/12), where explainability is often secondary to
validated outcomes. Critiques that post-hoc explanations of black-
box models provide limited epistemic guarantees for high-stakes
clinical decisions motivate the use of inherently interpretable
models where feasible [35]. For example, work such as Ghassemi
et al.’s [18] argues that current XAl methods are unlikely to deliver
the trust, transparency, and bias-mitigation outcomes frequently
attributed to them at the patient level, and recommends rigorous
internal and external validation as a more direct path to clinical
utility. Broader reflections emphasize a shift toward human-centric
(explanatory) AI [25], rather than model-centric notions of ex-
plainability, questioning what “explainable” means in context. This
includes comparing Al to human decision-making and highlighting
the need for context-sensitive, task-oriented explanations. In
VAHC 2025, Balaka et al. [8] present the MoBa GWAS Explorer,
a design study investigating onboarding strategies that render
genome-wide association study data tractable for both expert and
non-expert audiences drawn from a longitudinal cohort study.
Owen et al. [29] propose an empathy-centred visualization frame-
work for person-centred dementia care, extending explainability
from model reasoning to the communication of indirect end-user
experience. In our group activity, VAHC systems appear as answers
to making Al decisions interpretable by clearly communicating
risk, uncertainty, and data provenance through context-sensitive,
task-oriented visual interfaces. A key direction emerging here is the
need for systematic, context-aware approaches to communicating
data, decisions, and interventions for interpretability. During
COVID-19, this need became particularly visible. For instance,
Baumgartl et al. [9] systematically characterize user groups, task
structures, modeling approaches, and data modalities, and analyze
the visual encodings employed to communicate data, decisions,
and interventions in support of explainability.

Opportunities and Directions. Closing the gap between technical
explainability and clinical meaningfulness, where outcomes and us-
ability consistently precede formal model interpretability in practi-
tioners’ priorities [12], is critical. This calls for visualization ap-
proaches that communicate uncertainty, provenance, and bias in
context, evaluated for their measurable impact on decision quality
and user confidence.

Human-Al Interaction  One third of the statements (23/69)
highlight how Human-Al interaction reshapes access, roles, and
workflows in healthcare. Al systems, like LLMs, offer accessi-
bility (6/23) to communication, enabling openness and support-
ing patient education, though challenges remain around appropri-
ate abstraction for diverse users. At the same time, roles (4/23)
are shifting. Clinicians may act as designers or supervisors, rais-
ing concerns about de-skilling and the need for clear human over-
sight and feedback loops. A proposed way to keep agency and
accountability with humans is to use visualizations as the integra-
tion layer, interfacing Al with clinicians and leveraging an ”Al-in-
the-loop” paradigm [12]. In terms of use (5/23), effective inter-
action depends on prompt design, multimodal interfaces, and en-
suring Al augments rather than replaces expertise. Finally, work-
Sflows (8/23) are evolving toward collaborative, distributed decision-
making, where Al supports both clinicians and patients across care
journeys, including onboarding and guidance [40], and community-
driven tools. However, evaluations remain limited in generalizabil-
ity, motivating future work that explores shared design frameworks
for clinical Al workflows [22]. Among the VAHC papers, Lee et al.
[23] exemplify this distributed configuration outside the clinic with
VAIR, a VA system that couples pose estimation and biomechanical
simulation with synchronized views of joint-level risk indicators,
supporting expert reasoning for both retrospective injury analysis
and proactive intervention planning in sports contexts. VAHC can



support addressing these challenges by enabling multi-purpose, in-
tuitive, collaborative interfaces that enhance communication, clar-
ify roles, coordinate next steps in patient care, and integrate Al into
clinical workflows, while keeping humans in the loop.
Opportunities and Directions. The challenge here is not one of in-
terface design, but of negotiation and human-Al agency through VA
support. To this end, VA workflows must be re-examined within
Al-enabled analytical environments [42]. Future work prioritizes
making responsibilities, expertise boundaries, and accountability
between clinicians, patients, and Al systems explicit, inspectable,
and adaptable within VAHC systems. This includes mechanisms to
expose decision ownership, support bridging between human and
Al actors, and enable evaluation of these dynamics.

Model Reliability and Validation Reliable Al in healthcare

is not a property established once before deployment; it must be
continuously evaluated, monitored, and validated. The workshop
discussions (10/69) reveal three complementary challenges span-
ning the Al model lifecycle. Evaluation before deployment (4/10)
remains a key challenge, requiring robust benchmarks, cost-benefit
considerations, and exploration of automated analysis capabilities.
A recent scoping review identifies a predominance of traditional
diagnostic metrics (AUROC, sensitivity, specificity) over metrics
optimized for post-deployment monitoring [2].  Visualization
research offers a direct response: Suh et al. [41] demonstrate
that aggregate metrics alone fail to communicate a model’s risks
and limitations to domain experts, and that visualization-based
communication supports more informed assessment of model
reliability. Reliability after deployment (4/10) raises the problem of
grounding: anchoring Al outputs in validated knowledge and keep-
ing systems up to date as conditions change. Dataset shift, whether
from population drift, technological change, or behavioral adap-
tation, is a failure mode clinicians are often ill-equipped to detect,
reinforcing the need for VA applications that help identify distri-
butional change and model degradation to users [17]. Designing
reusable visual model interfaces and coordinating their evaluation
across multiple patient populations remains methodologically
challenging, as many tools are disease-centric and therefore limited
in their generalizability across clinical contexts. Communication
and design methodologies establishing shared language across
clinical and Al experts are key to detecting and addressing dataset
shift [24]. Finally, validation under uncertainty (2/10) addresses a
deeper problem: the standard assumption that model outputs can be
verified against ground truth breaks down when expert knowledge
itself is incomplete. Interactive VA can support expert validation
in clinical settings where objective ground truth is difficult to
obtain [26]. In one VAHC 2025 example of single-cell RNA
sequencing cell-type classification, authors combine multiple rep-
resentations (UMAP and dot plots) with SHAP values and model
weights to support reasoning under epistemic uncertainty, rather
than correctness checking alone [38]. Together, these examples
suggest that VAHC systems can contribute to reliability not merely
by displaying model outputs, but by supporting lifecycle-oriented
evaluation, monitoring, and expert validation.
Opportunities and Directions. A key opportunity here lies in de-
veloping more domain-specific, context-aware model validation ap-
proaches that account for the complex, multidimensional nature
of healthcare and the dynamics of these processes. Future work
should establish lifecycle-oriented frameworks that integrate pre-
deployment evaluation beyond aggregate metrics, post-deployment
monitoring for dataset shift and population drift, and expert valida-
tion mechanisms for settings where ground truth is incomplete.

4 CONCLUSION

The VAHC 2025 workshop brought together more than 40 partic-
ipants to collectively identify core challenges in Visual Analytics
for Healthcare, with Al emerging as a recurring theme. Through
structured group discussions informed by thematic coding of the
workshop’s submissions, lightning talks, and open discussion
prompts, we identified five Al-centered challenge clusters across

all discussion themes: bias and trust, data and infrastructure,
explainability and communication, human-Al interaction, and
model reliability and validation. Across all clusters a consistent
signal emerges: many of the most persistent Al challenges in
healthcare VA are not primarily technical but also calibration
problems, continuously striving for a balance between trust and
evidence, explainability and clinical utility, automation and human
agency. VAHC solutions are uniquely positioned to simultaneously
bridge these tensions, operating at the intersection of data, models,
and human reasoning. We offer these challenge clusters as a
synthesis of concerns and a step toward a shared research agenda,
enabling accountable, reliable, and human-centered Al in VAHC.
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