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Abstract

The integration of diverse disciplinary perspectives is essential for addressing complex contemporary
challenges, yet achieving shared understanding among heterogeneous experts remains a significant barrier in
interdisciplinary collaboration. This paper investigates the role of data visualization practices as cognitive
scaffolds that facilitate meaning negotiation and epistemic alignment in interdisciplinary workshop settings.
Utilizing a multi-wave panel analysis approach, this study tracks forty diverse project teams over a twenty-four-
month period, capturing high-resolution data on their interactions with various data visualization tools during
collaborative problem-solving sessions. By conceptualizing visualizations as boundary objects, this research
operationalizes specific visual practices, such as interactive exploration, collaborative annotation, and visual
complexity management, to measure their longitudinal impact on a validated index of shared understanding. The
empirical findings indicate that active co-creation and interactive manipulation of visual artifacts significantly
accelerate cognitive synchronization among team members from disparate academic and professional
backgrounds. Furthermore, the panel data reveals a distinct temporal dynamic where initial exposure to highly
complex visualizations temporarily increases cognitive friction, followed by a substantial enhancement in shared
understanding as teams establish common visual vocabularies. These results provide robust quantitative
evidence supporting the strategic implementation of interactive data visualization practices in interdisciplinary
workshops, offering actionable insights for collaboration facilitators and systems designers.
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1. Introduction

The modern landscape of academic research and professional problem solving is increasingly characterized
by challenges that transcend the boundaries of any single discipline. Issues such as global climate change, urban
infrastructure development, and public health crises require the convergence of diverse epistemological
frameworks, methodological traditions, and domain specific terminologies. In these interdisciplinary contexts,
the primary mechanism for integrating knowledge is the collaborative workshop, a structured environment where
experts convene to pool their specialized insights. However, the fundamental obstacle in these settings is the
establishment of shared understanding, which refers to the degree to which team members possess overlapping
mental models regarding the problem space, the team objectives, and the interpretation of relevant evidence.
When shared understanding is deficient, interdisciplinary teams frequently fall victim to semantic confusion,
misaligned priorities, and ultimately, collaborative failure.

To bridge the epistemic divides that separate domain experts, facilitators and team leaders have increasingly
relied on data visualization practices. The translation of complex, abstract, and high-dimensional datasets into
visual formats is theorized to externalize cognitive loads and provide a tangible locus for group discussion.
While traditional approaches to information sharing relied heavily on verbal communication and textual reports,
modern interdisciplinary workshops leverage dynamic, interactive visual dashboards that allow participants to
filter, manipulate, and annotate data in real time. Despite the widespread adoption of these visual technologies,
the empirical evidence linking specific data visualization practices to the actual attainment of shared
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understanding remains largely anecdotal or confined to cross-sectional case studies. The literature currently
lacks rigorous, longitudinal investigations that can account for the temporal dynamics of team cognition and the
evolving nature of visual literacy within newly formed interdisciplinary groups.

This study aims to address this critical gap by employing a panel analysis methodology to observe and
quantify the impact of data visualization practices on shared understanding across multiple workshop sessions.
By tracking project teams over an extended period, this research moves beyond static snapshots of collaborative
performance to examine how repeated interactions with visual data artifacts influence the gradual alignment of
mental models. The core research objectives are threefold. First, the study seeks to quantify the direct
relationship between the frequency and depth of visualization interaction and the subsequent shifts in shared
understanding metrics. Second, it aims to differentiate the effects of various visual practices, such as passive
viewing versus active collaborative annotation, on the cognitive synchronization of the team. Third, the research
attempts to identify any non-linear or time-lagged effects associated with visual complexity, hypothesizing that
while complex charts may initially hinder communication, they eventually serve as robust boundary objects once
a baseline of shared visual literacy is established.

The significance of this research lies in its potential to inform the design and facilitation of interdisciplinary
work environments. As organizations invest heavily in collaborative technologies and data analytics platforms,
understanding the precise mechanisms through which visual tools foster cognitive alignment becomes
imperative [1]. If specific visualization practices can be empirically proven to accelerate shared understanding,
workshop protocols can be systematically optimized to encourage these behaviors. Conversely, identifying
visual practices that consistently generate cognitive friction can help facilitators avoid common pitfalls in
information presentation. By providing robust panel evidence, this paper contributes to the broader discourse on
computer-supported cooperative work, distributed cognition, and the science of team science.

The structure of this paper is delineated as follows. The subsequent section provides a comprehensive review
of the literature surrounding boundary objects, visual cognition, and the measurement of shared understanding,
culminating in the theoretical framework that guides the empirical investigation. The third section details the
research methodology, including the context of the interdisciplinary workshops, the participant demographics,
and the data collection procedures utilized to construct the panel dataset. The fourth section outlines the
analytical framework, explicitly defining the operationalization of variables and the panel regression
specifications. The fifth section presents the empirical results of the statistical analysis, complemented by
contextual discussions of the findings. Finally, the sixth section summarizes the contributions of the study,
acknowledges methodological limitations, and proposes avenues for future scholarly inquiry.

2. Theoretical Background and Literature Review
2.1 Visualizations as Boundary Objects in Collaboration

The theoretical foundation for understanding how diverse groups communicate across disciplinary divides is
deeply rooted in the concept of boundary objects. Originally articulated in the sociology of scientific knowledge,
boundary objects are defined as artifacts, documents, or conceptual models that are shared between different
communities of practice. These objects possess a dual nature they are sufficiently flexible to adapt to the local
needs and constraints of the several parties employing them, yet robust enough to maintain a common identity
across sites. In the context of interdisciplinary workshops, data visualizations frequently function as primary
boundary objects. A well constructed geographical heat map or a network graph can be interpreted by a
statistician through the lens of variance and probability, while a sociologist might view the exact same artifact
as a representation of demographic inequality.

The literature suggests that the efficacy of a boundary object is not inherent in the object itself, but rather
emerges from the practices surrounding its use. When team members engage with a data visualization, they are
not merely extracting information; they are participating in a process of meaning negotiation. Previous
scholarship has highlighted that visual boundary objects facilitate communication by providing a shared
reference point that grounds abstract theoretical concepts in observable patterns [2]. This grounding mechanism
is particularly crucial in the early stages of interdisciplinary collaboration, where participants may lack a
common vocabulary. By pointing to a specific cluster of data points on a scatter plot, individuals can
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communicate complex relationships without needing to articulate the underlying mathematical or domain
specific jargon.

However, the transition of a data visualization from a simple graphical display to a functional boundary object
requires active engagement. Research indicates that static visualizations often fail to bridge epistemic gaps
because they present a single, authoritative perspective that may not resonate with all team members [3]. In
contrast, interactive visualizations that allow users to alter parameters, change visual encodings, and filter
datasets empower participants to test their own domain specific hypotheses within a shared visual space. This
active manipulation transforms the visualization into a dynamic workspace where differing mental models can
be made explicit, compared, and eventually integrated. The current study builds upon this premise by
investigating how different levels of interactivity and specific visual practices influence the boundary-spanning
capabilities of data artifacts over time.

2.2 Cognitive Artifacts and the Sensemaking Process

Beyond their role as sociological boundary objects, data visualizations operate as powerful cognitive artifacts
that augment human information processing capabilities. Distributed cognition theory posits that cognitive
processes are not confined to the internal workings of the individual brain but are distributed across external
artifacts, social environments, and other individuals [4]. In a collaborative workshop setting, the collective
intelligence of the team is heavily dependent on how effectively information is offloaded onto external
representations. Data visualizations serve this function by translating massive, incomprehensible arrays of raw
data into preattentive visual features such as length, color, and spatial position, which the human visual system
can process rapidly and in parallel.

The process through which interdisciplinary teams extract meaning from these visualizations is encapsulated
in the concept of collaborative sensemaking. Sensemaking is an iterative process of foraging for information,
organizing that information into mental schemata, and constructing a coherent narrative that explains the
observed phenomena [5]. When multiple experts engage in sensemaking simultaneously, the cognitive load is
substantial. Team members must not only parse the visual data but also monitor the verbal and non-verbal cues
of their colleagues, integrate conflicting interpretations, and continuously update their own mental models. Data
visualizations mitigate this cognitive burden by serving as external memory aids and by structuring the sequence
of the analytical dialogue.

The effectiveness of a visualization in supporting collaborative sensemaking is intricately linked to its visual
complexity and the team's familiarity with the visual idiom. Cognitive load theory suggests that highly complex
visualizations, such as parallel coordinates or multi-layered hierarchical diagrams, impose a high extraneous
cognitive load that can overwhelm users, particularly those who lack prior exposure to such charts [6]. In an
interdisciplinary context, a visualization that is intuitive for a data scientist might be entirely opaque to a
policy analyst, thereby hindering rather than helping the sensemaking process. However, as teams interact with
complex visualizations over multiple sessions, the extraneous cognitive load typically decreases due to
familiarity and learning effects. This temporal dynamic suggests that the relationship between visual complexity
and shared understanding is not static, underscoring the necessity of a longitudinal panel analysis to capture
these evolving cognitive processes.

2.3 Conceptualization and Measurement of Shared Understanding

Shared understanding is the central dependent variable in this investigation and represents a critical milestone
in any collaborative endeavor. It is broadly defined as the degree of similarity in the cognitive representations
held by individual team members regarding the task, the team process, and the context of their work [7]. It is
important to note that shared understanding does not imply absolute consensus or uniform agreement on all
matters. Rather, it implies that team members comprehend the perspectives, assumptions, and rationales of their
peers, even if they hold differing opinions on the ultimate course of action. This mutual comprehension is
essential for coordinating actions, anticipating the behavior of teammates, and synthesizing diverse insights into
innovative solutions.

The operationalization and measurement of shared understanding have historically posed significant
methodological challenges. Early research often relied on post hoc self-report surveys, where participants

Vol. 1, Issue 2 (2026) 60



Multidisciplinary Science and Applied Research | https://multiappscience.science

subjectively rated their perception of team alignment. While convenient, these measures are highly susceptible
to social desirability bias and the illusion of transparency, where individuals overestimate the extent to which
their thoughts are understood by others [8]. More rigorous approaches have employed cognitive mapping
techniques, where participants independently draw concept maps representing the problem space, which are then
mathematically compared for structural similarity. Other methodologies involve the systematic analysis of
communication patterns, tracking the convergence of vocabulary and the resolution of conversational
breakdowns over time.

For the purpose of examining the longitudinal effects of data visualization practices, a robust, repeated
measures approach to shared understanding is required. The present study utilizes a composite index that
integrates both behavioral indicators of alignment and structured cognitive assessments administered before and
after interaction with visual artifacts. By tracking how this index fluctuates in response to specific visualization
practices across sequential workshop sessions, the research aims to isolate the precise mechanisms through
which visual artifacts foster epistemic alignment. The longitudinal nature of the data allows for the control of
unobserved team level characteristics, providing a more accurate estimation of the causal pathways linking
visual collaboration to cognitive synchronization.

3. Methodology and Panel Design
3.1 Research Context and Participant Demographics

To investigate the temporal relationship between data visualization practices and shared understanding, this
study employed a multi-wave panel design observing interdisciplinary project teams over a twenty-four-month
period. The research context consisted of fifty distinct collaborative workshops hosted by a large public research
institution in collaboration with regional municipal governments and healthcare providers. These workshops
were convened to address complex, multifaceted problems that necessitated input from a wide array of domains,
including urban planning, environmental science, public health, data engineering, and social policy. The real-
world nature of these workshops provided an ecologically valid environment to study genuine interdisciplinary
friction and the organic use of data visualization tools for problem-solving.

The study population comprised two hundred and forty individual participants who were assigned to forty
different project teams. Each team consisted of precisely six members, carefully curated to ensure maximum
disciplinary heterogeneity. A typical team included two quantitative specialists, such as statisticians or database
architects, two domain experts, such as medical clinicians or civil engineers, and two translation or policy
specialists, such as public administrators or communication designers. This composition guaranteed that no
single disciplinary paradigm could dominate the collaborative discourse without deliberate negotiation. To
participate in the study, individuals were required to commit to a series of six sequential workshop sessions,
spaced approximately one month apart, allowing for the observation of team development and cognitive
alignment over time.

Participants varied widely in their prior experience with data visualization tools. While the quantitative
specialists were highly proficient in creating and interpreting complex visual analytics, the domain and policy
experts generally possessed only basic visual literacy, primarily limited to standard business graphics such as
bar charts and line graphs. This disparity in baseline visual competency was a deliberate feature of the research
design, as it provided the necessary variance to observe how teams negotiate meaning when interacting with
visual artifacts of varying complexity. Prior to the commencement of the first workshop session, all participants
completed a comprehensive demographic and professional background survey, establishing a baseline for
individual characteristics that would later serve as control variables in the statistical analysis.

3.2 Workshop Structure and Visualization Environment

The collaborative workshops were structured around a standardized protocol designed to facilitate intensive
data exploration and strategy formulation. Each of the six sessions lasted for exactly four hours and was divided
into three distinct phases: problem framing, data exploration, and consensus building. During the data
exploration phase, teams were provided with access to a custom-built, interactive data visualization dashboard
tailored to their specific project domain. These dashboards contained large, multi-dimensional datasets relevant
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to the team's objectives, such as longitudinal public health records, real-time traffic sensor data, or environmental
pollution metrics. The visualizations were designed to be highly interactive, supporting zooming, filtering, cross-
highlighting, and the dynamic modification of visual encodings.

A critical aspect of the workshop environment was the provision of collaborative annotation tools.
Participants could digitally draw on the visualizations, drop contextual pins, and leave text-based comments
directly anchored to specific data points or visual structures. This feature was implemented to transform the
dashboards from individual analytical tools into shared cognitive workspaces. The physical layout of the
workshop rooms was also standardized, featuring a large, central touch-sensitive display where the visualization
dashboard was projected, surrounded by seating that encouraged face-to-face interaction while maintaining clear
sightlines to the data artifacts.
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Figure 1: Comprehensive Schematic of Workshop Data Flow and Visualization Interaction Mechanism

To capture the complex dynamics of these interactions, the workshops were heavily instrumented. The
visualization dashboards recorded detailed, timestamped clickstream data, capturing every filter applied, every
parameter changed, and every annotation created by the participants. Furthermore, high-definition audio and
video recordings were collected for all sessions, allowing for the precise transcription of verbal communication
and the coding of non-verbal interactions with the central display. This multi-modal data collection strategy
ensured that the research team could reconstruct the exact sequence of visual practices and communicative acts
that preceded changes in the shared understanding metrics.

3.3 Data Collection and Panel Construction

The construction of the panel dataset required the integration of continuous behavioral telemetry with discrete
cognitive assessments. The primary dependent variable, shared understanding, was measured at the conclusion
of every workshop session using a validated cognitive mapping exercise. Participants were asked to individually
construct a conceptual map of the project's current status, identifying key variables, relationships, and strategic
priorities. These individual maps were then computationally analyzed using graph-theoretic similarity
algorithms to calculate a team-level Shared Understanding Index, ranging from zero indicating complete
cognitive divergence to one hundred indicating perfect structural alignment [9]. This process yielded six distinct
measurement points for each of the forty teams, resulting in a strongly balanced panel dataset of two hundred
and forty observations.

The independent variables relating to visualization practices were derived directly from the dashboard
telemetry logs. For each session, the total duration of active interaction with the visualizations was calculated,
along with the frequency of specific actions such as filtering, axis modification, and drill-down operations. The
collaborative annotation practices were quantified by counting the number of distinct visual annotations created
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and the number of replies or modifications made to existing annotations by different team members. This
provided a robust, objective measure of how actively the team was utilizing the visual artifacts as a medium for
discussion.

Table 1: Descriptive Statistics of the Panel Sample

Variable Metric

Category Description Mean Std. Deviation Min Max

Disciplinary

Team Composition  Heterogeneity 0.82 0.14 0.45 1.00
Index

Baseline Ayerage Visual 65.4 128 10 95.0

Competency Literacy Score
Active

Interaction Metrics ~ Visualization Time  84.5 223 41.0 145.0
(Minutes)

Col!aboratlve Total Ar_motatlons 342 156 50 28.0

Actions per Session
Shared

Cognitive Output Understanding 58.7 18.2 154 92.1
Index

In addition to interaction frequencies, the research team also assessed the visual complexity of the artifacts
utilized during each session. Using established metrics from information visualization literature, an aggregate
Visual Complexity Score was calculated for each team based on the types of charts they predominantly engaged
with during the session. Standard bar and line charts were assigned low complexity scores, while multi-
dimensional network graphs, parallel coordinates, and hierarchical treemaps received high complexity scores.
The inclusion of this metric allowed the researchers to investigate how the cognitive load imposed by the visual
representations interacted with the development of shared understanding over the lifespan of the project team.

4. Analytical Framework
4.1 Operationalization of Variables

The analytical framework for this study relies on a rigorous operationalization of the variables captured during
the multi-wave data collection process. The dependent variable, the Shared Understanding Index, represents a
continuous metric that captures the structural overlap of the mental models held by the six team members. To
ensure the reliability of this metric, the graph similarity scores were cross-validated against linguistic alignment
scores derived from the natural language processing of the session transcripts. The high correlation between the
structural cognitive maps and the convergence of verbal terminology confirmed that the Shared Understanding
Index was capturing a genuine synchronization of interdisciplinary perspectives.

The independent variables are categorized into three distinct domains of visual practice. The first domain,
Interactive Exploration, is operationalized as the aggregate count of dynamic view changes executed by the team
per session, normalizing the clickstream data to account for the varying durations of the data exploration phases.
The second domain, Collaborative Annotation, is measured as the density of text and spatial markers placed
directly onto the visual dashboards by multiple unique users, serving as a proxy for active co-creation of
knowledge. The third domain, Visual Complexity Exposure, is an ordinal index reflecting the maximum level
of graphical complexity the team chose to employ during their analytical processes, providing a measure of the
cognitive demands placed on the participants.

To isolate the specific effects of these visualization practices, several control variables were integrated into
the analytical model. At the team level, controls were included for baseline disciplinary heterogeneity, pre-
existing social ties among members, and the aggregate baseline visual literacy score obtained from the pre-
workshop surveys. At the session level, variables accounting for the specific domain of the project task and the
total time spent in open discussion were controlled for, as these factors could independently influence the
trajectory of shared understanding [10]. By rigorously defining and controlling for these parameters, the
analytical framework is designed to minimize omitted variable bias and spurious correlations.

4.2 Panel Regression Specifications
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Given the longitudinal nature of the data, where multiple observations are nested within specific project teams
across six temporal waves, standard ordinary least squares regression would yield biased and inconsistent
estimates due to unobserved team-specific heterogeneity. Therefore, this study employs a fixed-effects panel
regression model. The fixed-effects specification is particularly appropriate for this analysis because it
mathematically eliminates any time-invariant unobserved characteristics of the teams, such as inherent collective
intelligence, enduring personality clashes, or fixed motivational levels, isolating the intra-team variation over
time.

The baseline model regresses the Shared Understanding Index for a given team in a given session against the
concurrent measures of Interactive Exploration, Collaborative Annotation, and Visual Complexity Exposure. To
account for the potential compounding effects of learning, time dummy variables representing the specific
session wave were included in all models. Furthermore, to investigate the hypothesized non-linear dynamics
associated with highly complex visualizations, a secondary model introduces interaction terms between the
Visual Complexity Exposure variable and the session wave dummy variables. This specification allows the
marginal effect of visual complexity on shared understanding to vary depending on the developmental stage of
the team.

Robust standard errors clustered at the team level were utilized in all regression estimations to account for
potential serial correlation and heteroskedasticity within the panel groups. The Hausman specification test was
conducted prior to final estimation, strongly rejecting the null hypothesis and confirming that the fixed-effects
model was significantly more consistent than a random-effects alternative for this specific dataset. This rigorous
analytical approach ensures that the empirical findings derived from the model accurately reflect the dynamic,
temporal relationships between data visualization practices and the cognitive alignment of interdisciplinary
groups.

5. Results and Discussion
5.1 Panel Analysis Outcomes

The empirical results from the fixed-effects panel regression provide compelling quantitative evidence
regarding the impact of specific visualization practices on team cognitive dynamics. The baseline model reveals
a highly significant, positive main effect for Interactive Exploration. Teams that engaged in higher frequencies
of dynamic view changes, data filtering, and parameter manipulation demonstrated substantially greater
increases in their Shared Understanding Index compared to teams that treated the visualizations as static
presentation tools. This finding quantitatively supports the theoretical proposition that interactivity is a
fundamental prerequisite for boundary objects to effectively bridge epistemic gaps, as it allows diverse experts
to rapidly test their domain specific assumptions within a shared visual context.

The most substantial driver of shared understanding identified in the analysis was the Collaborative
Annotation variable. The density of multi-user spatial markers and contextual notes placed directly onto the
visualizations exhibited a strong positive coefficient, suggesting that the act of visually anchoring qualitative
insights to quantitative data points is critical for interdisciplinary alignment. When team members from different
backgrounds utilized the annotation tools to co-create meaning on top of the raw data representation, the
subsequent cognitive mapping assessments showed a marked convergence in their conceptual models. This
indicates that visualizations are most effective not just when they are viewed collectively, but when they are
actively modified and inscribed upon by the collaborative group.

Table 2: Fixed Effects Panel Regression Results on Shared Understanding

Independent Variables Model 1 (Baseline) Model 2 (Interaction) Standard Error
Interactive Exploration 0.412 0.388 0.085
Frequency
Colla_boratlve Annotation 0.655 0.612 0.092
Density
Vlsqal Complexity Exposure -0.284 -0.845 0.114
(Main)
Complexity x Session Wave B 0.932 0.145
(Late)
Team Controls & Time Fixed Included Included -
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Independent Variables Model 1 (Baseline) Model 2 (Interaction) Standard Error
Effects
The temporal dynamics revealed by the interaction model offer profound insights into the role of visual

complexity. In early workshop sessions, high Visual Complexity Exposure exhibited a significant negative
relationship with the Shared Understanding Index. When newly formed interdisciplinary teams attempted to
utilize advanced charts, such as complex network graphs or multi-layered spatial heatmaps, the resulting
cognitive friction actively impaired their ability to align their mental models. However, the interaction term
between visual complexity and the later session waves yielded a strong positive coefficient that entirely offset
the initial negative main effect. This demonstrates a distinct learning curve effect; once teams developed a
baseline visual literacy and established common communication protocols around the tools, complex
visualizations transitioned from being barriers to becoming highly efficient boundary objects capable of
conveying nuanced, multidimensional insights [11].

5.2 Qualitative Insights and Behavioral Mechanisms

While the panel regression provides robust statistical evidence, the integration of qualitative observations
from the session transcripts is essential for understanding the underlying behavioral mechanisms driving these
quantitative results. The video analysis revealed that during periods of high collaborative annotation, team
members frequently engaged in explicit negotiation of domain terminology. For instance, when analyzing a
scatter plot related to urban infrastructure, a civil engineer might place an annotation labeling a cluster of data
points as structural anomalies, prompting a social scientist to add a secondary annotation reframing those same
points as areas of demographic vulnerability. The visualization provided a neutral, objective coordinate space
where these disparate interpretations could coexist, be debated, and eventually synthesized into a unified project
strategy.

Furthermore, the qualitative data illuminated why highly complex visualizations initially hindered shared
understanding. During the first two workshop sessions, teams exposed to high visual complexity frequently
experienced conversational breakdowns, where one or two quantitatively literate members would dominate the
discussion, attempting to explain the chart mechanics rather than discussing the underlying domain implications.
This dynamic marginalized the qualitative experts, leading to cognitive disengagement and a divergence in the
subsequent conceptual mapping exercises. The successful teams were those that organically recognized this
friction and deliberately down-shifted to simpler visual representations, such as basic bar charts, to establish
fundamental agreements before progressively reintroducing more complex analytical views in later sessions
[12].

The findings underscore the concept of visual scaffolding in interdisciplinary environments. Visualizations
do not instantly harmonize conflicting viewpoints merely by presenting data clearly. Instead, the practices
surrounding the visualizations specifically interactive interrogation and collaborative inscription create
structured opportunities for team members to externalize their hidden assumptions. The longitudinal data
unequivocally shows that shared understanding is not a sudden revelation sparked by a perfect chart, but rather
a gradual, iterative accumulation of micro-agreements forged through continuous, mediated interaction with
visual artifacts.

6. Conclusion and Future Directions

6.1 Summary of Contributions

This study provides a rigorous longitudinal examination of how data visualization practices influence the
development of shared understanding within highly heterogeneous interdisciplinary teams. By moving beyond
cross-sectional observations and employing a multi-wave panel design across forty collaborative project groups,
the research successfully isolates the intra-team temporal dynamics of visual artifact interaction. The empirical
findings robustly demonstrate that the mere presence of data visualizations is insufficient for bridging epistemic
divides; rather, it is the active, collaborative manipulation and annotation of these visual spaces that drives
cognitive synchronization. The identification of a distinct temporal learning curve associated with visual
complexity stands as a primary contribution, illustrating that while advanced visual analytics initially generate
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cognitive friction in newly formed teams, they ultimately serve as powerful boundary objects once a foundational
shared visual vocabulary is established.

For facilitators of interdisciplinary workshops and designers of collaborative software platforms, these results
offer highly actionable implications. The data strongly suggests that technological platforms must prioritize
multi-user, real-time annotation features and intuitive interactive capabilities over purely aesthetic or highly
complex static reporting. Furthermore, workshop protocols should be deliberately structured to scaffold visual
complexity, initiating teams with simple, highly legible data representations to build early consensus before
introducing advanced, multi-dimensional analytical views. By aligning technological tools and facilitation
strategies with the cognitive trajectories identified in this panel analysis, organizations can significantly reduce
collaborative friction and accelerate the synthesis of diverse domain expertise.

6.2 Limitations and Avenues for Future Inquiry

Despite the robust panel methodology, this study is subject to several limitations that contextualize the
findings and outline pathways for future research. First, the sample of workshops, while diverse in subject matter,
was conducted within the specific cultural and institutional framework of a single regional collaborative
initiative. The extent to which these findings generalize to purely corporate environments or cross-cultural
international collaborations remains an empirical question requiring further validation. Second, the measurement
of visual complexity in this study relied on an aggregate ordinal index based on chart typologies. Future research
would benefit from employing more granular, algorithmic assessments of visual density, data-ink ratios, and
perceptual clutter to provide a more precise quantification of the extraneous cognitive load imposed by different
artifacts.

Moving forward, the rapid evolution of immersive technologies presents a compelling frontier for this line of
inquiry. Investigating how shared understanding develops when data visualizations are removed from two-
dimensional screens and projected into three-dimensional collaborative spaces via augmented or virtual reality
could fundamentally expand current theories of distributed cognition. Additionally, the integration of generative
artificial intelligence into visual analytics platforms, where systems can automatically adapt the complexity and
encoding of a chart based on the real-time verbal confusion of the team, offers a novel paradigm for study.
Continuous longitudinal tracking of interdisciplinary teams utilizing these emerging adaptive visual systems will
be essential to ensure that technological advancements serve to genuinely enhance, rather than obscure, the vital
human process of collaborative meaning-making [13].
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