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Abstract

The accurate interpretation of climate projection maps is fundamentally contingent upon the capacity of
human experts to calibrate their internal confidence regarding spatial uncertainties. When dealing with
complex environmental data, overconfidence or underconfidence can severely skew policy and mitigation
strategies. This paper presents a comprehensive evaluation of expert calibration through the novel
application of graph analysis applied to human interaction and visual attention data. By systematically
assessing multiple uncertainty visualization schemes, including bivariate choropleth mapping, value-
suppressing uncertainty palettes, and ensemble glyphs, this research isolates the specific graphical
variables that facilitate optimal cognitive calibration. The methodology translates sequential visual attention
and interactive queries into directed graph networks, analyzing structural metrics such as node centrality,
modularity, and path efficiency to quantify cognitive behavior. These topological graph features provide an
objective basis for comparing how well different visualization paradigms align subjective expert confidence
with objective data reliability. The findings indicate that integrated visualization schemes significantly alter
the graph topology of expert attention, promoting more distributed network structures that correlate with
higher calibration accuracy. The implications of this study offer a robust framework for designing climate
data interfaces that explicitly support calibrated decision-making processes in high-stakes environmental
planning.
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1. Introduction

1.1 The Challenge of Climate Projections

The communication of climate change projections represents one of the most critical challenges in
contemporary science and public policy. As global temperatures fluctuate and extreme weather events
become increasingly frequent, policymakers, stakeholders, and scientific domain experts rely heavily on
predictive maps to anticipate regional impacts and allocate resources. However, climate projection is
inherently probabilistic rather than deterministic. The models used to forecast temperature anomalies,
precipitation shifts, and sea-level rises are governed by complex atmospheric, oceanic, and terrestrial
variables, each carrying distinct margins of error. Communicating these inherent uncertainties through static
or interactive maps is an intricate endeavor. If the uncertainty is obscured, decision-makers may interpret
the maps with unwarranted certainty, leading to maladaptive infrastructural investments or insufficient
emergency preparedness [1]. Conversely, if uncertainty is overly emphasized or poorly visualized, it can
induce decision paralysis, wherein the end-user dismisses the data entirely due to perceived unreliability.
Navigating this delicate balance requires visualization techniques that do not merely display error margins,
but actively assist the user in internalizing the reliability of the forecast. The cognitive reception of these
visual cues is paramount, as the ultimate goal of any analytical interface is to align the user's perception of
risk with the actual statistical probability of the forecasted event. This alignment is widely recognized in
behavioral science as cognitive calibration, and achieving it in the context of spatial data visualizations
remains an ongoing challenge in geographic information science and human-computer interaction [2]. The
intricacies of visual cognition dictate that spatial representations must be systematically evaluated not just
for aesthetic clarity, but for their functional capacity to induce appropriate levels of caution or confidence.
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Consequently, researchers have begun to look beyond traditional surveys, seeking robust analytical
frameworks to quantify how visual layouts impact information processing pathways in the human brain [3].

1.2 The Role of Expert Calibration

Expert calibration refers to the degree of correspondence between an individual's subjective confidence in
their judgments and the actual objective accuracy of those judgments. In an ideally calibrated state, a
domain expert who feels highly confident about a specific climate trend will be empirically correct a
corresponding percentage of the time. Poor calibration typically manifests as overconfidence, where experts
believe their predictions are far more accurate than the data actually supports, or underconfidence, where
they exhibit excessive doubt despite strong empirical evidence. In the realm of climate mapping, expert
calibration is heavily mediated by the design of the visual interface. When a meteorologist or an urban
planner reviews a decadal forecast map, the visual encoding of uncertainty dictates how they synthesize
the underlying statistical variance [4]. If the visualization scheme uses intuitive visual metaphors to depict
variance, the expert is more likely to appropriately modulate their confidence. Standard testing of expert
calibration often relies on self-reported questionnaires administered after a visualization task. However, self-
reporting is vulnerable to retrospective bias and fails to capture the real-time cognitive processes that lead
to the final judgment. To fully understand the mechanisms of calibration, it is necessary to examine the
continuous behavioral interactions that occur while the expert is analyzing the map. By tracking how experts
navigate the visual field, which regions they repeatedly compare, and how long they dwell on areas of high
versus low uncertainty, researchers can reconstruct the cognitive journey that culminates in a calibrated or
miscalibrated decision [5].

1.3 Objectives and Contributions

This study introduces a novel analytical paradigm by applying graph theory to the evaluation of uncertainty
visualization schemes in climate projection maps. The primary objective is to demonstrate that the cognitive
strategies employed by experts can be mathematically modeled as graph networks, where nodes represent
visual fixations on specific map regions and edges represent the transitional movements between these
regions. By constructing these behavioral graphs, the research provides a quantifiable method to assess
how different visualization schemes alter information gathering strategies. Furthermore, this research aims
to establish a direct correlation between specific graph network topologies and high levels of expert
calibration. The contributions of this work are manifold. First, it bridges the gap between spatial data
visualization and network analysis, offering a rigorous methodological approach that transcends subjective
user feedback. Second, it provides empirical evidence regarding the efficacy of three distinct uncertainty
visualization techniques, determining which scheme best supports cognitive calibration in complex
geographic decision-making. Finally, the findings lay the groundwork for developing adaptive visualization
systems that can dynamically adjust their display parameters based on the real-time interaction patterns of
the user, thereby fostering optimal calibration in high-stakes environmental scenarios.

2. Background and Literature Review

2.1 Evolution of Uncertainty Visualization

The discipline of uncertainty visualization has evolved significantly over the past three decades, transitioning
from basic marginal annotations to sophisticated, multidimensional graphical encodings. Early approaches
in spatial data representation often relegated uncertainty to secondary supplementary charts or text-based
disclaimers, effectively decoupling the variance from the primary spatial context. This separation required
users to perform mentally taxing integrations of the spatial map and the statistical data, often resulting in the
omission of uncertainty during rapid decision-making processes [6]. As geographic information systems
advanced, researchers began embedding uncertainty directly into the spatial features. A common technique
involves utilizing intrinsic visual variables, such as manipulating color saturation, lightness, or transparency,
to represent varying degrees of data reliability. For example, regions with high predictive confidence might
be rendered with highly saturated, opaque colors, while areas of high uncertainty are depicted using
desaturated, washed-out hues. This intrinsic approach is praised for its intuitive nature, as humans naturally
associate clarity and prominence with certainty [7]. However, intrinsic methods frequently suffer from the
interference of visual variables, where the manipulation of lightness to represent uncertainty distorts the
perception of the underlying data value represented by hue. To mitigate these issues, extrinsic visualization
techniques were developed, which overlay additional geometric symbols, such as error bars, textures, or
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varying glyph shapes, on top of the base map. Ensemble visualizations, another prominent category, display
multiple potential outcomes simultaneously through animated sequencing or small multiple layouts, forcing
the user to visually synthesize the range of possibilities [8].

2.2 Cognitive Load and Decision Making

The selection of an appropriate uncertainty visualization scheme is intrinsically linked to the concept of
cognitive load. Human working memory has limited capacity, and complex spatial visualizations can easily
overwhelm an individual's cognitive resources. When a climate projection map simultaneously displays
temperature gradients, geographical boundaries, and probabilistic variances, the user must engage in
extensive visual parsing. Cognitive load theory suggests that if the extraneous load imposed by the
visualization design is too high, the user will have insufficient mental resources available for the germane
load required to understand the underlying statistical concepts [9]. High cognitive load often leads to reliance
on cognitive heuristics or mental shortcuts, which are primary drivers of poor calibration. For instance, an
overwhelmed user might adopt a strategy of spatial simplification, ignoring highly uncertain regions entirely
and basing their conclusions solely on the most visually prominent data points. This selective attention
inherently skews their internal probability models, resulting in overconfident judgments regarding the overall
map region [10]. Evaluating visualization schemes therefore requires measuring not just the accuracy of the
resulting decisions, but the mental effort expended to reach them. Researchers have traditionally used
psychophysiological measures, such as pupillometry or galvanic skin response, alongside standardized
psychological questionnaires to estimate this load. However, these physiological metrics often indicate the
presence of cognitive strain without providing detailed insights into the specific visual elements causing the
bottleneck [11].

2.3 Graph Theory in Behavioral Analysis

To overcome the limitations of traditional behavioral metrics, recent advancements have proposed utilizing
graph theory to model human-computer interaction and visual attention. Graph theory, a branch of discrete
mathematics, studies the structural properties of networks composed of interconnected entities. In the
context of visual analysis, an observer's gaze trajectory can be conceptualized as a directed graph. The
specific areas of the map that attract focused attention are defined as nodes, while the rapid eye movements
between these areas form the directed edges connecting the nodes [12]. The resulting network topology
provides a rich mathematical representation of the user's cognitive processing strategy. A highly dense
graph with numerous interconnected nodes suggests a thorough, exploratory search pattern, where the
user systematically compares multiple regions before reaching a conclusion. Conversely, a sparse graph
with a linear, chain-like structure indicates a localized processing strategy, potentially pointing to a rapid
heuristic judgment [13]. By calculating formal graph metrics such as degree centrality, which measures the
prominence of a specific node within the network, researchers can quantitatively identify which map features
serve as cognitive anchors during the decision-making process. The application of graph analysis to
behavioral data offers a profound advantage: it transforms transient, sequential actions into static,
quantifiable mathematical objects that can be statistically compared across different visualization designs
and participant groups [14].

3. Theoretical Framework for Uncertainty Visualization

3.1 Typology of Spatial Uncertainty

A rigorous evaluation of visual calibration requires a precise theoretical definition of the uncertainty being
represented. In climate projections, uncertainty is not a monolithic concept but rather a composite of various
error sources and statistical variances. A fundamental distinction exists between aleatoric uncertainty and
epistemic uncertainty. Aleatoric uncertainty refers to the inherent, irreducible randomness present in natural
physical systems, such as the chaotic variations in fluid dynamics that govern short-term weather patterns
[15]. Epistemic uncertainty, on the other hand, arises from a lack of complete knowledge or limitations in the
measurement and modeling processes. This includes errors introduced by coarse spatial resolution in global
circulation models, missing historical data, or incomplete understanding of specific atmospheric chemical
interactions [16]. When experts analyze a climate map, their internal calibration must differentiate between
these types of uncertainty. A high-quality visualization scheme should theoretically allow the expert to
discern whether a region's unpredictability is due to fundamental physical chaos or simply a lack of high-
resolution sensory data. If a visualization blends these distinct uncertainties into a single, ambiguous visual
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cue, the expert's cognitive model becomes muddled, directly impairing their ability to calibrate their
predictive confidence accurately. Therefore, the theoretical framework underlying this study categorizes
spatial uncertainty based on its source, ensuring that the selected visualization techniques are evaluated
on their capacity to communicate multidimensional variance clearly.

3.2 Graph-Based Cognitive Mapping

The theoretical bridge connecting visual perception to graph analysis relies on the concept of cognitive
mapping. As an expert scans a climate map, they are actively constructing an internal mental representation
of the geographical space and its associated data properties. This mental construction process is iterative,
involving repeated visual sampling of the environment to confirm or refute internal hypotheses. The graph
network derived from their visual behavior serves as an externalized proxy of this internal cognitive map
[17]. In this framework, the structure of the graph reflects the maturity and comprehensiveness of the
expert's understanding. For example, an expert who is well-calibrated will likely exhibit a network topology
characterized by high global integration, meaning their visual attention has effectively linked distant regions
of the map to synthesize a holistic climatic trend. Alternatively, an uncalibrated user might display a
fragmented graph, consisting of isolated clusters of attention with minimal cross-referencing between
regions. By postulating that the topology of the external visual graph is structurally homologous to the
internal cognitive representation, this research establishes a theoretical basis for using graph metrics as
direct indicators of cognitive calibration quality.

4. Methodology and Graph Analysis Design
4.1 Participant Selection and Profiling

To ensure the empirical validity of the evaluation, a rigorous participant selection process was implemented,
targeting individuals with extensive experience in spatial data analysis and environmental science. A cohort
of specialized professionals, including meteorologists, climate modelers, and environmental policy analysts,
was recruited for the expert group. These individuals possessed deep domain knowledge regarding
atmospheric dynamics and statistical probability, ensuring that any observed miscalibration would be
attributable to the visualization design rather than a fundamental misunderstanding of statistical concepts
[18]. To provide a comparative baseline, a control group of novice participants was also recruited, consisting
of graduate students from non-spatial disciplines. Prior to the core experiment, all participants underwent a
comprehensive profiling assessment designed to measure their baseline spatial cognition and general
statistical literacy. This profiling phase utilized standardized psychological instruments to quantify individual
differences in working memory capacity and visual processing speed. By documenting these baseline
cognitive traits, the methodology ensures that the subsequent graph analysis can control for inherent
psychological variations, isolating the specific effects of the visualization schemes on behavioral outcomes.

4.2 Visualization Schemes Evaluated

The experimental design evaluated three distinct uncertainty visualization schemes, each representing a
fundamentally different approach to encoding statistical variance on a spatial map. Scheme A utilized a
bivariate choropleth technique. In this approach, a two-dimensional color matrix is employed, where one
axis represents the primary climate variable, such as projected temperature increase, and the orthogonal
axis represents the associated uncertainty. This scheme relies on the user's ability to interpret blended hues
and varying saturation levels simultaneously. Scheme B implemented a value-suppressing uncertainty
palette. This technique directly addresses the issue of visual prominence by actively suppressing the visual
intensity of the primary data in regions of high uncertainty [19]. As uncertainty increases, the color mapping
aggressively desaturates toward a neutral gray, visually emphasizing reliable data while obscuring highly
uncertain forecasts. Scheme C employed ensemble glyphs superimposed over a standardized base map.
Rather than aggregating the data into a single probability metric, this scheme displayed small graphical
symbols indicating the distribution of predictions from multiple underlying climate models. The glyphs varied
in density and spread, providing a localized visual representation of model consensus or disagreement.
These three schemes were carefully selected to represent the current state-of-the-art in spatial uncertainty
communication, providing a comprehensive spectrum of visual encoding strategies for evaluation.

4.3 Graph Construction and Metrics

Vol. 1, Issue 2 (2026) 64



Journal of Visual Computing | https://jvcjournal.org

The core of the methodology lies in translating sequential interaction and visual attention data into
mathematical graph structures. During the experimental tasks, a high-frequency eye-tracking system
recorded the exact spatial coordinates of the participants' gaze on the display screen. The raw continuous
gaze data was processed using spatial clustering algorithms to identify discrete visual fixations, which were
subsequently mapped to predefined geographic regions of interest on the climate maps. These regions of
interest constituted the nodes of the behavioral graph [20]. Whenever a participant's gaze transitioned from
one region of interest to another, a directed edge was established between the corresponding nodes. The
weight of each edge was determined by the frequency of transitions, reflecting the strength of the cognitive
link between those specific geographic areas. Once the directed, weighted graphs were constructed for
each participant and task, several topological metrics were calculated. Degree centrality was computed to
identify the most heavily referenced regions on the map, providing insight into which data points dominated
the decision-making process. The average path efficiency was calculated to measure how rapidly and
directly a participant could integrate information across distant map areas. Furthermore, modularity analysis
was applied to detect the presence of localized visual scanning loops, which often indicate regions of high
cognitive friction where the participant struggled to interpret the visualization [21]. These structural metrics
formed the quantitative basis for comparing the cognitive impact of the three visualization schemes.

5. Experimental Setup and Execution

5.1 Task Design and Calibration Elicitation

The experimental execution centered on a series of simulated analytical tasks designed to replicate the
workflow of climate risk assessment. Participants were presented with regional projection maps spanning
various geographic topographies and were required to make probabilistic judgments regarding future
climate events. For example, a task might involve estimating the likelihood that a specific agricultural zone
would experience severe drought conditions over a twenty-year horizon based on the displayed temperature
and precipitation forecasts. Crucially, the process of eliciting the participants' calibration levels was strictly
formalized. After submitting their estimate for a given task, participants were required to record their
subjective confidence in their answer on a continuous scale. The objective accuracy of their initial estimate
was then calculated by comparing it against the underlying statistical ground truth embedded within the
experimental dataset [22]. The calibration score for each participant was derived from the statistical
divergence between their reported confidence levels and their actual performance accuracy across multiple
trials. A minimal divergence indicated excellent calibration, whereas a large discrepancy highlighted severe
overconfidence or underconfidence.

5.2 Data Collection Apparatus

To capture the granular behavioral data required for graph construction, the experiment utilized a
synchronized, multi-modal data collection apparatus. The primary component was a non-intrusive, desktop-
mounted eye-tracking device operating at a high sampling rate, ensuring temporal precision in recording
saccadic movements and visual fixations. The visual stimuli were presented on a high-resolution, color-
calibrated display monitor in a controlled laboratory environment with consistent ambient lighting to prevent
visual glare and ensure accurate color perception [23]. In addition to the eye-tracking hardware, the
experimental interface was instrumented with interaction logging software. This software meticulously
recorded all mouse movements, hover durations, and click events, providing a secondary layer of behavioral
data to supplement the visual attention records. The synchronization of the eye-tracking data with the
interaction logs allowed for the reconstruction of highly detailed behavioral timelines. Following the
completion of the visual analysis tasks, participants also completed retrospective think-aloud protocols and
structured interviews, providing qualitative context to the quantitative behavioral patterns observed by the
tracking apparatus.

6. Results and Discussion
6.1 Graph Network Characteristics of Experts

The computational analysis of the generated behavioral graphs revealed profound differences in the
cognitive strategies employed by the expert group compared to the novice control group. These topological
variations provide concrete mathematical evidence of how domain experience fundamentally alters visual
information processing.

Vol. 1, Issue 2 (2026) 65



Journal of Visual Computing | https://jvcjournal.org

Table 1: Graph metric averages across different uncertainty visualization schemes for expert and novice participant
groups

Average Node

Group Scheme ) Path Efficiency Calibration Score
egree
Experts Bivariate 4.2 0.78 89.4
Novices Bivariate 2.1 0.45 62.1
Experts Glyphs 3.8 0.71 85.2
Novices Glyphs 1.9 0.38 58.7

As detailed in the experimental results, the expert participants exhibited graph structures characterized by
significantly higher average node degrees and superior path efficiency across all visualization schemes.
The high node degree indicates that experts consistently cross-referenced multiple distinct geographic
regions before finalizing their judgments, essentially building a highly interconnected mental model of the
spatial data [24]. Their visual search patterns were systematic and comprehensive. In contrast, the novice
graphs were structurally sparse, dominated by linear, disconnected paths that suggested isolated point-
reading rather than holistic spatial synthesis. The novices tended to fixate heavily on the most saturated,
visually prominent colors on the map, largely ignoring the subtle visual encodings of uncertainty. This
behavioral discrepancy directly translated to performance outcomes; the interconnected graph topologies
of the experts correlated strongly with their significantly higher calibration scores.
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Figure 1: Comprehensive Schematic of Eye

The visualization of the gaze networks further highlights the structural complexity of expert analysis. The
graphical representation of their visual trajectories demonstrates a balanced distribution of attention
between areas of high certainty and high uncertainty. This balanced approach is the behavioral foundation
of good calibration, as it indicates the expert is actively integrating the margins of error into their final
probability estimate rather than simply discarding uncertain data.

6.2 Impact of Visualization Schemes on Calibration

The comparative evaluation of the three visualization schemes yielded crucial insights into the efficacy of
specific visual encoding strategies. The value-suppressing uncertainty palette emerged as the most
effective scheme for promoting high expert calibration. Graph analysis of the interactions with this scheme
revealed highly efficient visual scanning patterns with minimal evidence of cognitive friction. The active
suppression of highly uncertain regions appeared to effectively guide visual attention toward reliable data
without requiring the user to perform complex mental decoupling of spatial and statistical variables [25]. The
bivariate choropleth maps, while visually elegant, induced significantly more complex and convoluted graph
structures. Experts spent a disproportionate amount of time transitioning back and forth between the map
regions and the separate bivariate legend, a behavioral pattern clearly reflected in the high betweenness
centrality of the legend node within their graphical network. This constant switching indicates a high
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extraneous cognitive load, which ultimately resulted in slight underconfidence as experts second-guessed
their interpretation of the blended colors. The ensemble glyph visualization produced varied results; while it
effectively communicated local variance, the visual clutter caused by dense glyph placement resulted in
fragmented gaze graphs, suggesting localized cognitive overload that negatively impacted the final
calibration scores of both experts and novices.

7. Conclusion and Future Directions
7.1 Summary of Findings

This comprehensive investigation establishes graph analysis as a highly robust and mathematically rigorous
methodology for evaluating human cognitive behavior in the context of spatial data visualization. By
transforming transient visual attention into quantifiable network topologies, this research demonstrated
clear, objective links between specific visualization schemes and the resulting state of expert calibration.
The empirical findings indicate that visual encoding strategies that actively manage visual prominence, such
as value-suppressing palettes, are significantly more effective at aligning subjective confidence with
objective data reliability than traditional bivariate or glyph-based methods. The graph structures extracted
from the experimental trials unequivocally show that highly calibrated decisions are the product of
interconnected, globally efficient visual search strategies that integrate multiple data points systematically.

7.2 Limitations and Future Work

While the findings provide substantial contributions to the fields of spatial cognition and environmental data
visualization, certain methodological constraints must be acknowledged. The experimental tasks were
conducted in a highly controlled laboratory environment using static projection maps, which may not fully
replicate the dynamic, collaborative nature of real-world climate policy planning. Furthermore, the graph
network models were constructed primarily using two-dimensional visual coordinates, omitting potentially
valuable temporal dynamics such as varying fixation durations. Future research trajectories should focus on
integrating temporal analysis into the graph metrics, developing dynamic network models that evolve over
the course of the decision-making process. Additionally, expanding the experimental scope to encompass
interactive, multi-layered geographic information systems would provide a more comprehensive
understanding of how experts navigate uncertainty in fully realized operational environments. Implementing
these advanced analytical frameworks will be crucial for developing the next generation of adaptive climate
visualization tools.
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