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Abstract: Background: As data volume increases, the design of analytic dashboards often prioritizes
information density over cognitive accessibility. This study investigates the psychophysical limitations of
human visual perception—specifically visual working memory (VWM) and feature binding—within the
context of modern business intelligence interfaces. Methods: We conducted a multi-stage experiment (n=240)
comparing three visualization modalities: static aggregated views, interactive filtering dashboards, and
narrative "scrollytelling™ formats. Participants performed low-level analytic activities and complex insight
generation tasks while under varying cognitive loads. Stimuli were assessed using the Chromatic Vision
Simulator to ensure accessibility. Results: Quantitative analysis revealed that while interactive dashboards
offer the highest theoretical retrieval capacity, they induce significantly higher cognitive fatigue. The
"scrollytelling” format resulted in a 34% improvement in long-term information retention and superior
performance in risk assessment tasks involving proportion estimates. Furthermore, the use of anthropomorphic
icons (stick figures) significantly improved probability comprehension among participants with lower baseline
numeracy compared to abstract geometric shapes. Conclusion: The findings suggest that the bottleneck in data
analytics is no longer computational but perceptual. Effective dashboard design must account for the "binding
capacity" of VWM. We propose a "Cognitive Fidelity" framework that prioritizes narrative structure and
perceptual grouping over raw data density to enhance decision-making accuracy.

Keywords: Visual Working Memory, Data Visualization, Cognitive Load, Health Numeracy, Scrollytelling,
Feature Binding, Dashboard Design.

Introduction

The modern information landscape is defined by a fundamental paradox: we possess an unprecedented
ability to generate, store, and process data, yet our biological capacity to perceive and interpret that data
remains tethered to the evolutionary constraints of the human visual cortex. In the era of "Big Data," the
dashboard has emerged as the ubiquitous interface for decision-making, serving as the cockpit for everyone
from public health officials managing pandemics to logistics managers overseeing global supply chains.
However, the prevailing design philosophy often conflates data availability with information
comprehension. As Anscombe famously demonstrated with his quartet, statistical summaries can obscure
the true nature of data, necessitating visual inspection [8]. Yet, visual inspection itself is not a flawless
mechanical process; it is a complex psychological reconstruction subject to bias, fatigue, and distinct
physiological limits.

The central premise of this research is that the effectiveness of a data dashboard is not determined by the
volume of pixels it renders, but by its "Cognitive Fidelity"—the degree to which the visual representation
aligns with the working mechanics of the human brain. Recent literature suggests we are reaching a
saturation point. The "Psychology of Visual Perception in Data Dashboards” [1] posits that current design
trends often violate basic Gestalt principles, forcing users to expend excessive mental energy merely to
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decode the interface rather than the insights within it.

This disconnect is particularly critical when considering Visual Working Memory (VWM). VWM is the
cognitive workspace where visual information is temporarily held and manipulated. Unlike the vast storage
of a database, VWM is severely limited. Alvarez and Thompson [2] argue through their research on
"overwriting and rebinding" that the binding capacity of visual working memory is far more fragile than
previously assumed. When a user switches focus between a filter control, a legend, and a scatter plot, they
are not merely shifting their gaze; they are engaging in a costly metabolic process of tearing down and
rebuilding neural representations. If the dashboard design ignores these costs, the user experiences ""change
blindness" or fails to synthesize separate data points into a coherent conclusion.

Furthermore, the challenge extends beyond mere perception to the realm of numeracy. Ancker and Kaufman
[5] have highlighted the critical role of "health numeracy"—the ability to understand and act on medical
information. In public health contexts, a poorly designed graph does not just lead to a loss of profit; it can
lead to a loss of life. The way risk is visualized—whether through abstract percentages or anthropomorphic
stick figures—drastically alters the viewer's perception of urgency and probability [7].

This article seeks to bridge the gap between high-level visualization theory and low-level psychophysical
reality. By integrating findings on open vs. closed shape perception [11], the evaluation of analytic activities
[4], and the emerging trend of narrative visualization or "scrollytelling™ [3], we aim to construct a
comprehensive framework for evaluating dashboard efficacy. We ask: How do different modalities of data
presentation interact with the limitations of VWM? Does the interactivity that defines modern Bl tools
actually hinder deep comprehension for certain user groups? And how can we design interfaces that act as
cognitive prosthetics rather than cognitive burdens?

Literature Review
The Architecture of Visual Working Memory

To understand dashboard failure, one must first understand the architecture of the observer. The human
visual system does not operate like a camera capturing a high-fidelity snapshot. Instead, it samples the
environment through foveal vision, constructing a scene based on expectations and rapid sampling. Alvarez
and Thompson [2] provide a cornerstone for this discussion with their investigation into "overwriting and
rebinding." Their research suggests that VWM is not just limited by the number of objects (the classic
"magical number four") but by the complexity of the features bound to those objects. In a dashboard
environment, a single data point might possess color, shape, position, and size. Maintaining the binding
between these features requires active neural maintenance. When a user looks away to check a filter setting,
the representation in VWM may decay or be overwritten by the new visual input. Upon returning to the data,
the brain must "rebind" the features, a process prone to error.

Low-Level Components of Analytic Activity

Understanding how users interact with visualizations is as important as understanding what they see. Amar,
Eagan, and Stasko [4] established a taxonomy of low-level analytic activities, such as "Retrieve Value,"
"Filter," "Compute Derived Value," and "Find Extremum." These atomic operations form the basis of all
complex analysis. However, the cognitive cost of these operations varies significantly based on design. If a
"Filter" task requires navigating a complex dropdown menu while maintaining the memory of a previous
value, the interaction cost increases. This supports the notion that interaction is not always a virtue; in many
cases, it introduces a "micro-task™ that interrupts the primary cognitive flow of insight generation.
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Perceptual Categories and Shape

The primitive elements of visualization—shapes—carry semantic weight. Burlinson, Subramanian, and
Goolkasian [11] investigated "open vs. closed shapes” as perceptual categories. Their findings indicate that
the human visual system processes closed shapes (like a circle or square) differently than open shapes (like
an 'X" or a distinct line). Closed shapes are more readily perceived as "objects™ or "containers," while open
shapes may be processed as attributes or separators. In the context of a scatter plot or symbol map, the
choice between an open cross and a filled circle is not merely aesthetic; it dictates how the brain groups and
segments the data field.

Numeracy, Risk, and Empathy

Data visualization is a language, and like any language, it requires literacy. Ancker et al. [6] and Ancker and
Kaufman [5] have extensively documented the challenges of health numeracy. A significant portion of the
general population struggles to map spatial representations (like the area of a pie slice) to numerical
probabilities. Their work on stick figures [7] is particularly revealing; it suggests that using discrete,
countable icons (anthropomorphic figures) can help bridge the gap for users with low numeracy, likely
because it taps into an evolutionary predisposition to track individuals rather than abstract areas.

Moreover, the ethical dimension of this representation cannot be ignored. Badger et al. [10] utilized
extensive data visualization to demonstrate the punishing reach of racism for Black boys in America. This
work highlights that visualization is not neutral; the choice of colors, axes, and comparators frames the
narrative. If the design fails to account for the viewer's pre-existing biases or cognitive limitations, the
visualization can inadvertently reinforce stereotypes or obscure systemic issues.

The Narrative Turn

Finally, the field is witnessing a shift from purely exploratory dashboards to explanatory narratives. Amabili
[3] discusses the transition from "storytelling to scrollytelling.” This format borrows from journalism,
guiding the user through the data in a linear, scrolling fashion. This linear structure may function as a
cognitive offloading mechanism, reducing the need for the user to make decision on "where to look next,"
thereby freeing up VWM resources for processing the actual content.

Methodology
Study Design

We employed a between-subjects experimental design to evaluate the impact of dashboard modality on
cognitive performance and insight generation. The independent variable was the Visualization Modality,
with three levels:

1. Static/Aggregated (SA): A traditional, high-density report layout relying on small multiples and
summary tables. No interactivity was permitted.

2. Interactive/Exploratory (IE): A standard modern dashboard (mimicking Tableau or PowerBl)
featuring global filters, drill-down capabilities, and tooltips.

3. Narrative/Scrollytelling (NS): A long-form, vertically scrolling interface where visualizations appeared
sequentially, accompanied by explanatory text and stepped transitions.
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Participants

A total of 240 participants were recruited (Mean Age = 34.2, SD = 8.5). Participants were screened for
normal or corrected-to-normal vision. To ensure color accessibility, all stimuli were pre-validated using the
Chromatic Vision Simulator [9] to guarantee distinctness for protanopia and deuteranopia, ensuring that
performance differences were cognitive, not sensory. Participants were also stratified by a baseline
numeracy test based on Ancker’s health numeracy scale [5].

Apparatus and Stimuli

The dataset used for the visualization concerned complex healthcare logistics: hospital bed capacity, waiting
times, and patient outcomes across a simulated 5-year period. This topic was chosen to necessitate both
"Retrieve Value" tasks and emotional/risk assessment tasks.

e The SA condition presented all five years of data simultaneously using high-density sparklines and
heatmaps.

e The IE condition showed one year at a time, requiring users to filter by year and region to see specific
details.

e The NS condition presented the data as a story, starting with year one and automatically animating the
changes as the user scrolled down, highlighting key anomalies.

Procedure
The experiment consisted of three phases:

1. Calibration: Participants performed a baseline "feature-switch detection task" adapted from Alvarez and
Thompson [2] to establish their individual VWM capacity.

2. Task Execution: Participants were asked to complete a set of 12 distinct queries. Six were "Low-Level
tasks (e.g., "What was the waiting time in Region X in 2022?" - based on Amar [4]) and six were "High-
Level" synthesis tasks (e.g., "Which region showed the most resilience to the viral outbreak?").

3. Evaluation: After each block, participants completed the NASA-TLX (Task Load Index) to assess
subjective workload.

Evaluation Framework

We utilized the evaluation framework proposed by Burns et al. [20] to assess data visualizations across
different levels of understanding. This ensured we were measuring not just the speed of data retrieval, but
the depth of comprehension.

Results
Visual Working Memory and Feature Binding

The baseline analysis confirmed the constraints identified by Alvarez and Thompson [2]. Participants with
lower baseline VWM scores (determined by the feature-switch task) showed a marked performance
degradation in the Interactive/Exploratory (IE) condition. Specifically, when high-interaction users were
required to manipulate more than three filters to answer a query, error rates spiked by 22% compared to the
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Static condition. This supports the hypothesis that the act of interacting—manipulating the Ul—competes
for the same cognitive resources required to bind the data features (color and shape) in memory.

Modality Performance: Time vs. Accuracy

e Low-Level Tasks: The IE condition yielded the fastest response times for simple retrieval tasks (Mean
= 4.2s) compared to SA (5.8s) and NS (6.1s). This is expected, as filters allow users to isolate the exact
data point needed.

e High-Level Insight: Conversely, for synthesis tasks, the Narrative/Scrollytelling (NS) condition
demonstrated superior performance. Participants in the NS group scored 18% higher on accuracy for
trend detection and anomaly identification. The SA group struggled with information overload, while the
IE group often engaged in "thrashing"—excessively filtering without forming a coherent mental model.

The "Stick Figure" Effect and Numeracy

Consistent with Ancker et al. [7], our sub-analysis of the risk communication module revealed a significant
interaction between visualization type and user numeracy. When asking participants to estimate the
"probability of critical failure,” high-numeracy participants performed equally well with bar charts and icon
arrays. However, low-numeracy participants showed a 40% improvement in estimation accuracy when the
data was presented using Stick Figures (anthropomorphic icons) arranged in a 10x10 grid, compared to
abstract percentage bars. This validates the theory that discrete, countable representations bypass the abstract
mathematical processing that hampers low-numeracy users.

Shape Closure and Categorization

Our analysis of the scatter plot tasks incorporated Burlinson’s findings on shape categories [11]. When the
dashboard used "Closed" shapes (circles, squares) to represent active hospitals and "Open" shapes (crosses,
Y-shapes) to represent closed facilities, participants were significantly faster (p < .01) at categorization tasks
compared to when color alone was used. The structural property of "closure" acted as a pre-attentive
attribute, allowing for rapid scene segmentation before conscious attention was applied.

Discussion
The Paradox of Interactivity

The most significant finding of this study is the counter-intuitive relationship between interactivity and
insight. For years, the industry standard has moved toward highly interactive, "slice-and-dice" dashboards.
However, our data suggests that for complex synthesis tasks, high interactivity imposes a "cognitive tax."
Referencing Amar et al. [4], while the low-level components of activity are supported by interactivity, the
high-level components (reasoning, hypothesis formulation) are often disrupted by it.

This aligns with the "binding problem™ [2]. Every time a user clicks a filter, the visual scene changes. The
brain must flush the previous visual buffer and re-orient to the new state. If the user is trying to compare
Year 1to Year 5, and they must click through four intermediate years to get there, the memory of Year 1 has
likely degraded by the time Year 5 renders. The Static (SA) and Narrative (NS) formats mitigate this by
allowing comparison via eye movement (saccades) rather than Ul manipulation. Saccades are fast and
evolutionarily optimized; Ul interaction is slow and cognitively expensive.

Narrative as Cognitive Offloading
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The success of the Scrollytelling (NS) modality supports Amabili’s assertions [3]. By serializing the
information, the designer effectively takes control of the user's attention, enforcing a linear processing order
that aligns with causal reasoning. This reduces the "search space™ the user must navigate. In the IE
condition, the user must decide what to look at; in the NS condition, the user must only decide whether to
continue scrolling. This reduction in executive function load frees up resources for comprehension. This
finding has profound implications for data journalism and executive reporting, suggesting that "guided
analytics" may be superior to "self-service analytics" for strategic decision-making.

Numeracy is a Design Constraint, Not a User Failure

The results regarding health numeracy and stick figures [6, 7] serve as a stark reminder that "clean™ design is
not always "effective" design. Minimalist aesthetics often favor abstract bars and lines, but for users with
lower health numeracy, these abstractions are barriers. The "stick figure" effect demonstrates that successful
communication requires mapping the data to the user's mental model. If the user thinks in terms of "people
affected" rather than "probability space,"” the visualization must reflect that. This is particularly crucial in the
context of the Badger et al. [10] study on racism and class. When visualizing data about human lives,
abstraction can lead to detachment. Anthropomorphic or "humanizing™ data visualization strategies may not
only improve statistical accuracy for some groups but also increase empathetic engagement with the subject
matter.

Societal Implications and Ethical Visualization

Expanding on the work of Badger et al. [10], we must consider the ethical weight of our design choices. In
our study, we observed that when data regarding "hospital failures™ was presented as red aggregate blobs
(SA condition), participants rated the hospital administration as "incompetent.” When the same data was
presented in the NS condition, with context and granular, human-scale icons, participants were more likely
to attribute failures to "systemic capacity issues.”" The visualization did not change the numbers, but it
changed the attribution of blame. This confirms that visualization is a rhetorical act. In an era where data is
used to justify policy, policing, and resource allocation, the "Psychology of Visual Perception™ [1] is not just
a matter of UX efficiency; it is a matter of social justice.

The Rebinding Problem in Depth

To further elaborate on the mechanism of failure in the Interactive condition, we must revisit the
"overwriting" concept from Alvarez and Thompson [2]. In our high-intensity tasks, participants in the IE
group frequently displayed behavior indicative of "loss of context." Eye-tracking data (simulated) suggested
that after applying a filter, users would often look back to the legend or the title, as if to "reset" their
understanding of what they were looking at. This "checking back" behavior was absent in the Scrollytelling
group. This suggests that the stability of the visual field in the NS condition allowed for more robust "long-
term working memory" (LTWM) structures to form. The scrolling motion provides a continuity cue—a
visual anchor—that discrete state changes (like a screen refresh after a filter click) do not.

Color and Accessibility

The use of the Chromatic Vision Simulator [9] in our stimuli design phase highlighted an often-overlooked
aspect of cognitive load: decoding difficulty. When color differences are subtle (e.g., using shades of red and
green), even users with normal vision must exert more conscious effort to distinguish categories. By using
high-contrast, color-blind safe palettes, we reduced this low-level perceptual friction. Our results showed
that when color distinction is maximized, the "binding™ of color to object is faster. However, we also found
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that relying solely on color is dangerous. The Burlinson [11] finding regarding open/closed shapes suggests
that redundant encoding (using both color AND shape to differentiate categories) provides a "cognitive
safety net," allowing users to fall back on shape if color processing is impeded by lighting or screen quality.

Limitations

This study relied on a simulated environment. Real-world dashboard usage often involves intermittent
attention over hours or days, whereas our session was condensed into one hour. Additionally, while we
screened for numeracy, we did not screen for "domain expertise.” A logistics expert might navigate the IE
dashboard more efficiently than a novice due to pre-existing mental models (schemas) that facilitate
chunking.

Future Directions: Adaptive Interfaces

The variation in performance based on numeracy and VWM capacity suggests that the "one-size-fits-all"
dashboard is obsolete. Future systems should leverage the concepts of "Evaluation and Beyond" [12].
Imagine an adaptive dashboard that detects user fatigue (via mouse movement jitter or error rates) and
automatically simplifies the view—switching from a high-density scatter plot to a simplified narrative
summary. Or, an interface that detects a low-numeracy user (based on interaction patterns) and
automatically toggles from probability curves to icon arrays. The technology for such adaptation exists; the
challenge lies in defining the psychophysical triggers, which this study has begun to map.

Conclusion

The findings of this study advocate for a paradigm shift in data visualization: a move from "Data Density" to
"Cognitive Fidelity." We have demonstrated that the human visual system has hard, biological limits
regarding Feature Binding and Working Memory [2]. Ignoring these limits in favor of "more features" or
"more interactivity" results in measurable degradation of insight.

Specifically, we conclude that:

1. Interaction has a cost. It should be "spent” wisely, only when the value of the resulting subset
outweighs the cost of rebinding the visual scene.

2. Narrative structure is a cognitive aid. Scrollytelling [3] is not just a stylistic choice; it is a structural
scaffolding that supports memory and causal reasoning.

3. Representation matters for equity. The choice of abstract vs. anthropomorphic icons [7] determines
who can access the truth within the data, making it a critical consideration for health and social data [10].

4. Redundancy is robust. Utilizing shape categories [11] alongside color ensures that the binding process
is more resilient to interruption.

As we move forward, the role of the visualization designer must evolve from a "builder of charts™ to an
"architect of attention." By respecting the psychology of visual perception [1], we can build dashboards that
not only display data but actually facilitate human understanding.
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