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Abstract— Retail organizations now generate continuous
streams of transaction, inventory, and customer data, and
dashboards built from that data have become a routine part of
how store managers, category planners, and executives make
daily decisions. Despite this widespread adoption, systematic
understanding of which visualization techniques actually
support accurate and efficient interpretation of retail sales
performance remains limited. Here we build and apply an
evaluation framework that examines the interpretation
accuracy, efficiency, and error patterns produced by six
commonly used visualization techniques across six everyday
retail analysis tasks: overall sales trend monitoring, product-
level performance comparison, regional/store comparison,
customer segmentation, inventory status monitoring, and
short-term sales forecasting. Using a structured trial protocol
in which 450 business users interpreted charts built from a
common retail sales dataset and were scored against a
verified  ground-truth  answer key, we quantify
comprehension accuracy, misinterpretation rate, task-
completion time, and consistency across repeated viewing.
Results show that simple techniques such as bar and line
charts support strong comprehension (85-94%) for trend and
comparison tasks, while denser multivariate techniques such
as treemaps and geographic heat maps degrade substantially
(55-66%) once more than a handful of dimensions are
shown at once, and that accuracy falls further as dashboard
complexity and the number of simultaneous filters increase.
We further identify a measurable gap between users'
perceived clarity of a chart and their actual measured
comprehension of it, particularly for color-encoded and
densely layered chart types. We close by tracing these
limitations to their perceptual and design origins and by
proposing concrete steps toward clearer, more decision-ready
retail sales dashboards.

Keywords— data visualization, retail analytics, sales performance,
business intelligence, dashboard design, chart comprehension,
graphical perception, human-computer interaction, decision
support

I. INTRODUCTION

Retail businesses of every size now depend on data
visualization to translate raw point-of-sale, inventory, and
customer-relationship data into decisions that must often be made
in minutes rather than days. Dashboards built on platforms such as
spreadsheet charting tools, dedicated business-intelligence suites,
and custom web-based visualization libraries are used to monitor
daily sales, compare store or regional performance, track inventory
health, segment customers, and forecast short-term demand. Retail
chains, e-commerce platforms, and franchise networks increasingly
embed these dashboards directly into the daily workflow of store

managers, merchandisers, and executives, placing chart interpretation
ability on the critical path of everyday operational decisions.

This rapid, largely informal adoption of visual analytics has
outpaced rigorous, independent evaluation of how accurately ordinary
business users actually interpret the charts they are shown outside of
curated design showcases. Most published visualization research
emphasizes controlled perceptual tasks or narrow benchmark datasets,
where the correct reading of a chart is unambiguous. Everyday retail
use, however, is messier: dashboards mix many metrics and dimensions
on one screen, users apply several filters in sequence, and some tasks
— such as short-term forecasting or spotting an emerging regional dip
— have no single obviously correct answer at first glance. Anecdotal
and trade-press accounts of dashboard "data disasters" suggest that a
meaningful share of everyday chart-reading in business settings leads to
a wrong or incomplete conclusion, underscoring the gap between
design best-practice and real-world interpretation.

This study addresses that gap directly, asking three questions that a
purely design-guideline view of visualization quality tends to leave
unanswered. First, how accurately do ordinary retail business users
interpret popular visualization techniques across the categories of sales-
analysis tasks they perform daily? Second, which factors — chart type,
task type, and dashboard complexity
— most strongly predict where a viewer is likely to misread a chart?
Third, how well does users' perceived clarity of a chart track their actual
measured comprehension of it? Answering these required designing a
controlled, human-rated evaluation spanning six everyday retail task
categories, described in Section V, and analyzing the resulting error
patterns.

Understanding chart comprehension at the granularity of
everyday retail task categories also matters for a practical reason:
unlike a single-purpose report, a general retail dashboard is
typically viewed by the same person across many different kinds of
questions within a single sitting — checking today's sales trend,
then comparing two regions, then reading a forecast panel —
without any explicit signal that a viewer's reliability may differ
sharply between those panels. A manager who has developed
reasonable confidence reading a simple weekly sales line chart
may unconsciously extend that same confidence to a dense, color-
coded regional heat map, even though, as this paper shows, the two
chart types sit at very different points on the comprehension-
accuracy spectrum. Making that spectrum explicit is the central
empirical contribution of this work.

The discussion that follows builds toward those three questions
in stages. Section Il surveys prior efforts to evaluate visualization
effectiveness; Section 1ll sketches the retail data-to-dashboard
pipeline behind many of the failure patterns examined later, and
Section IV briefly compares platform capabilities relevant to
everyday retail visualization. Sections V and VI lay out the trial
protocol and scoring metrics, after which Section VII walks
through the accuracy, error-type, complexity, and trust-gap
findings. Section VIII groups the recurring limitations into eight
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categories, Section X grounds these in four everyday case
studies, and Sections X through XIV work through
implications, recommendations, future directions, threats to
validity, and closing remarks.

Il. RELATED WORK

A. Foundational Graphical Perception Studies

The perceptual basis for chart design has been studied since
the early work on ranking graphical encodings by how accurately
viewers can decode them, which established that position and
length encodings are read more precisely than area or color
encodings, a finding that remains a load-bearing assumption in
most modern dashboard-design guidance [1]. Later large-scale
crowdsourced replications of this ranking confirmed the general
ordering while showing that accuracy differences between
encodings are smaller for simple comparison tasks and larger for
tasks requiring precise magnitude estimation [2]. Foundational
texts on quantitative graphic design further argue that maximizing
the ratio of information conveyed to ink used on a chart tends to
reduce misreading, a principle we return to when interpreting the
complexity results in Section VII [3].

B. Dashboard and Business-Intelligence Usability Studies

Beyond single-chart perception, dedicated treatments of
dashboard design emphasize that a dashboard's purpose is to
support a specific decision at a glance, and identify common
failure patterns such as excessive simultaneous metrics, poor visual
hierarchy, and inconsistent color use across panels as recurring
causes of misreading in operational settings [4]. Broader surveys of
information-visualization research methods and design space have
organized the field's evaluation approaches, noting that most
controlled studies isolate a single encoding choice rather than the
compound effect of multiple design decisions layered onto one
operational dashboard, which is closer to how retail dashboards are
actually built and used [5].

C. Visualization Grammar and Tooling Literature

The tools evaluated in this study are themselves built on an
underlying grammar-of-graphics approach that maps data variables
to visual channels such as position, size, and color in a systematic
way, an approach whose formalization underlies most modern
charting libraries and business-intelligence authoring tools [6].
Perceptual research on color has separately shown that categorical
and sequential color encodings are read with very different levels
of accuracy and are especially prone to error for viewers with
color-vision deficiencies, a consideration directly relevant to the
color-encoding error patterns reported in Section VII [7]. A further
strand of the literature specifically studies interactivity — filtering,
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drilling down, and linked views — and finds that interactive
exploration can improve insight discovery for expert users while
simultaneously increasing the risk of losing track of an established
comparison baseline for less experienced viewers, a tension we
revisit in Section VIII [8].

D. Research Gap

Collectively, this literature establishes two consistent findings
that motivate our study. First, chart-comprehension accuracy is
highly technique- and task-dependent rather than a single fixed
property of a "good" chart. Second, most existing evaluations
isolate a single design variable in a laboratory setting rather than
the broad mix of task types — trend monitoring, comparison,
segmentation, forecasting — that make up typical daily retail
dashboard use. Our work contributes a cross-category comparison
designed to reflect that everyday mix, together with an explicit
measurement of the gap between perceived clarity and measured
comprehension, which prior perception-focused studies do not
directly quantify. It also connects, for the first time in a single
study to our knowledge, the encoding-accuracy findings typical of
controlled perception experiments with the dashboard-complexity
and consistency effects more commonly discussed only
qualitatively in the business-intelligence usability literature,
allowing the two threads of prior work to be compared on common
ground.

I1l. OVERVIEW OF THE RETAIL SALES
VISUALIZATION PIPELINE

Understanding why particular chart types succeed and fail in
the specific patterns reported in Section VII first requires a brief
description of how retail sales data reaches the screen. A typical
retail visualization pipeline consists of five stages, illustrated in
Fig. 5: raw point-of-sale and enterprise-resource-planning
transactions are captured, the data is cleaned and aggregated to the
level of a day, store, or SKU, relevant metrics and dimensions are
modeled (for example, revenue by category and region), the
resulting values are mapped onto a visual encoding through chart-
type and color selection, and finally the chart is rendered into an
interactive or static dashboard viewed by the end user.
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Fig. 5. Generalized retail sales data-to-dashboard visualization
pipeline.

Two properties of this pipeline are central to the limitations
discussed later in this paper. First, the visual-encoding stage
necessarily compresses multidimensional data onto a two-
dimensional screen, so some information loss or distortion — for
example, an axis that does not start at zero, or a color scale that is
not perceptually uniform — is possible even when the underlying
data is entirely correct. Second, most retail dashboards are
refreshed on a fixed schedule rather than continuously, so a
viewer's read of "current" performance is only as current as the last
aggregation cycle.
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A. Data Modeling Stage

Most retail dashboards are built in three broad stages. Data
cleaning removes duplicate transactions, reconciles returns, and
standardizes product and store identifiers, giving the pipeline a
consistent base but no explicit notion of which comparisons a
viewer will actually want to make [3]. Metric and dimension
modeling then defines the specific measures — revenue, units sold,
margin, sell-through rate — and the dimensions along which they
can be sliced, such as region, category, or time period. Finally, a
visual-encoding stage maps these modeled values onto marks,
position, size, and color, a step whose design quality strongly
shapes how easily the resulting chart can be read correctly [6].

B. Interactivity and Filtering

Some retail dashboard deployments extend the base pipeline with
interactive filtering and drill-down controls, in which a viewer can
narrow the displayed data to a specific store, category, or date range
before reading the chart [8]. This can sharpen a specific comparison but
does not eliminate the underlying encoding limitations, since the viewer
still must correctly track which filters are currently active and what
baseline they are comparing against. Where a dashboard exposed many
simultaneous filters in the systems tested, interpretation accuracy on
multi-step comparison tasks was categorically weaker, consistent with
the pattern in Fig. 3.

IV.SURVEY OF POPULAR RETAIL VISUALIZATION
PLATFORMS

Before describing our evaluation methodology, it is useful to
survey the general landscape of platforms that motivate this study.
Retail organizations commonly build sales dashboards using
spreadsheet charting tools, dedicated business-intelligence suites,
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and custom web-based visualization libraries, each integrated
into daily reporting workflows through shared spreadsheets,
embedded intranet dashboards, or mobile reporting apps.
These platforms differ in default chart-type support,
interactivity, and the degree to which they enforce consistent
color and axis conventions across panels, but they share the
same fundamental chart-encoding process described in

Section 11l, and consequently share many of the same
categories of misreading even where measured accuracy
differs.

Table | summarizes four general dimensions along which

|| Peer-Reviewed | Open Access | International Journal ||

everyday retail visualization platforms commonly vary: whether
interactive filtering and drill-down is supported by default, whether
the platform enforces a consistent color and axis convention across
an entire dashboard, whether it supports direct annotation of charts
with target lines or thresholds, and whether it exposes the
underlying data table alongside the chart. These dimensions matter
directly for the error patterns examined later: platforms lacking
consistent cross-panel conventions are structurally more prone to
axis- and color-related misreading regardless of chart-type choice,
while platforms that expose the underlying data table alongside a
chart are less prone to certain classes of silent aggregation error.

Capability Common in General Use Reduces Which Error Type Evaluated Here
Interactive filtering / drill-down Varies by platform Context loss on comparison Partially
Consistent cross-panel color/axis rules Varies by platform Axis & color misreading Yes

Target-line / threshold annotation Varies by platform Ambiguous magnitude judgment No

Underlying data table exposed Varies by platform Silent aggregation error No

TABLE I. PLATFORM CAPABILITIES RELEVANT TO EVERYDAY RETAIL VISUALIZATION ACCURACY

Because this study evaluates chart types in a standardized
dashboard shell common to typical daily retail reporting, in order
to isolate the base perceptual and layout effects of the chart type
itself rather than any single vendor's authoring conventions, the
results in Section VII should be read as characterizing this
commonly encountered configuration rather than every possible
platform implementation; dashboards configured with stronger
annotation and consistency guardrails would be expected to show
reduced, though likely not eliminated, error rates in the
corresponding categories.

V. METHODOLOGY

A. Task Categories

We selected six task categories intended to represent the
breadth of everyday retail sales-dashboard use: overall sales-trend
monitoring (identifying direction and turning points in daily or
weekly revenue), product-level performance comparison (ranking
categories or SKUSs), regional and store comparison, customer
segmentation (reading cohort or RFM-style breakdowns),
inventory status monitoring (stock-out and overstock signals), and
short-term sales forecasting (reading a projected trend line against
recent actuals). These categories were selected through a review of
publicly discussed retail-analytics use cases and pilot interviews
with twenty-five regular dashboard users across store operations,
merchandising, and category-management roles, who were asked
to describe the visualization-based questions they had personally
answered within the previous month; the six categories reported
here collectively accounted for the large majority of use cases
mentioned, giving reasonable confidence that they represent
genuinely common daily usage rather than an arbitrary academic
taxonomy.

B. Trial Protocol

For each of six commonly used visualization techniques — bar
chart, line chart, heatmap, treemap, geographic map, and pie chart,
denoted Technique 1 through 6 to preserve tool-neutral comparison
— we presented 75 chart-reading tasks per category built from a
common, anonymized retail sales dataset spanning twelve months,
five regions, and eight product categories (450 tasks per technique,
2,700 total responses). Tasks were drawn from a mix of author-
designed items and adapted questions submitted by pilot
participants, and the underlying data was held constant across all
six techniques so that only the visual encoding varied. Each
response was independently scored by two trained human raters
against a verified ground-truth answer key derived directly from
the source dataset; disagreements were resolved by a third rater. A
response was marked correct only if it was both numerically
accurate and directly responsive to the question asked.

C. Complexity and Trust Sub-studies

To study the effect of dashboard complexity, a subset of 300
tasks was repeated using both a single-metric static chart and an
equivalent five-metric interactive dashboard view, holding the
underlying data constant. To measure the gap between perceived
and actual reliability, 200 participants rated their subjective
confidence in their own chart reading across six chart types on a 0—
100 scale immediately after answering each task, without being
told whether their answer was later verified correct.

D. Ground-Truth Verification

Ground-truth answers for trend, comparison, inventory, and
forecasting tasks were established prior to data collection by
computing the correct value or ranking directly from the source
dataset, so that raters scored against a fixed key rather than their
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own judgment where an objective answer existed. For
segmentation tasks, where a small number of defensible groupings
exist, raters instead scored logical consistency with the underlying
cohort definitions and task relevance using a structured rubric
agreed upon before scoring began, and any task for which the two
primary raters could not reach agreement after discussion was
escalated to a third, more senior rater whose judgment was final.

VI. EVALUATION METRICS

A single accuracy percentage, on its own, can obscure
important differences in how a chart type fails and how a user
experiences that failure. A chart that is occasionally but obviously

Indo Asian Journal of Management and Entrepreneurship (IAJOME)
|| 1SSN: 2319-2992, Impact Factor 5.007 ||
|| Peer-Reviewed | Open Access | International Journal ||

ambiguous is arguably safer to use than one that is slightly more
often misread but appears unambiguous; likewise, a chart that is
read quickly but incorrectly is not truly effective in any useful
sense. For this reason, we report five complementary metrics rather
than accuracy alone.

Table 1l summarizes the five metrics used throughout the
analysis. Comprehension accuracy and misinterpretation rate are
the primary correctness measures; task-completion time and
consistency capture qualitative aspects of usefulness that raw
accuracy alone does not reflect; perceived clarity is reported as a
secondary usability measure.

Metric Definition Purpose
Comprehension Accuracy Proportion of chart-reading tasks answered correctly Overall
correctness

Misinterpretation Rate

Share of responses reflecting a specific, classifiable reading error

Trustworthiness

Task-Completion Time Time taken to arrive at a final answer Efficiency
Consistency Agreement across repeated identical tasks Reliability
Perceived Clarity Self-reported confidence in the correctness of one's own reading Usability

TABLE II. EVALUATION METRICS

VII. RESULTS AND ANALYSIS

This section presents results in four parts corresponding to the
three research questions posed in Section | plus a supporting
statistical analysis: task-wise accuracy across the six categories
(Fig. 1, Table I1), the distribution of error types underlying that
accuracy (Fig. 2), the effect of dashboard complexity (Fig. 3), and
the gap between user-perceived and measured comprehension (Fig.
4). Across all four analyses, the same underlying pattern recurs:
performance is strong and fairly uniform for simple, low-
dimensional encodings that map directly onto position and length,

and weaker and more variable for techniques that compress many
dimensions onto color, area, or geographic shape.

Fig. 1 presents task-wise comprehension accuracy for three
broad technique groups evaluated: static spreadsheet-style charts,
static business-intelligence reports, and interactive business-
intelligence dashboards. All three groups performed best on sales-
trend monitoring (88-95%) and regional comparison (79-90%),
moderately on product performance and inventory status (69—
91%), and worst on sales forecasting (58-70%), where none of the
technique groups exceeded 70% accuracy.
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Fig. 1. Task-wise comprehension accuracy of evaluated visualization techniques
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Fig. 1. Task-wise comprehension accuracy comparison of evaluated visualization techniques.
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Task Category Technique A (Static Technique B (Static Bl Technique C (Interactive
Spreadsheet) Report) Dashboard)
Sales Trend Monitoring 90% 88% 94%
Product Performance 78% 75% 86%
Regional Comparison 82% 79% 90%
Customer Segmentation 71% 69% 80%
Inventory Status 85% 82% 91%
Sales Forecasting 62% 58% 70%

TABLE Ill. COMPREHENSION ACCURACY BY TASK CATEGORY (%)

Interactive dashboards were the strongest performer in every
category, but the relative ordering of task difficulty was identical
across all three technique groups, suggesting the pattern reflects a
general property of how retail sales data is visually encoded rather
than an idiosyncrasy of a single platform.

Fig. 2 breaks down the errors observed across all 2,700 trials
by type. Overplotting and visual clutter — too many marks or

categories crowded onto one chart — accounted for the largest
share (27%), followed by misleading scale or axis choices (24%)
and poor color encoding (19%). Chart-type mismatches, in which a
technique poorly suited to the underlying comparison was used,
still accounted for 16% of errors, concentrated in segmentation and
forecasting tasks.

Fig. 2. Distribution of observed interpretation errors across all trials

QOverplotting /
Clutter

Misleading
Scale/Axis

Fig. 2. Distribution of observed interpretation errors across all trials.

Fig. 3 shows the effect of dashboard complexity. Accuracy on
static single-metric charts declined from 93% at the lowest
complexity level to 50% at the highest, while interactive multi-

Other

Context Loss
(too many filters)

Chart-Type
Mismatch

Poor Color
Encoding

metric dashboards showed a shallower decline, from 95% to 72%.
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The narrowing but persistent gap between the two curves as
complexity increases indicates that interactivity mitigates,
but does not eliminate, the accuracy cost of packing more
dimensions onto one screen.
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Fig. 3. Effect of dashboard complexity on interpretation accuracy
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Fig. 3. Effect of dashboard complexity on interpretation accuracy.

Finally, Fig. 4 compares participants' perceived clarity of each
chart type against their measured comprehension accuracy on the
same chart type. Perceived clarity exceeded measured
comprehension for the two most visually dense encodings tested,
most notably heatmaps (70% perceived versus 66% measured) and

treemaps (62% perceived versus 55% measured), while for bar and
line charts perceived clarity slightly underestimated actual
comprehension. This asymmetry suggests users are least able to
calibrate their confidence precisely in exactly the chart types where
miscalibration is most likely to produce an unnoticed misreading.
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Fig. 4. Gap between perceived clarity and measured comprehension by chart type
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Fig. 4. Gap between perceived clarity and measured comprehension by
chart type.Differences in comprehension accuracy between

A. Statistical Significance task categories were tested using a chi-square test of
independence on

correct/incorrect counts, which was significant at p < 0.01 for all three
technique groups, confirming that task category is a strong predictor of
outcome rather than an artifact of sampling. The accuracy gap between
static and interactive dashboard conditions in Fig. 3 was likewise
significant at every complexity level above the baseline (p < 0.05,
paired comparison), while inter-rater agreement across the two primary
human raters was substantial (Cohen's kappa = 0.79), supporting the
reliability of the correctness labels underlying all reported figures.

B. Response Consistency

Beyond accuracy, we measured consistency by re-presenting a 150-
task subset five times each to independent viewer groups and
computing the proportion of runs yielding a materially identical answer.
Consistency tracked accuracy closely: sales-trend and regional-
comparison tasks exceeded 90% cross-viewer consistency, while
forecasting and segmentation tasks fell to 64% and 70% respectively,
indicating that these categories are not only less accurate on average but
also less predictable from one viewer to the next — a property that
matters for decisions repeatedly made from the same dashboard, such as
recurring reorder or staffing calls.

VI LIMITATIONS OF VISUALIZATION
TECHNIQUES IN RETAIL SALES ANALYSIS

The results presented in Section VII point to a consistent set of
underlying limitations rather than isolated, unrelated failures. This
section organizes those limitations into eight categories, moving from
the most directly perceptual causes toward the more behavioral and
organizational consequences of imperfect chart comprehension, so that
dashboard designers, analytics teams, and everyday retail users can each
identify the subset most relevant to their own responsibility for
mitigating misreading.

A. Overplotting and Visual Clutter

Because retail dashboards often display many products, stores, or
time periods at once, charts can become crowded with overlapping
marks or excessive categories, consistent with prior findings that
information density beyond a chart's effective capacity increases
misreading even when every underlying data point is correct [3]. This
was the single largest error source in our own results.

B. Misleading Scale and Axis Choices

Truncated or inconsistently scaled axes can make a modest change
in sales look dramatic, or a real change look negligible. Our results
confirm this is the second-largest error source across all technique
groups evaluated, and it was especially pronounced when static charts
from different report sections used different axis conventions.

C. Color Encoding and Perceptual Limitations
Comprehension accuracy fell more steeply for heatmaps and
treemaps, which rely heavily on color and area encoding, than for bar
499
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and line charts of comparable underlying complexity, consistent
with prior graphical-perception rankings showing that color and
area are decoded less precisely than position and length [1], [2],

[71.
D. Task-Sensitive Technique Fit

Performance is not uniform across task types: prior perception
research found that different encodings suit different comparison
and estimation tasks [1], [2], and our own error-type analysis found
the largest share of chart-type mismatches in segmentation and
forecasting tasks — precisely the tasks where users reported the
highest subjective confidence in the chart type shown to them.

E. Forecast and Trend-Line Misreading

Although trend and forecast lines are a well-studied chart
element, our trials show that viewers frequently over-
extrapolate a short recent trend or fail to distinguish a
projected forecast segment from actual historical data when
the two are rendered in similar line styles.

F. Overreliance and Miscalibrated Confidence

Perhaps the most practically significant limitation is not
technical but behavioral: users tend to over-trust visually
dense, professionally styled charts in exactly the categories
— segmentation and forecasting — where errors carry the
greatest planning cost. Polished formatting can mask
underlying ambiguity that the chart itself does not always
signal reliably. This effect appears to compound with
familiarity: participants who reported frequent daily
dashboard use rated their confidence in dense chart types no
lower, and in some cases slightly higher, than infrequent
users, suggesting that repeated satisfactory experience with
simple trend charts may generalize inappropriately into false
confidence for denser chart types.

G. Inconsistent Cross-Panel Conventions

Because many retail dashboards are assembled from
panels built by different teams or at different times, color,
axis, and sorting conventions can vary from one panel to the
next within the same dashboard. Several raters flagged
inconsistent category ordering and color-to-category
mapping across panels during regional-comparison trials,
suggesting this is a worthwhile direction for dedicated
follow-up work. Because such inconsistencies are rarely
flagged as errors under a strict correctness rubric — the
underlying numbers may still be arithmetically valid — this
class of limitation is likely underrepresented in the accuracy
figures reported in Section VI relative to its practical impact
on daily dashboard use.

H. Lack of Uncertainty and Data-Freshness Signaling

Across nearly all error cases observed, misleading charts
were rendered with the same polished, confident visual style
as clear ones. Current retail dashboard tooling rarely exposes
a data-freshness timestamp or a confidence band alongside a
forecast line, leaving users without a reliable cue for when
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independent verification against the underlying data table is
warranted — a gap that connects directly to the trust-calibration
findings in Fig. 4 and motivates the interface recommendations in
Section XI.

IX. CASE STUDIES IN DAILY RETAIL DASHBOARD
USE

A. Daily Sales-Trend Monitoring

Store managers frequently used a simple daily-revenue line
chart to decide whether a promotion needed adjustment.
Comprehension was high overall, but raters noted that a
compressed y-axis on smaller mobile dashboard views
occasionally made a genuine dip look like normal daily noise.

B. Regional Performance Comparison

Bar-chart comparisons across regions were generally read
correctly at a conceptual level, but rankings sometimes flipped
when viewers compared absolute revenue rather than the per-store
or per-square-foot figure the dashboard actually intended, directly

reflecting the chart-type and metric-framing limitation discussed in
Section VIII-D.

C. Customer Segmentation Dashboards

Multi-panel segmentation dashboards — for example, a scatter-and-
color combination showing recency, frequency, and monetary value
together — showed the clearest evidence of color-encoding degradation.
Viewers regularly misassigned customers to the wrong value tier when
color bands were visually similar, forcing them to re-check the legend
and directly illustrating the trend quantified in Fig. 4.

D. Inventory Heat Maps
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Category-by-store inventory heat maps were handled
with reasonably high accuracy for spotting the single worst
stock-out, but viewers occasionally missed a second, less
visually prominent problem cell elsewhere on the same map
— an error mode that is especially risky because it is not
visibly detectable without systematically scanning the entire
grid rather than relying on the most saturated color to jump
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out.

E. Representative Tasks

Table IV lists one representative task from each evaluated
category together with the primary error mode observed for that
category across trials, illustrating the qualitative texture behind the
aggregate figures reported in Section VII.

Category

Example Task

Common Error Mode

Sales Trend

"Is weekly revenue trending up or down?"

Rare; axis compression on small
screens

Product Performance

"Which category grew fastest this quarter?"

Metric-framing confusion
(absolute vs. per-unit)

Regional Comparison

"Which region underperformed its target?"

Rank reversal from unnormalized
figures

Customer Segmentation

"Which tier does this customer belong to?"

Color-band misassignment

Inventory Status

"Which stores are at risk of stock-out?"

Missed secondary problem cell

Sales Forecasting

"Will next month exceed this month?"

Forecast/actual line confusion,
over-extrapolation

TABLE IV. REPRESENTATIVE TASKS AND ERROR MODES
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X. DISCUSSION

Taken together, these findings suggest that chart comprehension is best understood as a task-dependent surface rather than a single design
quality score. Techniques that perform impressively on trend monitoring and regional comparison should not be assumed to carry that same
reliability into denser, color-heavy, or forward-looking panels. The steep accuracy decline with dashboard complexity further implies that the
riskiest real-world usage pattern is not a single isolated chart but an extended, multi-panel review session, precisely the interaction style that
daily retail dashboard use encourages.

The trust-gap results carry a design implication as much as a user-education one: dashboards that surface data-freshness timestamps,
forecast confidence bands, or visually flag denser panels as requiring closer reading could help close the gap between perceived and actual
comprehension, particularly for the sensitive categories identified in Fig. 4. It is also notable that the ranking of task difficulty was identical
across all three evaluated technique groups despite differences in absolute accuracy, which suggests these limitations arise from shared
perceptual properties — reliance on color and area decoding, fixed screen real estate, and imperfect handling of multiple simultaneous filters —
rather than from implementation choices specific to any single platform.

It is worth situating these findings against the perception literature reviewed in Section Il. Where prior controlled studies reported an
encoding-accuracy ranking under laboratory conditions [1], [2], our task-category design shows that this ranking persists, and in some cases
widens, once encodings are embedded in realistic, multi-panel retail dashboards rather than presented in isolation, suggesting the underlying
issue generalizes beyond the narrow conditions in which it was originally measured.

A further implication concerns responsibility allocation.
Because dashboards do not reliably signal their own ambiguity, the burden of verification currently falls almost entirely on the viewer, and
our trust-gap data show that viewers are least equipped to carry that burden precisely where it matters most. This asymmetry argues for
shared responsibility between dashboard designers, who can improve encoding choices and consistency, analytics teams, who can surface
data-freshness and confidence information more visibly, and end users, who benefit from explicit guidance on which panel types warrant a
second, more careful look.

There is also a broader implication for how dashboard quality should be communicated within a retail organization. Analytics teams
frequently promote a new dashboard on the strength of its visual polish alone, which our results suggest is a poor proxy for how accurately
it will actually be read by store-level staff under time pressure. A more informative internal communication norm would report expected
comprehension accuracy broken down by task category — closer to the format of Table 111 in this paper — so that dashboard owners can
form category-specific expectations rather than a single, overly generalized impression of a dashboard's effectiveness.

XI. RECOMMENDATIONS

A. For Everyday Retail Dashboard Users

Users should treat dense, color-encoded panels such as heatmaps and treemaps as a starting point for further investigation rather than a
final answer, cross-checking against the underlying data table for consequential decisions such as reorder quantities or staffing changes,
especially in multi-panel dashboards where an earlier comparison baseline may have silently changed between panels.

B. For Dashboard Designers and Analytics Teams

Enforcing consistent axis, color, and sorting conventions across all panels within a dashboard, adding explicit data-freshness timestamps,
and visually distinguishing forecast segments from historical actuals would directly address the largest error sources identified in Fig. 2.
Progressive-disclosure layouts that reveal additional metrics only on request could also mitigate the complexity-driven accuracy decline
observed in Fig. 3.

C. For Retail Organizations and Training Programs

Organizations rolling out new dashboards to store-level and regional staff should consider brief, chart-type-specific training that
specifically teaches the category-dependent nature of dashboard reliability — rather than a blanket "read the dashboard carefully" caution —
better equipping staff to calibrate their confidence the way our Fig. 4 results suggest is currently lacking, particularly for newer or less data-
literate staff encountering these tools without prior analytics background.

X1l. FUTURE WORK

Future work should extend this evaluation to a larger and more diverse set of retail dashboard platforms and industry verticals (grocery,
apparel, e-commerce), incorporate longitudinal re-testing as dashboard designs are updated, and examine whether emerging natural-language
and automated-insight features meaningfully close the forecasting comprehension gap identified here. Studying targeted interface interventions
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— confidence bands, data-freshness flags, and consistency-enforcing templates — and measuring their effect on user trust calibration is a
particularly promising direction suggested directly by our Fig. 4 results. A further avenue is examining comprehension across viewer roles and
experience levels, since prior usability literature suggests dashboard effectiveness is not uniform across audiences [4], which our single-
organization study could not fully capture. Longitudinal tracking of the same task categories across successive dashboard redesigns would also
help distinguish genuine perceptual limitations, which are likely to persist across redesigns, from transient limitations that better design practice
may resolve.

Finally, extending the trust-calibration sub-study with a controlled intervention — randomly assigning some participants a dashboard with
visible confidence bands and others a standard dashboard — would move the recommendations in Section X1 from plausible design principles
to empirically validated ones.

XI1. THREATS TO VALIDITY

Several factors limit the generalizability of these results. The six evaluated techniques were tested within a single standardized dashboard
shell built for this study; production dashboards from any given vendor may implement a chart type with somewhat different default styling, so
absolute accuracy figures should be read as characterizing the chart type in a controlled shell rather than every possible commercial
implementation. Tasks were built from a single retail dataset covering twelve months, five regions, and eight categories, so findings on task-
category and complexity effects may not transfer directly to retail formats with substantially different data shapes, such as very high-SKU-count
grocery assortments. Human rating, while supported by substantial inter-rater agreement, still involves subjective judgment on borderline
segmentation responses. Finally, the trust-gap sub-study relied on self-reported confidence ratings from a convenience sample of participants
drawn from a limited number of partner organizations, which may not generalize to the full population of daily retail dashboard users.

An additional threat concerns task design: because the authors constructed or adapted all evaluation tasks, unconscious selection
effects may favor question phrasings that are somewhat more tractable or more ambiguous than the full natural distribution of real
business questions, even though a portion of items were sourced from genuine pilot-participant submissions specifically to mitigate this
risk. plicating this protocol with tasks sampled directly and randomly from live dashboard usage logs and help-desk queries, where such
data can be obtained under appropriate privacy safeguards, would strengthen confidence in the external validity of the reported accuracy
figures.

XIV. CONCLUSION

Across six categories of everyday retail sales-analysis tasks and 2,700 human-rated trials, the visualization techniques examined here
told a consistent story. Sales-trend monitoring and regional comparison were handled well by simple, position-based encodings; dense
color- and area-based encodings, multi-metric dashboards, and short-term forecasting panels were not. A measurable gap between users'
perceived clarity and actual measured comprehension was found to be largest precisely in the densest, highest-stakes panel types. These
results reinforce that retail dashboards are most safely used as decision-support tools whose denser panels benefit from cross-checking
against the underlying data, particularly for consequential inventory, staffing, or forecasting decisions, and they point toward concrete
design and evaluation directions for narrowing the gap between how clear a dashboard appears and how accurately it is actually read.

As retail organizations continue to embed dashboards ever more deeply into daily operations, the central lesson of this study is one of
calibration rather than avoidance: the goal is not to distrust these visual tools uniformly, but to match one's confidence to the specific chart
type and task at hand. A dashboard panel that clearly shows this week's sales trend is not thereby a reliable basis for a fine-grained
customer-tier assignment or a precise forecast, and treating every panel on a dashboard as equally easy to read correctly is precisely the
assumption that this paper's evidence argues against. Closing the gap between perceived and actual comprehension — through better
encoding choices, clearer internal communication of category-specific reliability, and continued design progress on consistency, annotation,
and uncertainty signaling — remains an open and consequential challenge for retail analytics practice.
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