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mission-control systems, that difference is more than a matter of visual
design. It can affect operational decisions and, ultimately, mission safety.
This study investigates when information visualizations lead to judgment
errors, where viewers allocate visual attention, what they remember, and
whether these outcomes can be predicted from visual features. Two
publicly available human datasets, CALVI and MASSVIS, were analyzed.
The CALVI analysis showed that misleading visualizations reduced
judgment accuracy from 79.7% to 39.4%, with accuracy varying from
3.6% to 70.1% across different types of misleading designs. The MASSVIS
analysis found that viewers directed their first fixation to the data region
in 68.9% of cases and that visualizations containing human-recognizable
objects achieved much higher memorability than those without.
Explainable machine learning models were used to predict deception and
memorability, and SHAP identified the visual features that contributed
most to each prediction. This study establishes quantitative evidence on
how visualization design influences human interpretation and informs the
design and evaluation of dependable interfaces for high-risk space
environments.
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1. Introduction

Data visualizations play an important role in high-risk environments such as spacecraft, mission control
centers, and aircraft cockpits. Operators rely on visual displays to monitor system status, detect problems, and
make rapid decisions. In these settings, even a small misunderstanding can lead to serious consequences.
Space missions are especially demanding because operators must work under time pressure, uncertainty, and
limited opportunities to recover from mistakes [1]. For this reason, the design of a visualization influences
human performance heavily. If important information is difficult to find or is displayed in a misleading way,
users are more likely to make incorrect decisions. NASA refers to these interface-related mistakes as design-
induced errors and emphasizes that flight displays should be easy to interpret, minimize cognitive workload,
and support situation awareness so that crews can respond to hazards quickly [2].

Importance of visual clarity is particularly vital in spaceflight. The NASA Space Shuttle Cockpit Avionics
Upgrade redesigned fault-management displays after researchers found that cluttered interfaces made system
failures harder to diagnose. Simulator studies showed that the redesigned displays improved situation
awareness, reduced workload, and increased task performance [3]. Other studies also found that color helps
operators identify urgent information more efficiently when it is used appropriately [4]. As space missions
extend beyond low Earth orbit, communication delays and blackouts will require astronauts to make decisions
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without support from ground control. Their survival will be more dependent on on-board electronic devices.
NASA identifies human-computer interaction as an important operational risk for future space missions [5].
In such conditions, a misleading visualization is a potential threat to the mission and the crew.

These operational challenges and risks motivate three questions. First, what kinds of visualizations are most
likely to mislead people? Second, where do people look when reading a visualization, and which visual features
make information easier to remember? Third, can visual clarity be predicted from measurable characteristics
of a visualization before the design is deployed? Previous studies of visual cognition show that people rely on
rapid, intuitive processing, which can increase susceptibility to misleading visual encodings [6]. Also, visual
characteristics influence both eye movements and memorability [7, 8]. Furthermore, several public datasets
have made it possible to study human responses to visualizations using behavioral and eye-tracking data [9,
10].

This study uses similar methods to those used to evaluate spaceflight interfaces. NASA’s Intelligent Spacecraft
Interface Systems laboratory recorded astronaut eye-tracking with behavioral measures such as error rates
and workload to understand how crews search for information and make decisions during simulated
spaceflight [11]. These measurements were also used to develop models that predict human eye movements.
Since then, eye-tracking has become a common tool for evaluating attention, workload, and situation
awareness in aviation and astronaut training [12, 13].

There are two datasets used in this study that follow a similar objective. The CALVI dataset measures how
accurately people interpret misleading visualizations [9], and the MASSVIS dataset contains eye-tracking with
memorability data from real-world visualizations [7, 8]. These datasets contribute to studying judgment
accuracy, visual attention, and memory using large-scale human data. They also provide an efficient way to
investigate design problems that are difficult to study in spaceflight environments. Using CALVI and MASSVIS,
we first examine how different misleading designs affect judgment accuracy. We then analyze how visual
attention is distributed across a visualization and which visual features are associated with memorability.
Finally, we develop explainable machine learning models to predict judgment errors and memorability and
use SHAP to identify the visual features that contribute most to each outcome.

2. Related Work

2.1. Visualization and Decision Making

Studies have shown that the way information is visualized affects how people interpret data. Padilla et al. [6]
proposed a cognitive framework based on dual-process theory, which suggests that people often rely on fast,
intuitive processing before engaging in slower, more accurate reasoning. As a result, visual features that
immediately attract attention can strongly influence judgment, especially under time pressure. For instance,
operators in spacecraft or mission control need to make rapid decisions using visual displays. If a visualization
emphasizes the wrong information or makes important information difficult to notice, users may reach an
incorrect conclusion even with accurate data.

2.2. Misleading Visualizations and Visualization Literacy

Visualization literacy has focused on whether people can correctly interpret well-designed charts. Ge et al. [9]
pointed out that this approach overlooks the ability to recognize a misleading visualization. They developed
CALVI, a visualization literacy assessment that contains eleven categories of misleading designs, such as
truncated axes, inverted scales, and other forms of visual distortion in multiple chart types. The dataset
contains misleading visualizations and a large collection of human responses. Their results showed that
susceptibility to misleading visualizations can be measured more precisely and varies across different types of
misleading designs. In the context of space systems, similar design choices could unintentionally appear in
spacecraft telemetry displays or mission-control interfaces. Understanding which types of misleading
visualizations produce the highest error rates can help identify design patterns that require additional revision
during interface development.

2.3. Attention, Memory, and Visual Design

Another research investigates how visual design influences attention and memory. Borkin et al. [7] found that
some visual attributes are remembered more consistently than others, with human-recognizable objects
showing one of the strongest effects on memorability. In a follow-up study, they combined eye-tracking with
memorability data and showed that viewing patterns are closely related to what people later recognize and
recall [8]. The MASSVIS dataset from these studies includes eye-tracking data, memorability scores, and
annotations describing the visual properties of real-world visualizations. The dataset makes it possible to
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examine both where people pay their attention and which visual attributes are associated with stronger
memory. These questions are also relevant to spaceflight interfaces because operators must quickly identify
important information and recall it while completing complex tasks.

2.4. Eye Tracking and Predictive Modelling of Operator Behaviour

Eye-tracking is used to evaluate attention and situation awareness in safety-critical environments. Studies in
aviation have shown that experienced pilots scan displays differently from novices, and these differences are
associated with better situation awareness and task performance [12]. Similarly, NASA's Intelligent Spacecraft
Interface Systems laboratory combined astronaut eye-tracking with behavioral measures such as error rates
and workload during simulated missions. These data were then used to develop models that predict eye
movements [11]. Reviews of astronaut training have also identified eye-tracking as an effective way to estimate
attention and mental workload during tasks such as spacecraft docking and teleoperation [13]. Like previous
research, we combine eye-tracking and behavioral data with machine learning. However, rather than focusing
only on prediction accuracy, we use SHAP to explain which visual features contribute most to judgment errors
and memorability.

2.5. Human-Centered Datasets for Visualization Understanding

Recent public datasets have made it easier to study how people interpret visualizations. Verma et al. [10]
introduced CHART-6, a benchmark that combines several visualization datasets with corresponding human
responses. Using these methods, we analyze how people interpret visualizations using observed behavior.
With the MASSVIS dataset [7, 8], these datasets provide information about judgment, attention, and memory.
We examined multiple aspects of human visualization understanding.

2.6. Human Factors in Space Interfaces

Research in aerospace human factors has consistently shown that interface design affects operator's
performance. NASA's human integration standards identify design-induced error, cognitive workload, and
situation awareness as important considerations when developing crew interfaces [2]. The Cockpit Avionics
Upgrade program also showed that redesigning cluttered displays improved situation awareness, reduced
workload, and increased task performance, with color coding playing an important role [3, 4]. As future
missions require greater crew autonomy, NASA also recognizes human-computer interaction as an important
operational risk [5].

3. Methodology

3.1. Overview of Studies

This paper consists of three complementary studies that investigate different aspects of how people interpret
information visualizations. Study 1 analyzes the CALVI dataset to measure how misleading chart designs affect
judgment accuracy. Study 2 analyzes the MASSVIS dataset to examine where viewers direct their attention the
most and which visual attributes improve memorability.

Study 3 builds explainable machine learning models to predict deception and memorability from visual
features and uses SHAP to identify the features that drive each outcome. Overall, these three studies identifies
when visualizations cause errors, explain how people process visual information, and finally predict these
outcomes using explainable models.

3.2. Datasets

This study uses two publicly available human datasets. The first dataset CALVI focuses on judgment errors
caused by misleading visualizations, and the second dataset MASSVIS focuses on visual attention and memory:.
They are analyzed independently because the datasets have different stimuli, tasks, and participants.

3.2.1. CALVI (Deception)

The first dataset is the Critical Thinking Assessment for Literacy in Visualizations (CALVI) [9], from the CHART-
6 benchmark [10]. CALVI measures how well people identify misleading visualizations. Each item consists of
a chart and a corresponding question. Some charts are intentionally misleading, and others are correctly
designed. Misleading charts include eleven types of visual distortions, such as inappropriate axis ranges and
inverted axes. Each response records whether the participant answered correctly. From the CHART-6 human-
response dataset, we selected all records with the CALVI test type and Human agent type. The final dataset
contains 13,926 responses with 60 visualization items. Among these, 7,485 responses correspond to normal
visualizations and 6,441 correspond to misleading visualizations. The 45 misleading items are also labeled by
misleader type (11 categories) and chart type (9 categories).
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3.2.2. MASSVIS (Attention and Memory)

The second dataset is the Massachusetts Visualization (MASSVIS) dataset [7, 8], which combines real-world
visualizations with memorability scores, eye-tracking data, and visual attribute annotations. We analyzed the
393 visualizations for which all of these data are available. Each visualization contains annotations about its
visual properties, including data-ink ratio, number of distinct colors, visual density, black-and-white status, the
presence of human-recognizable objects or human figures, and data and message redundancy.

Memorability is measured using the prolonged hit rate, which is the percentage of participants who correctly
recognized a visualization after a delay. The eye-tracking data record the location and duration of every fixation
while participants viewed each visualization. Additional annotation files explain the locations of interface
elements such as the title, data region, axes, legend, and other components. These annotations allow each
fixation to be assigned to a specific region of interest for further analysis.

3.3. Study 1: Deception Analysis (CALVI)

We investigated how misleading visualizations affect judgment accuracy. Each response was classified as either
a normal or misleading visualization. To examine this, we compared accuracy between the two groups using
the Mann-Whitney U test. In the second analysis, we matched each misleading response with its corresponding
misleader type. We calculated the accuracy for each misleader category and used a chi-square test of
independence to elucidate whether judgment accuracy differed across misleader types. We also calculated
accuracy for each individual visualization to identify the designs that produced the highest error rates.

3.4. Study 2: Attention and Memory Analysis (MASSVIS)

We examined how visual design influences memory and visual attention. We first tested the relationship
between each visual attribute and memorability. Binary attributes, including the presence of a human-
recognizable object and data or message redundancy, were compared using the Mann-Whitney U test.
Continuous and ordinal attributes, which includes the number of distinct colors, data-ink ratio, and visual
density, were analyzed using Spearman’s rank correlation.

For the attention analysis, each fixation was assigned to a region of interest according to its coordinates. The
labeled interface elements were grouped into five regions including the title, data region, axis, legend, and
other elements. We identified both the first fixation and all subsequent fixations for every participant and
visualization. From 393 visualizations, we calculated the proportion of first fixations, the proportion of total
fixations, and the mean fixation duration for each region. These measures were used to examine where
participants looked first and how visual attention was distributed throughout each visualization.

3.5. Study 3: Predictive Modelling and Explanation

In the third study, we assessed whether visual features can predict memorability and judgment accuracy. We
developed two separate prediction tasks, one using the MASSVIS dataset and the other using the CALVI dataset.
For the MASSVIS dataset, each visualization was represented by eight visual attributes. Binary variables were
encoded as 0 or 1, and memorability was classified as high or low using the median prolonged hit rate (84.2%)
as the threshold. For the CALVI dataset, each response was represented by the misleader type, chart type, and
task category. These variables were one-hot encoded and had 26 input features.

The prediction target was whether the participant answered correctly or was misled by the visualization. For
both datasets, we trained a LightGBM classifier and compared its performance with a Logistic Regression
baseline. Model performance was evaluated using five-fold cross-validation with accuracy, F1 score, and ROC-
AUC. To explain the model predictions, we used SHAP (SHapley Additive exPlanations).

SHAP estimates the contribution of each feature to the model's predictions and ranks features according to
their overall importance. This analysis identifies which visual characteristics contribute most to memorability

and judgment errors. Table 1 summarizes the datasets, analyses, and methods used in each study.

Table 1. Summary of datasets and analytical methods across the three studies.

Study Dataset Unit of analysis Primary methods

1 (Deception) CALVI[9,10] 13,926 responses / 60 items Mann-Whitney U; chi-square
2 (Memory) MASSVIS [7, 8] 393 visualizations Mann-Whitney U; Spearman
2 (Attention) MASSVIS [7, 8] Fixations over 393 vis. Point-in-polygon AOI mapping
3 (Prediction) Both Responses / visualizations LightGBM vs logistic; SHAP
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4. Results

The analyses use behavioral responses from 497 participants in the CALVI dataset and eye-tracking data
collected from 33 participants across 393 visualizations in the MASSVIS dataset.

4.1. Study 1: Misleading Visualizations and Judgment Errors (CALVI)

4.1.1. Misleading Design Substantially Reduces Judgment Accuracy

Human accuracy was compared between normal and misleading visualizations. Participants achieved a mean
accuracy of 79.7% on normal charts (n = 7,485), compared with 39.4% on misleading charts (n = 6,441), shown
in Figure 1. A Mann-Whitney U test showed that this difference of 40.3 percentage points was statistically
significant (p < 0.001). Although the underlying data were identical, changing only the visual encoding reduced
the likelihood of a correct judgment by nearly half. Visual design alone can substantially influence human
interpretation in situations where accurate decisions depend on rapid interpretation of graphical information.
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Figure 1. Human accuracy on normal versus misleading visualizations.

4.1.2. Deceptiveness Varies Substantially Across Misleader Types

The 45 misleading visualizations were grouped into 11 misleader categories, and judgment accuracy was
calculated for each category. Accuracy ranged from 3.6% to 70.1%. A chi-square test confirmed that the
differences among categories were statistically significant (chi-square = 1113.4, df = 10, p is approximately
107-233). Figure 2 reports the most and least deceptive types.

H2: Accuracy by Misleader Type (lower = more deceptive)

Overplotting 3.6% (n=139)

Missing Data 4.0% (n=149)
Missing Normalization 10.1% (n=149)
Inappropriate Aggregation 19.4% (n=873)
Scales: Inappropriate Range 19.7% (n=1144)
Scales: Scale Functions 25.8% (n=534)
Cherry Picking 47.4% (n=291)
Concealed Uncertainty 48.9% (n=427)
Scales: Unconventional Direction 55.7% (n=1407)
Scales: Inappropriate Order 59.3% (n=752)

Misleading Annotations 70.1% (n=576)

0.0 02 0.4 0.6 08 1.0
Human Accuracy (proportion correct)

Figure 2. Human accuracy by misleader type (selected types, ordered from most to least deceptive).

The results further support the idea that some misleading designs consistently produced much lower accuracy
than others. Overplotting and Missing Data were associated with the lowest performance, whereas categories
involving reordering or annotation produced relatively lower reductions in accuracy. Thus, different forms of
misleading visualization vary considerably in their effect on human judgment.
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4.2, Study 2: Visual Attention and Memory (MASSVIS)
4.2.1. Visual Attributes Influence Memorability

The relationship between visual attributes and memorability was examined across 393 visualizations (mean
memorability = 79.7%). Table 2 summarizes the results for the three binary attributes.

Table 2. Memorability by binary visual attribute.

Attribute Present Absent p-value
Human recognizable object (HRO) 90.5% 73.4% ~107-24
Message redundancy 81.8% 78.4% 0.001

Data redundancy 78.5% 80.0% 0.80 (n.s.)

According to Figure 3, visualizations containing a human-recognizable object achieved memorability scores
that were 17.1 percentage points higher than those without such objects (p < 0.001). Message redundancy was
also associated with higher memorability, although the effect was smaller. Data redundancy was not
significantly associated with memorability. Among the continuous visual attributes, the number of distinct
colors (Spearman’s p = 0.282), data-ink ratio (p = 0.190), and visual density (p = 0.170) all showed weak
positive correlations with memorability. Semantic visual elements showed a stronger association with
memorability than redundant information alone.
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Figure 3. Memorability by visual attribute and by number of distinct colors.

4.2.2. Initial Fixations Are Directed Predominantly to the Data Region

Each fixation was assigned to one of five regions of interest including the title, data region, axis, legend, and
other areas. The distribution of first fixations and total fixations was then analyzed. Figure 4 shows the
proportion of first fixations and of all fixations allocated to each region.

RQ2: Where Do People Look in a Visualization? (MASSVIS, n=393)
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Figure 4. Distribution of first and total fixations across regions of interest.
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The first fixation landed on the data region in 68.9% of observations, compared with 4.2% for the title. The
data region also received the largest proportion of all fixations (37.7%). Mean fixation duration ranged from
205 ms to 231 ms across all regions, with relatively small differences. This suggests that visual attention
differed mainly in where participants looked rather than in how long they looked at each location.

4.3. Study 3: Prediction and Explanation (Machine Learning and SHAP)

4.3.1. Visual Features Predict Deception and Memory, With Task-Dependent Structure

Two prediction tasks were evaluated. The first task classified each visualization in the MASSVIS dataset as
having above- or below-median memorability (84.2%) using eight visual attributes. Table 3 summarizes the
model performance.

Table 3. Memorability classification performance (5-fold cross-validation).

Model Accuracy F1 ROC-AUC
Baseline (logistic regression) 0.697 0.657 0.726
LightGBM 0.659 0.638 0.680

For memorability prediction, Logistic Regression achieved an accuracy of 0.697 and a ROC-AUC of 0.726, while
LightGBM achieved an accuracy of 0.659 and a ROC-AUC of 0.680. The linear baseline performed slightly better
than the gradient-boosting model. SHAP analysis identified the presence of a human-recognizable object as
the most influential feature (mean absolute SHAP = 0.987), which is consistent with the statistical results
reported above. Figure 5 shows that the presence of a human-recognizable object was the dominant feature
for predicting memorability.

Study 3: What Drives Memorability? (SHAP, LightGBM)

HRO

num_colors

data_ink_ratio

visual_density

message_redundancy

black_white

data_redundancy

human_depiction

0.0 0.2 0.4 0.6 0.8 1.0
Mean |SHAP value| (impact on memorability prediction)

Figure 5. SHAP feature importance for memorability prediction (MASSVIS).

The second task predicted whether participants correctly interpreted or were misled by each visualization in
the CALVI dataset using 26 encoded visual features.

Table 4 summarizes the model performance.

Table 4. Deception classification performance (5-fold cross-validation).

Model Accuracy F1 ROC-AUC
Baseline (logistic regression) 0.747 0.642 0.797
LightGBM 0.758 0.651 0.818

For deception prediction, Logistic Regression achieved an accuracy of 0.747 and a ROC-AUC of 0.797. LightGBM
achieved an accuracy of 0.758 and a ROC-AUC of 0.818, outperforming the linear baseline across all evaluation
metrics. SHAP analysis identified Misleading Annotations, several Scale Manipulation subtypes, and Bar Chart
encodings as the most influential features. Memorability was predicted more effectively by a linear model,
whereas deception prediction benefited from the nonlinear relationships captured by LightGBM. Figure 6
presents the SHAP importance values, identifying misleading annotations and scale manipulations as the
strongest drivers of deception.
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Study 3: What Makes People Fall for Misleading Charts?
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Figure 6. SHAP feature importance for deception prediction (CALVI).

5. Discussion

5.1. Interpretation of Findings

The results from Study 1 illustrate that misleading visualizations substantially reduce judgment accuracy.
Accuracy decreased from 79.7% for normal visualizations to 39.4% for misleading visualizations. However,
not all misleading designs had the same effect. Some misleader types produced much higher error rates than
others, ranging from 3.6% accuracy for overplotting to 70.1% for misleading annotations. Overplotting,
missing data, and inappropriate scale ranges were among the most deceptive designs, yet misleading
annotations had a much smaller effect. Thus, certain visualization techniques are consistently more likely to
produce judgment errors.

The findings from Study 2 help explain why some misleading designs are more effective than others.
Participants directed their first fixation to the data region in nearly 68.9% of cases, much more often than to
the title (4.2%) or other interface elements. Misleading information placed within the data region is likely to
influence interpretation early in the viewing process. The memory analysis also showed that visualizations
containing human-recognizable objects were remembered 17.1 percentage points more often than those
without them. In contrast, data redundancy did not significantly improve memorability. As a result, meaningful
visual content contributes more to long-term memory than repeating the same information.

Study 3 further corroborates these findings. Memorability was predicted reasonably well (area under the ROC
curve 0.73), but the LightGBM model did not outperform the Logistic Regression baseline. This suggests that
the relationship between the measured visual attributes and memorability is relatively simple. SHAP analysis
also identified human-recognizable objects as the most influential feature, consistent with the statistical
results from Study 2. The results for deception showed a different pattern. LightGBM achieved better
performance than Logistic Regression (area under the ROC curve 0.82). Judgment errors depend on
interactions between multiple visual features rather than on individual features alone. SHAP identified several
misleading design types as the strongest predictors of deception, which is consistent with the statistical
analysis in Study 1. The agreement between the statistical tests and the machine learning models increases
confidence in the overall findings.

5.2. Design Principles for High-Risk Space Interfaces
These findings can be used as a guidance for the design and verification of spacecraft and mission-control
interfaces, where interpretation errors can have serious consequences.

First, interface verification should focus on the most deceptive visualization designs. Since different misleader
types vary greatly in their effect on judgment accuracy, the review process should prioritize designs that
suppress or distort the underlying data, particularly overplotting, missing data, and inappropriate scale
ranges. The ranking of misleader types identified in this study can serve as a useful reference during interface
review. Second, safety-critical information should be placed where users naturally direct their attention. The
data region receives most first fixations, and therefore, critical information should appear in this area rather
than in titles or legends that may receive attention much later. Likewise, misleading elements located in the
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data region are likely to have the greatest impact because they are seen immediately. Third, information that
operators must remember should be supported by meaningful graphical elements. The strong memory
advantage of human-recognizable objects, together with the negligible effect of data redundancy, suggests that
critical information is more effectively communicated through recognizable icons or graphical markers than
through repeated text or numerical values. This result is consistent with previous work showing that color and
graphical coding improved situation awareness and reduced workload in redesigned Space Shuttle cockpit
displays [3, 4].

Finally, explainable machine learning could support interface evaluation during system development. Because
deception could be predicted from visual features and its main drivers were identified through SHAP, an
explainable model could help identify high-risk display configurations before deployment while also
explaining why a particular design is likely to cause errors. It is consistent with previous NASA studies that
used eye-movement and performance models to evaluate spacecraft interfaces [11]. Unlike a black-box model,
an explainable model provides information that can support interface improvement.

6. Conclusion

This study analyzed two publicly available human datasets to elucidate when visualizations lead to judgment
errors, where viewers direct their attention, what they remember, and whether these outcomes can be
predicted using machine learning. The results showed that misleading visualizations substantially reduced
judgment accuracy, with the largest effects produced by visualization designs that distort or hide the
underlying data. The eye-tracking analysis showed that viewers directed their attention primarily to the data
region, and the memorability analysis showed that meaningful graphical elements improved long-term
memory more effectively than data redundancy.

The machine learning analysis further demonstrated that deception and memorability can be predicted from
visual features, and SHAP identified the visual characteristics that contributed most to these predictions. These
findings can be utilized for designing high-risk interfaces. Interface verification should focus on the most
deceptive visualization designs; critical information should be placed where users naturally direct their
attention; information that must be remembered should be supported by meaningful graphical elements;
explainable machine learning can assist and predict in identifying potentially risky interface designs during
development.
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