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This experiment was designed as a benchmark for the

Visualization Literacy Assessment Test (VLAT). We chose

to benchmark VLAT because it encompasses visualization

types and task types commonly used in information

visualization, allowing us to compare the relevance of EEG

evaluation across various visualizations. Six subjects were

recruited for the study. We asked the subjects to skip

questions they did not know the answer to. Also, movement

can introduce noise in the EEG data, we did not include any

interaction techniques within the visualizations. EEG data

were collected from the subjects while they were

conducting the tasks.

Experiment Design
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Electroencephalogram (EEG) signals can offer a

quantitative assessment of human cognitive

workload, rendering it a valuable tool for assessing

visualizations. Nonetheless, prior studies that

assessed visualizations using EEG did not

juxtapose their mental workload estimations with

established research on visualizations.

Consequently, it is impossible to affirm the

suitability of their proposed approach for

evaluating visualizations through EEG.
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EEG

EEG (Electroencephalogram) is an electric signal

that reflects human brain activity. We used the

Emotiv Epoc FLEX to collect EEG data using

saline sensors. This device has 32 electrodes. All

electrodes were attached to the EasyCap, which is

configurable according to the international 10-20

system.

Model

The item difficulty index is a metric representing

the ratio of subjects who answered an item

correctly, and its value ranges from 0 to 1.0.

where 𝑃𝑖 represents the index of item 𝑖, 𝑆𝑐 is the

number of subjects who answered item 𝑖 correctly,

and 𝑆 is the total number of subjects

P_i > 0.85 are considered easy.

0.5 < P_i < 0.85 are considered moderate.

P_i < 0.5$ are considered hard.

Item Difficulty Index

𝑃𝑖 =
𝑆𝑐
𝑆

The individual mental workload estimation CNN model is

trained to incorporate cognitive differences that differ from

person to person in the experiment. We compare the mental

workload estimated by the model. The model achieved a

training accuracy ranging from 96.73% to 99.72% and a test

accuracy ranging from 88.54% to 91.54%.

VLAT

VLAT was proposed to measure visualization literacy. Visualization tasks in VLAT are composed of varying

difficulty levels, making it suitable for measuring cognitive load induced by visualizations of varying complexity.

There were 53 potential test items, including 35 four-option multiple-choice items, 3 three-option multiple-

choice items, and 15 true-false items.

Table compares the difficulty of visualizations measured by Lee et al.[2] with those measured in this work. Based on the item

difficulty index, Lee et al.[2] classified problems into 17 hard items, 19 moderate items, and 17 easy items.

According to the behavioral data we collected, we classified problems into 0 hard items, 7 moderate items, and 46 easy items.

Also, our model classified problems into 17 low items, 15 low and moderate items, and 21 moderate items.

This difference is interpreted as the EEG-based model being able to capture complex cognitive mechanisms not seen in the item

difficulty index, which is calculated by a simple formula. Therefore, an EEG-based evaluation is valuable for visualization because

EEG data contain the mental workload the subjects experience.
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