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A B S T R A C T   

With the emergence of enormous amounts of data, numerous ways to visualize such data have been used. Bar, 
circular, line, radar and bubble graphs that are ubiquitous were investigated for their effectiveness. Fourteen 
participants performed four types of evaluations: between categories (cities), within categories (transport modes 
within a city), all categories, and a direct reading within a category from a graph. The representations were 
presented in random order and participants were asked to respond to sixteen questions to the best of their ability 
after visually scanning the related graph. There were two trials on two separate days for each participant. Eye 
movements were recorded using an eye tracker. Bar and line graphs show superiority over circular and radial 
graphs in effectiveness, efficiency, and perceived ease of use primarily due to eye saccades. The radar graph had 
the worst performance. “Vibration-type” fill pattern could be improved by adding colors and symbolic fills. 
Design guidelines are proposed for the effective representation of data so that the presentation and communi-
cation of information are effective.   

1. Introduction 

Graphs, a form of representation of analog data, are a way of 
communicating information in day-to-day life and they are easier for us 
to comprehend in comparison to numbers or words (Bergauer et al., 
2022; Cukier, 2010; Wickens, 2013; Gaissmaier et al., 2012). It is a way 
for designers to encode numerical data (Cleveland and McGill, 1985; 
Kelleher and Wagener, 2011; Shah and Hoeffner, 2002) and for users to 
visualize and decode the data easily (Bergauer et al., 2022; Durand et al., 
2020). In the decoding process, vision and cognition are combined to 
understand the qualitative and quantitative information encoded in a 
graph (Chen and Jin, 2017; Ware, 2004). For this process to be effective, 
the graph should convey the information in a simple and usable way so 
that the required information can be easily extracted (Glazer, 2011). 

Various types of graphs are used to explain different types of data 
even though the most useful type for any particular application is not 
well known. Bars and line graphs are frequently used for comparisons of 
individual values as length and position are easily perceived (Acartürk, 
2014; Jeong et al., 2015; Cleveland and McGill, 1984). Most previous 

studies have focused on interpreting bar and line graphs and histograms. 
Circular, bubble and radial charts, however, are gaining popularity in 
the big data domain (Agarwal and Sarkar, 2022; Cairo, 2013; Draper 
et al., 2009; Proulx, 2011). Bubble graphs can represent 3-dimensional 
data while conventional graphs can represent 2-dimensional data. 
Radar graphs are considered to be inefficient (Few, 2009) even though 
they are quite popular for multi-dimensional data. In this research, we 
set out to find which type of graph is most appropriate for data repre-
sentation in terms of search time and accuracy. 

A graph is not just a figure and what comprises a graph is not pri-
mary. It has to include what users need (Carswell, 1992). The goal of 
every designer is to present information to their consumers or target 
audience in a way that allows for the greatest exchange of knowledge 
(Webber, 2018). Examining what a user views and processes is difficult 
to know. One possible way to track and understand user behavior and 
strategy is by using eye-gaze patterns (Delmas et al., 2021; Goldberg and 
Helfman, 2011; Kullmann et al., 2021; Torres et al., 2021). Eye tracking 
allows search time, accuracy, and other related issues to be evaluated. 
Thus, we used eye tracking to evaluate why some graphs are more 
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Fig. 1. The fifteen graphs that were tested.  
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efficient than others. 
Considering the cognitive processing that is involved, there are many 

principles and guidelines for the design of graphical representations 
(Carswell and Wickens, 1990; Few, 2012; Kosslyn, 2006; Tufte, 2001). 
For example, Kosslyn (2006) proposed eight principles for effective 
graphical displays. These are. 

P1. Principle of relevance: Presenting only the required information 
P2. Principle of appropriate knowledge: Users have sufficient fa-
miliarity with the graphs 
P3. Principle of salience: Most important information to be visually 
striking so that it will draw the reader’s attention. 
P4. Principle of discriminability: Differences should be large enough 
for items to be discriminated 
P5. Principle of perceptual organization: Conform to the Gestalt 
principles 
P6. Principle of compatibility: Eliminate any form of mental trans-
formations as a result of spatial imprecision, perceptual distortions 
or cultural conventions. 
P7. Principle of informative changes: Variations are shown in 
changes in appearance. 
P8. Principle of capacity limitations: Our short-term memory is 
limited and hence changes or trends in a variable are better identified 

with the slope of lines. The proximity compatibility principle (PCP) is 
a more specific form stating that high proximity such as by con-
necting points will help minimize cognitive operations to predict 
trends (Connor et al., 2022; Wickens et al., 2022). 

The principles, P1–P8 capture the essential needs of graphs. How-
ever, putting them into practice and determining an optimal format 
without any contradictions for displaying analog data is not an easy task. 
A good example is the color and contrast of words and backgrounds. 
Intuition suggests that high contrasts may be better for visual search. 
But, Hill (1997) found that high contrast between font and background 
did not have better-reading performance. Thus, it is just impossible to 
evaluate or even predict the outcome of all possible options. Hence, in 
this experiment, the effectiveness of Bar, Line, Circular, Bubble and 
Radar graphs was evaluated based on common usage and what may be 
appropriate in terms of published principles and guidelines. For 
example, it has been reported that bar graphs are good for complex 
comparisons, while line graphs are good for trends (Meyer et al., 1997; 
Umanath and Scamell, 1988). Bar graphs are predominantly used for 
nominal scales while line graphs are used in situations where the vari-
ables are measured on interval or ratio scales. A continuous form of bar 
graph where the variations over time are visualized is known as the 
ThemeRiver and is popular in the big data domain (Havre et al., 2000). 

Fig. 1. (continued). 
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Thus, the effectiveness of a graph depends heavily on the type of data to 
be shown and the question that is asked (Kosslyn, 2006). But, not much 
has been reported in terms of the questions asked (principle of rele-
vance). In other words, the critical question is whether data represen-
tations are for information transmission or information extraction 
(Durand et al., 2020). Information extraction is where the information 
may be “hidden” amongst what is depicted. This study attempts to 
explore attributes that affect information extraction and how that in-
formation is transmitted when comparisons have to be made and related 
to user perceptions of difficulty. 

Time and accuracy are indicators of human performance. But, these 
two metrics alone do not tell the researchers how accuracy was affected 
or where the time is spent (Huang, 2007). How we “see” details in an 
image can directly impact a viewer’s efficiency and effectiveness 
(Healey and Enns, 2012). Eye tracking gives insights into how a 
particular task is carried out and gives additional information (Delmas 
et al., 2021; Duchowski 2003; Holmqvist et al., 2011; Netzel et al., 
2017). Moreover, extracting the fixation sequences on any object will 
allow improvement and redesign for more efficient use (Blascheck et al., 
2017). In this respect, the fixations on the areas of interest (AOI) and the 
relevant transitions help understand and improve the graphs so that they 
are more efficient (Klein et al., 2021). The objective of this study was to 
evaluate the effectiveness (accuracy), efficiency (time) and perceived 
ease of use of a bar, circular, line, bubble and radar graphs. Only 2D 
graphs were used as 3D graphics are not that helpful for visualization 
even though they may be helpful for data analysis (Few 2012). Even if it 
were useful, multi-dimensional data can still be shown in 2D space with 
coplots and scatter plots (Cleveland, 1994). 

On gender effects, Hartley and Cabanac (2014) examined 3576 
single-authored science articles published in 2011 and found that men 
used more graphs than women even though they found in another study 
that there were no significant differences between men and women in 
the use of graphs and figures or tables in the social sciences. Due to this 
mixed result, in our experiment, gender was balanced and investigated. 

The test graphs were subjected to a screening and improvement 
process before they were used in the experiment. The weaknesses of 

some of the graphs that were used in the pilot experiments were 
compensated by adding various features. The consistency among the 
charts was maintained by using the same pixel count for the values in the 
axes. Eye movements were recorded during the experiment. The fifteen 
graphs that were tested are shown in Fig. 1 and their classification is in 
Fig. 2. 

The hypotheses tested were. 

H1. There are no differences between males and females in terms of 
accurate information extraction from different types of graphs. 

H2. Bar, Line, Circular, Bubble and Radar graphs are equally effective 
(accurate) for comparisons across different levels. 

H3. Bar, Line, Circular, Bubble and Radar graphs are equally efficient 
(search time) for comparisons across different levels. 

H4. Bar, Line, Circular, Bubble and Radar graphs have the same level 
of perceived ease of use. 

H5. The fixation time on each type of graph is the same. 

2. Method 

2.1. Participants 

Fourteen undergraduate and postgraduate students (seven male and 
seven female) of mean age of 25.9 years (SD = 4.6 years) from the Hong 
Kong University of Science and Technology were participants in the 
experiment. All participants claimed they were free of eye deformities. 
Each of them was paid HK$ 200 for their time. The experiment was 
approved by the institutional review board. 

2.2. Experiment design 

The experiment was a mixed design with two within-participant 
variables (Graph, Question) and one between-participant variable 
(Gender). There were 15 different types of graphs (Figs. 1 and 2) and 

Fig. 2. The 15 graphs and their classification.  
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participants had to use these graphs to respond to 16 questions that 
asked questions about five transport modes (trains, vans, cycles, cars and 
buses) in five different cities (Seoul, Milan, Hanoi, Cairo, and Paris). The 
questions fell into four groups: within-city comparison (or within block), 
between-city comparison (between blocks), comparison over all cities 
(over all blocks), and reading the exact value for one transport mode in 
one city (Fig. 3). A sample set of questions is shown in Table 1. 

All graphs were created using Processing 2.2.1 open source software 
as it allowed to control the colors, shapes, axes, line sizes, and fonts in 
the graphs so that there were no salience effects. Using existing graphics 
software allows limited configurations and those may have driven the 
reader towards certain features of the graph. All 15 graphs had the same 
size of axis, colors and fonts with a “box” framework. The bars were 
marked and arranged the same way to ensure similarity among the 
quantities compared. Text were in mixed upper- and lowercase, cities or 
the main categories (Arial 20), transport mode or sub-categories (Arial 
18), axis values (Arial 16) had consistent point fonts and color. All 
graphs had the same number of pixels for the 0 to 100 scale. Colors can 
be misleading especially if they are strong and adhere to certain ste-
reotypes (Cleveland and McGill, 1985). Thus, it is important to use 
balanced colors. In this experiment, color codes suggested by Brewer 
(2020) were used. The R, G, B values of the chosen colors were Red: 
(228, 26, 28), Blue: (55, 126, 184), Green: (77, 175, 74), Violet: (152, 

78, 163), and Orange: (255, 127, 0). 
The Gestalt rules of proximity and similarity were used to separate 

the cities and show the similarity of the transport modes. Because ab-
solute magnitudes were used, the “vertical” axis originated at zero 
(Robbins, 2005, pp. 239–241). As stated before, it is not easy to incor-
porate all the principles into every graph. The effect of having met some 
of them will be discussed after the results are presented. The details of 
each graph are given below (Figs. 1 and 2). 

G1: Bar Graph with labels on the x-axis. This is a very common form 
of representation and the most dominating effect is that it obeys 
Principle 2 (P2). It had a gray “vibration” fill pattern. The guideline 
for hatching orientation is generally a change of around 30◦ (Koss-
lyn, 2006) between adjacent regions. In this case, the change in 
orientation is quite extreme and quite difficult to look at, giving rise 
to the vibration type of pattern (De Valois and De Valois, 1988). The 
sub-category labels were close to the category labels. 
G2: This is similar to graph 1 except that the gray color fill in each bar 
is replaced with a color fill (Seva et al., 2022). It adheres to principles 
P1 and P4 as the differences between the modes of transportation are 
larger due to the addition of color. 
G3: Bar Graph with a symbol pattern (triangles, circles, etc.) filled of 
different colors. The graph takes G2 to another level. The symbols 
represent relative quantities (King et al., 2022). This type of graph 
can be made interesting by adding pictures of objects (Kosslyn, 
2006). Thus, the fill pattern acts as a subtle “micro-level” scale as 
well. That is, it is a scale-within-a-scale. If silhouettes equivalent to a 
certain value are used, the y-axis can be eliminated as well (Cairo, 
2013). This graph incorporates principles P1, P4 and P7 as the var-
iations among the bars are shown are clearer with the addition of the 
objects inside each bar. 
G4: This is an “inward” radial or circular graph. The value 100 is at 
the center of the circle. It was hypothesized to have the minimum 
level of visual scanning as the bars are constricted towards the center 
of the circle. This graph violates principle P6 because the legend is 
“inverted” for half of the circle but discrimination among the bars is 
much better than the bar graph (P4). 
G5: Inward radial or circular graph with the value 100 at the center of 
the circle. This graph is similar to G4 except that it had the value axis 
at three angles thereby enhancing the readability of the bars espe-
cially when the values are not at their maximums. Even though such 
a modification is an enhancement for readability, it violates the Tufte 

Fig. 3. Different Types of Question sets.  

Table 1 
A sample of the sixteen questions.  

Q1 How many Trains are in Seoul? 
Q2 If 73 exists in the chart, indicate 
Q3 Which one is smaller: Cars in Hanoi or Cycles in Hanoi? 
Q4 Which one is smaller: Trains in Seoul or Trains in Milan? 
Q5 Which one is smaller: Cycles in Seoul or Buses in Cairo? 
Q6 Which one is larger: Vans in Cairo or Cars in Cairo? 
Q7 Which one is larger: Cycles in Hanoi or Cycles in Paris? 
Q8 Which one is larger: Cycles in Seoul or Buses in Cairo? 
Q9 In Cairo, which is the second highest? 
Q10 Which city has the second-highest number of Cycles? 
Q11 Which is the second highest? 
Q12 Which is the second smallest? 
Q13 How many values are smaller than 28? 
Q14 How many values are larger than 89? 
Q15 If 47 exists in the chart, indicate 
Q16 If you add all modes of transport, which city has the larger value; Seoul or 

Milan?  
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(1990) principle of efficiency, which suggests using a data-ink ratio 
of close to 1.0 and eliminating all redundancy and unnecessary visual 
information. This graph is an improvement over G4 as perceptual 
distortions due to the circularity are reduced and reading the exact 
values is not subject to spatial imprecisions (principle P6). 
G6: Inward radial or circular graph with the value 100 offset from the 
center. This feature was to reduce any potential visual clutter at the 
center and make the graph aesthetically more pleasing. There were 3 
value-axes similar to G5. This type is a further improvement on G5 to 
incorporate the Gestalt rules of similarity and proximity to reduce 
clutter (P5). 
G7: Outward radial with 3 value-axes. As the inverse of G6, it reduces 
clutter further as the outside of each bar extends over a greater 
radius. 
G8: Somewhat of an unusual line graph as colored lines were used for 
connecting the categories, which is not an interval scale. Non- 
sequential data and categorical data that are often grouped, are 
not supposed to be connected by lines (Kelleher and Wagener, 2011). 
The reason for using this type of graph was to conform to the prin-
ciple of capacity limitations (P8) (Kosslyn, 2006) and PCP (Wickens 
et al., 2022). The slopes of the lines (Ware, 2008) help to discern the 
differences, especially when the neighboring values are very similar. 
G9: Similar to G8 except that a small black dot is placed at the center 
of the data point to identify the exact value immediately rather than 
having the user interpolate the center of the circle eliminating rela-
tively difficult estimation. Spatial imprecisions in G8 as a result of 
the target point can be reduced by marking the center (P6) 
G10: A line graph with a line used to connect sub-categories within a 
category. This again, like G8 is generally not used as a line represents 
a continuous variable. A small black dot was placed at the data point. 
This graph conforms with P6 and P8 similar to the others that have 
been described. 
G11: Vertical bar graph with a horizontal spatially-compatible 
(Huestegge and Philipp, 2011) legend on the top of the graph. 
Such a horizontal legend is not common even though it conforms to 
P6. The prescribed legend is a vertical one (Kosslyn 2006). 
G12: Horizontal bar graph with a spatially compatible vertical legend 
on the right side (P6). This graph was used primarily because people 
overestimate vertical line lengths (Graham, 1937), and thus, Jar-
venpaa and Dickson (1988) recommend using horizontal bar graphs. 
G13: Bubble graph. The center of the bubble represents the value, and 
the bubble diameter is proportional to the value as well. Using 
bubble size to show relative comparisons is not uncommon (Cleve-
land and McGill, 1984). The reason for using diameter rather than 
the area is primarily because the psychophysical scaling of line 
lengths is close to 1.0 whereas for areas it is less than 1.0 (Cairo, 
2013). This graph even though not common, follows P4 and P7. 

G14: Same as G13 with a small black dot for precise estimation of the 
center of the data point. P6 gets added here to minimize the spatial 
imprecision with a circle. 
G15: Radar graph. 

The broad categories of graphs were Bars (G1, G2, G3, G11, G12), 
Circular (G4, G5, G6, G7), Line (G8, G9, G10), Bubble (G13, G14) and 
Radar (G15). All graphs had only labeled values on the “Y-axis”. There 
were no sub-divisions to reduce the information contained in the graphs. 
The line graphs, G8, G9 and G10 used differing colors for the different 
entities as colors are the most discriminable (Cleveland and McGill, 
1984; Lewandowsky and Spence, 1989). In this experiment, color codes 
suggested by Brewer (2020) were used. Only “horizontal” inner gridlines 
were used to be consistent across all graphs. The inner grids were made 
thin and light and were discriminable with the framework and the axes. 
They did not obscure the information that was displayed. That is, they 
were “behind” bars. 

A right side Y-axis was added in all bar graphs due to several reasons.  

• Some circular graphs had three axes. Hence the addition of a second 
axis for the bar graphs may make it a somewhat fair comparison 
against the radial graphs.  

• The points on the right tend to be underestimated with a single y-axis 
on the left (Kosslyn, 2006). Also, an axis on the right side may help to 
reduce the saccade length when reading a value from a bar on the 
right (for vertical bar graphs).  

• Extra axes and values were in gray, to reduce the visual impact 
(principle of salience) on the secondary axis when compared to the 
main axis. 

The inward-radial graph is not common in data visualization. But it 
has some unique characteristics to help the graph comprehension pro-
cess such as when determining the maximum value or in high-value 
comparisons because the scan area reduces in size at the higher data 
values. The additional axes were to minimize confusion as the partici-
pant has to trace an arc for any one value even though this feature vi-
olates the data-ink ratio principle (Tufte, 1990). 

The data depicted in all graphs were the same but were randomized 
so that the answer to any question was different for the differing ques-
tions. There were five similar question sets. When a question set was 
assigned to a participant, it was balanced across participants and graphs. 
In addition, the categories and sub-categories were randomized across 
graphs. This prevented any short-term memory effects. To make the 
design manageable, groups of 3 graphs were created and the 48 related 
questions were randomized within the group. 

Fig. 4. Accuracy of each Graph for all Questions. Graphs that are not significantly different (p > 0.05) are connected with a line below the x-axis.  
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2.3. Task and procedure 

Participants completed a consent form before to the experiment. 
There was a training session to explain the task and each participant was 
encouraged to ask questions before the start of the experiment. There-
after, the TOBII system eye calibration was performed to track eye gaze. 
Each of the graphs was displayed on a 23-inch (58 cm) screen one at a 
time. 

There were two trials in this experiment. The same stimuli were 
repeated in the second trial and there was at least a one-day gap between 
the two trials. Each participant had to answer 240 questions in each 
trial. There were 5 groups of graphs with each group having 3 graphs. 
The participant was given a break at the completion of each group. The 
participant was requested to select the most appropriate answer and 
verbally inform the experimenter. The experimenter recorded the an-
swers. There was no time limit for any question. The experimenter 
pressed a key as soon as the participant answered the question and the 
Processing software calculated the search time. The perceived ease of 
use rating data of each graph was obtained at the end. 

Eye movement data were recorded using a Tobii TX300 eye tracker 
(sampling rate 300 Hz) with Tobii 3.2.0 software and all questions were 

at the top of each graph. 

3. Results 

3.1. Accuracy 

Time and accuracy were two dependent variables in this experiment. 
Accuracy was analyzed by checking the responses of the participants. 
The mean correct response of all participants was 80.9%. There was no 
significant difference in accuracy between Males and Females. Thus, 
hypothesis 1 that there are no differences between males and females is 
accepted. 

The accuracy of each graph, for all questions in both trials, is shown 
in Fig. 4. Accuracy varied from 72.5% (G15) to 84.2% (G3). The 
repeated measure ANOVA showed a significant difference (p < 0.05) 
among Graphs (F (14, 182) = 3.61; p < 0.001), and Questions (F 
(15,195) = 87.23; p < 0.001), The Graphs × Question interaction was 
not significant. The main effects were compared using the Bonferroni 
method in a pairwise manner. G15 had significantly (p < 0.05) lower 
accuracy (72.5%) compared to the other graphs. The mean accuracy of 
each question ranged from 17.4% (Question 15) to 96.7% (Question 4). 

Fig. 5. Mean Time for all Questions for each Graph. Graphs that are not significantly different (p > 0.05) are connected with a line below the x-axis.  

Fig. 6. Time taken for each graph for different types of question sets.  
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Questions 3–12 and 16 (mean in the range 90.5%–96.7%) were not 
significantly different in accuracy, questions 2 and 13 (mean = 71.2% 
and 76% respectively) had statistically similar accuracy and the worst 
accuracy was for question 15 (mean = 17.4%). Question 1 was slightly 
better than question 15 but significantly different from others with a 
mean accuracy of 34%. The fact that the accuracies are quite different 
across the different questions indicates that the level of difficulty of each 
question was different. Hypothesis 2 that the accuracy of the different 
graphs is the same is rejected. 

3.2. Search time 

The search time was chosen as the lowest time of accurate trials. The 
mean time of all questions for each graph is shown in Fig. 5. G3 has the 
fastest search time while G15 is the slowest. Thus, hypothesis 3 that all 
graphs have the same time is rejected. A repeated measure ANOVA 
showed no significant difference between genders. Graphs (F (14, 182) 
= 19.0; p < 0.001), Questions (F (15,195) = 70.45; p < 0.001) and 
Graph × Question interaction (F (210,2730) = 1.80; p < 0.001) were all 
statistically significant. 

Based on the Bonferroni pairwise comparisons on the graph type, 
three distinct groups emerged.  

• Bar and Linear (BL) graphs, G1, G2, G3, G8, G9, G10, G11, G12, that 
had the lowest time  

• Circular or radial graphs: G4, G5, G6, G7, G13, G14  
• Radar graph, G15, had the highest time 

Due to the complexity of the interaction, the questions were grouped 
into four categories (Fig. 3).  

• Within category (Block) Discrimination (Q3, Q6, Q9)  
• Between categories (Q4, Q5, Q7, Q8, Q16)  
• The complete range of data or over-all blocks (Q2, Q10, Q11, Q12, 

Q13, Q14, Q15)  
• Point data Reading (Q1) 

A F-test and a Wald test showed that there was no significant effect 
within each of the four groups. In other words, there were four distinct 
types of questions. The interaction effect with these blocks is shown in 
Fig. 6. 

To make the results more general, the categories (or cities) will 
henceforth be referred to as “blocks”. 

Fig. 7. Ease of Use Rating of each graph. Graphs that are not significantly different (p > 0.05) are connected with a line below the x-axis.  

Fig. 8. Area of interests (AOIs) in the stimuli.  
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3.3. Perceived ease of use 

In this experiment, the participant had to give the overall rating for 
each graph at the end of the experiment. A 5-point scale (1 = very 
difficult, 2 = difficult, 3 = neutral, 4 = easy, 5 = very easy) was used and 
the participant could give a rating to one decimal (Fig. 7). The ANOVA 
on the rating showed the type of graph to be significant (F (14,182) =
21.4; p < 0.001) The highest rating was for G11 (mean = 4.1) while the 
lowest rating was for G15 (mean = 1.54), and these two were signifi-
cantly different from many other graphs (Fig. 7). Thus, hypothesis 4 that 
the perceived ease of use is the same for all graphs is rejected. 

Bonferroni pairwise comparisons showed that the bar and line types 
were the easiest for the given task. 

3.4. Fixation data 

Eye fixation data was obtained from Tobii studio 3.2. The “Tobii 
fixation filter” was used to generate the fixation plots. Fixation duration 
was analyzed using the stimuli presented in the experiment on the four 
Areas of Interest (AOIs) (Krishna et al., 2018) (Fig. 8): The Question, 

Chart, Legend, and Axis. 
The highest fixation durations were on Chart AOI while Axis AOI had 

the lowest fixation time (Fig. 9). Furthermore, the fixation duration of 
each AOI was plotted for each graph type (Fig. 10). The legend, axis and 
question fixation durations are similar across all types of graphs. How-
ever, the search time within a chart is quite different. Circular, Bubble 
(G4, G5, G6, G7, G13 and G14) and Radar graphs (G15) have higher 
fixation time on chart AOI. Thus, hypothesis 5 that the fixation time on 
each graph is the same is rejected. Interestingly, the pattern for fixation 
time is very similar to the question type × graph interaction plot on time 
(Fig. 6). 

Questions were grouped the same way as before (Fig. 3) to analyze 
the fixation data (Fig. 11). Chart AOI had higher fixation durations in 
“Over All Blocks”, “Between Blocks” and “Direct Reading” questions. 
Question AOI has the highest fixation duration for the “Within Blocks” 
questions. 

4. Discussion and conclusion 

The main objective of this experiment was to analyze the 

Fig. 9. Mean Fixation Durations for all graphs and questions in different AOIs.  

Fig. 10. Fixation Duration of each Graph Type for different AOIs.  
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performance in terms of effectiveness, efficiency and ease of use of bar, 
circular, bubble, line and radar graphs. From the analyses, it is clear that 
people are not as good at extracting information from circular or radar 
graphs compared to linear or bar graphs. Graphs, G1, G2, G3, G8, G9, 
G10, G11 and G12 had the lowest time for all questions (Fig. 5). They 
were significantly (p < 0.05) better than the circular (G4, G5, G6, G7, 
G13, G14) and radar (G15) graphs in search time. In other words, bar 
and line graphs are efficient compared to circular, radial or radar graphs. 
This result is in agreement with previous studies where it has been found 
that bar and line graphs are frequently used for comparisons because 
length and position are easily perceived (Acarturk, 2014; Cleveland and 
McGill, 1984). The result gives validity to the principle of appropriate 
knowledge (P2). Users have sufficient familiarity with the graphs and as 
a result, their performance is better. We had two trials to eliminate the 
learning effects but it seems that is not sufficient. Even though Fischer 
et al. (2005) reported longer decision times in horizontal graphs 
compared to vertical graphs, there weren’t any such differences in this 
study. They attributed the higher time in horizontal graphs to a lack of 
familiarity (P2) but we think the difference in the Fischer et al. study 
may be a result of compatibility (P6). We made sure all the bar graphs 
had a similar level of compatibility. 

Generally, when a task has to be performed, time and accuracy are 
both important as there can be a speed-accuracy tradeoff. In the 
experiment reported here, it is clear that no such speed-accuracy 
tradeoff was present as graph G3 (bar) had the fastest time and the 
highest accuracy while G15 (Radar) had the slowest search time and the 

worst accuracy very similar to the Fischer et al. (2005) study. G3 had 
some special characteristics relative to G1 and G2. It had colors instead 
of a grayscale and a very subtle micro-level scale that helped partici-
pants extract information relatively easily. In other words, P4 and P7 
have been coded into G3 and that allows the information to be extracted 
easily. A design such as G3 may be considered a violation of Tufte’s 
(1990) data-ink ratio principle but may be considered as adhering to the 
Salience principle proposed by Kosslyn (2006). This result may be a 
good example of where there can be conflicting principles at work and 
the designer ought to be able to take into account the basic character-
istics depending on what the user needs to extract from the graph. 

Fixations from one participant for different types of graphs are 
shown in Fig. 12. All three images show the fixations for question Q2. It 
shows how the participant looked at the linear and circular axes to read 
the values. Saccades are eye “jumps” from one place to another. Even 
though saccades may be curved for both static and dynamic images 
(Costela and Woods, 2019; Goettker et al., 2019; Lamasky, 1869), given 
the higher number of fixations and the related fixation durations in the 
circular and bubble graphs (G4, G5, G6, G7, G13, G14) it could be 
inferred that the saccade patterns are somewhat not very compatible 
with curved presentations of data leading to higher search time, poor 
accuracy and even higher perceived difficulty. This means circular 
saccades are not efficient. Thus the principle of compatibility (P6) 
should be extended, not just to account for mental transformations, but 
for eye movements as well. Linear saccades are more efficient than 
circular ones. 

Fig. 11. Mean Fixation Duration for question type.  

Fig. 12. Eye Fixations for linear and circular axes graphs (Fixations are from one participant for question 2).  
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The Radar chart had the highest time and it was significantly 
different from all other graphs. The radar chart had the lowest accuracy 
as well and it was significantly different with all except G5, G7, G11, 
G13, and G14. So this is not a speed-accuracy tradeoff. Just like the 
bubble and circular graphs, the radar graph also has circular fixations, 
which are not very efficient. Besides, the crisscrossing lines on the radar 
chart made it difficult to read the radar graph as a radar graph is more 
suitable with just one data series (Schwabish, 2014). Even though the 
radar graph meets the proximity compatibility principle (PCP), that is 
not very effective when laid in a circle (P8). PCP would be useful in a 
linear fashion. The additional axes evenly laid around do help but the 
saccades take ineffective paths making the search time high and accu-
racy low. Schwabish (2014) proposed the three basic principles of show 
the data, reduce the clutter, integrate the text and graph to visualize data 
and recommended reducing the clutter in a spaghetti chart by having 
many data series be replaced with single graphs for each data series or 
one data series on one graph. The contrast between light and dark also 
helps to highlight specific trends and reduce clutter. The eye fixation 

durations on each graph in each AOI (Fig. 10) show that the radar graph 
has higher fixations in Chart AOI compared to other graphs. However, 
the Legend, Axis and Question AOI in a radar graph does not seem to 
have a significant difference when compared with the other graphs. 
Thus, the structure or the chart area in the Radar graph is what makes it 
difficult and time-consuming to extract information. The Ease of Use 
rating is also high for the radar chart (Fig. 6). G15 has the lowest rating 
and it is significantly different from others except for G4 and G13. 

There are some differences among G1, G2 and G3. G1 has the vi-
bration pattern filled in gray while G2 has them in color. G3 on the other 
hand has color fill and a scale within each bar. G2 follows P1 and P4 
while G3 has P1, P4 and P7. Although there is no significant difference in 
time, accuracy or perceived ease of use of G1, G2 and G3, the results 
show that adding color reduces the search time and helps to improve 
performance (Seva et al., 2022). This is also evident from the Ease of Use 
rating (Fig. 6). One purpose of visualization is to show relationships and 
differences among variables. But, visualizations can easily mislead 
readers into thinking that relationships or patterns exist when in reality 

Fig. 13. Flowchart.  
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they may not (Azzam et al., 2013). The results show that commonly used 
bar graphs like G1 can be improved with color fills and symbol patterns. 

Based on the results of this study and the findings, the following 
design guidelines can be stated adding more information to the princi-
ples of Kosslyn (2006).  

1. In bar comparison tasks, differentiable filling patterns or colors in the 
bars can make a difference. Therefore, one should try to avoid a gray 
vibration filling pattern in those comparison tasks so that principle 
P7 is adhered to with symbols to represent relative quantities (King 
et al., 2022).  

2. Circular graphs have poor legend spatial compatibility with data 
points. If there is a task that needs to refer to the legend frequently, 
circular graphs are not advisable because the circular saccades are 
not efficient and they require visual transformations. Use a graph 
type that has greater legend spatial compatibility so that the saccades 
are straight and not curved.  

3. Legend compatibility in bar graphs are important. Use legends on top 
of the vertical bars contrary to the existing guideline of a vertical 
legend. This is to minimize inversion between legend and bars during 
viewing so that principle P6 is maintained without mental 
transformations.  

4. When using bar graphs for complex comparison tasks, it is preferable 
to use a symbolic filling as in G3. This will allow easier estimation.  

5. Use labels at the bottom of the axis in bar graphs instead of legends if 
the text fits close to the axis. This reduces the eye movement distance 
when identifying the bars.  

6. Place values on the bars only for those tasks that require numeric 
values. Values on the bars are not important in comparison tasks as 
slopes and height differences allow reasonably good estimations. 

7. Radar graphs are not suitable when there is more than one data se-
ries. It is difficult to search information when there is overlapping 
data on a graph. Even though a radar graph conforms to P8, that is 
violated when circular saccades are present.  

8. If using a bubble graph, a mark at the center will help to identify the 
exact location of the bubble.  

9. Do not include redundant legend information on a graph. 

A flowchart showing the above guidelines is shown in Fig. 13. There 
are limitations to the study as not every parameter in a graph was 
investigated. For example, in bar graphs, the width of the bar was set to 
be the same. The effect of changing the width may need investigation as 
there may be an interaction of width and height in bar graphs. Also, the 
optimal aspect ratio for graphs was not investigated. 

In conclusion, when designing and selecting graphs, one has to 
identify the need and the end message to deliver to the reader so that 
time is saved, less effort is used and accuracy is improved. Bar and line 
graphs in conjunction with questions related to all blocks appear to be 
the most efficient. 
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