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Abstract. In the age of Big Data where data literacy is vital across diverse 
domains, the prevalence of misleading visualization raises significant 
concerns. Examining the extent of such visualizations is crucial since 
viewers often lack the ability to choose the form of presentation. This 
study aims to investigate the impact of intentionally misleading data 
visualizations on cognitive biases by exploring factors that potentially 
influence perceptions and evaluations. A factorial experimental design 
with three factors involving methods of data visualization, audience 
academic background and the sequence of data presentation is employed. 
A total of 60 undergraduate students with two different major programmes 
from a local higher educational institution participated in this experiment. 
These students were tasked with responding to predesigned questions 
based on two different sets of infographics addressing the same issues. The 
findings indicate that both data presentation and analytical background 
significantly influence audience evaluation. Additionally, the order of data 
presentation reveals that audience evaluation is influenced by their initial 
negative impression. These results underscore the critical role of data 
literacy in enhancing the understanding of visual information, particularly 
in the context of public issues. 

1 Background 
In the era of Big Data, the volume of data presented in visual form is experiencing an 
unprecedented surge. Data visualization is defined as the utilization of images to represent 
information derived from data [1] that is displayed in tabular forms or various graphical 
representations. Contemporary organizations are intended to employ a significantly larger 
volume of data visualizations than before [2]. Generally, reliance on data visualization is 
crucial for extracting meaningful insights from extensive datasets [3]. Despite its 
prevalence, misleading data visualization can lead to misperception and misinterpretation, 
consequently resulting in faulty judgments and poor decisions. Misleading visualizations 
are mainly defined as charts that interfere with the viewer’s ability to accurately read and 
compare values [4]. 
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The severity of the issue amplifies when the data fails to support the intended claims. It 
is noticed that some visualizations are crafted to guide the public toward certain agendas 
that are commonly observed in political promotions and commercial advertisements. In 
such cases, there is a tendency to manipulate visualizations to create an appearance of 
support, causing misleading presentations [5]. Charts are relatively persuasive as they relate 
to logical and scientific thinking, especially when supporting an argument [6]. Furthermore, 
some visualizations require a higher level of data literacy and attention to be aware that 
deceptive visualization is presented. These deceptive graphs are intentionally produced 
through the tricks of plotting charts by displaying insufficient and dubious data, charts that 
suggest misleading patterns, and confusing the uncertainties presented in the chart. 

Audiences generally rely on chart creators to convey messages graphically from the 
data. However, audiences remain uncertain about whether the visualizations are fully 
representing the whole picture of the issue. Graph creators frequently offer inadequate 
information to substantiate their arguments [4, 7-8]. In the pursuit of a society with less 
misinformation, one of the efforts is for the public to be less influenced by misleading 
visualizations. To address this challenge, it becomes essential to examine the factors that 
affect public perception and evaluation of data visualization. The question that is raised, for 
example, is whether an increase in data literacy could lead to a public less swayed by 
deceptive visualizations. What types of visualization techniques tend to be more 
misleading? Will the audience's prior perception affect judgment when they receive new 
information?  

This study aims to investigate the potential factors that affect the audience's perception 
and evaluation of data visualization. A group of undergraduate students from two different 
major programs participated in this experiment. These students were tasked with 
responding to predesigned questions based on two different sets of infographics addressing 
the same issues. The factors include the academic background of the audience which 
represents different levels of data literacy, the form of infographics and the order of data 
visualization which assesses whether prior perception will affect judgment. By 
understanding these aspects, authorities can gain better knowledge for implementing 
measures to detect and prevent problems in comprehending data visualizations. 

2 Related Work 

2.1 Misleading visualization 

The study of misleading visualizations started long before the internet. "How to Lie with 
Statistics," written by Darrell Huff in 1954, stands as a pioneering work in the realm of 
misleading visualization and misapplication of statistics. From forming biases in sampling 
selection to choosing a suitable average that best supports one's argument, and even 
portraying graphs to deceive the audience, Huff laid the foundation for critical thinking 
about statistics. Recent research indicated that various visual tricks have been identified and 
classified in constructing misleading charts. Cowles et al. [9] identified four categories of 
visual health misinformation including misleading charts and visuals taken out of context. 
Doan [8] highlighted the techniques used in creating misleading visualizations about 
COVID-19. Lisnic et al. [4] pointed out the common reasoning errors of misleading 
visualizations in a large-scale data visualization about COVID-19 in Twitter posts.  

To cultivate a better validity of graph visualization, books and publications about the 
common pitfalls of visualization and guidelines to construct high-integrity graphs have 
emerged. For instance, Kelleher et al. [10] proposed ten guidelines, including emphasizing 
selecting meaningful axis ranges when plotting effective visualizations. Nguyen et al. [5] 

examined common visualization pitfalls in scientific publications. The frequently discussed 
misleading visualization techniques included manipulating scales, displaying insufficient 
data and unrelated causal inference [4, 6, 8]. 

Several studies have investigated the effects of visualization on audience interpretation, 
judgment, and decision-making. Woller-Carter et al. [11] proposed that misleading graphs 
could lead to judgment errors and hence affect decision-making. Axford et al. [12] 
suggested that employing more detailed data visualization is essential due to the risk of 
misinterpretation. Larkin [13] conducted an experiment designed to test whether the 
decisions of Air Force Institute of Technology students are affected by misleading charts. 
The author designed six charts, each with a high-integrity chart (control group) and a 
misleading chart (experiment group). Respondents were instructed to indicate whether they 
agreed with a proposed statement based on the given chart. The results showed all the 
answers to the six charts were significantly different, leading to the conclusion that 
misleading visualization techniques in charts could influence respondents' judgment. 

2.2 Potential factors  

Visual presentation significantly influences judgment and interpretation across various 
dimensions. Some fundamental components in misleading visualization include truncated 
axes, area encoding and 3D pie charts. Witt and Dhami [14] discovered that organizing 
icons proximally improved statistical reasoning by 35%–44%. Alhadad [15] advocated for 
the application of analytical visualizations in education to improve students' interpretation 
of relevant topics. However, some studies showed that the presentation of data does not 
impact the audience's perception. The audience might not be misled by simple charts that 
deliver direct messages, such as truncating the y-axis to exaggerate the trend [16]. 

The extent to which users are misled by the way data is portrayed could be caused by 
several influencing factors. The sequence of information acquisition plays an important role 
in shaping audience perception. Denrell [17] argued that negative initial impressions exhibit 
greater stability than positive impressions. Moreover, the reader's interpretation of graphs is 
subject to the influence of prior knowledge about a given subject [18]. However, Maltese et 
al. [19] and Driessen et al. [16] claimed that individuals who are more competent in the 
context of data literacy are less likely to be misled by deceptive data visualization. Maltese 
et al. [19] revealed that there is a notable difference in data literacy between experts and 
novice viewers in the science and mathematics fields. Driessen et al. [16] claimed that the 
contextual information in charts has a more substantial impact compared to an exaggerated 
axis and viewers' graph literacy. Lo et al. [20] discovered that the audiences can 
demonstrate enhanced skills in detecting misleading charts and displayed increased 
openness to suggest modifications in the visual design if they are allowed to reflect in the 
chart settings. 

To the best of our knowledge, the primary focus of previous researchers on misleading 
visualizations has been individual charts rather than a collection of charts on a specific 
subject [8, 13]. Even when studies address charts on a general topic, the emphasis has 
predominantly been on categorizing the visual tricks employed in graph plotting [4, 8]. In 
this study, we direct our attention toward evaluating the conveyed message from a 
collection of charts presented in the form of infographics on a specific topic. Past 
experimental studies were limited to examining distinct data visualizations on separate 
individuals. In contrast, we are investigating the impact of various data visualizations on the 
same individuals using inferential tests, specifically pairwise t-test. 
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3 Method 

3.1 Data and infographics 

Two infographics depicting road accidents in Malaysia are created with open data sourced 
from the Polis Diraja Malaysia official website as illustrated in Figure 1. Infographic A is 
intentionally designed to portray a less severe road condition in Malaysia while Infographic 
B is crafted to highlight a more serious traffic situation. The methodologies employed in 
constructing these two infographics are derived from recommendations provided by prior 
researchers and authors of scholarly works on misleading visualization in the previous 
section. 

 

  
 
Fig. 1. Infographic A (left) and Infographic B (right) 

 
Firstly, manipulation is made to the y-axis scale in the charts [4, 6-8]. Infographic A 

showcased an enlarged y-axis concerning cases of serious injuries, enlarging the decrease in 
such cases. Conversely, Infographic B compressed the y-axis, downplaying the trend and 
diminishing the perceived seriousness of serious injury cases. Secondly, the infographic is 
designed with intentional omission of information [4, 7-8]. The information about the 
population change is not disclosed in Infographic B. Respondents rely solely on the number 
of cases to judge the seriousness of road accidents in Malaysia.  

Furthermore, both infographics introduced an arbitrary threshold. A bar chart of the 
percentage change in the number of deaths over time is revealed in Infographic A. 
Nonetheless, Infographic B, which attempted to deliver a more serious message, solely 
displayed the statement ‘Average Increase of 0.3% in the Number of Deaths’. This selective 
presentation could potentially mislead individuals into believing a continuous increase in 
the number of deaths. Both visualizations showed changes in death cases in the same time 
frame, spanning from the year of 1998 to 2016. 

 

Moreover, the infographic consisted of irrelevant information [7]. The traffic fatality of 
Malaysia in 2020 is compared with the traffic fatality of other countries, although road 
conditions of other countries are irrelevant to Malaysia’s traffic condition. In Infographic 
A, since Indonesia had a high traffic fatality rate, partly due to its large population, 
comparing Malaysia’s traffic fatality to the country shows a less severe traffic fatality in 
Malaysia.  

3.2 Experimental design 

The respondents are selected from the undergraduates enrolled in two distinct academic 
programs, one enrolled in statistical programme and the other in non-statistical programme. 
The selection process involved employing cluster sampling for students in the non-
statistical program. This group serves as a control to examine the impact of academic 
background. A total of 60 undergraduates participated in this experiment. Twenty students 
enrolled in statistical programme while 40 students are from the academic backgrounds 
unrelated to statistics. They are tasked to rate the seriousness and trend of road accidents in 
Malaysia after viewing the two infographics in different sequences. Thirty students are 
randomly assigned to answer questions based on Infographic A, followed by Infographic B 
(Sequence 1: A → B). Conversely, the other thirty students are tasked with responding to 
questions based on Infographic B first followed by Infographic A (Sequence 2: B → A). 
Each group is allocated a total of 10 minutes to complete the respective questionnaire. 

The first question inquired about the participants' assessment of the severity of road 
accidents in Malaysia. The seriousness scale ranged from 1 (not serious) to 5 (very serious). 
The second question addressed the perceived trend of road accidents in Malaysia, with 
participants providing a rating from 1 (a better-off trend) to 5 (a worsening trend). Here, a 
score of 1 indicated an improvement in traffic conditions, while a score of 5 indicated a 
worsening trend of road accidents. Four questions are designed to assess the participant's 
comprehension of the graphs and to filter out respondents who might not take the task 
seriously. All the respondents met the visualization literacy benchmarks. Hence no one is 
excluded in the study. 

4 Findings 
The overall results indicate a significant difference in the measures of seriousness and trend 
for both infographics, as presented in Table 1. This suggests that the audience responses 
align with the infographic design intent. Specifically, Infographic A is intentionally crafted 
to portray a less severe road accident scenario. Conversely, Infographic B is designed to 
depict a more severe road accident situation and the audience responses are consistent with 
this portrayal. It is concluded that varying data visualizations significantly impact the 
perception and evaluation of the seriousness of road accidents, even when the same dataset 
is used in both infographics. 
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Table 1. Mean Score of Seriousness and Trend 

 Infographic A Infographic B 

Seriousness** Mean 2.800 3.867 

(Std. Error) (0.112) (0.108) 

Trend ** 

 

Mean 1.983 3.917 

(Std. Error) (0.100) (0.115) 

Note: ** denotes significance at 5% 

4.1 Academic background 

In Table 2, when examining the mean difference between both infographics by academic 
background, the score difference between statistical students and non-statistical students is 
1.42 and 0.97 respectively. A higher difference in score indicated that the statistical 
students could better receive the designated message as infographic A is intentionally 
crafted to portray a less severe road accident scenario.  

When comparing by infographic, it is noted that there is nearly no score difference in 
Infographic B for both groups of students. For infographic A, it is observed that the mean 
score of statistical students is lower in infographic A, aligning with the intended message. 
Consequently, non-statistics students exhibit a lesser ability to discern the conveyed 
message by Infographic A, which is meant to portray a not serious traffic condition. We 
posit academic background served as a proxy for proficiency in data literacy. It is evident 
that the level of data literacy plays a crucial role in decoding the message conveyed through 
data visualization. 

Table 2. Mean Score of Seriousness by Academic Background 

   Statistical 

Programme 

Non-statistical 

Programme 

Seriousness Infographic A ** Mean 2.474 3.000 

(Std. Error) (0.173) (0.131) 

Infographic B Mean 3.895 3.974 

(Std. Error) (0.165) (0.112) 

Note: ** denotes significance at 5% 

4.2 Sequence 

The interpretation of content by a reader can be shaped by their prior perception of a 
specific subject. The results in Table 3 clearly show that the mean scores of both 
infographics differ across different sequences. The students who were initially exposed to a 
less severe visualization of road accidents tended to amplify their negative perception 
compared to those who directly viewed Infographic B which demonstrates a more severe 
condition. Conversely, students who initially viewed a negative visualization are more 
likely to rate the road accidents in Infographic B as less severe. This highlights a disparity 
between positive and negative initial impressions with negative impressions proving to be 
more stable than positive impressions [17]. Consequently, the impact of viewing a more 
severe road accident infographic (Infographic B) first is more pronounced than viewing 
Infographic A. This simply means if the audience had previously seen a data visualization 

with an opposing impression, they tended to exaggerate the impression of road accidents in 
the opposite way when another infographic was used. 

Table 3. Mean Score of Seriousness by Sequence 

 Sequence 1 Sequence 2 

Seriousness Infographic A* Mean 3.000 2.621 

(Std. Error) (0.169) (0.142) 

Infographic B** Mean 4.138 3.552 

(Std. Error) (0.160) (0.125) 

Note: * and ** denote significance at 10% and 5% respectively 

5 Conclusion 
This study aims to examine the impact of presenting various data visualizations in the form 
of infographics with different sequences on the judgments and perceptions of audiences 
with diverse backgrounds regarding the seriousness and trend of road accidents. The results 
reveal distinct judgments and perceptions among audiences exposed to different 
infographics. A significant difference emerges in the scores related to the seriousness of 
Infographic A which is designed to convey a less severe traffic condition in different 
academic backgrounds. Proficiency in data literacy is indeed crucial for decoding the 
message within data visualization. The viewing sequence of the infographic impacts the 
seriousness scores which amplifies the latter's interpretation, particularly when a more 
severe infographic is viewed first.  

To ensure better clarity in delivering the message of charts, the creators of data 
visualization should follow the guidelines of designing data visualization and be aware of 
the design that would lead to misinformation. Individuals responsible for communicating 
messages through visualization, particularly visual journalists, or evidence-driven visual 
communicators, are urged to follow ethical principles in the creation of charts and 
infographics to maintain clarity [6]. On the other hand, the public is encouraged to cultivate 
a sufficient level of data visualization literacy to safeguard themselves from potential 
misinterpretations arising from data visualization. A limitation of this study is the 
restriction of respondents to higher tertiary education students. Future research efforts could 
include participants from the public with diverse backgrounds to gain deeper insights into 
the effects of various data visualizations. 
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more stable than positive impressions [17]. Consequently, the impact of viewing a more 
severe road accident infographic (Infographic B) first is more pronounced than viewing 
Infographic A. This simply means if the audience had previously seen a data visualization 

with an opposing impression, they tended to exaggerate the impression of road accidents in 
the opposite way when another infographic was used. 

Table 3. Mean Score of Seriousness by Sequence 

 Sequence 1 Sequence 2 

Seriousness Infographic A* Mean 3.000 2.621 

(Std. Error) (0.169) (0.142) 

Infographic B** Mean 4.138 3.552 

(Std. Error) (0.160) (0.125) 

Note: * and ** denote significance at 10% and 5% respectively 

5 Conclusion 
This study aims to examine the impact of presenting various data visualizations in the form 
of infographics with different sequences on the judgments and perceptions of audiences 
with diverse backgrounds regarding the seriousness and trend of road accidents. The results 
reveal distinct judgments and perceptions among audiences exposed to different 
infographics. A significant difference emerges in the scores related to the seriousness of 
Infographic A which is designed to convey a less severe traffic condition in different 
academic backgrounds. Proficiency in data literacy is indeed crucial for decoding the 
message within data visualization. The viewing sequence of the infographic impacts the 
seriousness scores which amplifies the latter's interpretation, particularly when a more 
severe infographic is viewed first.  

To ensure better clarity in delivering the message of charts, the creators of data 
visualization should follow the guidelines of designing data visualization and be aware of 
the design that would lead to misinformation. Individuals responsible for communicating 
messages through visualization, particularly visual journalists, or evidence-driven visual 
communicators, are urged to follow ethical principles in the creation of charts and 
infographics to maintain clarity [6]. On the other hand, the public is encouraged to cultivate 
a sufficient level of data visualization literacy to safeguard themselves from potential 
misinterpretations arising from data visualization. A limitation of this study is the 
restriction of respondents to higher tertiary education students. Future research efforts could 
include participants from the public with diverse backgrounds to gain deeper insights into 
the effects of various data visualizations. 
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