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Abstract 

 
       The importance of understanding the power of visualizations is increasing with their growing 
popularity in many fields. Deceptive visualizations are visualizations that distort the message in data 
with or without the intentions of the designer. This study aims to investigate the impact of truncated 
y-axis usage, a commonly used deception method, in visualizations that represent time series data 
sets.  
 
       The study starts with an in-depth analysis of the existing literature in the visualization field. The 
theoretical part provides a summary of the existing literature for deceptive visualizations, with 
topics such as the goals and types of visualizations, visual perception process, the design principles 
for visualizations, and the types of deceptive visualizations for time series data sets.   
 
       In this paper, an empirical analysis of truncated y-axis usage is presented. Also, not-connected 
axes usage is empirically tested as a solution to prevent the deceptiveness of truncated y-axis usage. 
An experiment is designed to measure the perceived message from visualizations. In total, six 
visualizations are created for the experiment. The experiment data is collected with two online 
questionnaires. In total, over 200 people participated in the study. 
 
       The findings suggest that truncated y-axis usage is deceptive for the visualizations that represent 
time series data sets. Also, not-connected axis usage does not prevent the deceptiveness of truncated 
y-axis usage in these charts. Moreover, the results of the experiment shows that individual 
differences (gender, age, and education level) do not change the deceptiveness of truncated y-axis 
usage.  
 
 

Keywords  visualizations, truncated y-axis, time series data, experiment, visual perception 
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1 Introduction 

“The assumption that seeing is believing makes us susceptible to visual deceptions." 

                                                                                            - Kathleen Hall Jamieson, 2010 

Our eyes are trained to see visualizations as evidence, and words as arguments (Zer-Aviv, 2014). 

A recent study showed that a written claim gets more persuasive when it is accompanied by a 

graph (Tal & Wansink, 2016). In addition to being persuasive, visualizations motivate people, 

present new perspectives, and focus the attention of the viewer (Burkhard, 2004). The power of 

visualizations is not recently noticed. Communicating through visualizations is not a new trend. 

Visualizations were used to communicate information and convince people already 200 years ago 

(Kosera, 2012). However, a noteworthy increase in the adoption of visualization as a 

communication tool, has been witnessed in recent years (Pandey, Manivannan, Nov, Satterthwaite, 

& Bertini, 2014). It is now possible to design a very insightful and good looking chart in a few 

seconds by using common software tools (e.g. Microsoft Excel).  

The popular use of visualizations as a communication tool, makes it important to understand 

the dynamics of visual perception. Visual perception rules and the design principles of 

visualizations are closely related (Ware, 2012). The design of a visualization affects how we 

perceived the information (Tufte & Graves-Morris, 1983), and it is very easy to create a 

visualization that deceives the message in the data. Deceptive visualizations may result from a lack 

of expert knowledge or from the incentive to manipulate the viewers (Pandey, Rall, Satterthwaite, 

Nov, & Bertini, 2015). Regardless of the intention behind, deceptive visualizations that disrupt the 

information are not uncommon. Frownfelter-Lohrke & Fulkerson (2001) report that 

inappropriately designed visualizations appear in 26% to 52% of the annual reports.  

There is more than one way to create a deceptive visualization, and deception methods are 

visualization type specific (Pandey et al., 2015). A design element may be deceptive in one type 

of visualization, while it does not affect another type. The type of dataset at hand and the goal of 

the visualization determine the type of visualization (Heer, Bostock, & Ogievetsky, 2010). For 

narrowing down the scope of the study, this paper will focus on the visualizations that 

communicate the trends of time series datasets. Time series data is one of the most common forms 
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of recorded data and approximately 75% of all business graphs display time series data (Few & 

Principal, 2005). Therefore, studying the visualizations that are used to represent time series 

datasets is beneficial. In this paper, line charts and column charts will be studied, because they are 

the most appropriate chart types for representing time series datasets (Few, 2004).  

Arunachalam, Pei, & Steinbart (2002) compared the impacts of commonly used deception 

methods. They found that manipulating the axes of a chart causes the strongest deceptions for time 

series data. Truncated y-axis means that the y-axis of the chart does not start from zero. Not starting 

the y-axis from zero is a method for exaggerating the change in data. Truncated y-axis is a very 

commonly used in charts representing time series data. A study that analyzed 207 annual reports 

found that 17% of the charts had a truncated y-axis (Frownfelter-Lohrke & Fulkerson, 2001).  

In this paper, the ways of representing time series dataset and the design principles will be 

researched. The aim of the paper is to understand the impact of truncated y-axis usage in line charts 

and column charts on the perceived message.  

1.1 Research Objective and Methods 

As mentioned earlier, this study aims to investigate the visual deception method that is commonly 

used to exaggerate the change in time series data, namely truncated y-axis. The main research 

question of this study is: How does using a truncated y-axis affect the perceived message from 

the visualizations representing time series data, and how can the deceptiveness of truncated y-

axis be prevented? 

To answer this question, an extensive literature review is conducted. The visualization types 

that are suitable to represent time series datasets are determined, based on the literature review. 

Moreover, the visual perception process is studied to understand how we perceive information 

from visualizations. Also, the design principles for the visualizations representing time series data 

are listed. Finally, deceptive visualizations and the truncated y-axis method are analyzed. At this 

step, not-connected axes is determined as a design method that may prevent the deceptiveness of 

truncated y-axis. 

In light of the literature review, an experiment is designed to understand the effects of 

truncated y-axis in line and column charts and to investigate not-connected axes as a way to prevent 

the deception that is caused from truncated y-axis usage. Data for the experiment is collected 
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through an online questionnaire. The experiment data is analyzed in two main topics: the impact 

of truncated y-axis and the impact of not-connected axes. Quantitative analysis methods are used 

to answer the research questions below: 

The impact of truncated y-axis: 

1. Does truncated y-axis usage in column charts have an impact on the perceived 

message? 

2. Does truncated y-axis usage in line charts have an impact on the perceived message? 

The impact of not-connected axes: 

3. Does not-connected axes usage prevent truncated y-axis usage from being deceptive in 

column charts? 

4. Does not-connected axes usage prevent truncated y-axis usage from being deceptive in 

line charts? 

1.2 Structure of the Study 

This study has nine sections. The first introductory section introduces the visualization topic, and 

discusses the objective of the thesis. The following three sections review the existing literature on 

visualizations and visual deceptions for time series data. The second section gives an overview of 

the definition, goals, and types of visualizations. The third section covers the visual perception 

rules by explaining preattentive and attentive processing of information. Design principles for 

visualizations are also investigated in this section. The fourth section identifies the deceptive 

visualizations and the types of deceptions in the charts representing time series datasets. Truncated 

y-axis is also introduced in this section. In addition, the not-connected axes method is reviewed. 

In the fifth section, the theory of experiment design is introduced.  

In the sixth section, the experiment of the study is designed and explained. Also, the structure 

of the questionnaire and the data collection process are covered. The seventh section presents the 

empirical findings of the experiment. The eighth section discusses the empirical findings of the 

study, and investigates the validity and reliability of the results. In addition, suggestions for future 

studies are shared. Finally, in the last section, a short conclusion is provided to the reader. 
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2 Visualization Basics 

It is important to understand the basics before making a detailed analysis of a subject. This section 

will introduced the main concepts related to the visualization field. Section 2.1 introduces the 

definition and a brief history of visualizations. The goals of visualizations are summarized in 

Section 2.2. In Section 2.3, types of visualizations that are used to represent time series data are 

introduced. The aim of this chapter is to familiarize the reader with the visualization field.  

2.1 Visualization Definition 

Gershon, Eick, & Card (1998) defines visualization as “the process of transforming data, 

information, and knowledge into visual form making use of humans’ natural visual capabilities.” 

Another definition of visualization is “the computer assisted use of visual processing to gain 

understanding” (Card & Mackinlay, 1997). The practice of creating visual displays of abstract data 

is 200 years old (Tufte & Graves-Morris, 1983). Tufte states that Playfair (1786) introduced the 

methods to represent economic data with a chart (1983). Figure 1 shows one of the first charts that 

represent economic data, and this chart was published in Playfair’s book in 1786.  

 

Figure 1. Chart of all the imports and exports to and from England (Playfair, 1786). 
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The practice of creating visual displays of data had various names other than visualization: 

graphs (Anscombe, 1973), graphing data (Cleveland, 1985), visual displays (Tufte & Graves-

Morris, 1983), data displays (Friendly & Kwan, 2003), and data visualization (Post, Nielson, & 

Bonneau, 2012). In this paper, the visualization term will be used. The reason for this decision is 

that the visualization term has been popular and widely used in many recent papers (Burkhard, 

2004; Card & Mackinlay, 1997; Card, Mackinlay, & Shneiderman, 1999; Gershon et al., 1998; 

Plaisant, 2004; Shneiderman & Plaisant, 2006; Ware, 2012). 

Information visualization is a broad subject, which brings many different topics together. 

Figure 2 shows the concept map of the information visualization field. The width of the 

connections between bubbles shows the strength of the relation between the concepts. As it can be 

seen from the concept map, Information Visualization is strongly connected to perception, 

applications, data, graphs, and computer graphics. Applications and computer graphics concepts 

play a role in the recent improvements in the quality of the visualizations. Also, improvements in 

these concepts made it very easy to design visualizations. However, the focus will be on data, 

graph and perception concepts. These areas influence the perceived message from the 

visualizations.  

 

Figure 2. Concept map of Information Visualization (Ware, 2012)  
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2.2 Visualizations Goals 

Defining the goals of the visualizations is needed to evaluate the visualizations. Heer, Bostock, & 

Ogievetsky  (2010, pg. 59) define the goal of visualizations as “to aid our understanding of data 

by leveraging the human visual system’s highly tuned ability to see patterns, spot trends, and 

identify outliers”. This definition is focused on the process of making sense of data by visualizing 

it. However, there is another important goal of visualizations: communicating the information 

gathered from the data. Most studies divide the goals of visualizations into two: visual thinking 

and visual communication (DiBiase, MacEachren, Krygier, & Reeves, 1992), analysis and 

presentation (Friendly, 2000), analysis and communication (Evergreen & Metzner, 2013), 

discovery and communication (Gelman & Unwin, 2013). There is a consensus on the main division 

for goals of visualizations.  

Following the classification done by Gelman & Unwin (2013), the visualizations goals will 

be divided into two, as discovery and communication. In this paper, the focus will be on 

visualizations with communication goals. However, before focusing on the visualizations with 

communication goals, visualizations with discovery goals will be introduced. Understanding the 

differences between the two groups, namely visualizations with communication goals and 

visualizations with discovery goals, will help to determine the design needs for visualizations 

according to their goals. 

2.2.1 Visualizations with Discovery Goals 

Using visualizations to discover the patterns of data is a recent data analysis method. Only in the 

1960-70s, statisticians like Tukey started to create visualizations to understand the data better 

(Kosera, 2012).  Anscombe (1973) stated that the attempts to use visualizations for statistical 

analysis were criticized by many statistics textbooks. This was because the statisticians thought 

that graphs only showed rough values whereas tables gave exact numbers. To explain the 

usefulness of graphs Anscombe (1973) introduced four datasets that have the same statistical 

summary. The datasets and their statistical summary can be seen in Figure 3. For all four datasets, 

the mean of the x values is 9.0, the mean of y values is 7.5, and they have almost identical variances, 

correlations, and regression lines (Anscombe, 1973). These four datasets are now called 

Anscombe’s Quartet (Kosara, 2011).  
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Figure 3. Anscombe’s Quartet (Tufte & Graves-Morris, 1983) 

In Figure 4, scatter plots of Anscombe’s Quartet can be seen. Even though, they have the 

same statistical summary, it is very easy to spot the different patterns in each dataset.   

  

a) Dataset I b) Dataset II  

  

c) Dataset III d) Dataset IV 

Figure 4. Graphical Display of Anscombe’s Quartet (Anscombe, 1973) 

Visualizations with discovery goals are designed to get insights about the data. Whether the 

visualizations are good at communicating the information has not been an important aspect for the 

designers (Kosera, 2012). However, some discovery visualizations, like the scatter plots in Figure 

4, can serve also as a communication tool. Gelman & Ulwin (2013) point out what is important 

for discovery visualizations as:  
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“With presentation graphics you prepare some small number of graphs, which may be 

viewed by thousands, and with exploratory graphics you prepare thousands of graphs, which 

are viewed by one person, yourself. Exploratory graphics is all about speed and flexibility 

and alternative views.” (pg. 4) 

As Gelman & Ulwin (2013) stated, discovery visualizations are usually seen by and designed 

for the people who work on the data. The viewers of these visualizations have knowledge about 

the represented data in the visualization. Also, the viewers are familiar with the visualizations. In 

addition, these visualizations do not carry a message. Therefore, discovery visualizations will not 

be the focus of this study. 

2.2.2 Visualizations with Communication Goals 

Oxford English Dictionary defines communication as “the imparting or exchanging of information 

by speaking, writing, or using some other medium.” (2004). Visualization of data is one of the 

mediums used to communicate. In fact, communicating the information was the motivation behind 

the first visualizations in the 1800s (Kosera, 2012).  

In his pioneering book, Commercial and Political Atlas, William Playfair (1786) used 

visualizations to illustrate the situation of England’s imports compared to exports with different 

countries. An example of his work can be seen in Figure 5. With this graph, Playfair (1786) 

successfully communicates the export and import trends of England. It is also very easy to spot 

that England started to export more than it imported between 1750 and 1760. The goal of this 

graph is not to find out whether the import to England from Denmark and Norway was higher than 

the export to Denmark and Norway from England. The goal is to communicate the changes in 

import and export amounts of England and to show the period in which import/export ratio is in 

favor of England. 
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Figure 5. Graph of all the imports and exports between England and Denmark & Norway  (Tufte 

& Graves-Morris, 1983). 

Visualizations with communication goals are designed to deliver a message, which is already 

known by the designer, to the viewers. Visualization are widely used for communication, because 

visualizations can make messages more accessible, understandable and persuasive (Pandey et al., 

2015). These skills are, without any doubt, very important for a communication tool.  However, 

this power also brings the issue that visualizations can be easily used to mislead the audience. 

Tufte (1983) argues that the visual displays are no different than words in communication, in 

regard to being manipulative, and they are vulnerable to exploitation by liars. 

Visualizations with communication goals are also used to share information with the 

viewers. For example, visualizations used in business presentations, TV news, newspapers or 

magazines aim to give a message to their audience. In these situations, the viewers do not always 

have information about the dataset represented. Also, the viewers are not always familiar with the 

visualization types. Therefore, these visualizations can be easily manipulated and used to deliver 

a deceptive message to the audience. To prevent the manipulation, there are basic design principles 

for visualizations and those will be explained later in the Visual Perception Rules and Design 

Principles for Visualizations section.   
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2.3 Types of Visualizations for Time Series Datasets 

There are many methods for visualizing the data. Moreover, there is a consensus on the importance 

of the type of visualization for giving correct insights about the data (Friendly, 2000; Heer et al., 

2010; Khan & Khan, 2011). Defining the data types and the visualizations techniques for each data 

type is an important step for understanding the visualization choice. In their article Heer et al. 

(2010) divide the visualization techniques to groups according to data type, such as time series 

data, statistical distributions data, map data, hierarchical data, and network data. Few (2004) 

divides the data types into seven groups as nominal comparison data, time series data, ranking 

data, part-to-whole data, deviation data, frequency distribution data, and correlation data. In this 

paper, the focus will be on the visualizations techniques that are used for time series datasets.  

Time series data is a set of values changing over time (Heer et al., 2010). Time series data is 

chosen for this study, because it is one of the most common forms of recorded data (Heer et al., 

2010). In addition, many visualizations in the business world are created with time series data. It 

is estimated that approximately 75% of all business graphs display time series data (Few & 

Principal, 2005).  

Few (2004) recommends three visualization techniques for displaying time series data: 

 Line chart 

 Point and line chart 

 Column chart. 

Line charts and column charts are recommended to display time series data by other 

researchers as well (Jarvenpaa & Dickson, 1988; Robertson, Fernandez, Fisher, Lee, & Stasko, 

2008; Steinbart, 1989). The difference between a line chart and a point and line chart is the 

emphasis on single data points. In Figure 6, a line chart and a point and line chart for the same 

dataset can be seen. A point and line chart should be used when the single data points are important 

in addition to the trend in time (Few, 2004). The focus of this study is on displaying the trend in a 

time series dataset. Therefore, line charts and column charts will be the chosen types of 

visualizations.   
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a) Line chart b) Point and line chart  

Figure 6. Line Chart and Point and Line Chart comparison 

2.3.1 Line Chart 

Line chart is a graphical representation of data, which connects the data points over time to 

illustrate the shape of the data. Line charts are suitable for a series of measurements taken across 

equal intervals of time (Few & Principal, 2005). Horizontal x-axis should have the time scale and 

vertical y-axis should have the variable that is measured over time. In Figure 6.a, an example of a 

line chart can be seen.  

“Lines alone display the overall shape of data as it changes through time more clearly than 

any other encoding method. Nothing distracts from the pure movement of the data up and 

down from one value to the next. Lines excel in their ability to show trends and patterns of 

change.” (Few & Principal, 2005, pg. 4)  

2.3.2 Column Chart 

In column charts, vertical bars are used to display data. The length of a bar displays the value of 

the data point. Column charts are the most common chart type in business reports (Beattie & Jones, 

2002b; Robertson et al., 2008). Column chart is the visualization type that have the most accurate 

results for evaluating data (Cleveland & McGill, 1984). A column chart is a good way to represent 

time series data, and it also makes it easy to compare individual data points (Few & Principal, 

2005). When we look at the example column chart in Figure 7, it is easy to see the up and down 

trend of the data as well as the individual value for each month. 
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Figure 7. A Column Chart  

Column charts are not only used to display time series data, but also various other data types 

such as nominal comparison data, ranking data and part-to-whole data. For different data types, 

variations of column charts exist. For instance, stacked column charts are used to show the 

relationship of individual items to the whole, and clustered column charts are used to compare 

values across categories. Figure 8 shows a clustered column chart and a stacked column chart, both 

representing the same dataset. As it can be seen in in Figure 8, these types of column charts are 

not suitable for time series dataset.  

  

a) Clustered Column Chart b) Stacked Column Chart  

Figure 8. Clustered Column Chart and Stacked Column Chart comparision 

Column charts are also referred as bar charts in some papers (Heer et al., 2010; Jarvenpaa & 

Dickson, 1988; Steinbart, 1989). However, there is a difference between a bar chart and a column 

chart. The difference between two chart types is the rotation of the bars. Bar charts are created 

with horizontal bars, whereas column charts are created with vertical bars. A bar chart example 
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can be seen in Figure 9. Bar charts with horizontal bars are ideal to compare the values for different 

categories or to show ranking, but they are not used to display time series data (Few & Principal, 

2005). Bar charts will not be included to the scope of this paper since they are not used for time 

series datasets. 

 

Figure 9. Bar Chart (Few & Principal, 2005) 
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3 Visual Perception Rules and Design Principles for 

Visualizations 

Design principles for visualizations and visual perception rules are strongly related. The goal of 

this section is to provide insights into the visual perception process and the design principles for 

visualizations. We will start with introducing visual perception rules in Section 3.1. That will be 

followed by design principles for visualizations in Section 3.2.  

3.1 Visual Perception Rules 

Visualizations have an easy to understand form. However, it is necessary to know how we perceive 

information from visualizations, to be able to use visualizations effectively. Ware (2012) 

beautifully explains the importance of visual perception rules:   

“We can easily see patterns presented in certain ways, but if they are presented in other ways 

they become invisible…The more general point is that when data is presented in certain ways 

the patterns can be readily perceived. If we can understand how perception works, our 

knowledge can be translated into guidelines for displaying information. Following 

perception-based rules, we can present our data in such a way that the important and 

informative patterns stand out. If we disobey these rules, our data will be incomprehensible 

or misleading.”  

There are two main concepts that are necessary to know in order to understand visual 

perception: preattentive processing and preattentive attributes. Firstly, preattentive processing will 

be introduced. After that, preattentive attributes will be explained briefly. 

3.1.1 Preattentive Processing 

Few (2006b) defines preattentive processing as “the early stage of visual perception that rapidly 

occurs below the level of consciousness, is tuned to detect a specific set of visual attributes”. 

Attentive processing occurs after the preattentive processing, and it is slower than the preattentive 

processing. It is easy to demonstrate the difference between two processing types with an example. 

In Figure 10, there is a list of numbers. Try to find the number of times the number 2 appears in 

the list as quick as possible.  
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Figure 10. Preattentive processing first task 

The correct answer is six. The process of finding the number 2 in the list takes a while, 

because you have to go through each number. There is not any preattentive attribute to distinguish 

the number 2 from the other numbers in the list. This is attentive processing. Now, try the same 

task with the numbers in Figure 11. 

 

Figure 11. Preattentive processing second task 

The cognitive task of finding number 2 in the list is a lot easier when the number list is 

represented as in Figure 11. The twos are black and the other numbers are gray, which makes the 

number twos stand out. Noticing the twos in the list is very quick and easy. When the numbers are 

represented like this, we use preattentive processing instead of attentive processing. To make the 

visual task preattentive, preattentive attributes are needed. In this example, color intensity is used. 

Preattentive attributes will be introduced in the next section.  

3.1.2 Preattentive Attributes 

Ware (2012) states that preattentive attributes can be grouped into four categories as form, color, 

position, and motion. Under these categories, he lists seventeen preattentive attributes. Few 

(2006b) selects eleven of those preattentive attributes that are used to visualize information. Since 

the focus of this paper is on information visualizations, we will follow Few’s (2006b) selection of 

preattentive attributes. Preattentive attributes are illustrated in Figure 12.  
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Figure 12. Preattentive attributes (Flink Labs, 2011) 

Few (2006b) states that all the attributes presented in Figure 12 can be used to group or 

highlight information. Some of the attributes are also used to encode quantitative information. The 

attributes that allow us to perceive one thing greater than others in some way (bigger, taller) can 

be used to represent the quantitative information. Rest of the attributes can only be used to distinct 

different categories or to emphasize importance (Few, 2006b). For example, we can compare the 

size of two squares in a display and conclude that the bigger square represents the bigger amount. 

However, we cannot make a quantitative comparison between a square and a triangle. If a square 

and a triangle have the same area size, we would consider them equally big. Few (2006b) points 

out that line length and position are the best attributes for encoding quantitative data. He adds that 

size, line width, color intensity, and motion (based on speed) can also be used for quantitative 

comparisons, but their ability to show the difference is limited. In their extensive research, 

Cleveland & McGill (1984) conclude that position allows people to make the most accurate 

comparison of different values. They also state that length is the second most effective way to 

compare values. These findings explain why line charts and column charts are used to display time 

series data.  Line charts make us compare the position of different data points, and column charts 

make us compare the length of different data points. 
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3.2 Design Principles for Visualizations 

Design principles for visualizations are studied by many researchers (Bertin, 1983; Few, 2006a; 

Henry, 1995; Kosslyn, 1994; Tufte & Graves-Morris, 1983; Ware, 2012). The principles 

introduced by Tufte (1983), in his classical book The Visual Display of Quantitative Information, 

are widely accepted. His main principles for visualizations are clarity, precision, and efficiency. 

Based on the prior work in the field, and especially on Tufte’s (1983) principles, three specific 

criteria for graphs of quantitative data are proposed: 

1. The numerical values in graphs must match the numbers in the data. 

2. The portrayed magnitude of change must match the numerical magnitude of change. 

3. Formatting choices should not obscure changes in the data (Steinbart, 1989). 

These three principles will be the guidelines used in this thesis, as this study’s focus is on 

quantitative data. This paper will go through each principle and explain their relation to the focus 

of this study. 

3.2.1 The numerical values in graphs must match the numbers in the data. 

If a visualization is prepared with different numerical values than the original values in the data, it 

is not possible to call that visualization accurate. Even the people who do not know much about 

the design principles or visual perception system expect the correct data from the designers. 

Steinbart (1989) checked these criteria across the financial statements of Fortune 500 companies, 

and he did not find any graph that was created with wrong numerical values. Even though this 

criteria is the most important one in order to have an accurate visual display of any given data, it 

is not sufficient to ensure that a graph accurately represents data (Steinbart, 1989). Tufte (1983) 

claims that having the correct data is often used as an excuse for not following other two criteria 

of visual design. 

3.2.2 The portrayed magnitude of change must match the numerical magnitude of 

change. 

Tufte (1983) defines this principle as follows: “the representation of numbers, as physically 

measured on the surface of the graphic itself, should be directly proportional to the numerical 

quantities represented.” After introducing this principle, Tufte (1983) also developed a formula to 
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measure the accuracy of the graphs, which is called lie factor. The formula for the lie factor is 

below: 

 𝐿𝑖𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 =  
𝑠𝑖𝑧𝑒 𝑜𝑓 𝑒𝑓𝑓𝑒𝑐𝑡 𝑠ℎ𝑜𝑤𝑛 𝑖𝑛 𝑡ℎ𝑒 𝑔𝑟𝑎𝑝ℎ

𝑠𝑖𝑧𝑒 𝑜𝑓 𝑒𝑓𝑓𝑒𝑐𝑡 𝑖𝑛 𝑑𝑎𝑡𝑎
  1.  

Size of effect in the formula is measured with the formula below: 

 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑒𝑓𝑓𝑒𝑐𝑡 =  
|𝑠𝑒𝑐𝑜𝑛𝑑 𝑣𝑎𝑙𝑢𝑒 − 𝑓𝑖𝑟𝑠𝑡 𝑣𝑎𝑙𝑢𝑒|

𝑓𝑖𝑟𝑠𝑡 𝑣𝑎𝑙𝑢𝑒
  2.  

It is easier to explain the formula by an example. In Figure 13, a graph from a TV channel 

can be seen. The graph compares two tax percentages: the first value is 35% and the second value 

is 39.6%. To be able to calculate the Lie Factor in this graph, we first need to calculate the size of 

effect in data. If we use equation 2, the size of effect in data is 0.13 ((39.6-35)/35).  

 

Figure 13. Lie Factor Example 

The second step for calculating the Lie Factor of the graph is to calculate the size of effect 

shown in the graph. When physically measured as suggested, the first data point with the value of 

35% is represented with an 18 millimeter long column in the graph. The second data point with 

the value of 39.6% is represented with 88 millimeter long column in the graph. With these values 

at hand, we can calculate the size of effect shown in the graph as 3.89 ((88-18)/18) by using 

equation 2.  
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For the graph in Figure 13, size of effect in data is 0.13 and size of effect shown in the graph 

is 3.89. If we use these values in equation 1, we can calculate the Lie Factor for the graph as 29.59 

(3.89/0.13). This means that the graph represents the change in data almost thirty times more than 

it is in reality. Tufte (1983) suggests that Lie Factor for any proper graph should be between 0.95 

and 1.05. Beattie, & Jones (2002b) tested this limitation and they found that up to 1.10 lie factor 

displays do not change the perception of the viewers. In the light of their empirical study, we can 

conclude that visualizations with a lie factor between 0.90 and 1.10 meet this criteria. 

3.2.3 Formatting choices should not obscure changes in the data. 

Meeting the first two criteria is not enough to design a visualization properly. Formatting choices 

of the visualization can also make a difference in the message that the visualization gives. Steinbart 

(1989) states that one of the common ways of masking the change in data is to combine two 

datasets with very different scales into one graph. An example can be seen in Figure 14. Net 

income and revenue of a company is given in a clustered column chart. The scale of the revenue 

data is much bigger than the scale of net income data. Even though we can observe the increase in 

the revenue data, the change in net income data is not clear.  

 

Figure 14. Net Income and Revenue combined graph 

In Figure 15, the same net income data is represented in a column chart. This time the scale 

of the y-axis is ten times smaller than the scale in Figure 14. With this column chart, it is very easy 

to notice the decrease in the net income data in the given period.  
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Figure 15. Net income data alone 

Omitting negative values in charts is another formatting choice that masks the change in data 

(Steinbart, 1989). In Figure 16.a, time series data with a negative value is represented properly. In 

Figure 16.b, the negative value in the same dataset is omitted and only shown numerically. This 

prevents the viewers from comparing the magnitude of the negative value with other values in the 

dataset.  

  

a) Column chart with a negative value b) Column chart negative value omitted  

Figure 16. Column charts with negative values 

Examples of formatting choices can be increased, however the point of this section is to 

introduce the criteria of properly designed visualizations.  
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4 Deceptive Visualizations and Truncated Y-Axis 

In previous sections, visualization goals and design principles for visualizations are introduced. In 

this section, deceptive visualizations and truncated y-axis, a commonly used method in deceptive 

visualizations, will be introduced. The goal of this section is to explain the consequences of not 

following design principles for visualizations. Firstly, the definition of deceptive visualizations 

will be discussed in Section 4.1. That will be followed by message deceptions in visualizations in 

Section 4.2. Finally, truncated y-axis definition and usage area will be explained in Section 4.3. 

4.1 Deceptive Visualizations 

Pandey et al. (2015) define deceptive visualizations as “a graphical depiction of information, 

designed with or without an intent to deceive, that may create a belief about the message and/or 

its components, which varies from the actual message.” According to this definition, deceptive 

visualizations can be created with or without an intention. The focus of this study is on the 

deceptive visualizations and their impact on the perceived message. Therefore, we will look into 

deceptive visualizations by analyzing distortion techniques, rather than searching for the intent of 

the designer of the visualizations. 

Pandey et al. (2015) claim that deception can occur at two different levels in a visualization: 

the chart level, and the message level. They state that chart level deceptions occur in visual 

encoding process and are related to the viewer’s personal ability or inability to read the chart 

correctly. They define message level deceptions as incorrect interpretations of the message that 

the visualization delivers, and they claim that a message level deception is the result of the 

deceptive visualization design (Pandey et al., 2015). This classification is useful to separate the 

deceptions that are caused by the viewer’s inability to read the chart correctly from the deceptions 

that are caused by the poor design of the visualizations. We will follow this classification of 

deceptions and focus on the deceptions that occur on the message level.  

4.2 Message Level Deceptions in Visualizations 

Deceptions on the message level are caused by designs that do not follow the design 

principles for visualizations, which are introduced in the previous section. Pandey et al. (2015) 
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divide the deceptions on the message level into two broad groups, as message reversal and message 

exaggeration. These two groups will be introduced. 

4.2.1 Message Reversal Deceptions 

Message reversal deceptions occur when the visualizations lead the viewers to conclude an 

incorrect message (Pandey et al., 2015). For example, if a chart shows the change in data over 

time, where the quantity of X increased over time, and the viewers perceive the message as the 

quantity of X decreased over time. This kind of deception is usually caused by not following the 

third design principle for visualizations, which is that formatting choices should not obscure the 

changes in data. A popular example of these deceptive visualizations can be seen in Figure 17.a. 

The y-axis of the chart is inverted, which makes the sharp increase in the data after the “Stand 

Your Ground” law seem like a decrease. After receiving criticism, the author added a corrected 

version of the chart with a normal y-axis that starts from zero and increases while going up (Engel, 

2014). Corrected version of the chart can be seen in Figure 17.b. Another way for message reversal 

is to show the change in data in a reversed chronological order by flipping the x-axis of the chart. 

In the western world where the language proceeds from left-to-right, it is expected that the time 

will increase from left-to-right (Burgess, Dilla, Steinbart, & Shank, 2008). Therefore, when the 

most recent date is on the most left point, it reverses the message in data.  



  Deceptive Visualizations and Truncated Y-Axis 

   

  31   

 

  

a) Original chart from Reuters with an inverted y-

axis 

b) Corrected version with a normal y-axis  

Figure 17. Charts showing the Gun Deaths in Florida (Engel, 2014)  

4.2.2 Message Exaggeration Deceptions 

Message exaggeration deceptions happen when the fact is represented correctly, while the extent 

of the presented fact is tweaked (Pandey et al., 2015). For example, if a chart shows the change in 

data over time, where the quantity of X increased over time, and the viewers perceive the message 

that the quantity of X increased over time correctly. However, the chart can represent this fact with 

an exaggeration. As a result, the viewers perceive an incorrect message about the level of change 

in data. Therefore, this type of visualizations do not obey the second design principle of 

visualizations, which is that the portrayed magnitude of change must match the numerical 

magnitude of change.  

Message exaggeration deceptions will be the focus of this study. The first reason is their 

common use in especially business world (Heer et al., 2010; Jarvenpaa & Dickson, 1988; Steinbart, 

1989). The second reason is that time series datasets are very vulnerable to message exaggeration 

deception methods. Time series datasets show how the quantity of a variable changed over time 

and it is important that a visualization gives the same message as the data about the magnitude of 

change (Tufte & Graves-Morris, 1983). 
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Message exaggeration deceptions are very common and less obvious compared to message 

reversal deceptions. For instance, a study showed that the graphs that represented sales, profits and 

dividends of 319 U.S. companies exaggerated the magnitude of change by about 11% on average 

(Steinbart, 1989). Another study that investigated 207 annual reports from 12 countries (U.S., 

U.K., Australia/New Zealand, Spain, Netherlands, Philippines, Italy, Israel, South Africa, 

Denmark, Mexico, and Hong Kong) found that 17% of all charts had designs that result in message 

exaggeration deceptions, whereas only 1% of the charts had designs that result in message reversal 

deceptions (Frownfelter-Lohrke & Fulkerson, 2001).  

There are many ways to deliver an exaggerated message with a visualization. Some of these 

ways are as following: using area as quantity (Pandey et al., 2015; Tufte & Graves-Morris, 1983), 

using altered aspect ratio (Beattie & Jones, 2002b; Pandey et al., 2015; Tufte & Graves-Morris, 

1983), and using a truncated y-axis (Arunachalam et al., 2002; Frownfelter-Lohrke & Fulkerson, 

2001; Pandey et al., 2015; Tufte & Graves-Morris, 1983). Many more deception methods for 

message exaggeration can be named. However, deception methods should be investigated with a 

consideration of the visualization type, because visual deception techniques are visualization 

specific (Pandey et al., 2015). A design choice can result in creating a deceptive visualization with 

one chart type, while the same design choice does not impact the message of another chart type. 

Therefore, we will focus on the deception method that is the most common in our chosen chart 

types for this study, which are line charts and column charts. 

Arunachalam et al. (2002) investigated a few deception methods for time series data, and 

found the strongest deceptions in charts with a manipulated x-axis or y-axis. Among the scale 

manipulations, Steinbart (1989) found that truncated y-axis usage is the most common deception 

method that is used in annual reports. 

4.3 Truncated Y-Axis 

Truncated y-axis means that the y-axis of the graph does not start from zero. Starting the y-axis 

from a number above zero exaggerates the change in data. In Figure 18, there are two column 

charts representing the same time series dataset. In Figure 18.a, the column chart has a normal y-

axis that has zero as the starting point, and the other chart in Figure 18.b has a truncated y-axis that 
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starts from two hundred fifty. It is possible to see the increase in data in both charts. However, in 

Figure 18.b, the increase in data is exaggerated due to the truncated y-axis.   

  

a) Column chart with a normal y-axis b) Column chart with a truncated y-axis  

Figure 18. Column charts with and without truncated y-axis 

This paper will look into the impact of truncated y-axis on line charts and column charts. It 

is important to investigate the two chart types separately, because deceptions are visualization 

specific (Pandey et al., 2015). After going through the impacts of truncated y-axis for both of the 

chart types, a recommended design element for the charts will be introduced.  

4.3.1 Truncated Y-Axis in Line Charts 

Truncated y-axis can be seen in many line charts, because truncated y-axis usage in line charts is 

considered to be an unproblematic visual design (Few, 2006a; Fung, 2014). Few (2006a) states 

that viewers use position (See 3.1.2 Preattentive Attributes) to encode information from a line 

chart. He adds that it is safe to use a truncated y-axis in a line chart, because the scale does not 

change the delivered message when the information is encoded with the position preattentive 

attribute. Tufte (1983), a well-respected authority in the visualization community, also 

recommends using truncated y-axis to decrease the empty space in the chart for line charts.  

There are also charts for which using truncated y-axis is considered necessary, such as charts 

that represent stock price data (Yanofsky, 2015). Stock charts are used to show the tiniest 

fluctuations in stock prices, and exaggerating the change in data is, therefore, not considered 

deceptive for those charts. In Figure 19, Google’s stock price in March, 2016 is represented. The 

y-axis of the chart starts from zero. It is not possible to see how the prices of the stock changed 

during this period, except the slight decrease trend during the first ten days. 
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Figure 19. Stock data with a Y-axis starting at 0 

In Figure 20, the same stock price dataset as in Figure 19 is represented with a line chart that 

has a truncated y-axis. With the help of a truncated y-axis, this chart shows the trends in data 

clearly. The truncated y-axis enables viewers to see that the price started increasing steadily, after 

it saw its lowest value for the month, and also that the stock price reached its highest value for the 

month at the end of the month.  

 

Figure 20. Stock data with a truncated Y-axis 

In conclusion, truncated y-axis usage is not always criticized for line charts. On the contrary, 

line charts with a truncated y-axis is recommended in case there is a need to show small changes 

in data (Few, 2006a). However, there is an agreement on the need of the awareness of the viewers 

(Evergreen, 2014; Yanofsky, 2015). This means that the viewers should be aware of the fact that 
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the chart exaggerate the change in data. For datasets, like stock price data, where the viewers are 

used to look at the charts with an exaggeration of the change in data, truncated y-axis is not seen 

as a problem in line charts.   

4.3.2 Truncated Y-Axis in Column Charts 

An example of truncated y-axis in column charts can be found in Figure 19.b. In the visualization 

community, truncated y-axis usage in column charts is heavily criticized (Pandey et al., 2015). 

Few (2006a) explains the reason why truncated y-axis should not be used in column charts with 

preattentive attributes. When we look at a column chart, there are two preattentive attributes that 

play role in encoding the visual information: position and length (Cleveland & McGill, 1984; Few, 

2006a). When the y-axis is truncated in a column chart, the length of the bars becomes deceptive 

for the viewers, because we compare the length of the bars in a column chart. So, if a bar is two 

times taller than the bar next to it, we expect that the value represented with the taller bar is also 

two times bigger than the value of the shorter bar.  

In conclusion, truncated y-axis usage for column charts are considered to be deceptive, while 

it is considered to be not problematic for line charts, and even recommended in some cases. The 

difference between line and column charts is the preattentive attributes that are used to encode 

information from these charts. With line charts, position preattentive attribute is used to compare 

data points (Few, 2006a), whereas with column charts both position and length preattentive 

attributes are used (Cleveland & McGill, 1984; Few, 2006a). 

4.3.3 Truncated Y-Axis with Not-connected Axes 

Truncated y-axis should only be used in line charts and when the viewers are aware of the emphasis 

in the graph (Evergreen, 2014; Yanofsky, 2015). However, it is a challenge to find a method to 

alarm the viewers about the truncated y-axis. As in stock price charts, the awareness usually is 

gained by getting used to the exaggerated charts over time with seeing many of them. The author 

of this paper is not aware of any study that studied the methods for alarming the viewer about the 

truncated y-axis. A possible solution for alarming the viewers about the y-axis could be not 

connecting the axes of charts. Tufte (1983) does not connect the x-axis and y-axis in his charts. He 

also recommends using the baseline as the start point instead of zero. An example chart with not- 

connected axes can be seen in Figure 21. Tufte (1983) also states that erasing the corner of the 
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frame increases the data representing power of the graph, because the graph has less elements that 

do not show data after erasing. 

 

Figure 21. Not connected x-axis and y-axis (Tufte & Graves-Morris, 1983) 

In conclusion, a design method that alarms the viewers successfully about the deceptive 

emphasis in the data could be very beneficial for both the viewers of the charts and the designers. 

Not-connected axes is a possible design method to alarm the viewers, and it is very easy to apply. 

Unfortunately, there is no empirical study that tests whether it is possible to make a difference in 

the viewer’s awareness by using not-connected axes.   

  



  Research Design and Methodology 

   

  37   

 

5 Research Design and Methodology 

Existing literature on visualizations, visual perception process and truncated y-axis was reviewed 

in the previous sections. In this section, research design and methodology will be discussed. First, 

research method selection basis will be explained in Section 5.1. In the following section, the basic 

principles of experiment design will be introduced. Finally, the steps of an experiment design will 

be defined. The aim of this section is to provide the guideline for the experiment design of the 

study. 

5.1 Research Method 

According to Rugg, & Petre (2006, pg. 61), research design is “finding things out systematically, 

-map making as opposed to treasure hunting”. With the foundation provided from the literature 

review, the empirical part of this study aims to understand the impact of truncated y-axis usage on 

the perceived message in line charts and column charts for time series datasets. Yin (2013) states 

that research method selection should be done with consideration of three conditions. He illustrates 

these three conditions and their relations to five different research methods in a table. This table 

can be seen in Figure 22. Considering the fact that this study aims to understand how truncated y-

axis usage affects the perceived message from line and column charts for time series datasets, 

experiment is chosen as the research method. For the experiment, an online questionnaire is chosen 

as the data collection method, which allows the collection of a big amount of data from a sizeable 

population at a very low cost (Saunders, Lewis, & Thornhill, 2009). Even though questionnaires 

are commonly used for the survey research method, they can be also used in experiments as a data 

collection method (Saunders et al., 2009). 
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Figure 22. Relevant Situations for Different Research Methods (Yin, 2013) 

5.2 Experiment Design Principles 

Montgomery (2008, pg. 1) defines an experiment as “a test or series of runs in which purposeful 

changes are made to the input variables of a process or system so that we may observe and identify 

the reasons for changes that may be observed in the output response”. To be able to perform an 

experiment efficiently, a scientific approach to the experiment design is necessary. A well-

designed experiment is necessary to draw correct conclusions, because the results of the study 

depend on the manner in which the data was collected (Montgomery, 2008). There are three basic 

principles for design of experiments: randomization, replication, and blocking (Hinkelmann, 2015; 

Montgomery, 2008). Each principle will be introduced shortly. 

5.2.1 Randomization 

Randomization is the first principle of an experiment design. Randomization means that each 

experimental unit is randomly assigned to a treatment (Montgomery, 2008). Treatment is the 

measured experimental condition and experimental unit is the studied object. The aim of 

randomization is to prevent the accidental bias from entering the study (Boundless, 2015). For 

example, time of the day may have an impact on the experiment result. By allocating the 

experimental units randomly to treatments, the impacts of the uncontrollable variables on the 

experiment results can be brought to a minimum. 



  Research Design and Methodology 

   

  39   

 

5.2.2 Replication 

Replication is an independent repetition of the basic experiment (Montgomery, 2008). With more 

replications, researchers can estimate the effect of the explanatory variable on the response 

(Boundless, 2015). Montgomery (2008) states that replication has two important properties. First, 

replication enables the researcher to obtain an estimate of the experimental error. Second, 

replication allows the researcher to obtain a more precise estimate of the sample mean, in cases 

where the sample mean is used to estimate the true mean response for one of the factor levels.  For 

example, in a medical experiment, experimental units will have genetic differences. If two individual, 

who are randomly chosen, are taken as the experimental units for a medical study, the results are likely 

to be affected by their genetics. On the other hand, when the experiment is replicated with more 

experimental units, the impact of individual differences will decrease.  

5.2.3 Blocking 

Montgomery (2008, pg. 13) defines blocking as “a design technique used to improve the precision 

with which comparisons among the factors of interest are made”. Blocking is a powerful technique 

for isolating a source of variability in experimental material to prevent the source variability from 

interfering with the results of the study (Morgan, 2015). For instance, the gender of the participants 

is often an important factor for human studies.  By using gender as a block, the biases that are 

likely to occur due to the gender can be avoided.   

5.3 Experiment Design Process 

A well-designed experiment is necessary to draw right conclusions from the study (Montgomery, 

2008). Besides the principles introduced in the previous section, there are steps to follow while 

designing an experiment. Montgomery (2008) defines seven steps to follow for the experimental 

design process. These steps are: 

1. Recognition of and statement of the problem 

2. Selection of the response variable 

3. Choice of factors, levels, and ranges 

4. Choice of experimental design 

5. Performing the experiment 

6. Statistical analysis of the data 
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7. Conclusions and recommendations. 

Montgomery (2008) states that the first three steps are part of the pre-experimental design 

process, and they are usually done simultaneously. These steps will be followed for the experiment 

design of the study. 
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6 Design of the Experiment 

Design process of this study’s experiment will be explained in this section. The theory of 

experiment design was introduced in the previous section. First, pre-experimental design process 

of the study will be introduced in Section 6.1. Further, the design of the experiment and how the 

experiment meets the design principles will be discussed in Section 6.2. How the experiment is 

performed will be explained in Section 6.3, and Section 6.4. Finally, quantitative analysis methods 

will be mentioned in Section 6.5. The purpose of this section is to explain the empirical study of 

the paper.    

6.1 Pre-Experimental Design 

The first three steps of an experiment design is called pre-experimental design (Montgomery, 

2008). These steps were introduced in 5.3 Experiment Design Process section of the paper. Now, 

the process will be explained for this study.  

6.1.1 Recognition and Statement of the Problem 

Recognition and statement of the problem step of this study was completed during the 

literature review. According to the literature review and previous experiments, truncated y-axis 

usage is expected to have a deceptive impact on the perceived message. One of the objectives of 

this study is to confirm this claim by measuring the impact of truncated y-axis usage. As explained 

previously, there are different approaches for line chart and column charts. Truncated y-axis usage 

in column charts is considered to be wrong under any circumstances, whereas it is considered to 

be acceptable in line charts. Therefore, the author aims to see whether there is a difference between 

the impact of truncated y-axis usage in line charts and in column charts.  

In addition, a design technique that may prevent truncated y-axis usage from being deceptive 

was discovered during the literature review, which is not-connected axes usage. The study also 

aims to find out whether this technique will have an impact on the perceived message when used 

together with a truncated y-axis. 

In conclusion, there are four questions that this experiment aims to answer. The questions 

are as below: 
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1. Does truncated y-axis usage in column charts have an impact on the perceived 

message? 

2. Does truncated y-axis usage in line charts have an impact on the perceived message? 

3. Does not-connected axes usage prevent truncated y-axis usage from being deceptive in 

line charts? 

4. Does not-connected axes usage prevent truncated y-axis usage from being deceptive in 

column charts? 

6.1.2 Selection of the Response Variable 

The response variable of this study is the perceived message about the data. According to 

Montgomery (2008), it is important to be certain that the response variable provides useful 

information. Perceived message is a rather obvious response variable, therefore defining the 

response variable is easy for this experiment. However, measuring the perceived message requires 

attention. In previous studies, perceived message about the data is measured with verbal statements 

by using a five item Likert scale (Beattie & Jones, 2002a; Pandey et al., 2015). Verbal statements 

are ideal to measure perceived message from a chart, because we do not store precise quantitative 

information when reading graphs, instead we summarize the information from a chart with a 

linguistic label, such as slightly increasing (Beattie & Jones, 2002a). Therefore, perceived message 

will be measured according to the verbal statement selection of the participants. Similar to the 

studies stated before, these five categories will be used: very slightly increased, slightly increased, 

moderately increased, sharply increased, and very sharply increased. So, the response variable will 

be the mean of the perceived increase level in the data.  

6.1.3 Choice of Factors, Levels, and Ranges 

Montgomery (2008) classifies factors into two main groups: potential design factors and nuance 

factors. He later divides potential design factors into these three groups: design factors, held-

constant factors, and allowed-to-vary factors. Each factor group will be shortly introduced and 

factors of this study will be explained. 

Design factors. The design factors are the factors that are selected for the study 

(Montgomery, 2008). For this experiment, visual design factors of the charts are in this category. 

Example designs of the column charts and the line charts for the experiment can be seen in Figure 

23. Colors used in the charts and grids are the design factors of the experiment. 
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a) Column chart example b) Line chart example   

Figure 23. Column charts with and without truncated y-axis 

Color is one of these factors. Both charts are designed only with black color over a white 

ground to avoid the distraction that different colors might have caused (Beattie & Jones, 2002a; 

Tufte & Graves-Morris, 1983). In addition, a darker shade of black is used to represent the data 

compared to axes and scales of the charts. This design decision was also made to keep the focus 

on the data during pre-attentive processing (Tufte & Graves-Morris, 1983). 

Grid usage is also a design factor. Grids are omitted from the charts in the experiment to 

keep the focus on the represented data. Grids may make it challenging to focus on the data and 

distract the viewers (Tufte & Graves-Morris, 1983).  

Held-constant factors. Held-constant factors are variables that may have an impact on the 

response variable, but these factors are not in the scope of the experiment, so they are held at a 

specific level for the experiment (Montgomery, 2008). Shape parameter, the width of the bars, lie 

factor, data increase level, and time period are the variables that are held-constant in the 

experiment. 

Shape parameter, the width of a chart divided by the length of it, is an important variable for 

the experiment, because the shape parameter has an impact on the slope of the data. Since truncated 

y-axis usage changes the slope of the data as well, the other variable needs to be held constant. 

Held-constant factor needs to be held at a specific level that does not harm the experiment. Tufte 

(1983) proposes that an ideal chart should be wider than taller and the shape parameter should be 

between 1.4 and 1.8, ideally closed to 1.60. The shape parameter of the charts in the experiment 

are identical and equal to 1.74.  
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The width of the bars for the column charts in the experiment are equal to 0.5 cm. The width 

of the bars is a held-constant factor to prevent the viewers from getting confused about the 

represented data (Tufte & Graves-Morris, 1983).  

Lie Factor of the charts with a truncated y-axis is also a held-constant factor. Lie factor shows 

the difference level between the actual magnitude of change in the data and the represented 

magnitude of change in the chart. Deceptiveness of a chart increases with a higher lie factor 

(Beattie & Jones, 2002a; Beattie & Jones, 2002b; Tufte & Graves-Morris, 1983). A recent study 

measured the impact of the truncated y-axis in a column chart on the perceived message by using 

a lie factor as high as 82 (Pandey et al., 2015). However, Beattie, & Jones (Beattie & Jones, 2002b) 

show that charts start being deceptive with a lie factor higher than 1.2. Therefore, the author 

avoided using a very high lie factor for the charts.  The lie factor in the experiment is held-constant 

at 6.76 for the charts with a truncated y-axis. The lie factor of the charts without a truncated y-axis 

is held constant at 0.97. The lie factor of the charts is calculated by measuring the physical length 

of the bars for column charts, and by measuring the distance from the x-axis of data points for line 

charts. The measurements are done with a ruler, and the lie factor is calculated with the formula 

introduced in the Design Principles for Visualizations section. 

The level of increase in the data is another variable that is held constant in the experiment. 

It is important that all datasets have the same increase level in the given time period. Beattie, & 

Jones (2002a) show that different increases in the time series data have different verbal coding for 

participants. For example, fifty percent increase in the given time period is evaluated as slightly 

increasing, whereas hundred percent increase is evaluated as moderately increasing. Since the 

response variable is the perceived increase in the data, the actual increase in the datasets is held 

constant. Each data point had a ten percent increase compared to the previous data point, resulting 

in a forty-six percent increase in the whole five year period. This data increase level is chosen 

because it is coded as a slightly increase in previous studies by the participants (Beattie & Jones, 

2002a). Having the slight increase level as the baseline is suitable for the testing the impact of a 

message exaggeration method, namely truncated y-axis. Too high and too low increases in data 

may be coded with the same wording despite the exaggeration. For instance, three hundred percent 

increase in data is likely to be coded as a sharp increase with and without an exaggeration, or one 

percent increase in data is likely to be coded as a slight increase with and without an exaggeration. 
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Time period of the datasets is a held-constant factor as well. A fifty percent increase may be 

perceived differently by the participants according to the given time period. For instance, it may 

be perceived as a bigger increase if it happens in five days compared to if it happens in five years. 

Therefore, the time period of the datasets is held constant in the experiment as 5 years.  

Allowed-to-vary factors. Allowed-to-vary factors are factors that have unit-to-unit 

variability and rely on randomization to balance out any experimental unit effect (Montgomery, 

2008). In this experiment, there is no variable that is allowed to vary among the units. Charts in 

the experiment are created before the experiment with many held-constant factors.  

Nuisance factors. Montgomery (2008) claims that a controllable nuisance factor is one 

whose levels may be set by the researcher. For instance, the researcher can select different days of 

the week, when conducting the experiment. The blocking principle, mentioned in the previous 

section, is useful in dealing with nuisance factors. Online questionnaires are used for the data 

collection for this experiment. To be able to reach a big enough sample size, links of two treatments 

are shared through different channels. For blocking the domination of a certain social circle in one 

the treatment groups, links are edited and changed every day in every channel. 

6.2 Experiment Design 

After completing the pre-experimental design, the experiment structure was designed. There were 

three different designs of which the impact on the perceived message was studied.  

1. A chart without a truncated y-axis and with connected axes (baseline) 

2. A chart with a truncated y-axis and with connect axes 

3. A chart with a truncated y-axis and with not-connected axes 

These three designs were design for two chart types: a line chart and a column chart. Showing 

a chart for every measurement to each participant could cause biased answers due to repetition, 

and it was necessary to measure the perceived message for the three conditions for each 

participants. So, the experiment is designed in a way that each treatment group was shown each 

design but with a different chart type. Every participant was shown three charts. The first chart 

shown the participants, was designed without a truncated and with connected-axes. The second 

chart was designed with a truncated y-axis to measure the impact of a truncated y-axis. Finally, 

the third chart was with a truncated y-axis and not-connected axes, which was shown in the last 
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question. The design features of the charts for two treatment groups can be seen in Table 1. As 

stated before, each question was identical for both treatment groups except the chart type.  

Table 1: Designs of the Charts of the Experiment 

 Treatment group Chart type Y-Axis Design Axes Design 
Chart 1 Treatment 1 Column Not-truncated Connected 

Treatment 2 Line Not-truncated Connected 

Chart 2 Treatment 1 Column Truncated Connected 

Treatment 2 Line Truncated Connected 

Chart 3 Treatment 1 Column Truncated Not-connected 

Treatment 2 Line Truncated Not-connected 

  
Each chart that is shown to the participants had a specific purpose. Chart 1 aims to build a 

baseline for the perceived message for the given increase in the data, when represented with usual 

features (y-axis starts at zero, and x-axis and y-axis are connected). Chart 2 aims to measure the 

perceived message for the given increase in the data, when represented with a truncated y-axis and 

connected axes. Chart 3 aims to measure the perceived message for the given increase in the data, 

when represented with a truncated y-axis and not-connected axes. 

In addition, it was important for the purpose of the study that the participants did not get 

familiar with the presented datasets and did not understand the aim of the study. So, a different 

dataset with the same increase level was used for every chart. The datasets were imaginary business 

data from an imaginary company X. Pandey et al. (2015) state that they found no difference 

between the results of real and artificial datasets, regarding deceptiveness of the visualizations. 

With this information at hand, artificial datasets were preferred for the survey, because it was 

important that all datasets had the same amount of increase, and it was easier to provide control 

over the increase level in the data.  

6.3 Questionnaire Design and Structure 

Self-administered online questionnaire was chosen as the data collection method for the 

experiment. Online questionnaire was chosen, because it is very easy to use. Collecting data with 

an online questionnaire enables the researchers to reach a large sample at a very low cost. 

Secondly, visualizations are created and shared with software programs. So, an online 

questionnaire provides a setting very close to a real life situation for the participant, by showing 

the visualizations on a device instead of a paper. Finally, recent studies in the visualization field 
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used online questionnaires as their data collection method for the experiments (Haroz, Kosara, & 

Franconeri, 2015; Pandey et al., 2015; Talbot, Setlur, & Anand, 2014). 

The design of the questionnaire is very important, because it affects the response rate and 

the reliability and validity of the collected data (Saunders et al., 2009). For a high response rate, it 

is necessary to ensure that the questionnaire seems appealing to the respondents. Explaining the 

aim of the study clearly and concisely at the beginning of the questionnaire increases the response 

rate for self-administered questionnaires (Dillman, 2007; Saunders et al., 2009). Therefore, the 

questionnaire started with an introduction page about the study. The participants were told that the 

aim of the study was to measure the effectiveness of different charts for delivering a message. This 

was done to prevent the participants from guessing the real purpose of the study. The wording of 

the aim of the study was taken from a similar study for deceptive visualizations (Beattie & Jones, 

2002a).  

After the introduction page, the participants were asked three demographic questions: 

gender, birth year and the number of years of university education. All questions were asked in 

one page and all questions were required to be answered, before moving on to the next page. The 

page with demographic questions can be seen in Figure 24. Demographic information questions 

were the same for both of the treatment groups. It was shown in previous studies that gender, age, 

or education level do not have an impact on perceiving a message from deceptive visualizations 

(Pandey et al., 2015). However, it was important to collect the demographic information form the 

participants to make sure the two treatment groups had similar demographics.  
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Figure 24. Demographic Information Questions 

After the demographic questions were answered, an informative page was shown to the 

participants, where examples for line chart and column chart were introduced. The example charts 

shown on this page can be seen in Figure 23. Participants were told that they were expected to 

evaluate the change in data presented in the chart. Introducing the chart types before asking 

questions about the charts is a common method in the studies with visualizations (Pandey et al., 

2015). In addition, explaining the upcoming questions when introducing a new topic is considered 

useful (Saunders et al., 2009). Following the informative page, experiment questions with charts 

were asked. The structure of both questionnaires can be seen in Figure 25. 
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Figure 25. The structure of Questionnaire 1 and Questionnaire 2 

The design and wording of questions should be decided with consideration of the type of 

data that will be collected (Saunders et al., 2009). In this experiment, opinion data will be collected 

with the visual questions. Opinion data shows how participants feel about something or what they 

think is true or false (Saunders et al., 2009). When opinion data is collected, it needs to be told the 

participants that they are expected to provide their personal opinions on the given subject. There 

are three ways of designing individual questions: 

1. Adopt questions from other questionnaires 

2. Adapt questions used in other questionnaires 

3. Develop new questions (Bourque & Clark, 1994). 

Adopting or adapting questions from other questionnaires is more efficient than developing 

new questions, because using similar questions allows the researcher to compare the finding of the 

study with other studies (Saunders et al., 2009). Questions in this experiment were adapted from 

questions used in another questionnaire. Wording of the questions were adapted from a recent 

study that aimed to measure the impact of deceptive visualizations on perceived message (Pandey 

et al., 2015). The wording of the questions with visualizations was as follows: “How much do you 

think [Quantity A] has increased in the given time period?” 

The response variable of the experiment is determined during pre-experimental design and 

explained previously (See 5.3.2 Selection of the Response Variable) Questions had the five 
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response categories: very slightly increased, slightly increased, moderately increased, sharply 

increased, and very sharply increased. The questions that offer the participant a list of responses 

are defined as list questions and they are beneficial when it is needed to ensure that the participant 

considered all possible responses (Saunders et al., 2009). For this experiment, it was crucial that 

the participants were aware of all the response categories. So, visual questions were designed as a 

list question. Making all the response categories visible to the respondents is considered helpful 

for list questions (Saunders et al., 2009). Therefore, all response categories were visible on the 

question page. An example question page can be seen in Figure 26.  

 

Figure 26. An example question with a visualization from the questionnaire 
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6.4 Data Collection 

The online questionnaires were created by using Sawtooth Software. The choice for the software 

was made on the basis of availability to the author and ease of use. The language of the 

questionnaire was chosen as English to reach as many respondents as possible. Difficult wording 

and complicated sentences were avoided to make the questionnaire clear and easily understandable 

for everyone.  

Two treatments were designed as two separate questionnaires that could be reached by two 

different links. Both links were circulated at the same time period through same channels: 

Facebook, Twitter, LinkedIn, and e-mail. Most of the respondents were reached through Facebook. 

Online social network sites were used in the study because they offer new ways to researchers to 

get respondents quickly and cheaply (Bhutta, 2012). Sampling through one’s social connections is 

called snowball sampling and it is likely to cause sampling bias, because the technique itself 

increases the possibility of the sample not being representative of the whole population (Saunders 

et al., 2009). To avoid this affect as much as possible self-selection sampling was also applied. For 

this type sampling, the need for participants is announced through a communication channel (for 

this study, Facebook and LinkedIn group pages) and the data is collected from those who respond 

(Saunders et al., 2009). The link in all posts were edited on a regular basis to collect data for both 

links from all channels. It is not possible to obtain response rate, however Sawtooth Software 

provides information on completion rate. The first questionnaire was started 181 times and 127 

respondents completed it, resulting in 70% completion rate. The second questionnaire was started 

148 times and 121 respondents completed it, resulting in 82% completion rate. In total, the 

questionnaires were started 329 times and 248 respondents completed the survey, giving 75% 

completion rate. The responses were gathered within two weeks from 31st March 2016 till 15th 

April 2016. 

6.5 Quantitative Analysis Methods 

Montgomery (2008) states that statistical methods are needed to analyze the data to get findings 

that are objective rather than subjective in nature. In this section, statistical methods and the 

software that were used in this study, will be introduced.  
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Research questions of many experiments can be turned into an hypothesis-testing framework 

(Montgomery, 2008). For the analysis part of this experiment, hypothesis-testing framework will 

be used. The response variable, perceived increased level from charts, will be tested using t-tests. 

Two-sample t-test is used to compare the means of a numerical variable that can be divided into 

two distinct groups using a descriptive variable (Saunders et al., 2009). This is the case for 

comparing the perceived increase level from the baseline charts and the charts with a truncated y-

axis. Two sample t-tests are used for this comparison because the perceived increase level is 

evaluated by different participants. Paired t-test compares the results from the same participants 

(Saunders et al., 2009). In this experiment, the increase level for the baseline chart and the chart 

with not-connected axes are evaluated by the same participants. Therefore, paired t-test will be 

used to analyze their results. 

The response variable of this experiment is the perceived increased level, which the 

participants chose among 5-Likert scale categories. To be able to do a statistical analysis, 

numerical values are needed. Therefore, the response variable is coded with numerical values. The 

coding of the variable can be seen in Table 2. The variable is coded in a way that the lowest 

increase category, very slightly increased, has the minimum value, and the highest increase 

category, very sharply increased, has the maximum value. 

Table 2: Coding of the response variable   

Response variables Numerical value 

Very slightly increased 1 

Slightly increased 2 

Moderately increased 3 

Sharply increased 4 

Very sharply increased 5 

  
With the coding, the average value for the questions gives the perceived increase level from 

the chart. To compare perceived message from two charts, we need to compare the mean of the 

response variable between two treatment groups. Therefore, two-sample t-test is a selected as the 

testing method for the analysis. Variances of two groups are also important for evaluating the 

results of two-sample t-test. If two groups have equal variances, Pooled method is used. However, 

if two groups have unequal variances, Satterthwaite method is used. All t-tests are two-sided. SAS 

Enterprise Guide is used for the statistical tests.  
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7 Findings 

In this section, findings of the experiment will be introduced. The response variable, perceived 

increase level from charts, will be analyzed to answer the research questions of the study. The 

analysis will be done in three main parts. Firstly, the baseline value will be introduced for both 

charts. Secondly, the impact of truncated y-axis usage on the perceived message will be analyzed. 

Finally, the impact of not-connected axes design on the perceived message will be analyzed. All 

the analysis will be done for different demograhpic groups to see whether individual differences 

affect the results. 

7.1 Demographics 

Two questionnaires are designed and used to collect the data. Gender, age and the duration of 

university studies are collected as demographic information. Demographic groups of the 

respondents can be seen in Table 3. It can be seen that sample sizes of two groups are almost equal. 

The first treatment group has 127 respondents, and the second treatment group has 121 

respondents.  
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Table 3: Demographic Characteristics of Respondents 

 Questionnaire 1 Questionnaire 2 
 

Total 

Demographics Number of 
respondent 

(N=127) 

Percentage 
(%) 

Number of 
respondent 

(N=121) 

Percentage 
(%) 

Number of 
respondent 

(N=248) 

Percentage 
(%) 

Gender       
          Male 73 57 63 52 112 45 
         Female 54 43 58 48 136 55 

Age       
         18 – 25 55 43 42 35 97 39 
         26 – 30 42 33 65 54 107 43 
         31 – 35 19 15 8 7 27 11 
         36 – 40 8 6 4 3 12 5 
         40+ 3 2 2 2 5 2 

Years at a university       
         0 2 2 2 2 4 2 
         1 9 7 2 2 11 4 
         2 14 11 4 3 18 7 
         3 10 8 4 3 14 6 
         4 34 27 27 22 61 25 
         5+ 58 46 82 68 140 56 

  
Almost half (45%) of all the respondents are female. In both groups, there are slightly more 

male participants compared to female participants. The proportion of females is 43% in the first 

group and 48% in the second group. Both treatment groups are mostly populated with young 

participants. 76% of treatment 1 and 89% of treatment 2 are 30 years old or younger. The average 

age of two treatment groups are the same and equal to 27.2. Since the size of older age groups are 

very small, the treatment groups will be divided into two groups as “30 years old or younger” and 

“older than 30”. Size of age groups for treatments after the new age classification can be seen in 

Table 4. 

Table 4: Age classification for analysis  

 Treatment 1 Treatment 2 

30 years old or younger 97 107 

Older than 30 years old 30 14 

Total 127 121 

  
Almost all the participants has a university education at some level. Only four participants 

did not study at a university. Also, most participants has been studying or studied at university for 

four or more years. A new classification is also needed for the education level, since the number 

of participants with lower education is very small for an analysis. 73% of treatment 1 and 90% of 
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treatment 2 have studied at a university for four or more years. Treatment groups will be classified 

into two groups regarding the education level as “four or more years” and “less than four years”. 

Size of education level groups for treatment groups can be seen in Table 5. 

Table 5: Education classification for analysis  

 Treatment 1 Treatment 2 

Four or more years 92 109 

Less than four years 35 12 

Total 127 121 

  
In age and education level, the impact of snowball sampling is visible. Majority of the 

respondents are educated young people. 82% of the participants is younger than 30 years old and 

81% of the participants have four or more years of education in a university. Therefore, the results 

of the study will not be representative of the whole population. On the other hand, it has been 

found in previous studies that individual differences do not cause any difference in message 

perception from visualizations (Pandey et al., 2015). So, the sample is considered sufficient for the 

experiment. 

7.2 Baseline Value for the Perceived Message  

Baseline value for the perceived message is necessary to understand the impact of the truncated y-

axis usage and the not-connected axes usage on the perceived message. The first chart in both 

questionnaires were designed to get a value that can be used a baseline for the analysis. The 

participants in treatment 1 saw a column chart, and the participants in treatment 2 saw a line chart. 

Y-axis of these charts started at zero, and their axes were connected. Baseline for both charts will 

be introduced. Also, demographics will be tested to see whether the perceived message from charts 

is different for different demographic groups. 

7.2.1 Column Chart Baseline 

The participants in the first treatment group evaluated a column chart for their first visual question 

in the questionnaire. Frequency of their answers and the percentage of these answers can be seen 

in Table 6. As it can be seen in the table, the most common answers are slightly increased and 

moderately increased. 81% of the participants chose one of these two categories as the increase 

level.  
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Table 6: Column chart baseline answers  

 Frequency Percentage 

Very slightly increased 11 9% 

Slightly increased 55 43% 

Moderately increased 48 38% 

Sharply increased 12 9% 

Very sharply increased 1 1% 

  
The mean of the response variable for the baseline column chart is 2.50. The mean and the 

standard deviation of the response variable are calculated for all the demographic groups. The 

values are given in Table 7. None of the demographic groups have a much higher or a much lower 

value than the overall mean of the group. No significant difference has been found between the 

mean of the responses of the demographic groups. Gender, education level, and age did not affect 

the perceived increase level from the baseline column chart.   

Table 7: Demographic Characteristics of Respondents for column chart 

baseline  

 Perceived Increase 
Level 

Demographics Mean Std Dev 

Total 2.50 0.82 

Gender   
          Male 2.47 0.75 
         Female 2.53 0.91 

Age   
         30 years old or younger 2.49 0.84 
         Older than 30 years old 2.57 0.73 

Years at a university   
        Less than four years 2.71 0.75 
       Four or more years 2.42 0.83 

  
To sum up, the baseline value for the column chart is equal to 2.50, and none of the 

demographic groups have a different value for the perceived increase level (See Appendix C for 

the test results). This value is between the slightly increased and moderately increased answer 

categories.  

7.2.2 Line Chart Baseline 

The participants in treatment 2 evaluated a line chart for their first visual question in the 

questionnaire. The frequency and the proportion of their answers can be seen in Table 8. As it can 
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be seen in the table, the most common answers are slightly increased and moderately increased. 

80% of the participants chose one of these two categories as the increase level.  

Table 8: Line chart baseline answers  

 Frequency Percentage 

Very slightly increased 4 3% 

Slightly increased 43 36% 

Moderately increased 53 44% 

Sharply increased 20 17% 

Very sharply increased 1 1% 

  
The mean of the response variable for the line chart is 2.76. The means and the standard 

deviations of the response variable are calculated for all the demographic groups. The values can 

be found in Table 9. Demographics of the participants did not affect the perceived increase level 

from the baseline line chart. No statistically significant difference has been found, when the means 

of the response variable is tested for the demographic groups (See Appendix D for the test results). 

Table 9: Demographic Characteristics of Respondents for line chart 

baseline 

 Perceived Increase Level 

Demographics Mean Std Dev 

Total 2.76 0.80 

Gender   
          Male 2.73 0.87 
         Female 2.79 0.71 

Age   
         30 years old or younger 2.80 0.79 
         Older than 30 years old 2.43 0.76 

Years at a university   
        Less than four years 2.92 0.67 
       Four or more years 2.74 0.81 

  

7.3 Truncated Y-Axis Analysis 

Both treatment groups were shown a chart with a truncated y-axis on the second question. 

Treatment 1 evaluated a line chart, whereas treatment 2 evaluated a column chart. The perceived 

message from a chart with a truncated y-axis is calculated according to the answers of the 

participants for the second question in their questionnaires. To understand the impact of the 

truncated y-axis usage, it is necessary to compare the mean of the perceived increased level from 

the baseline chart to the perceived message from the charts with a truncated y-axis. First the impact 
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of truncated y-axis in column charts will be analyzed. Later, the impact of the truncated y-axis 

usage will be analyzed in line charts.  

7.3.1 Impact of Truncated Y-Axis in Column Charts 

The participants in the second treatment group evaluated a column chart with a truncated y-axis. 

The frequency of the responses and their percentage among the responses can be seen in Table 10. 

The most popular answers were moderately increased and sharply increased. A little more than 

half of the participants (52%) perceived the increase level as a moderate increase. Only 7% of the 

participants chose the slightly increased option, which was the most popular answer for the 

baseline question. 

Table 10: Answers for the column chart with a truncated y-axis  

 Frequency Percentage 

Very slightly increased 1 1% 

Slightly increased 8 7% 

Moderately increased 63 52% 

Sharply increased 40 33% 

Very sharply increased 9 7% 

  
The means and standard deviations of the response variable for the baseline column chart 

and the column chart with a truncated y-axis can be seen in Table 11. The mean of the response 

variable for the column chart with a truncated y-axis is 3.40, whereas the baseline value for column 

charts is 2.50. The difference between the means of two samples is found statistically significant 

(t(246) = -8.92, p<0.0001, equal variances). 

Table 11: The mean and standard variation comparison for the column chart: 

baseline vs. truncated y-axis  

 Mean Std Dev 

Baseline 2.50 0.82 

With a truncated y-axis 3.40 0.76 

  
The mean and standard variation of the response variable for different demographic groups 

can be seen in Table 12. For all the groups, the mean of perceived increase level is higher than the 

baseline for the column chart with a truncated y-axis. All the demographic groups had similar 

results to the general sample. The perceived increase level from the column chart with a truncated 

y-axis was significantly different from the perceived increase level from the baseline column chart 

(See Appendix E for the test results).  
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Table 12: The comparison of baseline and truncated y-axis in column charts for demographic 

groups   

 

 Baseline Truncated Y-axis 

Demographics Mean Std Dev Mean Std Dev 

Gender     

          Male 2.48 0.75 3.38 0.81 

         Female 2.54 0.91 3.41 0.70 

Age     

         30 years old or younger 2.48 0.84 3.43 0.78 

         Older than 30 years old 2.57 0.73 3.14 0.53 

Years at a university     

        Less than four years 2.71 0.75 3.67 0.78 

       Four or more years 2.42 0.83 3.37 0.75 

  

 

7.3.2 Impact of Truncated Y-Axis in Line Charts 

The participants in the first treatment group evaluated a line chart with a truncated y-axis. The 

frequency and the proportion of the responses can be seen in Table 13. The most popular answers 

were moderately increased and sharply increased.  

Table 13: Answers for the line chart with a truncated y-axis  

 Frequency Percentage 

Very slightly increased 1 1% 

Slightly increased 16 13% 

Moderately increased 59 46% 

Sharply increased 45 35% 

Very sharply increased 6 5% 

  
In Table 14, the means and the standard deviations of the response variable can be seen. The 

mean of the perceived increase level for the line chart with a truncated y-axis is 3.31, whereas the 

baseline value for line charts is 2.76. The difference between the means is found statistically 

significant (t(246) = -5.46, p<0.0001, equal variances). 

Table 14: The mean and standard variation comparison for the line chart: 

baseline vs. truncated y-axis  

 Mean Std Dev 

Baseline 2.76 0.80 

With a truncated y-axis 3.31 0.78 

  
The mean and the standard variation of the response variable for the demographic groups 

can be seen in Table 15. For all the groups, the mean of perceived increase level is higher for the 

line chart with a truncated y-axis compared to the baseline value. There was not any demographic 
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group that behaved differently than the whole sample. The differences between the means were 

statistically significant for all the groups (See Appendix F for the test results) 

Table 15: The comparison of baseline and truncated y-axis in line charts for demographic groups  

 Baseline Truncated Y-axis 

Demographics Mean Std Dev Mean Std Dev 

Gender     

          Male 2.73 0.87 3.23 0.77 

         Female 2.79 0.72 3.41 0.79 

Age     

         30 years old or younger 2.80 0.79 3.30 0.78 

         Older than 30 years old 2.43 0.76 3.33 0.80 

Years at a university     

        Less than four years 2.92 0.67 3.31 0.76 

       Four or more years 2.74 0.81 3.30 0.79 
  

 

7.4 Not-Connected Axes 

Not-connected axes was used with a truncated y-axis to understand whether it prevents the 

truncated y-axis usage from being deceptive. To be able to measure this, the mean of the perceived 

increase level from a chart with not-connected axes will be compared to the baseline values for the 

perceived increase level. The analysis of not-connected axes will be done in two parts. First, the 

impact of not-connected axes will be analyzed in column charts. Then, the impact of not-connected 

axes will be analyzed in line charts.  

7.4.1 Impact of Not-Connected Axes in Column Charts 

The participants in the first treatment group evaluated a column chart with not-connected axes. 

The column chart also had a truncated y-axis. The frequency and the proportion of the responses 

can be seen in Table 18. The most popular answers were moderately increased and sharply 

increased. These two categories are 74% of all the answers in total.  
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Table 16: Answers for the column chart with not-connected axes  

 Frequency Percentage 

Very slightly increased 4 3% 

Slightly increased 18 14% 

Moderately increased 61 48% 

Sharply increased 33 26% 

Very sharply increased 11 9% 

  
The perceived increase level from the chart with not-connected axes was compared to the 

baseline value with a paired t-test. The participants in the first treatment group evaluated the both 

charts. The mean and the standard deviation of the difference between two variables can be seen 

in Table 19. The mean of the difference is equal to 0.72. The difference between the perceived 

increased level is statistically significant (t(126) = 7.55, p<0.0001).  

Table 17: The mean and standard variation of the difference between the baseline column chart and 

the column chart with not-connected axes  

 Mean Std Dev 

Not-connected axes – Baseline 0.72 1.08 

  
It was also analyzed whether not-connected axes is able to prevent deception for any of the 

demographic groups. The means and the standard variations of the differences between two charts 

for the demographic groups can be seen in Table 20. For all the groups, the mean of the differen 

is positive, which means that the perceived increase level is higher than the baseline for the column 

charts with not-connected axes. The differences between the perceived increased level means were 

statistically significant for all the demographic groups. (See Appendix G for the test results) 
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Table 18: The comparison of baseline and not-connected axes in column 

charts for demographic groups   

 

 Not-connected axes – Baseline 

Demographics Mean Std Dev 

Gender   

          Male 0.74 1.08 

         Female 0.70 1.09 

Age   

         30 years old or younger 0.75 1.14 

         Older than 30 years old 0.63 0.89 

Years at a university   

        Less than four years 0.51 1.17 

       Four or more years 0.80 1.04 
 

 

7.4.2 Impact of Not-connected Axes in Line Charts 

The participants in the second treatment group evaluated a line chart with not-connected axes. The 

frequency and the proportion of the responses can be seen in Table 21. The most popular answers 

were moderately increased and sharply increased. In total 81% of the respondents selected these 

two categories.  

Table 19: Answers for the line chart with not-connected axes  

 Frequency Percentage 

Very slightly increased 3 2% 

Slightly increased 7 6% 

Moderately increased 47 39% 

Sharply increased 51 42% 

Very sharply increased 13 11% 

  
The second treatment group evaluated the increased level for the baseline line chart and the 

line chart with not-connected axes. Therefore, the difference between the perceived increase levels 

for the two charts was compared with a paired t-test. The mean and the standard deviation of the 

difference can be seen in Table 22. The mean of the difference is equal to 0.77. The difference 

between the means is statistically significant (t(120) = 8.54, p<0.0001). 
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Table 20: The mean and standard variation of the difference between the 

baseline line chart and the line chart with not-connected axes 

 Mean Std Dev 

Not-connected axes – Baseline 0.77 0.99 

  
The means and the standard variations of the differences in the perceived increase level for 

two charts for the demographic groups can be seen in Table 23. For all the groups, the mean of 

difference is positive, and the differences between the two charts were statistically significant. (See 

Appendix H for the test results) 

Table 21: The comparison of baseline and not-connected axes in line charts for 

demographic groups 

 

 Not-connected axes – Baseline 

Demographics Mean Std Dev 

Gender   

          Male 0.57 1.01 

         Female 0.98 0.93 

Age   

         30 years old or younger 0.76 1.03 

         Older than 30 years old 0.86 0.66 

Years at a university   

        Less than four years 0.75 1.22 

       Four or more years 0.77 0.97 
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8 Discussion 

In this section, the research questions will be answered by analyzing the key findings of the 

experiment with the help of previous studies in the literature. This paper investigated two design 

technique: truncated y-axis and not-connected axes. First, the impact of truncated y-axis will be 

discussed. Later, the impact of not-connected axes will be discussed. The research questions will 

be answered in the same order and structure. 

8.1 Impact of Truncated Y-Axis Usage 

Truncated y-axis is seen as a deception method in the literature (Beattie, & Jones 2002a; Beattie, 

& Jones, 2002b; Pandey et al, 2015). In this study, we studied its effects on the charts that represent 

time series data. Time series data is represented often with a line chart or a column chart (Few, 

2004). This study aims to answer two question related to truncated y-axis impact on the charts. 

These questions will be discussed in this section. 

8.1.1 Does truncated axis usage in column charts have an impact on the perceived 

message?  

In the experiment, the perceived increase level from a column chart with a y-axis starting at zero 

is measured as the baseline value for column charts. The baseline value for the perceived increase 

level was 2.50. This value means that the increase level in data was perceived as between the 

slightly increased and moderately increased categories. This finding is in line with the claims from 

previous studies. Beattie, & Jones (2002a) showed that fifty percent increase in data is evaluated 

as slightly increasing, when the data is represented by a column chart with a proper design. The 

perceived increase level from a column chart with a truncated y-axis is also measured in the 

experiment. The mean of the responses for the column chart with a truncated y-axis was 3.40. This 

value falls somewhere between the moderately increased and sharply increased categories. Also, 

the proportion of the “slightly increased” option falls from 43% to 7%, when the data is represented 

by a column chart with a truncated y-axis instead of a baseline column chart. The difference 

between the perceived increase level from the baseline chart and the chart with a truncated y-axis 

is statistically significant. 
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With the finding of the experiment, we can conclude that the truncated y-axis usage in a 

column chart has a deceptive effect on the perceived message. This result is in line with the 

literature in the field. Many researchers state that truncated y-axis usage should be avoided while 

designing column charts (Few, 2006a; Pandey et al., 2015). This experiment provides evidence for 

the deceptive effects of truncating the y-axis in column charts. 

8.1.2 Does truncated axis usage in line charts have an impact on the perceived 

message? 

In the experiment, participants were shown a line chart with a y-axis starting from zero. The 

perceived increase level from this chart is taken as the baseline value for line charts. The baseline 

value for the line charts was 2.76. This numeric value is between the slightly increased and the 

moderately increased categories. In the experiment, there was also a line chart with a truncated y-

axis. The mean of the perceived increase level from the line chart with a truncated y-axis was 3.31. 

The difference between the means of response variable for the baseline chart (2.71) and for the 

chart with a truncated y-axis (3.31), is statistically significant. Thus, the experiment shows that 

truncated y-axis usage has a deceptive impact on the perceived increase level in line charts. 

This finding is contradicting to some studies in the literature, which state that using truncated 

y-axis in a line chart is not problematic (Few, 2006a; Fung, 2014). Few (2006a) claims that the 

viewers will not get manipulated by a line chart with a truncated y-axis, because only position 

attribute is used to process information from a line chart. However, there are also claims that a line 

chart with a truncated y-axis is not problematic, only if the viewer is aware of the emphasis in the 

chart (Evergreen, 2014; Yanofsky, 2015). In the experiment of this paper, no warning is given to 

the participants for the purpose of the study. Also, the participants were not selected from the 

members of any special community, which has certain way of representing the data. For example, 

it may be possible to get different results from the same experiment, if the participants are working 

in stock market. Additional research is needed to investigate the case where the viewers are aware 

of the manipulation in the chart. The aim of this research is to understand the impact of the 

truncated y-axis usage, when no additional information is given to the viewer. In this case, 

truncated y-axis usage affects the perceived increased level from a line chart. 
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8.2 Impact of Not-Connected Axes 

During the literature review, the need for a method to alarm the viewers about the truncated y-axis 

was discovered (Evergreen, 2014; Yanofsky, 2015). Not-connected axes is a design method that 

is recommended in line charts (Tufte, & Graves-Morris, 1983). Since having not-connected axes 

may draw the attention of the viewer to the data (Tufte, & Graves-Morris, 1983), it is considered 

as a way to avoid deception that is caused by the truncated y-axis usage. First, the effectiveness of 

not-connected axes will be analyzed for column charts. Then, a similar analysis will be done for 

line charts.  

8.2.1 Does not-connected axes usage prevent truncated y-axis from being deceptive in 

column charts? 

The experiment of this study showed that truncated y-axis usage in a column chart causes a 

deception in the perceived increase level. Another aim of the study is to understand whether the 

not-connected axes can prevent truncated y-axis usage from being deceptive. For this purpose, a 

chart with not-connected axes is used in the experiment. The mean of the perceived increase level 

from this column chart with not-connected axes is 3.23, whereas the baseline value for the 

perceived increase level is 2.50. The difference in the means is significantly different. 

Having not-connected axes was expected to prevent the deception in the perceived message. 

However, the experiment showed that the perceived increase level is different than the baseline 

value, when the axes of the charts are not connected. Therefore, we can conclude that the not-

connected axes usage cannot be seen as a solution for the column charts. Truncated y-axis usage 

in a column chart is always considered wrong, because the length attribute is used to retrieve 

information from a column chart (Few, 2006a; Fung, 2014; Evergreen, 2014; Yanofsky, 2015). 

The length attribute is still in play when the axes of the chart are not connected. Not-connected 

axes were considered as a solution for the column chart because of its alarming capability. In 

conclusion, truncated y-axis usage is still deceptive for a column chart, when the axes of the chart 

are not-connected. 
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8.2.2 Does not-connected axes usage prevent truncated y-axis from being deceptive in 

line charts? 

As discussed earlier, the experiment showed that using a truncated y-axis in a line chart affects the 

perceived increase level. There are some studies that claim that having a truncated y-axis in a line 

chart is not deceptive (Few, 2006a; Fung, 2014; Evergreen, 2014; Yanofsky, 2015), however the 

importance of the awareness of the viewers is emphasized (Fung, 2014; Evergreen, 2014). Not-

connected axes method is considered as a way to alarm the viewers about the truncated y-axis of 

the chart. To measure the effectiveness of the not-connected axes method in line charts, a line chart 

with a truncated y-axis and with connected axes was shown to the participants in the experiment. 

The mean of the perceived increase level for this line chart is 2.76, and the baseline value of the 

perceived increase is 3.53. The difference between the means of the perceived increase level is 

statistically significant. 

Not-connected axes method is recommended to keep the focus on the data (Tufte, & Graves-

Morris, 1983). It was hoped to work as an alarming method as well, however the experiment 

showed that not-connected axes is not an effective alarming method in line charts.  

8.3 Validity and Reliability 

In this section, validity and reliability of the study will be discussed. Validity means that the 

method actually measures what it is intended to measure (Greener, 2008). In other words, the 

validity of a study gives some indication of how well an experiment measures a given area, under 

the given circumstances, and with a given group (Burns & Dobson, 2012). On the other hand, 

reliability refers to consistency or repeatability of the study over time (Greener, 2008). The 

synonyms for reliability are: dependability, stability, predictability, and accuracy (Burns, & 

Dobson, 2012). Validity is an essential part of any study. If the method is valid for measuring what 

it aims to measure, it does not help that the method is reliable. Also, an unreliable measure cannot 

be valid because it would not be possible to distinguish the systematic error from the random error 

(Sarstedt & Mooi, 2014).  

 The experiment of this study had one response variable for the questions with visualizations. 

The aim of the experiment was to measure and compare the perceived increase level from the 

charts with different designs. It is recommended to use established indicators in the field to ensure 
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the validity of the study (De Vaus, 2013). The wording of the question and the response variable 

are adopted from another studies in the field (Beattie, & Jones, 2002a; Pandey et al., 2015). The 

participants were asked to choose among the options with a 5-Item Likert scale. The response 

options and the numerical values assigned to the options can be seen in Table 22. During the 

analysis of a Likert scale question, it is assumed that the distance between each category is equal 

(Alphen, Halfens, Hasman, & Imbos, 1994). For this experiment, the distance between the very 

slightly increased and slightly increased categories and the distance between the slightly increased 

and moderately increased categories are assumed to be the same. However, this is not necessarily 

true. Therefore, evaluating the response options with an interval scale, instead of evaluating each 

response as a different category may have an impact on the results. 

Table 22: Response options and assigned numerical 

values   

Response variables Numerical value 

Very slightly increased 1 

Slightly increased 2 

Moderately increased 3 

Sharply increased 4 

Very sharply increased 5 

  
Multiple-item indicator are recommended to increase the reliability of the study (De Vaus, 

2013). However, due to the nature of the experiment in this study, using multiple-item indicators 

would harm the results. Since showing similar charts more than once to a participant could reveal 

the purpose of the study to the participants. 

Furthermore, comparison between the baseline column chart and the column chart with a 

truncated y-axis is done during the analysis. However, the evaluation of these charts are done by 

two different groups. Having the same person evaluating the two charts would make it possible to 

execute a paired test. This could improve the reliability of the results. Showing both the baseline 

and the manipulated chart to the same person was avoided to not reveal the purpose of the study. 

The questionnaires and the charts were designed carefully to enable the comparison of responses 

collected from two different sample. Also the analysis showed that none of the demographic 

groups had a different result. So, it is considered to be fine to compare the results from two 

samples.   
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8.4 Limitations and Suggestions for Future Research 

The limitations of the study and the suggestions for future research in the field will be discussed 

in this section. First, the limitations and their effects will be explained. Further, suggestions for 

future research will be given by asking questions that are emerged as a result of this study. 

Firstly, the sample of the experiment was not representing the whole population. The 

participants were mostly young and highly educated people. Therefore, the finding of the study 

may not be true for age or education classes. However, earlier studies that investigated message 

deceptions with visualizations found that individual differences did not affect the results (Pandey 

et. al, 2015).  

Secondly, the order of the questions were not randomized and not tested for the ordering 

effects. All the participants saw the baseline chart as their first chart, the chart with a truncated y-

axis as their second chart, and the chart with a truncated y-axis and not-connected axes as their last 

charts. A software tool for preparing a questionnaire that can randomly assign visualizations and 

the design conditions was not available to the author. 

Furthermore, the study showed the impact of truncated y-axis usage in line and column 

charts on the perceived message. The results indicate that truncated y-axis usage results in 

deception in both chart types. Truncated y-axis usage in line charts is considered to be acceptable, 

as long as the viewers are aware of the deception (Evergreen, 2014; Yanofsky, 2015). It would be 

conduct a similar experiment to test whether the awareness of the viewers actually prevents the 

deception in the message. 

In this study, visualizations were investigated as a communication tool. Therefore, the 

participants were not asked to make a decision with the perceived message from the charts. Testing 

the perceived message for the situation where the participants need to make a decision with the 

perceived information, can also be interesting. 

9 Conclusions 

The importance of understanding the power of visualizations is increasing with their common use 

in many fields. This paper investigated the deceptive visualizations for time series datasets. The 

selection of the topic was due to lack of empirical studies in the field of deceptive visualizations 

(Pandey et al., 2015). Many important reports are accompanied by graphs both in academic ad 
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business worlds. Approximately 75% of all business graphs display time series data (Few & 

Principal, 2005). Therefore, it carry a great importance to study the deceptiveness of the common 

design methods. For this purpose, the types of visualizations and the design principals for these 

visualization types are reviewed in this paper. Also, a basic understanding of visual perception 

rules are provided in the literature review part. In the light of the literature review, an experiment 

was designed to measure the impact of y-axis manipulation on the perceived message. The 

experiment showed that the perceived message is affected by the y-axis manipulation. This effect 

is seen both in line charts and column charts. The study provided an empirical evidence of the 

effect of deceptive visualizations.  
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