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Abstract 

Although personality dimensions figure prominently in what people prefer or like about a 

display, little is known about precisely how personality dimensions can be predicted 

through our visual preferences. We investigated the feasibility for predicting continuous 

dimensions of personality traits (Big-Five dimensions) from preferences captured by 

users’ eye-movements while scanning the preferred regions in a visual presentation. The 

eye-movement behavior of 96 participants was examined to identify their preferences in 

five visual design presentations. A multi-target learning method was used to build the 

prediction model of continuous dimensions of personality based on fixation and saccadic 

eye parameters. The results showed that participants’ preferences for certain visual 

elements tended to explain their personality profile. Our findings offer new insights for 

personality assessment, human–computer interaction, personalization, and rational choice 

theories. It also addresses new trends related to the regulation of eye movements towards 

regions of interest based on the proportion of personality dimensions. 
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Introduction 

Most theories in the cognitive sciences (such as distributed cognition) were designed 

to provide a logical explanation of cognition and knowledge distributed across subjects 

and to foster an understanding of people’s preferences in human–computer interactions. 

Previous studies have acknowledged the potential for characterizing intergroup 

preferences in the early stages of a person’s life from implicit social cognition (Dunham, 

Baron, & Banaji, 2008), in which such preferences can change over time due to certain 

demands associated with the nature of the environment or task. 

One emerging research area focuses on visual perception and its potential use in 

predicting individuals’ preferences. Clues about the decisions that individuals may make 

can be provided by their preferences with respect to the nature of tasks in real-world 

settings (Freudenthal & Mook, 2003). These preferences are shaped by differences in 

human decision making that have not been adequately addressed in cognitive models and 

methodologies for naturalistic settings (Klein, Orasanu, Calderwood, & Zsambok, 1993). 

Bediou and Scherer (2014) explained the variety in preferences resulting from differences 

in individuals’ behavioral patterns, cognitions, and emotions. Previous researchers have 

explained individual’s preferences as the perceptions of and cognitions about information 

being displayed (Leung, Lee, Johnson, & Robertson, 2012; Allard, Wadlinger, & 
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Isaacowitz, 2010; Amditis, Polychronopoulos, Andreone, & Bekiaris, 2006). This led 

Janiszewski (1998) and Henderson, Shinkareva, Wang, Luke, and Olejarczyk (2013) to 

claim that an individual’s perceptions and cognitions concerning a display can be shaped 

based on a fraction of the available information. As such, identification of a viewer’s 

favoring one item over another requires identifying which displayed information is 

associated with the viewer’s preferences. Nienaber, Bussin, and Henn (2011) and 

Rentfrow and Gosling (2003) have supported the notion that individuals’ preferences can 

be associated with specific personality dimensions. Nevertheless, the picture emerging 

from these studies is incomplete, as they have not explained precisely the roles that 

personality dimensions play with respect to individuals’ preferences and vice versa. 

Accordingly, little is known about the possibility of predicting personality dimensions 

from our preferences.  

Fleeson and Noftle (2008) noted that we have “very little knowledge about how 

personality is present in behavior and about what behaviors are relevant to personality,” 

and this is “partly because of the difficulty in specifying the level at which behavior 

should be studied” (pp. 1668, 1679). In line with this, Rauthmann, Seubert, Sachse, and 

Furtner (2012) explained the rationale for using gazing behavior to examine personality. 

This is because personality can influence eye movement towards visual information 

(Matsumoto, Shibata, Seiji, Mori, & Shioe, 2010) based on the effect of stimulus material 

(Land, 2007). Hence, users’ interest is guided by attention, and the stimuli are the base of 

visual exploration (Al-Samarraie, Eldenfria, & Dawoud, 2017; Risko, Anderson, 
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Lanthier, & Kingstone, 2012). As the eyes exhibit complex movement patterns (Risko et 

al., 2012), eye-movement parameters may have the potential to explain individual 

differences in personality. Given that the relationship between personality dimensions 

and eye movement has yet to be explored (Wu, Bischof, Anderson, Jakobsen, & 

Kingstone, 2014), it is worth investigating how personality dimensions might influence 

eye-movement behavior towards regions of interest, and whether eye-movement behavior 

can be used to predict personality dimensions based on preferences for certain regions. 

The current trend in exploring differences in human behavior has shown that 

personality is important from a conceptual perspective (Mahoney & Stasson, 2005). 

Personality is generally viewed as a moderately stable pattern of one’s behaviors in 

individual interactions with the surrounding environment. Such differences in personality 

can be examined by the Big Five traits (also called the Five Factor Model), which are 

used extensively in psychology (Soto, John, Gosling, & Potter, 2011; Wortman, Lucas, & 

Donnellan, 2012). Further, its traits—extraversion, agreeableness, conscientiousness, 

neuroticism, and openness to experience—are widely applied in studies outside of 

personality psychology. According to Zhao and Seibert (2006), individuals with certain 

personality traits may process behaviors differently as compared to individuals with 

different traits, and thus, these can be used as a predictor of human behavior and 

cognition. On the other hand, most research related to the use of the Big Five traits in 

social attention research has emphasized their potential role in the effect of task demands 

on neglecting attention. Accordingly, the Big Five traits are suitable to explain facets of 
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human behavior, and they are a strong foundation for examining personality and 

preferences. With this in mind, our main goals were the following: 

1. Estimating the effect size of personality traits on participants’ perceptual 

responses to a certain region of interest in a display. To measure the effect size of 

personality traits on users’ eye-movement behavior toward the region of interest, 

we used repeated-measures ANOVA in five visual design presentations (see 

section 3.1). Examining the link between an individual’s visual preferences and 

personality profile would extend our understanding of preferences and the 

predictability of the personality variable. It also provides the necessary evidence 

for the impact of our personality on the way we process and scan visual display.  

2. Determining the feasibility of building a personality profile prediction model 

based on the preferences captured from eye-movements while scanning the region 

of interest in a visual presentation. We utilized a data-mining approach named 

multi-target learning to build the prediction model for this study. Big Five 

personality traits were used because they are stable indicators of several life 

consequences (Manning et al., 2014) and distinguish cognition-related aspects of 

personality into five different dimensions (extraversion, agreeableness, 

neuroticism, conscientiousness, and openness to experience). This would provide 

an alternative method to predict or explain individual’s personality profile, thus 

increasing our theoretical understanding and practical applicability of personality 

traits assessment.  
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Literature review 

Visual search is an important part of HCI. It is critical that we build a theory about 

how people visually search displays in order to better support the users’ visual 

capabilities and limitations in everyday tasks. Our review of the literature showed that 

inferring high-level cognitive states during interaction with a user interface is a 

fundamental task in building proactive intelligent systems that would allow effective 

offloading of mental operations to computational architectures. Halverson and Hornof 

(2007) discussed the typical process underlying computational cognitive modeling of the 

perceptual, strategic, and oculomotor processes used by individuals in a visual search 

task. They proposed a minimal model of visual search to better explain our visual search 

strategies from eye movement data. The model consists of parsimonious strategy that is 

not tied to a particular visual structure or feature beyond the location of objects. Le Meur, 

Le Callet, and Barba (2007) questioned the potential of computational models to infer 

what viewers are looking at during the bottom–up visual attention. They emphasized the 

need for developing a new protocol for explaining the relationship between human eye 

movements and biologically plausible model predictions.  

On the other hand, very few studies were conducted to examine the feasibility of eye-

movements in predicting certain states of an individual. For example, Eivazi and 

Bednarik (2011) proposed a system that uses real-time eye-tracking to measure patterns 

of visual attention among people that can be used to predict their behavior when 

interacting with a problem solving interface. They explored the relationship between 
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different eye-movement patterns using different machine learning and computational 

modeling techniques. They concluded that it is possible to predict differences among 

cognitive states from overt visual attention patterns. Doshi and Trivedi (2009) studied the 

potential of eye-movements in providing the necessary behavioral cues as inputs for 

developing intelligent driver-assistance systems based on the examination of particular 

cues for distinguishing driver attention. They found that eye-movements can provide a 

reliable measure of behavioral cues in harsh driving conditions. Thus, data about eye-

movements can provide a promising way to better understand the visual search processes 

on a computer screen. However, studies that used eye-movement data in such contexts 

were mostly focusing on computational models for explaining certain behaviors. The 

feasibility of eye-movements for inferring our preferences of visual design elements was 

poorly characterized. The first attempt by Melcher and Kowler (2001) explained the role 

of eye-movements in sensing our preferences of the display that cannot be used to guide 

the immediate selection of saccadic targets. They explicitly addressed the role of saccadic 

movements in stimulating our visual memory in both capacity and persistence. In 

addition, it is evident that while scanning the display, our eye-movement patterns could 

be predicted by a random selection model. This led other researchers like Al-Samarraie, 

Sarsam, and Guesgen (2016a) to design a visual task for predicting users’ preferences for 

design elements. They build a prediction model based on the relation between their 

fixation and saccadic movement on the elements of the presentation for interface 

customization purposes.  
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Despite this, many previous and recent studies (e.g., Lauriola, & Levin, 2001; Ehrhart 

& Klein, 2001; Davis, Patte, Tweed, & Curtis, 2007; Sas, O’Hare, & Reilly, 2004) 

highlighted the strong association between our preferences and personality traits. This led 

Al-Samarraie et al. (2016b) to further examine this view by exploring how a certain 

personality trait can be used to explain our preference for visual elements However, 

personality traits are typically treated as a continuous variable and their exploring their 

potential for predicting perceptual preferences is considered to be a relatively new trend 

in HCI and personality research.  

Therefore, this study was conducted to explore the feasibility of predicting continuous 

dimensions of personality traits (Big-Five dimensions) from preferences captured by 

users’ eye-movements while scanning the preferred regions in a visual presentation. 

Here, a prediction model consisting of all the dimensions of personality traits was 

developed. We used multi-target learning to replace the traditional task of single-label 

(i.e., multi-class or binary) classification where each instance was only associated with a 

single class label. This was believed to provide a reliable insight into the role of saccadic 

and fixation parameters in guiding our immediate selection of target of interest in 

prediction related contexts.  

 

Method 

We examined eye-movement behavior in five visual design trials (color, layout, font 

size, font style, and alignment). A Bagging learning algorithm was used to predict 
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participants’ personality profiles from the preferences of eye-movement parameters 

towards the region of interests in a visual design presentation.  

 

Participants  

One-hundred four graduate students (50 male and 54 female) were initially recruited 

for this study. All participants had normal or corrected-to-normal visual acuity. All 

participants underwent personality measures and eye calibration tests. Eight participants 

were excluded during the calibration test due to some technical difficulties in capturing 

the participant’s pupil. As a result, 96 participants (47 male and 49 female) were 

included, with ages varying from 25 to 35 years old (mean age M = 29, SD = 3.46). 

 

Materials 

Five selection trials were displayed in a PowerPoint presentation. The experimental 

stimuli were used to examine the participants’ preferences for the visual design elements 

of color, layout, font size, font style, and alignment. The selection of these trials was 

based on the suggestions of prior studies on interface design and its relation to individual 

personality traits (Shaikh, Chaparro, & Fox, 2006; Oh, Lho, Kwon, & Kim, 2006; 

Karsvall, 2002).  

The first trial presented a combination of 16 hue colors. The second trial presented 

eight layouts. The third trial presented a combination of different font sizes. The fourth 
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trial presented a combination of different font styles. Finally, the fifth trial presented 

visual alignments of text to the left, centered, and justified.  

  

Eye-tracking configuration 

We used SMI iView X in this study to capture the participants’ eye-movement data. 

A standard 22-inch LCD monitor with a screen resolution of 1680 × 1050 pixels was 

used to present the stimuli. We ensured that participants sat comfortably on the chair, 

with their eyes about 50 cm from the monitor (Bax, 2013). Moreover, to guarantee that 

the eye tracker accurately tracked the participants’ gazes, we asked all of the participants 

to individually undertake a standard 9-point calibration and validation test. A spatial 

resolution of less than 0.04º was used to record the position of the reader’s eye every half 

millisecond (Rayner, Slattery, & Bélanger, 2010). A refresh rate of 150 Hz was also used 

in this study (Schotter, Bicknell, Howard, Levy, & Rayner, 2014). We followed 

suggestions of Wagner, Hirsch, Vogel-Farley, Redcay, and Nelson (2013) for providing 

the proper atmosphere, namely, that the environmental setting of the eye-tracking room 

was dimly lit and shielded from sound. We also adjusted the screen’s height and 

brightness to suit the participants’ viewing preferences. 

 

Personality measure  

We examined the personality dimensions of each participant using the International 

Personality Item Pool – Neuroticism, Extraversion and Openness (IPIP-NEO) by 
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Goldberg (1999), which was developed based on the commercial NEO Personality 

Inventory Revised (NEO-PI-R; (Costa & McCrae, 1992) before beginning the eye-

tracking session. The instrument is based on the five-factor model of personality. 

Selection of this test is supported by empirical evidence from many prior studies (e.g., 

(Gómez-Fraguela, Villar-Torres, González-Iglesias, & Luengo, 2014; Hurt, Grist, 

Malesky, & McCord, 2013; Maples, Guan, Carter, & Miller, 2014)). The test measures 

the subject’s extraversion, agreeableness, conscientiousness, neuroticism, and openness 

to experience. Figure 1 shows the IPIP-NEO facets for each dimension. The assembly 

distribution of these facets was different across personality dimensions. From the figure, 

it can be noted that there are different characteristics used to explain each personality 

trait. For example, the extraversion trait is described by aspects related to individual’s 

friendliness, gregariousness, assertiveness, activity level, excitement-seeking, and 

cheerfulness. Therefore, the characteristics for each trait were used to estimate 

individuals’ personality profile in this work.  

 

Figure 1: 

 

The descriptive statistics for each of the personality domains showed lower averages 

for openness to experience (mean = 24.00, SD = 23.80, and Cronbach's value = 0.74) and 

agreeableness (mean = 36.60, SD = 29.54, and Cronbach's value = 0.83) and medium 

averages for neuroticism (mean = 54.30, SD = 25.62, and Cronbach's value = 0.86), 
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extraversion (mean = 41.00, SD = 15.02, and Cronbach's value = 0.84), and 

conscientiousness (mean = 40.20, SD = 15.50, and Cronbach's value = 0.84) factors. 

These averages were used as inputs for the supervised learning algorithm discussed in the 

next section. The five personality dimensions were considered as continuous variables for 

which eye-movement parameters were used as predictors.  

 

Procedure 

After identifying the participants’ personality dimensions, the researchers gave a 

short demonstration explaining the purpose of the study and the participants’ roles in the 

visual design trials. Participants were asked to visually scan their preferred visual design 

elements in each trial. The display time for each trial was set to 5 s with 5 s intervals 

between trials (Savani, Stephens, & Markus 2014). The experiment conditions were 

similar to those in the study by Al-Samarraie, et al. (2016a).  

All participants were instructed to scan the presentation of each trial and to locate the 

preferred visual elements in the presentation space. After scanning the presentation of 

each trial, we asked each participant to identify the preferred design element that was 

visually presented on a computer screen. Participants physically indicated their responses 

on a paper form, and these were used to determine the regions of preferred design 

elements using Area of Interest (AOI) (see Figure 2). Then, fixation and saccadic eye 

movement data in the identified AOI for each participant were extracted to build the 

prediction model. As no standard method for the selection of eye-movement parameters 
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has been mentioned in prior studies of visual preferences, we collected eye-tracking data 

using these common parameters: the participant’s number of fixations, fixation duration, 

average pupil diameter, saccade duration, saccade amplitude, and saccade velocity peak. 

In order to increase participants’ familiarity with the visual design presentations, we 

showed them two different visual design presentations as a demo before moving to the 

main experiment.  

 

Figure 2: 

 

Data preparation and processing  

The aim of this study was to examine whether eye-movement behavior can predict 

personality dimensions based on preferences for visual design elements. Figure 3 shows 

the main phases of building the prediction model in this study. After identifying the AOI 

for each participant in each trial, the dataset was created with eye movements as 

attributes predicting the personality profile using Big-Five personality traits. The 

consideration of eye-movement data in this experiment was necessary to provide 

evidence for the potential association between the preferences behavior (specifically from 

the participants’ eyes into the region of interest) and their personality profile. Since this 

concept is relatively new, a set of measures conforming to data preparation, feature 

selection, and classification were designed to circumvent any potential limitations when 

processing the eye-movements and personality data. As personality dimensions were 
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treated as continuous variables, we performed multi-target learning using which eye-

movement parameters were linked to multiple target variables of Big-Five dimensions. 

Accordingly, Meka framework, which is an extension of the Waikato environment for 

knowledge analysis (Weka), was used to perform multi-target predictions in five visual 

design trials (color, layout, font size, font style, and alignment). A detailed explanation of 

these measures is provided in the following sub-sections. 

 

Figure 3: 

 

Removing outliers  

This phase involved two stages in order to build the prediction model in Meka, and 

each was conducted in conjunction with both the multi-target version of the ensemble 

learning algorithms and the class relevance method (which is the generalized multi-target 

version of the binary relevance method). The first stage involved removing outliers from 

the training set obtained during the participant’s screening of the regions of interest of 

visual design elements. This was done because a dataset may have instances that do not 

comply with the overall behavior of eye movement. Consequently, several data-mining 

techniques suggested removing these outliers (Han, Kamber, & Pei, 2011). We firstly 

performed a classification process by feeding all the data (eye movement and personality) 

into a decision tree (J48) algorithm that generates a pruned C4.5 tree. In this phase, the 
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confidence factor in the J48 algorithm was set to 0.25 to be used for pruning. Then, we 

removed all misclassified instances that resulted from this classification.  

 

Feature selection stage 

The second stage involved creating the classifier model to predict each personality 

dimension in each trial. First, we prepared the “Genetic” algorithm (Goldberg, 1990) to 

search for the eye parameters (subset) that are most associated with personality 

dimensions. Genetic algorithm is a search method used to solve optimization problems 

based on principles of natural selection and genetics. It is a probabilistic search procedure 

designed to work with a large number of instances (Goldberg & Holland, 1988). It 

consists of population size, number of generations, and probabilities of crossover and 

mutation (Hall, Witten, & Frank, 2011). Since this study used an abstract version of 

visual design elements to evolve solutions to how preferences captured from the 

participants’ eyes can be used to explain their personality profile, Genetic algorithm was 

found to be the most suitable method as it uses a distributed set of instances in order to 

create a new set of instances. The maximum number of both generations and population 

size was set to 20 with a 0.033 probability of mutation occurring. After selecting the 

qualified subset, we utilized the Bagging learning algorithm with its standard 

configuration to estimate the merit of the selected subset that was selected by Genetic 

algorithm. The searching result yield on the eye-movement parameters of fixation 

number, fixation duration, pupil diameter, saccade duration, saccade amplitude, and 
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velocity. Then, a classification process was applied on the selected subset to create an 

ultimate classification model for predicting the personality dimensions associated with 

eye-movement behavior towards the region of interest in five visual design trials. We 

measured the accuracy of the well-known learning algorithm, Bagging, in each trial. The 

Bagging algorithm was utilized because of its substantial advantage in predicting 

accuracy (Breiman, 1996), which is superior to that of other learning schemes, such as 

NaiveBayes, Lazy-IB1, and Decision Tree-J48. We used a ten-fold cross validation 

method (Friedman, Hastie, & Tibshirani, 2010; Karlsson et al., 2013) in order to assess 

the accuracy of the prediction model. 

 

Results 

Classification of personality dimensions  

The classification for all visual design trials yielded from the six eye-movement 

predictors—fixation number, fixation duration, pupil diameter, saccade duration, saccade 

amplitude, and velocity—of the personality dimensions—extraversion, agreeableness, 

neuroticism, conscientiousness, and openness to experience—was explored. We found 

that personality dimensions in all trials were associated with preferences of certain 

regions in the design display.  

Table 1 shows the mean values of eye-movement parameters for personality 

dimensions in the five visual design trials.  
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Table 1: 

 

Repeated measure was used in this study to assess whether participants’ perceptual 

responses to a certain region of interest in a display is similar across other regions and to 

estimate the effect size of personality traits on these responses in the five visual design 

trials. The interaction between eye-movement predictors and personality traits with 

regard to the five visual design trials was found to be significant (fixation duration: F = 

15.839, Wilks’ lambda = 0.83; fixation number: F = 41.05, Wilks’ lambda = 0.66; pupil 

diameter: F = 115.13, Wilks’ lambda = 0.41; Saccade duration: F = 7.22, Wilks’ lambda 

= 0.92; amplitude: F = 9.48, Wilks’ lambda = 0.89; velocity peaks: F = 11.51, Wilks’ 

lambda = 0.87), p < 0.001. This interaction shows that the predefined eye-movement 

parameters in the visual preferences task differed significantly among participants based 

on the variation in their Big-Five dimensions.  

Based on the results of all the visual design trials, we can see that personality 

dimensions were related to participants’ eye movements, which may vary from one 

dimension to another in their effects on users’ likelihood of adopting a certain region in 

the display. With respect to changes in average pupil size in the personality dimensions, 

we found that agreeableness and extraversion were related to more fixations with a 

smaller pupil size (Bradley, Miccoli, Escrig, & Lang, 2008) as compared to other 

dimensions. This may be because the dimension of extraversion represents a continuum 

from introverted to outgoing, and research in both psychology and aesthetics has 
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connected extraversion to visual design attributes (Hess, Fuller, & Campbell, 2009), 

while agreeableness may play a role in predicting the centrality of the display 

(Myszkowski & Storme, 2012). Based on our extensive review of the literature, this study 

appears to be the first to use eye-movement parameters for inferring users’ preferences of 

visual design based on his/her personality profile. Such differences can be effectively 

used as an indicator for explaining how personality dimensions contributes to indicating 

one’s preferences from eye-movement behavior regarding visual displays.  

 

Evaluating Bagging classifier in multi-target learning  

In order to predict participants’ Big-Five dimensions of personality based on their 

visual preferences, a multi-target learning was applied using tenfold cross-validation. The 

performance of Bagging classifier was assessed based on two evaluation metrics named 

Hamming loss and classification accuracy (Gjorgjioski, Kocev, & Džeroski, 2011).  

 

Hamming loss 

We considered Yi ⊆ L as a true labels set, where i = 1 … m. L = {lj : j = 1…q} is the set 

of all labels. Given instance xi, the set of labels that are predicted by a multi-label 

classification method is denoted as Zi. 𝚫, which presents the symmetric difference of two 

sets, whereas D refers to the number of instances in each trial.  
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We calculated the Hamming loss to evaluate the number of misclassifications of 

personality dimensions that were incorrectly predicted in the five visual design trials 

using the following formula (Schapire & Singer, 2000): 

Hamming loss = #	
⎸&	⎸

 ∑ 	⎸()	*	+)	⎸
⎸,	⎸

⎸&	⎸
-./   

However, we considered a classifier performance as an ideal when the Hamming loss 

value was close to zero. The Hamming loss in the first trial was 0.15, 0.12 in the second 

trial, 0.14 in the third trial, 0.19 in the fourth trial, and 0.29 in the fifth trial. With a 

Hamming loss close to zero in all trials, it appears that users’ personality dimensions can 

be accurately predicated based on their eye-movement behavior towards the regions of 

interest. 

 

Classification accuracy  

It is well known that calculating the similarity of predictive models (the model for 

each visual design presentation) can help to determine the models’ diversity. Such a 

process usually relies on the model’s performance, which we calculated in this study 

using the following formula (Tsoumakas & Katakis, 2006): 

Accuracy = #	
⎸0	⎸

 ∑ ⎸ 12	∩	42	
	12	∪	42

⎸0	⎸	
-.# ⎸ 

The eye-movement predictors accurately indicated individuals’ preferences for visual 

design elements based on their personality dimensions. Further, the prediction accuracy 

for both agreeableness and conscientiousness varied from trial to trial. This suggests that 
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these dimensions might regulate participants’ preferences that are affected by the 

characteristics of the visual design elements.  

The accuracy for classifying personality dimensions resulting from multi-target 

learning in all trials is shown in Table 2. All personality dimensions had similar 

accuracies (ranging between 80% and 90%), revealing strong potential for predictive 

purposes.  

 

Table 2: 

 

We were also interested in understanding the behavior of participants’ eye-movement 

by examining the distribution of the selected parameters (instances) (fixation duration, 

average pupil diameter, fixation number, saccade duration, saccade amplitude, and 

velocity peak) across personality traits in all the visual design trials (see Figure 4). 

Statistical linear projection was used to visualize the density of the instances’ 

distributions over the preferred regions. Our observation of participants’ perceptual 

behavior led us to believe that eye-movement parameters, specifically with visual-stimuli, 

can be used to predict the broad Big Five personality traits. It can also be used to observe 

any potential intercorrelations among personality traits based on its probable association 

with the pupil diameter on one hand and the fixation duration, fixation number, saccade 

duration, saccade amplitude, and velocity peak on the other. This assumption was based 

on the role of participants’ visual preference for the region of interest in manipulating 
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their attention to locate their preferred region. Such attention contributed to the pupil 

diameter, which may provide a useful, noninvasive index of changes in control state 

(Gilzenrat, Nieuwenhuis, Jepma, & Cohen, 2010). Previous studies linked relevancy 

judgments to increases in pupil diameter as a larger diameter typically signifies high 

interest in the content (Granka, Joachims, & Gay, 2004), which can be used as a baseline 

for measuring changes in physiological responses during the presentation of visual 

stimuli (Hermans, Vansteenwegen, & Eelen, 1999). Hence, it can be said that pupil 

diameter could be used as a baseline for indicating preferences based on the weight of 

fixation characteristics while moving from one area to another. Our observation of 

participants’ eye-movement behavior showed that the instance distribution for all 

personality dimensions was homogeneous among the predictors.  

We also noticed that the separability of eye-movement showed low projections on 

aspects related to saccadic parameters. Supported by the high-density array of eye 

parameters for each personality trait, it can be suggested that the distance between inter- 

and intra-class covariance matrixes of eye movements (instances) on the currently viewed 

interface design elements could be used to predict personality dimensions based on users’ 

preferences for the region of interest. This complex distribution can viably predict 

preferences in a specific visual design display based on personality.  

We found that personality dimensions stimulated eye-movement parameters 

differently, in that moderately stable fixation was associated with most personality 

dimensions, whereas it was higher on average for agreeableness and neuroticism. As for 
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pupil diameter, we found that its average in all the personality dimensions was 

approximately correspondent to the nature of the task. On the other hand, extraversion 

was associated with higher saccadic behavior as compared to other traits. We also found 

that velocity of saccade acted as a measure of angular distance of eye movement from 

one region to another in all personality dimensions. However, saccade amplitude was 

stable across all the personality dimensions except for agreeableness, scores on which 

were the lowest among all dimensions.  

The difference in measures of eye-movement parameters might be due to preferences 

inherent in personality variations whereby participants high in certain personality traits 

may be more interested in certain visual stimuli (He et al., 2011; Karsvall, 2002). Further, 

expression of one’s emotions may corresponds to certain personality dimensions that can 

be associated with visual elements (Mayer, DiPaolo, & Salovey, 1990). This addresses 

the importance of personality factors in interface design and human–computer interaction 

based on their role in neglecting certain design elements over others.  

 

Figure 4: 

 

Discussion  

The assumption addressed by Al-Samarraie, et al. (2016) alters our understanding of 

how people with significant variation in behavior across different occasions can supports 

the validity of the potential of having eyes predict individuals’ visual preferences based 
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on their personality dimensions. As interpreting the mind from the way eyes behave 

towards a target is important for determining the level of interaction, eye-movement 

behavior also helps explain the interaction and its association with one’s perceptions of a 

display (Mason, Hood, & Macrae, 2004; Mason, Tatkow, & Macrae, 2005). Therefore, 

we explored how our preferences for the visual elements can be used to infer our 

personality dimensions. 

Our results showed that the personality dimension in visual design presentations can 

be predicted by the behavior of eye movements with respect to the nature of a display. 

Such behavior can be captured by different eye parameters that can be used to build a 

computational model based on the link between an individual's preferences for visual 

elements with a processing style personality trait. Our finding is in line with several prior 

studies on visual perception and changes in average pupil size, which are viewed as 

mechanisms of the human visual system for processing the received image (Winkler, 

2012). It also enriches previous efforts on attentional selectivity (Hermans, et al., 1999; 

Van Steenbergen, Band, & Hommel, 2011) by demonstrating the role of pupil diameter in 

weighing other fixation characteristics when fixating on the region of interest. We 

noticed that individual preferences for components of presentations may vary and that 

this difference can be correlated with one’s personality profile, which is consistent with 

previous claims made by Leung (2012) that personality style can significantly affect 

human aesthetic choice. This includes the level of attention given to the objects within a 

display, supported by Wolfe and Horowitz (2004) claims on individual differences in 
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attention to color. With respect to the object in a display, we concluded that the 

characteristics of a display play a key role in influencing individuals’ preferences for 

objects, also supporting the claims of Bar and Neta (2006) and Djamasbi, Siegel and 

Tullis (2010), who found that different text sizes can influence a user’s processing 

behavior. Our works also supports the conclusion made by Dixson, Grimshaw, Linklater, 

and Dixson (2011) about the potential of using eye-tracking techniques to study people 

preferences of certain region in the display. 

Our findings related to the role of eye-movements in inferring people’s personality 

dimensions adds to Brinkman and Fine (2005) findings regarding possible correlations 

between personality dimensions and individuals’ preferences. This study result extends 

the recent work of Al-Samarraie, et al. (2016) who studied the correlation between 

certain personality traits and eye-movement parameters for predicting the visual design 

presentation. In addition, the effect of personality profile on individual’s processing of 

and preference for visual elements enriches the work of Sojka and Giese (2001) who 

studied the impact of personality on consumer behavior when processing visual and 

verbal information. Considering this, our study expands the possibilities of providing an 

appropriate method for predicting individual differences based on the link between an 

individual’s preferences for visual information with a processing style personality trait.  

Our findings offer some theoretical implications about the feasibility of eye-

movements in visual processing tasks to provide a suitable method for predicting 

individual’s personality profile as compared to the conventional methods. It also provides 
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a basis for establishing new visual protocols to help in assessing individual differences by 

linking eye-movements to the formation of preferences for visual stimuli. The findings 

have many practical implications—for example, to avoid distraction that can result from 

having irrelevant features in a display (Forster & Lavie, 2014) by tailoring the preferred 

display elements to one’s personality or to offer computer users intuitive perspectives on 

data by providing compatible displays (Plessner, Betsch, & Betsch, 2008). Although 

human vision has some limitations with respect to adjustments in the display of stimuli, 

our finding opens new doors to consider deeper exploration of how an individual’s 

preferences can be predetermined by using prediction models based on variations in eye-

movement behavior across different occasions. This may offer new insights for human–

computer interaction, personalization, and rational choice theories. It also addresses a 

new aspect related to the regulation of eye movement towards preferred visual design 

elements based one’s personality characteristics. 

 

Limitation and future work 

This study explored visual presentation selection preferences by examining eye-

movement behaviors as predictors of individuals’ personality profiles. A prediction 

model was designed based on five trials of different visual design element presentations. 

We observed how the relation between eye-movement behavior and personality 

dimensions could be distributed based on criteria in the display. 
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Despite these strengths, this study had several limitations. This study was limited to 

certain design elements; for instance, the stimuli used in this study covered only five 

visual design criteria (color, layout, font size, font style, and alignment), whereas, other 

design elements may processed differently. The eye movement data were obtained from 

university students who have great experience with interface customization. In addition, 

this study did not examine any potential differences in eye-movement behavior of 

participants based on their demographic characteristics (such as age, gender, experience, 

etc.) which may affect the ability of the classifier to predict personality. This study was 

also limited to the utilization of Bagging classifier to predict the Big-Five personality 

dimensions based on the theoretical evidence in favor of it, compared to other classifies. 

Future work should also look at more culturally diverse personality inventories (e.g., 

HEXACO) with the consideration of different time intervals for fixations. Further, an 

examination of eye-movement parameters and other behavioral and preference properties 

can be further investigated with different classifiers (including non-probabilistic 

classifiers). Future studies may also consider examining the relationship between 

individuals’ age or gender and their decision making. Finally, as gaze serves as a rather 

effortless and economical regulatory tool for individuals to shape their affective 

experience (Allard et al., 2010), hence, future studies focusing on personality prediction 

should consider the distribution of instances based on the distance of inter and intra 

matrixes among the eye-movement predictors. 
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FIGURES 

 

Figure 1: Distribution of IPIP-NEO facets for each dimension 
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Figure 2: The design of the study trials 
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Figure 3: Data preparation and processing phases  
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Figure 4: Distribution of personality dimensions among eye-movement predictors in the 

visual design presentation (FD: Fixation duration, PD: Pupil diameter, FN: Fixation 

number, SD: Saccade duration, SA: Saccade amplitude, and VE: velocity peak) 
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TABLES 

Table 1: Means and standard deviations for eye-movement predictors in five trials 

Selected eye parameters  

 Fixation 

duration 
 

Fixation 

number 
 

Pupil 

diameter 
 

Saccade 

duration 
 Amplitude  

Velocity 

peaks 

Trial M SD  M SD  M SD  M SD  M SD  M SD 

 

1 3.367 8.058  7.766 4.669  4.087 .4369  26.082 1.787  2.421 2.922  2.692 3.609 

 

2 3.068 2.356  8.766 4.802  4.177 0.352  31.145 2.078  3.538 5.342  2.712 2.514 

 

3 4.041 3.961  6.215 3.573  3.823 0.273  26.293 1.817  2.090 4.663  1.909 2.197 

 

4 6.243 7.244  5.447 3.128  3.716 0.265  26.111 2.249  4.063 7.655  3.613 6.111 

 

5 3.343 4.201  8.323 4.553  3.846 0.286  33.936 2.800  3.715 6.040  3.143 4.368 
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Table 2: Accuracy for each personality dimensions 

Trial 
 Personality dimensions 

 Extraversion Agreeableness Conscientiousness Neuroticism Openness to experience 

1  0.85 0.83 0.83 0.85 0.86 

2  0.87 0.87 0.87 0.87 0.90 

3  0.85 0.86 0.86 0.85 0.87 

4  0.79 0.79 0.79 0.79 0.86 

5  0.81 0.82 0.82 0.81 0.82 
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