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Abstract
Objective: In this rapidly digitizing world, it is becoming ever more important 
to understand people's online behaviors in both scientific and consumer research 
settings. The current work tests the feasibility of inferring personality traits from 
mouse movement patterns as a cost-effective means of measuring individual 
characteristics.
Method: Mouse movement features (i.e., pauses, fixations, speed, and clicks) 
were collected while participants (N = 791) completed an online image choice 
task. We compare the results of standard univariate and three forms of multi-
variate partial least squares (PLS) analyses predicting Big Five traits from mouse 
movements. We also examine whether mouse movements can predict a proposed 
measure of task attentiveness (atypical responding), and how these might be re-
lated to personality traits.
Results: Each of the PLS analyses showed significant associations between a 
linear combination of personality traits (high Conscientiousness, Agreeableness, 
Openness, and low Neuroticism) and several mouse movements associated with 
slower, more deliberate responding (less unnecessary clicks and more fixations). 
Additionally, several click-related mouse features were associated with atypical 
responding on the task.
Conclusions: As the image choice task itself is not intended to assess personality 
in any way, our results validate the feasibility of using mouse movements to infer 
internal traits across experimental contexts.
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1   |   INTRODUCTION

The rapid development of digital technology has led peo-
ple to spend an increasing amount of time online. As peo-
ple navigate through different web applications, they leave 
digital traces behind. One of these implicit traces is mouse 
movements. Regardless of the motivation, people use 
their mouse to guide and shape their online experiences. 
As humans naturally infer internal states from physical 
motion cues (Koppensteiner, 2013), a similar process can 
be used to infer an individual's internal states based on 
online behavioral cues. This research attempts to exam-
ine a related topic on the relation between an individual's 
online behaviors and personality traits. More specifically, 
the research question of interest is “Are mouse movement 
patterns exhibited in a choice-making task reflective of a 
person's internal states and traits?”

Mouse cursor movements are a cost-effective mea-
surement of individuals' behaviors. Mouse trajectories 
have been used in previous research to track attention 
in computer interactions (Rodden et al., 2008) and mea-
sure website engagement (Arapakis & Leiva,  2016). For 
example, in a study by Arapakis et al. (2014), several 
speed- and distance-based mouse movement features 
showed significant correlations (coefficients between 
0.37 and 0.4, N = 22) with participant ratings of how in-
teresting they found a news article that they were read-
ing. It has also been shown that mouse movements are 
significantly correlated with individuals' attitudes. In 
the context of evaluating implicit bias, researchers have 
examined the time and trajectory from one location on 
screen to another to evaluate hesitancy or “corrections” 
to initial decisions (Freeman, 2018; Hehman et al., 2015; 
Stolier & Freeman, 2016). Work by Tzafilkou et al. (2014) 
showed that mouse hover time and movement patterns 
can be used to predict an individual's self-efficacy and 
risk perception. The same researchers found that a per-
son's attitude toward a web-based tool, such as perceived 
usefulness or perceived ease of use of that tool, can also 
be inferred from their mouse movements (Tzafilkou & 
Nicolaos, 2018). This research highlights the potential of 
mouse movement to effectively predict internal states and 
attributes. In this study, we specifically explore the rela-
tionship between participants' mouse movement patterns 
and two types of individual attributes—attentiveness to 
the task at hand, measured by the deviation of individual 
responses from random responding, and personality, as 
measured by the Big Five Inventory.

The Big Five Inventory (BFI) is a self-reported sur-
vey designed to measure one's personality across five di-
mensions: Openness, Conscientiousness, Extraversion, 
Agreeableness, and Neuroticism (John & Srivastava, 1999). 
Each of these five dimensions consists of several subtraits. 

For example, Neuroticism consists of traits such as anx-
iety, depression, self-consciousness, and vulnerability. 
Researchers have shown that personality traits are related 
to a wide range of behaviors. Of key relevance to the cur-
rent work, it has been found that one's behaviors online 
are reflective of a person's offline personality (Orchard & 
Fullwood, 2010) outside of the computer screen.

Combining personality traits with mouse movements, 
studies have found that extroverts tend to exhibit higher 
levels of motor activity (mouse clicking) at a higher fre-
quency in a given task (Brebner, 1983; Khan et al., 2008), 
and that keystrokes and mouse clicking behaviors are 
significantly correlated with Big Five personality traits 
(Khan et al.,  2008). In particular, it was found by Khan 
et al. (2008) that the average number of mouse clicks was 
positively correlated with a subtrait of Conscientiousness 
(r  =  0.52) and negatively correlated with a subtrait of 
Neuroticism (r  =  −0.40). It is worth noting that this 
study's small sample size (N = 20) was underpowered to 
detect a correlation of this magnitude, and therefore, the 
effect sizes may be overestimated (Kühberger et al., 2014; 
Schönbrodt & Perugini, 2013). It does provide initial evi-
dence that personality traits can be predicted from mouse 
movement patterns. However, both personality traits and 
mouse movements can show high levels of intercorrela-
tion, and it is therefore likely that multivariate methods 
which identify a combination of mouse features and per-
sonality traits would create a better understanding of this 
link.

Across academic- and consumer-focused research, par-
ticipants' inattentiveness in online research can signifi-
cantly damage the validity of a study. Different attempts 
have been made to filter out non-compliant responses 
such as setting a higher standard to select participants 
with good records, embedding attention check questions 
within a survey, or evaluating personality inventories and 
flagging abnormalities (Barends & de Vries, 2019). In ad-
dition to these methods, it has been found in previous re-
search that in certain tasks involving image recognition, 
mouse click attention tracking can provide highly valid 
results that are more consistent than eye movement atten-
tion tracking (Egner et al., 2018). As a secondary aim, the 
current study proposes the use of atypical responding on 
the image rating task (deviation from the group average) 
as a measure of general inattentiveness and random re-
sponding as the stimuli in the task show very high inter-
rater reliability (ρ = 0.86).

Importantly, (in)attentiveness during online research 
can also be reflective of a participant's personality (i.e., 
those higher on the BFI trait of Conscientiousness tend to 
show greater compliance in experiments; Berry et al., 2019; 
Meade & Pappalardo, 2013). Therefore, instead of assum-
ing independence between mouse movement features, 
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attentiveness and personality, we conduct multivariate par-
tial least squares (PLS) analysis to further explore the under-
lying relationships between these features. Additionally, we 
adopt a multiverse analytic approach (Steegen et al., 2016), 
comparing the results of PLS analysis with and without de-
mographic factors and with and without our task attentive-
ness measure to evaluate the constraints of the relationship 
based on the variables considered.

Thus, the current work tests whether mouse move-
ments can indeed be used to predict individuals' person-
alities in an online task. Specifically, we test whether 
mouse movements extracted from a simple image-rating 
task can be used to predict personality traits as assessed 
by the Big Five Inventory. We present results from bi-
variate correlations and three multivariate PLS analyses 
with a large sample of participants (N = 791) and dis-
cuss the utility of this approach in both research and 
consumer contexts.

2   |   METHOD

2.1  |  Data sources

Raw data used in this research combine data collected 
from two different studies at the University of Chicago. 
Both studies recruited participants from Amazon 
Mechanical Turk (AMT). All participants provided in-
formed consent before continuing with the study proce-
dures. In each study, participants were asked to complete 
an image-rating task, then fill out the Big Five Inventory 
(BFI) questionnaire, which includes 44 items that meas-
ure an individual's personality across five dimensions 
(John & Srivastava, 1999). Participants' basic demographic 
information, such as Gender and Age, were also collected 
at the end of the task.

We used the JavaScript library jQuery to record partici-
pants' mouse movements. A record is created whenever a 
movement occurs. A continuous cursor movement is cap-
tured at around 60 Hz, or every 17 ms. However, the exact 
frequency depends on the type of mouse or touchpad 
used. Four variables were recorded for each mouse move-
ment entry: (1) timestamp in milliseconds, (2) the cursor's 
x-coordinate in pixels, (3) the cursor's y-coordinate in 
pixels, and (4) a dummy-coded variable for click (1 if the 
participant clicked in the recorded position, and 0 if the 
participant did not).

2.2  |  Participants

Participants were recruited using CloudResearch (https://
www.cloud​resea​rch.com/; Litman et al.,  2017). After 

removing null values and invalid trials, the final cleaned 
data include 791 participants. Among them, 483 self-
identified as Male, 303 self-identified as Female, and 5 
self-identified as Other. Participants had a mean age of 
38.8 years, with a standard deviation of 10.8 years.

2.3  |  Image-rating task

Data for this research come from a set of image-rating 
tasks. Across all tasks, in each trial, participants were 
asked to look at 12 photos of streets taken at different 
angles and pick four images based on how high they 
were on a given attribute. A demo of the image rat-
ing task is available at: https://kywch.github.io/Image​
Ratin​gStud​y/multi​-image​-ratin​g-demo.html. For ex-
ample, in one iteration, participants were asked to 
choose the four images they liked the most, and in a 
second iteration, they chose the four images they liked 
the least. In other versions, participants were asked to 
choose the four images highest on a given perceptual 
feature, such as perceived walkability, orderliness, 
and complexity. Figure 1 shows the first four instruc-
tion pages shown to participants in one of the image-
rating tasks. To ensure that the data were of sufficiently 
high quality, attention check questions were randomly 
distributed in multiple trials of the task. During these 
trials, participants needed to drag a corrupted image 
into a trash can located in the bottom-left corner of the 
screen. Participants' sessions were terminated if they 
failed to pass the attention checks twice.

2.4  |  Mouse feature extraction

Code for preprocessing of mouse features can be accessed 
at: https://github.com/tiany​ueniu/​mouse_movem​ent_
perso​nality.

2.4.1  |  Time-related features

Time-related features in this study refer to pauses and 
fixations. In this study, a long pause is defined as cur-
sor inactivity for longer than 4 s (based on Tzafilkou & 
Nicolaos, 2018), whereas a fixation is defined as micro-
movements within 25 pixels that lasted for more than 
250 ms (based on Dalmaijer et al.,  2014). The follow-
ing features were extracted from raw mouse movement 
data.

Total_pause_cnt: total count of long pauses 
across all trials.

https://www.cloudresearch.com/
https://www.cloudresearch.com/
https://kywch.github.io/ImageRatingStudy/multi-image-rating-demo.html
https://kywch.github.io/ImageRatingStudy/multi-image-rating-demo.html
https://github.com/tianyueniu/mouse_movement_personality
https://github.com/tianyueniu/mouse_movement_personality
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Avg_fixation_dur: average duration per fixa-
tion across trials.

Avg_agg_fixation_dur: average total fixation 
time per trial.

Avg_fixation_cnt: average number of fixa-
tions detected per trial.

2.4.2  |  Activity-related features

Activity-related features in this study include distance, 
time, and speed. The following features are extracted from 
raw mouse movement data.

Avg_euc_dist: average Euclidean distance 
traveled in pixels per trial.

Avg_euc_speed: average speed from pixel to 
pixel measured in milliseconds.

Avg_completion_time: average trial comple-
tion time in milliseconds per trial.

2.4.3  |  Click-related features

To complete the tasks in this study, participants would 
have to click five times in normal trials (4 selection clicks 

and 1 click on the “continue” button to move on to the 
next task), or six times in attention check trials (4 selec-
tion clicks, 1 drag click, and 1 “continue” button click). 
If a participant clicked for more times than necessary in 
a trial, we named the extra clicks as “reclick.” The fol-
lowing clicks-related features are extracted from mouse 
movement data.

avg_click_att: average clicks made in atten-
tion trials.

reclick_percent_att: the percent of attention 
trials in which participants clicked more 
times than necessary.

avg_click_norm: average clicks made in nor-
mal trials.

reclick_percent_norm: the percent of normal 
trials in which participants clicked more 
times than necessary.

2.4.4  |  Atypical responding

Lastly, in this study, atypical responding is measured as 
the deviation from random responding. We propose that 
in this context, atypical or random responding may reflect 
inattentiveness. This calculation of random responding 
was based on whether a given participant's choices can or 

F I G U R E  1   Instruction pages shown 
to participants during the image-rating 
task.
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cannot predict the averaged choice probability across the 
whole group. To this end, receiver operator characteristic 
(ROC) curves were calculated for an individual's decision 
(click or not) about each image relative to the group's av-
erage decision (highly clicked or not) about each image. 
That is, for any given image, if a participant chooses that 
image (click is 1) and the group average for that image is 
also very high (image is often chosen and therefore, the 
average value is close to 1), and vice versa, that partici-
pant's choice is highly predictive of the group's choice in a 
leave-one-out procedure. The area under the curve (AUC) 
of this analysis reflects how similar the participant's re-
sponses are to the group's average responses across all 
images. If the clicks of an individual are highly predic-
tive of the rest of the group, the AUC will be close to 1. In 
contrast, if the individual's choices are extremely different 
from the group's (i.e., intentional opposite responding), 
the AUC will be close to 0. An individual responding at 
random would have an AUC close to 0.5. This measure 
is stored as Area_Under_Curve in our data. We then cal-
culated an Abs_Area_Under_Curve, which is equal to the 
absolute value of Area_Under_Curve - 0.5, to capture a 
participant's deviation from random responding, which is 
used as our final measure for attentiveness in our study.

2.5  |  Data analysis method

Eleven features were extracted from raw mouse-tracking 
data as described in the previous section. The measure for 
attentiveness (Abs_Area_Under_Curve) was calculated 
from an individual's choice responses. Pearson correla-
tions and OLS regression analyses were performed pre-
dicting Abs_Area_Under_Curve by the other 11 extracted 
features to explore the individual relationships between 
attentiveness and mouse movement features. OLS regres-
sion was used to predict each Big Five personality trait by 
all 11 mouse features and Abs_Area_Under_Curve.

Three partial least squares analyses (PLS) were per-
formed to explore the overall relationships between ex-
tracted cursor movement features, attentiveness, and Big 
Five personality scores. We adopt a multiverse analytical 
approach here to examine the constraints of the results 
(Steegen et al., 2016) depending on the specific variables 
examined. As such, the three analyses differed on the spe-
cific input matrices included. Analysis (1) included Big 
Five personality measures ~ All 11 mouse movements and 
attentiveness (Abs_Area_Under_Curve), (2) included Big 
Five personality measures with Age and Gender ~ All 11 
mouse movements and attentiveness (Abs_Area_Under_
Curve), and (3) included Big Five personality measures 
~11 mouse movements only. The primary goal of this 
work was to specifically identify the relationship between 

personality traits and mouse movements (Analysis 3), but 
we reasoned that other demographic factors (Age and 
Gender) may influence the overall results. By comparing 
the results with and without these demographic variables, 
we can see the extent to which the mouse movement ~ 
personality relationship is influenced by these variables. 
Additionally, as our proposed attentiveness/atypicality 
measure was not a true “mouse movement” and may 
be hard to quantify in other tasks (i.e., where deviation 
from average responding is not possible), we wanted to 
test whether these results held even when removing this 
variable.

The current work adapted the Behavioral PLS code 
from https://www.rotma​n-baycr​est.on.ca/ to be used with 
two matrices of behavioral data (rather than a matrix of 
behavioral data and a matrix of brain data, such as fMRI 
or EEG). Matlab code for this study is available at https://
osf.io/fr74q/. This PLS analysis extracts maximally co-
varying latent variables from the covariance matrix. In 
the case of Analysis 3 (Big Five personality traits and 11 
mouse movements), this is the covariance of personality 
measures (X matrix which is 791 participants × 5 person-
ality variables) with a matrix of mouse movement features 
(Y matrix which is 791 participants × 11 mouse movement 
features) for all participants. Before calculating the covari-
ance matrix, variables were first z-scored. Next, the cova-
riance matrix (S) was calculated as X'*Y, yielding a 5 × 11 
matrix. Subsequently, the singular value decomposition 
(SVD) was performed on the covariance matrix, S.

SVD takes S and decomposes it into three matrices 
S = UΔVT, where U is a singular vector (also called “sa-
lience”) that represents the decomposition of S in mouse 
movement features space, V is the salience that represents 
the decomposition of S in personality space, and Δ quan-
tifies the weighting of the singular vectors V and U. The 
results of the SVD are linear combinations of the two data 
matrices that maximize their covariance, referred to as la-
tent variables. These extracted latent variables (LVs) are 
mutually orthogonal to one another, and the number of 
LVs is equivalent to the total number of variables on the 
lower rank matrix (i.e., in this analysis, there would be 
a total of five LVs because there are five personality trait 
variables in the X matrix or the lower number of rows or 
columns in the S covariance matrix). In other words, for 
each latent variable, the singular vector V reflects a linear 
combination of personality traits (e.g., is a vector of di-
mension 1 LV × 5 personality traits) and the singular vec-
tor U reflects a linear combination of mouse movement 
features (i.e., is a vector of dimension 1 LV × 11 mouse 
movements).

Additionally, each participant receives a value for 
where they fall on each of the LVs, referred to as V-scores 
and U-scores. These are calculated by multiplying the U 

https://www.rotman-baycrest.on.ca/
https://osf.io/fr74q/
https://osf.io/fr74q/
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singular vector by the original data in the Y matrix (z-
scored mouse movement features) to get U-scores, and by 
multiplying the V vector by the original data in the X ma-
trix (z-scored personality data) to get V-scores.

What is ultimately reported in each LV of the PLS 
analyses are two sets of correlations. One is a set of cor-
relations between the X matrix (z-scored personality data, 
a 791 × 5 matrix) and the U-scores (a 791 × 1 vector re-
flecting participant-level scores on where they fall on the 
mouse movements side of the LV). The other is a set of 
correlations between the Y matrix (z-scored mouse move-
ment data, a 791 × 11 matrix) and the V-scores (a 791 × 1 
vector reflecting participant-level scores on where they 
fall on the personality side of the LV). Together, these 
two sets of correlations identify the relationships between 
each matrix of data in its original form (i.e., X or Y matrix) 
and the other set of data that are now in latent space (i.e., 
V-scores or U-scores).

It is worth noting that this SVD procedure is also used in 
principal component analysis to identify maximally covary-
ing sets of variables within a single set of data, but in PLS, 
SVD is run on the covariance matrix of two datasets, rather 
than the covariance of a single matrix (i.e., a single data-
set). As such, the latent variables in a PLS analysis reflect a 
latent relationship between two sets of data (two matrices), 
rather than the latent structure of one set of data.

To estimate the reliability of the latent variables, per-
mutation testing was conducted by first shuffling the 
order of one of the two input matrices then running SVD 
on the newly calculated covariance matrix with the shuf-
fled data. This step was repeated 10,000 times to generate 
a null distribution and by comparing the amount of cova-
riance explained for the original LV compared to the null 
distribution. From this, we could derive a p-value, which 
was estimated for each LV. Next, to test whether the pat-
tern of effects (i.e., the linear combination of variables) 
was reliable, a bootstrapping procedure was employed 
where rows (corresponding to participants) were resa-
mpled with replacement. The procedure was conducted 
with 10,000 bootstrapped samples to generate 95% confi-
dence intervals around each of the variables in the LV.

Additionally, to determine the effect sizes of the PLS 
analyses, we first calculated the correlation between par-
ticipants' V-scores and U-scores for the first LV in each 
analysis. By correlating these scores across all 791 partic-
ipants, we get an overall correlation coefficient for each 
model that reflects the average relatedness of each data-
set at the participant level. However, as correlating these 
scores requires reducing the data to two vectors, this effect 
size may be an underestimate of the overall model which 
leverages this covariance structure across all participants.

Therefore, as an additional measure of effect size, we 
determined the proportion of covariance accounted for by 

the significant LV. To do so we first projected the two com-
ponents of the LV into the original data space via 
lvJ proj =

XJ
⋅ lv

‖XJ ‖
XJ, where ‖X ‖ is the norm of matrix X and J 

is the Jth subject. XJ is the personality vector for the Jth 
subject that is 1 × 5, lv is the 5 × 1. Next, we regressed out 
each component of the projected LV from the original data 
to get a reduced dataset Xred. Finally, we calculated the ef-

fect size as e = 1 −
(
det(Σred)
det(Σ)

)2∕n
. Where Σ is the covariance 

matrix of the original data, Σred is the covariance matrix of 
the reduced data, det(Σ) is the determinant of the covari-
ance matrix, and n is the number of data dimensions. To 
understand the meaning of this effect size measure, we 
can first recognize that the determinant of the covariance 
matrix provides a measure of the volume of the point 
cloud defined by the data. Consequently, the square of the 
nth root of the determinant of the covariance matrix pro-
vides a measure of the characteristic or average spread of 
the data in each dimension. Together, these facts mean 
that e2 can be interpreted as the average “length” of data 
which is explained by the LV. In this sense, e2 is similar to 
a traditional R2 effect size measure in that it roughly scales 
with the square of the average correlation (i.e., covari-
ance) across different data dimensions (See Figure S1).

3   |   RESULTS

3.1  |  Variable and sample descriptives 
and data representativeness

Table 1 includes descriptive statistics for personality traits 
and mouse movement features.

Before performing further analysis, we compared per-
sonality distributions of the studies by Gender and Age 
with personality distributions found in other literature 
to examine the representativeness of our data. The dis-
tribution of participants' normalized Big Five personal-
ity scores by Age found in our analysis [See Supporting 
Information] is similar to the distribution presented in 
John and Srivastava's research (John & Srivastava, 1999). 
Differences in personality traits by Gender (Costa 
et al., 2001) and Age (Soto et al., 2011) found in our analy-
sis are also supported by previous work.

3.2  |  Univariate statistical analyses

3.2.1  |  Exploratory analysis of mouse 
movements and (in)attentive responding

One preliminary aim was to test whether mouse move-
ments are predictive of compliance in the online 
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experiment. Our proposed proxy for compliance and 
task attentiveness is the Abs_Area_Under_Curve meas-
ure, in which lower values reflect more random, atypi-
cal responses in the image choice task. As measured by 
Pearson correlation analyses with Bonferroni correction 
for multiple comparisons, significant negative relation-
ships were found between all click-related features and 
Abs_Area_Under_Curve (all p < 0.001): average number of 
clicks on attention trials (r = −0.18), percent of reclicks 
on attention trials (r = −0.19), average number of clicks 
on normal trials (r = −0.17), and percent of reclicks on 
attention trials (r = −0.17). Additionally, the number of 
fixations was positively correlated with Abs_Area_Under_
Curve (r = 0.11, p = 0.002). No other correlations were sig-
nificant (see Supporting Information for full correlation 
matrix). While additional work is needed to fully establish 
whether this measure of atypical responding does indeed 
reflect inattentiveness, these results provide preliminary 
evidence that click-based features, in particular, may be 
useful for capturing atypical, inattentive responding.

3.2.2  |  Mouse movements and personality

Bivariate correlations between all mouse click measures 
and personality features are presented in Table 2.

OLS regressions were also conducted on each of the 
Big Five personality traits by the 11 mouse movement fea-
tures and atypical responding/inattentiveness to the task 
(Abs_Area_Under_Curve) [See Supporting Information 
for regression tables]. Overall model R2 values for each 
personality trait ranged between 0.03 (Neuroticism) and 
0.08 (Conscientiousness). Only Abs_Area_Under_Curve 
was significantly predictive in the models examining 
Extraversion (negatively), Openness (positively), and 
Conscientiousness (positively) in these models. Lower 
Abs_Area_Under_Curve and higher average number of 
clicks during attention trials were significantly predic-
tive of Neuroticism. Higher Abs_Area_Under_Curve and 
lower average number of clicks during attention trials 
were predictive of Agreeableness. No other significant 
relationships were found in these analyses, however, and 

T A B L E  1   Descriptive statistics of normalized personality traits & mouse movement features

Personality traits Mean Std Deviation Min Max

(a) Descriptive statistics of participant's normalized Big Five personality scores (N = 791)

Extraversion 2.82 0.96 1.00 5.00

Agreeableness 3.75 0.73 1.44 5.00

Conscientiousness 3.92 0.77 1.56 5.00

Neuroticism 2.53 0.95 1.00 5.00

Openness 3.61 0.78 1.10 5.00

Mouse movement features Mean Std Deviation Min Max

(b) Descriptive statistics of participant's mouse movement features (N = 791)

avg_click_att 7.07 1.61 6.00 25.50

reclick_percent_att 0.33 0.21 0.00 1.00

avg_click_norm 5.62 0.72 5.00 14.24

reclick_percent_norm 0.25 0.17 0.00 1.00

avg_euc_dist 5235.33 1613.57 2246.97 15,157.24

avg_euc_speed 0.41 0.11 0.14 1.24

avg_completion_time 14,849.01 6717.49 8101.91 79,774.36

total_pause_cnt 9.46 13.66 0.00 103.00

avg_fixation_dur 868.73 386.60 419.80 3619.54

avg_agg_fixation_dur 7521.76 4169.25 1661.08 32,585.53

avg_fixation_cnt 8.75 2.54 2.60 25.96

Abs_Area_Under_Curve 0.22 0.11 0.00 0.42

Note: avg_click_att = average number of clicks on attention trials, reclick_percent_att = percent of attention trials in which participants clicked for more times 
than necessary, avg_click_norm = average number of clicks on normal trials, reclick_percent_norm = percent of normal trials in which participants clicked for 
more times than necessary, avg_euc_dist = average Euclidean distance traveled in pixels per trial, avg_euc_speed = average speed from pixel to pixel in ms, 
avg_completion_time = average trial completion time in ms, total_pause_cnt = total count of long pauses across all trials, avg_fixation_dur = average duration 
per fixation across trials in ms, avg_agg_fixation_dur = average total fixation time per trial in ms, and avg_fixation_cnt = average number of fixations detected 
per trial.



8  |      MEIDENBAUER et al.

this was again likely due to multicollinearity of mouse 
features.

3.3  |  Multivariate statistical analyses

To better examine whether mouse movements can reflect 
individual differences in personality traits, partial least 
squares (PLS) analyses were run. The results of the OLS 
regressions are hard to interpret due to the high intercor-
relation between click-based measures, leading to multi-
collinearity in the multiple regression models. However, 
these intercorrelations may actually reflect something in-
teresting and meaningful about the relationship between 
combinations of mouse movements and personality traits, 
so treating them separately (in the case of bivariate cor-
relations) is also a suboptimal approach. In comparison, 
multicollinearity is not an issue in PLS and this task al-
lows for all of the personality traits to be examined in the 
same analysis, rather than treating these personality traits 
as independent.

3.3.1  |  PLS analysis 1: Big Five ~ mouse 
movements and AUC

The first latent variable (LV 1) of the PLS analysis was sig-
nificant (p = 0.001) and explained 91% of the cross-block 
covariance. Figure 2 shows the results of LV 1. On the per-
sonality side, the first latent variable corresponds to higher 
Agreeableness, Conscientiousness, Openness, and lower 
Neuroticism. On the mouse movement features side, LV 

1 corresponds to a lower number of clicks/reclicks, lower 
euclidean speed (i.e., faster mouse movements), longer ag-
gregated fixation durations, more fixations, and less atypi-
cal, random responding (higher AUC). Euclidean distance, 
time, pauses, and fixation durations did not show a reliable 
relationship in LV 1 (as shown by 95% CI bars crossing 0). 
The relationship between the two sets of variables suggests 
that participants who are more Agreeable, Conscientious, 
and Open, and less Neurotic also show mouse movement 
patterns associated with greater attentiveness and care 
while doing this task (i.e., fewer unnecessary clicks, slower 
movements, more pauses, and less random responding).

3.3.2  |  PLS analysis 2: Big Five with 
demographics ~ mouse movements and AUC

When Age and Gender were included in the PLS, the 
first latent variable (LV 1) of the PLS analysis was sig-
nificant (p < 0.001) and explained 85% of the cross-block 
covariance. Figure 3 shows the results of LV 1. The over-
all pattern of results was similar to the first PLS analysis. 
With the inclusion of these demographic variables, Age, 
Conscientiousness, and Openness showed reliable rela-
tionships with almost all mouse features. In these results, 
being older and scoring higher on Conscientiousness and 
Openness was associated with less unnecessary clicks, 
slower mouse movements, more and longer fixations, and 
greater attentiveness/more typical responding. Relative to 
Analysis 1, the inclusion of age created more consistent 
relationships with timing-related features, although fewer 
personality features showed reliable loadings.

T A B L E  2   Bivariate correlations between mouse movements and Big Five scores

Extroversion Agreeableness Conscientiousness Neuroticism Openness

avg_click_att 0.099** −0.085* −0.076* 0.062 −0.028

reclick_percent_att 0.106** −0.030 −0.049 −0.002 −0.083**

avg_click_norm 0.025 −0.073* −0.077* 0.031 −0.041

reclick_percent_norm 0.033 −0.071* −0.082* 0.018 −0.065

avg_euc_dist 0.016 0.002 0.014 0.007 0.036

avg_euc_speed 0.003 −0.051 −0.081* 0.074* −0.049

avg_completion_time 0.016 0.026 0.043 −0.047 0.041

total_pause_cnt 0.028 0.014 −0.019 −0.014 −0.002

avg_fixation_dur −0.003 −0.011 −0.013 0.002 −0.019

avg_agg_fixation_dur −0.033 0.066 0.107** −0.055 0.078*

avg_fixation_cnt −0.053 0.107** 0.156** −0.071* 0.119**

Abs_Area_Under_Curve −0.125** 0.119** 0.216** −0.098** 0.117**

Note: Values reflect Pearson correlation coefficients between measures; significance indicators reflect uncorrected p-values.
Bold values indicate significant correlations with uncorrected alpha = 0.05.
*Correlation is significant at the 0.05 level.; **Correlation is significant at the 0.01 level.
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3.3.3  |  PLS analysis 3: Big 
Five ~ mouse movements

When AUC was removed from the right-side matrix in the 
PLS regression, the first latent variable (LV 1) was still sig-
nificant (p < 0.001) and explained 88% of the cross-block 
covariance. Figure 4 shows the results of LV 1. The results 
replicated PLS Analysis 1: even when removing the at-
tentiveness measure (Abs_Area_Under_Curve), the com-
bination of high Agreeableness, Conscientiousness, and 

Openness and low Neuroticism was associated with less 
unnecessary clicking and more fixations.

3.3.4  |  Effect sizes for PLS analyses

The first form of effect size calculated here involved cor-
relating participants' V-scores and U-scores for each analy-
sis, which creates an overall model correlation coefficient. 
These are reported for each analysis in Table 3. The effect 

F I G U R E  2   Factor loadings for LV 
1 in PLS analysis 1 (with AUC). Error 
bars on each of the variables represent 
95% confidence intervals based on 
bootstrapped estimates. Loadings 
reflect correlation coefficients for each 
variable in one panel (i.e., left panel: 
Personality) with the linear combination 
of other panel variables (i.e., right 
panel: Mouse movement features). 
The relationship is symmetric, so the 
loadings for each variable on the right 
panel (mouse movement features) also 
reflect correlation coefficients with the 
linear combination of left panel variables 
(personality).

F I G U R E  3   Factor loadings for LV 1 
in PLS analysis 2 (including demographics 
and AUC). Error bars on each of the 
variables represent 95% confidence 
intervals based on bootstrapped estimates.
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sizes as measured by r (between 0.22 and 0.38) reflect small-
to-medium effect sizes on average using Cohen's original 
guidelines for r (0.1 indicates a small effect, 0.3 indicates a 
medium effect; Cohen, 1992), and medium-to-large effect 
sizes using updated guidelines for individual differences re-
search (0.1 indicates small, 0.2 indicates medium, and 0.3 
reflects a large effect; Gignac & Szodorai, 2016).

Additionally, the effect sizes, e2, which reflect the av-
erage “length” or “amount” of data that can be explained 
by the latent variable, scaling similarly to a traditional R2 
value, were between 0.83 and 0.92 for the personality side 
of the LVs and between 0.64 and 0.83 for the mouse move-
ments side of the LVs. In other words, about 64% to 83% 
of the mouse-related features data and 83% to 92% of the 
personality-related data can be explained by the LVs in the 
PLS analysis. The full table of e2 values is reported in Table 3.

4   |   DISCUSSION

The goal of this work was to determine whether mouse 
movements, on a simple judgment task, could be used 

to predict individual differences in personality traits as 
well as compliance and attentiveness in an online exper-
iment. The key finding of a set of multivariate analyses 
was that a pattern of mouse movement features that are 
reasonably interpretable as indicating greater care and 
attention to the task were associated with the expected 
personality traits of Conscientiousness, Agreeableness, 
and Openness, and negatively related to Neuroticism. 
Importantly, by approaching this question via a data-
driven, multivariate analysis, a clearer and more robust 
pattern of results was found than what individual OLS 
regressions showed.

A key advantage of this multivariate approach is that 
it does not treat the Big Five traits as independent fac-
tors, but rather leverages the presence of known inter-
correlations between these factors (Soto & John,  2012; 
van der Linden et al., 2010). In particular, Agreeableness 
and Conscientiousness tend to be positively interre-
lated and show negative relationships with Neuroticism 
(DeYoung et al.,  2002; Digman,  1997). It is proposed 
that the presence of these intercorrelations reflects a 
set of higher-order factors or a single, general factor of 

F I G U R E  4   Factor loadings for LV 
1 in PLS analysis 3 (Big Five and mouse 
movements only). Error bars on each of 
the variables represent 95% confidence 
intervals based on bootstrapped estimates.

T A B L E  3   Effect sizes for PLS analyses using model r (correlation between U-scores and V-scores) and e2 (pseudo R2)

Analysis
Correlation between U-score & 
V-score, r

Personality measures, 
e2

Mouse 
features, e2

1. Big Five ~ Mouse Movements & AUC 0.29 0.89 0.72

2. Big Five with Demographics ~ Mouse 
Movements & AUC

0.38 0.83 0.70

3. Big Five ~ Mouse Movements 0.22 0.92 0.64
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personality, although whether higher-order factor(s) re-
sult from a common mechanism or reflect a measure-
ment artifact remains contested (DeYoung et al., 2002; 
Digman,  1997; van der Linden et al.,  2021). While the 
ultimate cause of these intercorrelations is outside of 
the scope of the current work, the results of the current 
study suggest that examining linear combinations of the 
five factors (akin to a higher-order factor) will facilitate 
prediction from measures that are not explicitly created 
for personality measurement.

The inclusion of demographic variables (Age and 
Gender) changed the PLS results somewhat, although 
the overall pattern of effects stayed the same. Specifically, 
including age created stronger links to timing-related 
mouse features, and lessened the role of Agreeableness 
and Neuroticism. Previous studies suggest that, in 
adulthood, Agreeableness increases with age, and 
Neuroticism decreases with age (Soto et al.,  2011). 
Consistent with this, in our sample, age was also posi-
tively correlated with Agreeableness (r = 0.21) and neg-
atively related to Neuroticism (r = −0.20). Interestingly, 
Conscientiousness was positively correlated with age 
in our sample (r = 0.27) and in previous research (Soto 
et al., 2011; Soto & John, 2012), but remained a reliable 
loading on the personality side of this PLS analysis. 
Thus, while these results remained reasonably consis-
tent across all analyses, this analysis demonstrates the 
utility of a multiverse approach to determine the con-
straints of an observed statistical relationship and sug-
gests that Conscientiousness is more readily predicted 
by mouse movements even when Age and Gender are 
taken into account.

Although the general approach described here can 
be used by researchers interested in inferring person-
ality traits or other internal characteristics from mouse 
movement features, the specific mouse movement pat-
terns or traits of interest may be different depending 
on the task context and the aims of the researcher. As 
such, in practice, we propose consumer researchers take 
a multi-step approach. First, we recommend collecting 
both mouse movements and trait measures of interest 
(via questionnaire) from a subset of users or partici-
pants. Next, we recommend conducting a PLS analysis 
to identify which mouse movement features predict a 
profile of the trait-level factors, each in the form of a lin-
ear combination of mouse features. The analysis script 
used in the current work is accessible at https://osf.io/
fr74q/ and can be easily modified to account for different 
datasets as inputs for the model(s). Based on the results 
of this PLS analysis, researchers may choose to include 
or exclude some of the trait-level attributes examined to 
determine if they are influenced by other data collected, 
such as demographic information or other user-level 

characteristics. Researchers may need to continue to 
collect data until their results stabilize to a point where 
the permutation tests on the latent variable(s) reach a 
desired threshold (e.g., p < 0.05). The factor loadings 
(correlation coefficients) of the mouse movement fea-
tures can subsequently be used as weights to predict the 
trait profile of interest in future users. While the current 
work only examined personality as measured by the Big 
Five Inventory (John & Srivastava, 1999), it is very likely 
that other individual differences may show interesting 
relationships when examined in this way. Additionally, 
an exciting future direction would be to relate this to 
state-level differences in affect, fatigue, or other factors 
of interest to researchers.

Additionally, we find significant negative correlations 
between our proposed measures of atypical, inattentive 
responding (Abs_Area_Under_Curve) and all click-related 
features at α = 0.0045. While work is necessary to deter-
mine whether a lower Abs_Area_Under_Curve does in-
deed reflect more random, inattentive responding rather 
than something more general about looseness and devia-
tion from normative behaviors (Gelfand et al., 2011), these 
results provide preliminary evidence that click rate alone 
may be a useful metric of inattentiveness. Intuitively, more 
clicking can mean impatience or random clicking, which 
in turn leads to more inattentive or random responding, 
which combined with these preliminary results, support 
the potential use of mouse movements to filter out inat-
tentive responding in online research.

While this work shows the feasibility of inferring per-
sonality from mouse movements in a simple image rating 
task, future work should further examine this in different 
tasks to gain more comprehensive insights on how to ac-
curately infer internal traits based on cursor movement 
features. Additionally, as the study was not initially de-
signed for mouse movement analysis, we did not record 
the different types of cursor devices used by our partici-
pants (e.g., touchpad vs. an actual mouse). Different types 
of devices might lead to variation in the raw data captured. 
Future work should make note of this nuisance and sepa-
rate users' devices for further analysis.

Lastly, although the current work employs two met-
rics for calculating the effect size of an overall PLS model 
(overall model r and newly proposed e2), the magnitude 
and interpretations of these two effect sizes are quite dif-
ferent. Specifically, the overall model r focuses on how re-
lated the two sets of data are at the participant level. In 
contrast, e2 is potentially a better metric of effect size in 
a multivariate analysis, as it is providing additional infor-
mation on the predictive power of viewing the relation-
ship of two datasets in latent space across all participants 
at once. However, future work is necessary to examine the 
extent to which the overall model r, the newly proposed e2, 

https://osf.io/fr74q/
https://osf.io/fr74q/
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or a combination of the two provide the most reliable and 
accurate measure of PLS analysis effect size.

A compelling implication from this work is that re-
searchers may be able to infer individuals' personality 
characteristics without explicitly asking about them, even 
in tasks that are not designed to evaluate personality, such 
as the simple image choice task used here. Going forward, 
this work demonstrates researchers across academic and 
consumer sectors may be able to leverage multivariate 
analyses with mouse movements to infer a variety of in-
dividual differences.
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