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Abstract

Users' underlying cognitive states govern their
behaviors online. An extreme cognitive burden during
live system use would negatively influence important
user behaviors such as using the system and
purchasing a product. Thus, inferring the user's
cognitive state has practical significance for the
commercialized systems. We use Dual-Process Theory
to explain how the mouse cursor movements can
effectively measure cognitive load. In an experimental
study with five hundred and thirty-four subjects, we
induced cognitive burden then monitored mouse
cursor movements when the participants answered
questions in an online survey. We found that
participants' mouse cursor movements slow down
when engaged in cognitively demanding tasks. We
further derived new measures to infer the state of
heightened cognitive load with an overall accuracy of
70.22%. The results enable researchers to measure
users' cognitive load with more granularity and
present a new, theoretically sound method to assess
the user's cognitive state.

1. Introduction

Understanding the key behaviors of online users
is becoming increasingly important as it allows an
organization to make a personalized recommendation
to each user [1,2], predict future sales [3], and attract
and retain customers [4]. Yet, the analysis and the
usage of the online data still pose a challenge as user
behaviors are influenced by underlying cognitive
processes, which is difficult to infer without setting up
a theoretical boundary. Specifically, online user
behaviors involve numerous decision-making
processes that pertain to a specific goal. Users may
navigate and search the web to retrieve information,
make selections and decisions based on the retrieved
information (e.g., online shopping), share new
information, form new social ties, communicate with
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others, or even alter their offline behavior based on
information retrieved online [5].

As Internet Technology and e-commerce
continues to develop more rapidly, Information
Systems (IS) researchers searched for ways to
effectively assess the users’ attitudes and behaviors.
The most significant example in the IS discipline is the
Technology Acceptance Model (TAM) [6]. TAM
states that users’ perceive that the ease of use of a
system is mainly dependent on the interactive
relationships between the wuser’s abilities (i.e.,
knowledge and working memory) and the system-
specific factors (e.g., the usability of the user interface,
visual layout of the page, and interaction design) [7].
These factors influence the user’s cognitive load while
using the system and influence important user
behaviors.

Though the TAM model well explains user
behavior in the context of intention to use the system,
identifying what drives specific online user behaviors
(i.e., using the system vs. churn) remains a challenge.
Specifically, measuring the level of cognitive load and
deriving models is exhaustive since different online
tasks (i.e., some complex tasks) exhibit distinctly
different usage behaviors. Further, the existing
methods of assessing and evaluating user’s cognitive
states heavily rely on the design and tool factors (e.g.,
surveys that only pertain to a specific context, timed
responses, mock experiments).

To address this challenge, researchers are using
Human-Computer Interaction (HCI) devices to
measure and infer the underlying cognitive processes
of online users. HCI studies have shown that various
physiological reactions to the stimulus could be
captured and analyzed using noninvasive, ubiquitous
devices such as computer mice [8,9,10,11], face
recognition sensors [12], and sound detection sensors
[13]. Prior research in this area had examined various
online users’ behaviors, including habituation [14],
concealing information [11] and, fraud [8,15].
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This paper focuses on theoretically explaining
how the underlying cognitive processes manifest as
the difference in mouse movement speeds. Prior
literature had also examined such a relationship, but
the guiding theories across these studies vary
significantly. For instance, Byrd (2018) had examined
the impact of countermeasures in HCI-Based
Deception Detection methods using computer mice
and Signal Detection Theory [16]. Jenkins (2019)
paired Response Activation Model [11] with mouse-
cursor movements to identify  movement
characteristics of individuals that are concealing
information. Lastly, Hibbeln (2017) drew from
Attention Control Theory [10,17] to explain how
negative emotions influence mouse cursor
movements. Our research builds and extends this work
by providing a new, theoretical explanation of how
responses to stimuli manifest in mouse usage metrics
at a primitive level. In doing so, we provide new
methods and measures applicable in various situations.

First, we draw from Dual-Process Theory (DPT)
to explain how our new methods can effectively
capture the fluctuations in users’ cognitive load
exhibited in their device usage behaviors. DPT asserts
that humans leverage two distinct cognitive processes
for any given task: (1) intuitive and (2) deliberative. In
terms of system usage, an intuitive system is utilized
by default. When confronted with a more difficult
task, a user then activates a deliberative system to
complete the task. Second, we merge DPT with
research demonstrating how changes in cognitive load
influence device usage patterns. Thus, we provide a
theoretical explanation of how the user’s cognitive
process, guided by DPT, influences device usage
patterns to answer our research question: Can the
user’s device usage behaviors be utilized to measure
cognitive load? In doing so, we introduce a new way
to derive HCI metrics from the user’s response
behaviors. Third, we evaluate our new measures’
ability to differentiate between cognitively demanding
tasks (i.e., System 2 related tasks) vs. simple tasks
(i.e., System 1 related tasks) with multiple predictive
models. This allows us to answer our second research
question: Given the behavioral metrics of a user, can
we identify whether the tasks were cognitively
demanding (i.e., likely to activate System 2) for the
user?

We contribute to the literature in various ways.
First, we present a theoretical explanation of why the
response to a stimulus would manifest as a
psychophysiological response. Specifically, we
demonstrate that DPT explains the relationship
between cognitive loads and physiological responses.
Second, we provide a practical measure that can be
used for capturing and measuring a broad range of

online behaviors. We demonstrate that difference in
users’ response behaviors, when engaged with tasks
with varying levels of complexity, provides powerful
signals of the underlying cognitive processes. Lastly,
we empirically validate our measures with predictive
models to demonstrate the effectiveness of the newly
derived measure.

2. Background

2.1. Cognitive Load in Information Systems
Research

The influence of cognitive load on important user
behaviors has been a popular topic in behavioral data
analytics. Specifically, in prior Information Systems
(IS) research, the relationships between users’
cognitive load and behavior have been studied under
the context of perceived ease of use [6,7], user
satisfaction [18,19], and reuse intentions [20]. This
prior research typically leverages experimental
designs and analytical methods to examine hypotheses
and impose underlying assumptions. For instance, in a
simple experimental design, subjects are randomly
assigned into one of two conditions with varying
levels of mental workload. Then, the subjects are
presented with sets of questions designed to measure a
specific construct (e.g., user satisfaction).

Emerging HCI research combines behavioral

science and design science approaches to derive new
cognitive load measures. Like traditional behavioral
studies, HCI studies leverage stimuli that alter the
level of cognitive load of participants (e.g., screening
process). The change in participants’ cognitive load is
accompanied by physiological responses that are
being captured using a variety of devices and
approaches including, conversational agents [12], eye-
tracking technology [2], facial and voice recognition
systems [21], mobile devices [22,23], and computer
mouse movements [8,10,15,21,24].
We leverage the computer mouse as a tool to measure
user’s internal cognitive processes. Numerous studies
have demonstrated that hand movements were
predictive of cognitive processing and heightened
cognitive load [10,24,21,25,26].

Specifically, when cognitive load is heightened,
users take additional time to complete tasks while
interacting with a device, such as moving a mouse or
typing in a response on a keyboard. We argue that such
behaviors will manifest as significant changes in
mouse movement speeds. We build and extend the
prior literature by examining the mouse movements in
the context of DPT.
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2.2. Dual-Process Theory (DPT)

DPT is a widely accepted model that explains
human  reasoning at a  primitive level
[27,28,29,30,31,32,33]. Precisely, it posits that human
thinking consists of two distinct types: System 1 (also
referred to as intuitive and heuristic) and System 2
(deliberative and analytic). Though there are many
different extensions of DPT, a dominant framework in
the psychology field is the Default Interventionist (DI)
Dual-Process model. The DI model extends DPT by
laying a serial view on the interaction between System
1 and System 2 [29,33]. The model states that when
humans are given a reasoning problem, they will rely
on System 1 by default, with System 2 being activated
when evaluating or correcting System | output as
needed [29,30].

2.2.1. System 1 — Intuitive System. System 1
comprises a set of sub-systems that operate with
autonomy [28,33]. The behavioral output from System
1 is instinctive, immediate, effortless, and fast. When
given a reasoning task, the user first utilizes System 1
by default to produce an output. For instance, when
presented with a survey question asking the
respondent’s age, a respondent would read the
question and decide on an answer without requiring
extensive cognitive resources. In this case, a user will
first mentally prepare a response then select a response
target without re-evaluating the answers by activating
System 2. Hence, the underlying cognitive process that
falls under System 1 would be exhibited as fast,
immediate, and autonomous behaviors.

2.2.2. System 2 — Analytic System. System 2 allows
us to engage in many of the behaviors bounded by the
rules of reasoning and evidence [34,35]. For instance,
when humans are involved in mathematical
computations, they encode reality into abstract
symbols and numbers then follow a specific process to
produce an outcome. In this example, the abstract
symbols and processes (i.e., guided by mathematical
theories) would be equivalent to rules of reasoning and
evidence. When faced with such tasks that demand
high cognitive resources, System 2 will activate to
evaluate System 1 responses. When System 2 is active,
a person will exhibit response behaviors that are
conscious, analytical, effortful, relatively slow, and
deliberate [28, 33].

2.3 Dual-Process Theory and Mouse Cursor
Movements

We next describe how hand movements can be
predictive of underlying cognitive processes within

the context of DPT. Specifically, to explain how
System 1 and System 2 responses manifest in different
types of HCI device usage. First, the DI model
explains how competing systems (e.g., intuitive and
analytic systems) influence an individual’s cognitive
load during the task execution [30,33]. Studies
examining the DI model typically leverage the
Cognitive Reflection Test (CRT) to empirically
demonstrate that System 2 processing is slower than
System 1 processing [36,37]. Specifically, a recent
study that leveraged CRT and a mouse tracking
methodology and a bat-and-ball problem, where the
participants were given a question stating: “a bat and
a ball together costs £1.10. A bat costs £1 more than a
ball. How much does a ball cost?”” On the same screen,
participants were given four options placed on each
corner of the computer screen. There were four options
that a user could choose, including an intuitively
appealing response (e.g., 0.10) and a choice that
requires deliberative reasoning (e.g., 0.05). The results
suggested that the participants who chose the
intuitively appealing response (i.c., favoring System 1)
had higher mouse cursor speed than those who chose
the correct options [37].

Thus, when the users are engaged in simple tasks
online using a computer mouse, their response
behaviors will be faster, direct, and immediate as they
are less likely to activate System 2 to evaluate System
1 output. The user’s response behaviors will be slower
for complex tasks with higher cognitive demands as
tasks may require System 2 to assess the System 1
output. We argue that DPT aligns with Prior HCI
research that provided preliminary support that
cognitive and motor systems are closely intertwined
[8,14,15]. In summary, we propose that:

H1. Users will exhibit slower mouse cursor speed
when executing higher complexity tasks.

Though prior literature suggests System 2 related
thinking is significantly slower than System 1 related
thinking, Individual differences in cognitive
processing capacity can influence response behaviors.
Specifically, the processing capacity of individuals is
systematically different [38,41] due to reasons such as
aging, lack of experience, surrounding environments
[40,41,42]. Thus, when the users are faced with
similar tasks, the magnitude of changes in users’
mouse cursor speed will vary depending on the
individual’s cognitive processing capacity. For
example, Hibbeln (2018) randomly manipulated
negative emotions in three experimental studies to
decrease attentional control (i.e., cognitive capacity) to
demonstrate that negative emotions influence the
mouse cursor distance and speed.

We argue that even when considering individual
differences in cognitive processing capacity, the
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behavioral gap between System 1 and System 2 still
provides valuable signals for the user’s internal
cognitive processes. Specifically, when the users’
cognitive processing capacity is negatively impacted,
they are still likely to be completing simpler tasks
faster (i.e., we still expect the overall movement
patterns associated with System 2 tasks to be faster and
shorter). Thus, we propose:

H2. Users will still exhibit slower mouse cursor
speed when executing higher complexity tasks
regardless of differences in cognitive processing
capacity.

3. Measures
3.1. Mouse Movement Metrics

We collected mouse-movement data when users
answered the demographics questions and the main
survey questions related to personality traits and work
experience. The embedded JavaScript captures the x-
coordinates and y-coordinates of the mouse movement
at millisecond precision. The captured mouse
coordinates are then used to map both actual
trajectories to calculate the cursor distance per
question.

The distance between two points P, (x;,y;) and
Pr_1(x¢-1,Yt—1) is given by,

d(Py, P_y) = \/(xt —Xe-1)? + Ve — Ye-1)?

where t denotes timestamp in milliseconds.
Similarly, the average velocity between data points is
derived by,

V= —
At
where Ad denotes the change in distance and At

denotes the change in time. To assure that we only
capture the mouse movements, we have controlled and
excluded mobile devices for this study.

3.2. Feature Level Normalization

To derive new metrics and examine Hypothesis 1,
we performed feature scaling and normalization on the
variables of interest [43]. We compare each velocity
value to other velocity values throughout the entire
survey. In doing so, we derive a Feature-Level-
Normalized Score (FLNS) that reflects variability in
response behaviors (i.e., velocity) across different
tasks. Thus, feature level normalizations allow us to
examine how the mouse cursor speed differs per task
that varies in complexity.

For computer mice, movement data is captured in
pixel units at millisecond precision. Thus, when there

is a sudden movement within a short amount of time,
the feature value (e.g., velocity) can rapidly increase
as well. In terms of velocity, when there is a minimal
movement within a short amount of time, the recorded
feature value will stay near 0. Since the difference in
range of features can interfere with the performance of
machine learning algorithms that uses gradient descent
as an optimization technique (e.g., logistic regression),
we performed min/max normalizations to normalize
the mouse cursor velocity to the range [0,1]:

~ . v; — vl

¥ =max [0,min| 1,————]

< [v] - le>

v; is the i raw velocity feature and [v] and |v]
are lower and upper bounds values for normalization.
The normalization bounds are calculated by:

vl = w, - Hf Oy
vl = u, + Hyo,

Hp is a free parameter that determines the value of
standard deviation. In this study, the parameter was set
to 1. The resulting feature scores are robust against
outliers as the scores are retained within an interval
[0,1].

3.3. Subject Level Normalization

We combine DPT with the existing subject level
normalization method [39] to derive a Subject-Level
Normalized Score (SLNS). The purpose of deriving an
SLNS is to account for the differences in individual
cognitive capabilities. We first define the questions (or
tasks) pertaining to System 1 of DPT (e.g., answering
a set of demographics questions). Then, use the
derived FLNS (i.e., score for velocity) from System 1
tasks to normalize the other FLNS. Using participants’
own response behaviors in innocuous demographics
questions (i.e., System 1 related questions) has three
key benefits:

1. Using FLNS allows us to preserve
information regarding task-specific
variability.

2. It allows us to capture the user-specific
differences (i.e., across subject differences).

3. The approach also captures the difference in
response behaviors between System 1 tasks
and other tasks.

In summary, SLNS derived from subject-level
normalizations captures the user-specific
characteristics (e.g., user-specific behavior, cognitive
capacity). The SLNS is given by:

Sui — lsu,syslj )
1, ]
[Su,sysll - lsu,syslj
[su,sysll and [su,5y51J pertain to upper bounds and
lower bounds derived from System 1 related tasks.

§ =max [0, min(
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Subscript u pertains to each user, while sys/ denotes
that the boundaries are derived from System 1 tasks.
We derive the boundaries by:

lsu,syslj = Husys1 — HsUsu_sysl

[Su,sysl] = ‘uSu,sysl + HSGSu,sysl
For each user, yy, sys1 and 0y, 5,51 denote the
average and a standard deviation of a feature score
across System 1 tasks.

4. Methodology

We derived and tested new metrics with an
experimental study. The study included a set of
questions and conditions that are designed to heighten
cognitive load.

4.1. Procedure and Manipulation

4.1.1. Baseline Condition. In the first part of the
survey, all participants were asked to complete a
demographic questionnaire. The Big Five Inventory
questionnaires consisting of 39 questions that measure
the Big Five personality traits (e.g., conscientiousness,
extraversion, neuroticism, agreeableness, openness to
experience) were subsequently presented along with
an attention check question [44].

4.1.2. Manipulation (System 2) Condition. We
manipulate the activation level of System 2 with two
approaches. First, we primed the participants by letting
them think that their answers to the second part of the
study were important. Participants were given an
option to voluntarily participate in the second part of
the survey for additional payout (e.g., a total of $1.00).
The instruction for the second part stated, “the second
part of this survey is an application for a follow-on
study that will pay $10 for 10 minutes of work. We
will only select a few people to do this follow-on
study. If we select you, you can refuse to participate;
there is no obligation to do it. We will pay you an extra
$0.50 to complete the application, regardless of
whether we select you or whether you agree to do the
follow-on study if selected.” We further stated that
“the follow-on study will have you use Excel to do
some data analysis, so we are looking for people who
have experience with Excel. Experience with Excel’s
math and statistical functions is a plus but is not
required.”

Second, we included a question that asks for the
subject’s experience related to a Non-existent Excel
tool (i.e., we named this extension, StatView). The
follow-up survey consisted of multiple subparts

1 Brown-Forsythe test is a statistical test to compare the group

related to the user’s background and experience. The
participants were asked to answer the questions related
to their work hours and occupation (e.g., Are you
currently employed in a full-time job?). When
participants answered questions regarding their
computer skills, we asked all participants to rate their
skills on a non-existent Excel Plugin (i.e., StatView).
The range for all the experience-related questions was
from 0 (e.g., beginner) to 10 (e.g., expert).

4.2. Participants

534 subjects were recruited from Amazon
Mechanical Turk. Participants’ age was diverse.
About 56% of the participants belonged to a younger
crowd between 18-34 years old, with 42% reported
being 35 years or older. Of the recruited participants,
41% were female. Of those participants, three hundred
and sixty-two subjects completed the second part of
the survey. Attention check question was given to all
participants before proceeding to the second part.

As we are mainly interested in how people
answer cognitively demanding questions, we retained
all the samples regardless of whether a person
completed part 2 of the survey or not. This resulted in
the final sample size of five hundred and thirty
participants with raw mouse movement data of 2.7
million observations.

5. Results

We first evaluate the formal hypothesis H1 and
then conduct a series of predictive analyses to examine
H2. To examine H1, we compare the FLNS across the
demographic’s questions and cognitively demanding
questions (e.g., attention check question and fake
software question). For H2, we examine the overall
trends of SLNS and examine its relationship to FLNS.
All analyses were conducted using the R statistical
software package [45].

5.1. Hypothesis 1

Hypothesis 1 stated that Users involved in higher
complexity tasks (i.e., questions) would exhibit slower
mouse cursor speed. To examine the differences in
mouse cursor velocity across all questions, we
examine the FLNS. Before comparing if the FLNS
vary across the questions, we first tested the
homogeneity of variance assumption using Brown-
Forsyth type Levene’s test. The Brown-Forsythe type
Levene’s test 1 was significant on the FLNS,

variances to ensure the homogeneity of variance assumption is not
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indicating that the classic parametric F-test for
ANOVA can lead to severely biased results [46].
Thus, the score means were further examined using
Welch’s ANOVA [47,48]. Welch’s ANOVA is
designed to test the group means when multiple groups
are compared, and the homogeneity of variance
assumption is violated [49]. Welch’s ANOVA result
for the FLNS is reported in Table 1.

Table 1. FLNS and SLNS Welch's ANOVA

results
Measure F Num DF | Den DF
FLNS 44.739 | 6.0 1228.2 | ***
SLNS 55.408 | 6.0 1461.9 | ***
Key: * =p <0.05; ** =p <0.01; *** =p <0.001

Table 2. Exemplary Results for Pairwise

Comparisons

Group 1 | Group?2 | Estimate | P wval
adj.

ATTN FAKE -0.01 0.995
CHECK | SOFT
LANGU- | FAKE -0.11 5.01 *oEk
AGE SOFT E-10
Key: * =p <0.05; ** =p <0.01; *** =p <0.001

The result of Welch’s ANOVA suggests that the
average FLNS for at least one of the examined
questions is statistically different. Thus, further
evaluations are needed.

FLNS Pairwise Comparisons — Games Howell Post-
hoc Test. For further evaluations, a series of pairwise
Games-Howell Post-hoc Tests? [50] was performed to
compare all possible pairs of means. As the Games-
Howell test does not assume equal variances and
sample sizes, the test is suitable in situations where the
homogeneity of variance assumption is violated.

First, the difference in means between the
cognitively demanding questions (e.g., Attention
check and StatView question) was found to be
minimal (p = 0.99). Second, the mean FLNS for the
cognitively demanding questions was lower than the
other demographics question. The overall results
suggested that the mean differences between the
System 1 questions and System 2 questions were
directionally correct and were significant. Further, the
Games-Howell Test comparing the differences in
means between the two cognitively demanding
questions failed to attain significance (see Table 2).
Thus, we conclude that Hypothesis 1 was supported.
We did not include the results in this paper as a total

violated.

2 Games and Howell Post-hoc Tests compare all combinations

of 21 pairs of averages were compared (i.e., it takes up
an entire page). The results and the plot of the averages
are available upon request.

5.2. Hypothesis 2

Hypothesis 2 stated that the users will still exhibit
slower mouse cursor speed when executing higher
complexity tasks regardless of differences in cognitive
processing capacity. Though it is difficult to perfectly
measure an individual’s cognitive processing capacity
as various factors influence it, SLNS accommodate
user-specific characteristics (i.e., including the
differences in cognitive capacity).

As the Brown-Forsythe type Levene’s test was
significant on the SLNS, the scores were further
examined using Welch’s ANOVA [47]. The ANOVA
result of the SLNS is shown in Table 1.

The result of Welch’s ANOVA suggests that the
difference between SLNS means some of the
questions are statistically significant.

SLNS Pairwise Comparisons — Games Howell Post-
hoc Test. To further examine Hypothesis 2, a series of
pairwise Games-Howell Post-hoc Tests were
performed to examine pairs of SLNS means. Even
when considering user-specific information, the
overall results were consistent with those from
analyzing FLNS: (1) mean differences between the
System 1 questions and System 2 questions were
directionally correct and were significant. (2) The
Games-Howell Test comparing the differences in
means between the two cognitively demanding
questions failed to attain significance (e.g., Attention
check and Fake Software Question). Thus, we
conclude that Hypothesis 2 was supported. Similar to
the FLNS pairwise comparison, a total of 21 pairs of
averages were compared. The results and the plot of
the averages are also available upon request.

5.3. Predictive Models (10-fold cross-
validation)

We chose to validate the performance of our
score measures by using a subset of aggregated data
(i.e., at a question level). There are several reasons
why we do this. First, as the scores vary across several
demographics’ questions, the inclusion of all the
questions would, in fact, negatively impact the
performance of the predictive model. Second, as the
models we are constructing are simple models with

of group differences when homogeneity of variance
assumption is violated.
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only two score features, including all variables would
cause class imbalance problems (i.e., 5 to 2 ratio). We
chose the language question of all the demographics
questions as it had the highest average for both FLNS
and SLNS. A total of 970 data points were used in the
models, with 586 being cognitively demanding
questions (i.e., attention check question and StatView
question) and 384 data points belonging to language
questions. Thus, the base rate for the accuracy of all
models is 60.41%.

We formulated a typical binary classification
problem by creating a dependent variable with labels
“Language” and “Demanding”,

Yi=Po+ BiSi+ BV + €
where §, and ¥, are SLNS and FLNS, respectively.

The Logistic regression model, a simple but
widely used model, was selected as the baseline model
for this study. Other popular classification models,
such as Support Vector Machine (SVM), Random
Forest (Bagging), and XGBoost (Boosting), were also
used for comparison. All models using original
samples have been trained with 10-fold cross-
validation. Average AUC, accuracy, sensitivity, and
specificity across the folds are reported in Table 3 and
Table 4.

Table 3. 10-fold cross-validation results
(Logistic Regression and SVM)

Logistic SVM
Regression
AUC (SD) 0.7705 (0.035) | 0.7696 (0.068)
Accuracy (SD) 70.01% 70.22%
(6.00%) (3.57%)
Sensitivity 0.8090 0.8173
Specificity 0.5341 0.5132

All the models examined surpassed the base rate
of 60.41% accuracy, with Random Forest being the
lowest (67.62%). SVM was the top-performing model,
with an AUC of 0.7696, an accuracy of 70.22%, and
the lowest standard deviation for accuracy (3.57%).
We further examined the relationship between our
newly derived measures. By constructing a plot of the
variables, we were able to identify two distinct
patterns that align with our hypotheses (See Figure 1).
For cognitively demanding questions, both FLNS and
SLNS were relatively lower than the language
questions. Precisely, the patterns signal that the users
exhibit slower mouse movements when engaged with
more cognitively demanding tasks. Further, even
when controlling for user-specific factors (i.c.,
including SLNS), we observe an evident pattern that
suggests that users' mouse cursor movements are
slower for cognitively demanding tasks.

Table 4.10-fold cross-validation results
(Random Forest and XGBoost)

Random Forest XGBoost
(mtry =2)
AUC (SD) 0.7170 (0.042) 0.7580
(0.046)
Accuracy (SD) | 67.62% (4.43%) 69.84%
(3.5%)
Sensitivity 0.7200 0.7724
Specificity 0.5653 0.5854
0.8
2
s ;
0 SLNS 0.8
Demanding

® Language

Figure 1. Plot of FLNS and SLNS

6. Discussion

We introduced a new measure to assess the
underlying cognitive processing of an individual
during task execution. The results show that users have
slower mouse cursor speed when executing higher
complexity tasks (H1), and such a trend is still evident
even when considering user-specific differences (H2).
The findings have implications for several research
disciplines that examine the relationship between
users’ cognitive processing and their online behaviors.

6.1. Implications for Research

We contribute to the literature by theoretically
explaining and empirically validating how the
heightened cognitive load slows the mouse cursor
speed. Specifically, we apply DPT to examine the
relationship between the user’s device usage patterns
and the underlying cognitive processes in a broader
context. We extend DPT by explaining how the
activation of System 2 (i.e., deliberate, effortful, and
slow) will result in slower mouse movement patterns.

Second, we present a new method to account for
individual differences in cognitive capacity. DPT
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helps to identify types of questions that are less
dependent on System 2. We account for individual-
specific factors using the user’s response behaviors
from these questions to normalize FLNS. In doing so,
we provide a new measure indicative of the user’s
underlying cognitive processes (i.e., cognitive load).
Our method can potentially be applied to a wide
variety of research disciplines. Specifically, our
measures are helpful for various studies that examine
individuals’ underlying cognitive processes. For
instance, our method can be applied to the IS studies
that examine the relationships between cognitive load
and key user behaviors (e.g., Perceived Ease of Use,
User Satisfaction, Reuse Intention). Our method can
also be leveraged for psychology studies that
manipulate  participants’  cognitive  resources
[27,51,52,53]. In summary, we provide new
methodological tools, accompanied by theory, to
investigate online user behaviors in various contexts.

6.2. Implications for Practice

There are several practical implications for using
a mouse cursor to measure an individual's cognitive
load. Specifically, the cognitive load is strongly
related to predicting customer behaviors, including
acceptance of advertising [54], customer attention and
attraction [55], perceptions and recall of advertising
content [56], and brand attitude [57]. Using the
methodology described in the paper, practitioners can
design a real-time system that assesses a user's
cognitive state. Our methodology also helps
practitioners  to  establish  foundations  for
implementing theory-driven design strategies when
designing their websites. In terms of usability,
managers now have a tool to identify sections that
impose cognitive burdens on the users and make
changes. For instance, managers may assess website
churning behavior by identifying pages and interaction
points with lower velocity scores. Further, negative
feedbacks can be assessed along with the mouse
movement data to gain more insight into where the
negative interactions occurred on the website.

Velocity scores can also be analyzed to assess
cognitive states that drive various online purchasing
behaviors. When a user purchases on a website, the
user’s navigational path and overall speed at the time
of purchase can be analyzed to identify a user's
cognitive state (e.g., System 1 vs. System 2). The
cognitive state can then be assessed to make further
inferences (e.g., whether a purchase made was
impulsive or not). On the contrary, practitioners can
also use velocity scores to analyze whether the
customer has a negative experience on the website. For
instance, if the website is too difficult to navigate, it

may impose a cognitive burden on the users (i.e., users
are likely to activate System 2 to figure out how to
search and purchase the item). Specifically, velocity
scores could potentially be used to detect which pages
seem to be imposing a cognitive burden on the users.

The velocity scores could help advertisers to test
the performance of their ads. Advertisers spend a
considerable amount of effort to capture user attention
and memory [58]. However, real-time assessment of
the effectiveness of online advertisements still poses a
challenge. Practitioners can use mouse movement
speed to perform real-time analysis of the users’
cognitive states when the users are engaged with an
advertisement.

6.3. Limitations

Like all research, our work has limitations. First,
our study only examined mouse cursor speeds in an
online survey. As responding to an online survey
consist of simple, goal-oriented tasks, we need to
explore if our results would generalize in a broader
context (e.g., web browsing, navigating within a
system, online shopping). Second, users use multiple
devices to connect to the internet. Thus, the underlying
cognitive processes associated with System 1 and
System 2 would manifest as different usage behaviors,
requiring further explorations. Future research should
examine whether our metrics can be applied to a
broader range of tasks and devices. Third, our
measures can benefit from outlier analysis and the data
cleaning process. As the normalized measures are
directly derived from the raw mouse data captured in
millisecond precision, the sudden movements (e.g.,
satisficing and speeding through the survey) can
significantly inflate the overall means. Further data
cleaning work can potentially improve classification
results. Finally, the DI model is still an actively
evolving model. For instance, the Hybrid Dual-
Process model, one of the latest developments in the
psychology field, further develops the DI model and
posits that a response generated under the influence of
System 1 undergoes two different intuitive reasoning
processes to produce (1) traditional heuristic intuitive
response and (2) logical intuitive response [27,59]. As
the DI model is still actively studied, future research
should examine how and where DPT can enhance our
understanding of a broad range of HCI contexts.

7. Conclusion
Capturing and assessing user’s cognitive states
had been an essential yet challenging task in an online

setting. We explained how the high cognitive load
manifests as the slower mouse movement speeds by

Page 4776



leveraging DPT. Our findings suggest that the analysis
of mouse cursor speeds may enable research that could
not have been easily conducted using a traditional
measuring approach. The proposed method can be
easily applied by both practitioners and researchers in
various contexts as computer mice is a ubiquitous HCI
tool that users across the globe widely adopt.
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