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Abstract—This work proposes a novel three-dimensional model to represent users’ mental
workload when using smartphone applications. We validate this model by studying the
factors’ perceptual independence and interactions using data collected from 22
participants. By analyzing the correlations between the factors of mental workload and
tap strength captured by smartphones’ built-in sensors, we discover tap strength is
significantly affected by and can potentially be used to infer the hidden states of mental
workload. We build a prototype system and show the effectiveness of assessing mental
workload using tap strength without additional human or device costs in both laboratory
and real-world settings.

M Unperstanbing users’ MENTAL workload of researchers and developers when conducting
using smartphone applications is important for ~smartphone-based mental health studies,' devel-
oping just-in-time intervention technologies to
improve user experience,z‘4 increase driving
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problem of representing and assessing users’
mental workload during smartphone interactions.

In psychology, the widely accepted subjec-
tive workload assessment technique (SWAT)’
models users’ mental workload with three fac-
tors: time load, mental effort load, and psychologi-
cal stress load.” We adapt and refine this model
for the scenario of smartphone interactions and
propose a three-dimensional model including
motor difficulty, cognitive load, and time load. The
first factor, motor difficulty, describes the users’
efforts for controlling finger movements based
on visual feedbacks and is controlled by the size
of touchscreen interaction elements (e.g., but-
tons).8 As analyzed by Crossman and Goodeve,?
a user needs to constantly perceive the visual sig-
nals, estimate the motion trajectories, and per-
form corrective motion “impulses” to perform a
successful tap on the target, which requires unin-
terrupted user attention. Because touchscreen
interaction is the dominant way for users to inter-
act with smartphone applications, we pay special
attention to motor difficulty. The second factor,
cognitive load, is equivalent to mental effort load
in the traditional model.” Cognitive load involves
processes such as performing calculations, mak-
ing decisions, and estimations, accessing short-
term memory that describes the amount of cogni-
tive effort required by an interactive task.”® The
third factor, time load, is defined by the time
required and available for completing a task,
which is similar to the definition of time load in
the SWAT? in a narrow sense. We remove psycho-
logical stress load that describes fear of physical
harm or fear of failure’ because the smartphone
applications considered in this work are mostly
noncritical.

Based on this model, we conduct a pilot
study toward user mental workload assessment
using smartphones’ built-in sensors. Different
from traditional approaches that rely on self-
reports’ or psycho-physiological devices,!* we
propose to use smartphones’ built-in sensors to
sense and assess user mental workload to sup-
port large-scale studies. Inspired by the existing
work on assessing computer users’ stress using
typing pressure!’ and motived by the correla-
tions between users’ response time/force and
perceived mental workload,®>!*!3 we study the
correlations between user tap strength and the
perceived mental workload with smartphones.

Assessing User Mental Workload for Smartphone Applications

With IRB approval, we collect data from 22
participants and validate the proposed model
and assessment system through a 2 x 2 x 2
experiment design. As a pilot study, we examine
the factors separately without combining them
into a unified measurement. However, statistical
tests reveal the complex interactions among the
factors even if we focus on one factor at a time.
We discuss such interactions and design our
assessment system based on these findings. The
resulting user mental workload assessment sys-
tem achieves over 80% accuracy by only using the
tap strength information and over 90% accuracy
by using commonly available context informa-
tion, suggesting the effectiveness of the proposed
approach.

In summary, this work makes the following
contributions.

1. We propose a three-dimensional model to
represent users’ mental workload of using
smartphone applications comprehensively.

2. The perceptual independence and interac-
tions between the factors are studied to show
how users perceive these factors and how
the factors are correlated with each other.

3. We establish the correlations between the
factors of mental workload and tap strength
captured by smartphones’ built-in sensors
and show the potential of using tap strength
information to build an assessment system
that does not require human efforts or spe-
cialized devices.

4. We discuss the usefulness of the findings in
this work to support further research and
applications, including but not limited to
supporting large-scale studies and just-in-
time interventions.

RELATED WORK

Mental Workload

Mental workload describes the amount of
mental cost of accomplishing the tasks® and has
attracted much interest in human-computer
interactions.?*%1%14 In the work presented by Di
Stasi et al.,"* mental workload is defined as “the
amount of cognitive capacity required to perform
a given task” and involves cognitive tasks such as
selection, memory store and recall, data entry,
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reasoning, comprehension and processing, and
motor movements.” In the work conducted by
Okoshi et al.,>* they propose to decrease users’
cognitive load caused by interruptive notifica-
tions to improve users’ “mobile experience” and
maximize the success of delivering contents.?
The cognitive load that describes the amount of
user attention is defined as “the total amount of
mental effort allocated to working memory.”** In
a recent work,'® Zhao et al. study the problem of
using physiological signals to assess the cross-
task mental workload defined using different task
difficulty levels during anomaly detection.

While the above-mentioned works mostly
study mental workload as a single unidimen-
sional concept, studies in psychology show that
mental workload is better explained as a multidi-
mensional construct®’ that requires multiple
resources.'®> To achieve a more comprehensive
understanding of mental workload in smart-
phone-based interaction scenarios, we refer to
the widely accepted psychological concept of
the SWAT’ and refine it to our scenario to
obtain a three-dimensional mental workload
model. We find that the factors in our model are
separable but correlated with each other, which
calls for more attention on the multidimensional
nature of mental workload in the future research
work.

Mental Workload Assessment

Early work on assessing a task’s mental work-
load is mainly conducted by analyzing self-
reports.” While this approach can obtain direct
knowledge on user’s perceived mental workload,
it is limited in supporting real-time applications
and large-scale studies. Recent work has shown
the potential of using psycho-physiological sen-
sors such as pupillary response, ECG, and EOG to
assess user mental workload.”'%!* However, the
high human or device costs of the above-men-
tioned approaches are prohibitive for large-scale
daily usage scenarios. Different from the above-
mentioned work, this work proposes to use
smartphones’ built-in sensors without additional
human or device costs.

With the rich sensing ability of modern smart-
phones, researchers have developed systems
to automatically assess users’ mental workload
and interruptibility without requiring additional

January-March 2019

sensors.”™ Different from the work by Okoshi
et al.*™ that focuses on breakpoint detection,
this work focuses on assessing the mental work-
load directly. For computer users, recent work
shows the potential of using keyboard pressure
to assess user stress levels.!! Inspired by but dif-
ferent from the work by Hernandez et al., our
work uses tap-strength on touchscreens and tar-
gets at smartphone interaction scenarios, which
may involve different user postures.

Similar to Zhao et al.’s work, '’ we use machine
learning technologies to assess mental workload.
Different from their work that uses a single classi-
fier, we learn three models in our system for the
three factors and use a feedback loop to model
the factors’ interactions based on our findings.

In summary, this work proposes a low-cost
approach that does not require additional
human efforts or devices and can support large-
scale studies for application assessment and
mental health! and build just-in-time interven-
tion technologies to improve user experience4
and driving safety.’

THEORY AND RESEARCH
QUESTIONS

We present our theory and research ques-
tions in this section.

First, we propose our mental workload model
to be a three-dimensional construct composed of
motor difficulty, cognitive load, and time load by
adapting the existing model of mental workload’
to smartphone interaction scenarios. Next, our
work is motivated by the existing evidence on
how users’ response time is correlated with the
factors in our model: 1) user motion time (time to
complete the response to a stimuli) is propor-
tional to motor difficulty®; 2) the intensity of a
stimulus (determined by cognitive load) is
related to user’s response latency by an exponen-
tially decaying function'?; and 3) user response
time is significantly faster with higher time
load.!® Combining the above-mentioned results
and the observation that user’s response force
increases with a faster response time,'® we pro-
pose our hypothesis in the smartphone interac-
tions as follows.

Hypothesis: a user’s tap strength on a
touchscreen is negatively correlated with her/his
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Figure 1. Test program interface under two task
configurations. Task configurations are represented
by three digits: D/d, C/c, and T/t for high/low levels of
motor difficulty, cognitive load, and time load,
respectively.

response time, which is strongly correlated with the

mental workload of the task being performed.
Based on the above-mentioned hypothesis,

this work studies the following research questions:

+  RQ1: How does tap strength vary with differ-
ent levels of mental workload?

+  RQ2: Is tap strength an effective indicator for
assessing mental workload?

We answer the above-mentioned questions
through experiments in the following sections.

EXPERIMENT DESIGN

Test Program and Tasks

Figure 1 shows the Android-based, game-like
test program developed for our experiment. The
screen is divided into two areas: the test area in
the middle and the information area on the top.
The subject is required to click the round-shaped
buttons in the test area following the require-
ments introduced later. The information area dis-
plays tasks-specific information such as time
countdown, number of mistakes made, number
of button clicks completed/required, etc. A pleas-
ing or warning sound is played when a subject
clicks the correct or wrong button, to help the
subject focusing on the experiments.

Tasks involved in the experiment are config-
ured with high and low levels of motor difficulty,
cognitive load, and time load. We name each task
using a three-digit representation, as shown in
Figure 1.

Assessing User Mental Workload for Smartphone Applications

Motor difficulty. Motor difficulty is controlled
by the target’s size. As shown in Figure 1(a), for
low motor difficulty tasks, the target buttons are
large (diameter = 1 cm). For high motor diffi-
culty tasks, the buttons are small (diameter =
0.5 cm), as shown in Figure 1(b).

Cognitive load. Stroop task'? is used to control
the cognitive load of a task. For low cognitive
load tasks, there is only one green-colored button
in the test area [see Figure 1(a)]. For high cogni-
tive load tasks, the information area shows the
name of a color printed in another color. A total
of five buttons with different colors appear at ran-
dom positions in the test area with only one
matching the displayed color name [see Figure 1
(b)] that the subject is required to click.

Time load. A task’s time load is controlled by
time available to finish the task. For low time load
tasks, a subject can take as much time as neces-
sary to finish the task of clicking 50 buttons, and
there is no indication of time, as shown in Figure 1
(b). For high time load tasks, a subject has 60 s to
complete the task of clicking at least 120 buttons.
Besides the time countdown shown in the infor-
mation area [see Figure 1(a)], a clock ticking
sound is also played to increase time pressure.

The experiment includes eight tasks with
each representing a unique combination of high
and low levels of motor difficulty, cognitive load,
and time load. During the test, the smartphone
records the accelerometer (with gravity elimi-
nated) readings at 200 Hz and every tap events.

Participants and Setting

A total of twenty-two participants including
11 females and 11 males are recruited, aged from
21 to 51. All participants are experienced smart-
phone users, can perceive color normally, and
none of them is familiar with the experiment.

The experiment is conducted in a quiet room
with temperature and humidity controlled by air
conditioning. The participants are asked to per-
form the test while sitting on a chair with their
nondominant hand holding the smartphone and
the dominant hand tapping on the screen.

Protocol

The experiment lasts for about 60 min for each
participant. In the beginning, the participant
is briefed by the research assistant about the
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requirements of each task, and how he/she will
be rewarded, while the objective of the experi-
ment and the types of sensor data collected
remain untold. Possible learning effect is elimi-
nated by a free-exploration session. The begin-
ning part lasts for about 30 min including a 5-min
rest period in the end.

After the test has started, the participant is
left alone to complete the tasks following the
instructions given by the test program. The eight
tasks involved in the test are grouped into four
groups with each group containing two tasks.
The order of the tasks is randomized to eliminate
possible order effect. Each group of tasks takes
approximately 4 min to complete, and there is a
2-min rest between two groups.

The participant is required to report the per-
ceived level of motor difficulty, cognitive load, and
time load on a 5-point Likert scale ranging from
very low (score = 1) to very high (score = 5) for
each task immediately after the task is finished.
For each participant, the maximum and minimum
reward is capped at $20 and $8, respectively,
after the experiment.

EXPERIMENT DATA ANALYSIS

This section analyzes the data collected in the
above-mentioned experiment to answer RQ1: How
does tap strength vary with different levels of mental
workload? We use the (pseudo) impulse proposed
in the work by Heo and Lee'” as an indicator to tap
strength, which is computed by aggregating the
absolute acceleration in a 150 ms time window
starting at 50 ms before the tap event.

Model and Experiment Validity

We first validate our model design for mental
workload by testing the perceptual indepen-
dence’ of the factors. Figure 2 summarizes
the perceived levels of each factor (measured by
scores) for each task. To val-

idate the factors’ perceptual 4
independence, we need to E 3
answer the question: are the '§ )
subjects always able to per- g

ceive the change in one factor & !

with the other factors held
constant?
show that our experiment

Furthermore, to
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Figure 2. Frequency distribution of scores for perceived motor
difficulty, cognitive load, and time load in different tasks.

design is successful, we need to answer the
question: does the perceived level of one factor
increases significantly by increasing the level of
the corresponding factor as designed by the
experiment?

Perceptual independence. To answer the above-
mentioned questions, we perform the single-sided
Mann-Whitney U test with « = 0.05 to analyze
the scores since they do not follow the normal
distribution. The dependent variable (DV) is the
perceived level of a factor (by its score), the inde-
pendent variable (IV) is the level of the corre-
sponding factor in the game, and the control
variables (CVs) are the levels of the other two
factors. Testing results show that the perceived
level of one factor (i.e., motor difficulty, cognitive
load, or time load) increases significantly with the
increasing level of the corresponding factor under
all four combinations of the levels of the other two
factors. This result suggests that 1) our model
design is valid because the factors are perceptu-
ally independent; 2) our experiment design is suc-
cessful because the perceived level of a factor
increases significantly with the increase of corre-
sponding task configuration.
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Figure 3. Overview of perceived levels of the factors under different configurations
(notations follow Figure 1).
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Table 1. Main effects and interactions of motor difficulty (MD), cognitive load (CL), and time load (TL) on the perceived levels of the
factors. Three-way MANOVA, « = 0.01.

MD score CL score TL score
Factor Fvalue Pr (>F) Fvalue Pr (>F) Fvalue Pr (>F)

MD 61.5066 4.865e-13 0.8910 0.346552 4.1893 0.04223840
CL 1.6001 0.207645 55.9350 3.965e-12 5.6371 0.04223840.0187129
TL 48.9905 5.867e-11 10.6766 0.001316 165.2183 <2.2e-16

MD x CL 1.6001 0.207645 0.4271 0.514326 0.0067 0.9348469

MD x TL 3.1361 0.078389 0.0053 0.942202 3.5458 0.0614247

CL x TL 7.7443 0.006005 0.0053 0.942202 12.3936 0.0005546

MD x CL x TL 0.3485 0.555780 0.0475 0.827823 0.0067 0.9348469

Smartphone
Sensors

Accelerometer

Statistical tests and interactions. Since percep-
tual independence does not imply statistical
independence, we further test the relationships
among the factors. Figure 3 plots the scores in
different tasks configurations. We use the per-
ceived levels of the factors (by scores) as the
DVs and the levels of the factors in the experi-
ment as [Vs, and test the results with three-way
MANOVA, « = 0.01 (see Table 1). The results sug-
gest that 1) the main effect of changing each fac-
tor on its perceived level is significant, which is
consistent with the results of perceptual inde-
pendence; 2) increasing the time load also signifi-
cantly increases the perceived level of motor
difficulty and cognitive load, as shown in Figure 3
(@) and (b), respectively; 3) there is an interac-
tion between time load and cognitive load on the
perceived levels of motor difficulty and time load,
respectively. As shown in Figure 3(a), when
motor difficulty is high, a higher level of cognitive
load increases/decreases the perceived level of
motor difficulty when time load is low/high,
respectively. As shown in Figure 3(c), when time
load is high, increasing the levels of motor

Feedback

Touch Screen

Figure 4. Assessment system design overview.
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difficulty, and cognitive load has a negative
impact on the perceived level of time load.

In summary 1) the factors in our model are per-
ceptually independent, which allows us to study
them separately; 2) there are complex interac-
tions between these factors. As a pilot study, this
paper is not intended to develop a unified model
that combines all three factors. However, the
interactions among the factors cannot be ignored
even when studying the factors separately. Our
assessment system is then designed to be condi-
tioned on the other two factors when assessing
one factor with a feedback loop, as shown in
Figure 4.

Tap Strength Data Overview

A total number of 12 656 taps are recorded in
our experiment. Figure 5 illustrates the impulse
captured under different task configurations. We
also compute the Pearson’s correlation coeffi-
cients between impulse and levels of each factor
by assigning 0 and 1 to the low and high levels,
respectively. In Figure 5, it is clear that increasing
the motor difficulty and cognitive load decreases
the tap strength with negative correla-
tion coefficients, and increasing the

Input v . .
Detectors Assessment Models Output time load increases the tap strength.

\\ [, ---------- \\ /’ ---------- \\ [, ---------- \\ 2. H H
:Accelf.’ratian: \ Tap Strength : Task Difficulty \ : Motor Difficulty \ NeXL we use the within SUb]eCt
E Readings ! | Tap Strength EFEUNI"-’S '\ Model ! | High/Low E three-way ANOVA with « = 0.01 to ana-
| ! Detector ' ! . | .

i i i i lyze the data (see Table 2). The main
H E \ E Cognitive b Cognitive Load | y ( ) .

! i ' i\ LoadModel [T 17 Highflow ! effect of each factor on tap strength is
1 : Context 1 Response Time : 1 : ! . . . . . N

¥ Tap Events ! | Information | | Target Size — Lo e tond ! significant, which is shown in Figure 5.
T 1 D 0 Ime Loa ! 1 Ime Loa I . . . .

! ! (git“eg:;) 1 (Optional) Model [T T mgow |  Moreover, there is a significant inter-
! \ / \ U \ 7

action between cognitive load and time
load. Figure 5(c) suggests that a higher
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the factors’ impacts on tap = 175 d D = 175 c C = 175 ¢ 0.085 T
strength are not simply addi- (a) Motor Difficulty (b) Cognitive Load (c) Time Load

tive, which increases the com-  gigyre 5. Mean and standard error of tap strength under different configurations

plexity of parsing the data. As 1\ mbers on the edges show correlation coefficients).
a result, we turn to machine

learning techniques to build

the assessment system as introduced later. of tap strength varying with perceived mental

workload is clear.

Influence of postures. In real life, users interact

Single Factor Statistical Tests for Directionality with smartphones with different postures. This
To understand the directionality of the effect ~ study examines the influence of postures on our

of every single factor (IV) on tap strength (DV), finds. We repeat the experiment by asking the
we use single-sided Mann-Whitney U test with «  same participants to take the experiment under
= 0.05 to analyze the effect of each factor when the same protocol while walking. To eliminate pos-
fixing the levels of the other two factors (CVs). sible order effect, each participant is randomly
For each factor being studied, e.g., mofor diffi- assigned to take the sitting or walking experiment
culty, there are four conditions corresponding to  first. The results are shown by red-colored markers
the high and low levels of the other two factors. in Table 3. The similarity between the results
As a result, we perform four tests to study the obtained in the two experiments suggests the rela-
effect of changing one factor. tionship between tap strength and the factors of
Results of sitting. We first study the data col- mental workload holds under different postures.
lected when the subjects are sitting. As shown in
Table 3(a), in most cases, the subjects show a
significant decrease in tap strength after increas-
ing motor difficulty. Similar results are observed
when increasing cognitive load [see Table 3(b)].
Finally, Table 3(c) suggests tap strength is signif-
icantly increased after increasing time load in

most cases. Though occasional outliers are

observed in the test results, the general pattern Table 3. Effect of increasing level of mental workload on tap strength.
Mann-Whitney U Test, p < 0.05.—significant decrease, e—significant
increase, blank—no significant change, black and red colored
markers for sitting and walking postures, respectively. Notations for
CVs follow Figure 1.

Summary

Summarizing the above-mentioned results, we
answer RQI as each factor in our three-dimen-
sional mental workload model has a significant
impact on users’ tap strength, which implies the

Table 2. Effects of the factors on tap strength, within
subject three-way ANOVA, « = 0.01. Notations for the

factors follow Table 1. (a) Study 1: effect of increasing motor difficulty on tap strength (impulse).
CVs Test Results for Subjects ID from O to 21
Tapstrenqth ct o [o o |ocoloole |ooleoleo [e] (o] e] (X e} oC| Ol |00ofloC|oC|cO
Factor Ct @O O C|C |© [OC|oC[0Co O ([oClecloC| QO [e] (o] [e] el el [oRel(oX o]
Fvalue Pr (>F) T o feclecloclec|e [ooloc] cle [o [cofoclocloclocle [oofecloc|e
CTOO o olocjoo|coloQlol| © o] oC| © O [oC|lcoleCOoC|eC|CO
MD 58.1350 1.3555E-10
(b) Study 2: effect of increasing cognitive load on tap strength (impulse).
CL 26.9858 2.2102E-6 CVs Test Results for Subjects ID from 0 to 2T
dt O OlCelOC(e [OC|ee| OO0 CleO|eT|O e C|C o Clee| ClO0OC oo e
TL 577211 15149E_10 Dt oloe| O elo [e] (o] O ol © ® |CO|CC(eC|eeCOIOOl OCO
dT joRe] Banel (oRel [oXeol(oR o] (o3 (o X o] o R o] (0] o (o [eof ¢ [eRel ek Jieole]loRel ool o] (o]
MDXCL 31636 007997 DTOGOC/OC‘IO\'JOOOC/OOOGOC‘I eClCeC O (@ |[O |©O |00 [eXelle]e] (o}
¢) Study 3: effect of increasing time load on tap strength (impulse).
MD x TL 5.7351 0.01952 (C{’s . TestResu%tsforSubjects I]gfromgOt(()le :
[iC 0000000000000 G000 (000 (00 Ofe (000 sesie 00
CLXTL 95707 0002914 DC 00000000 000000000 S0 000 (OO 08 O S00 000
dCO * (08 G000 (0oe To oo ole * ¢ (O [eCICe(ee 000
MD x CL x TL 0.2412 0.62502 DCloele [o [ee]e [eefe [0 [ee]eefe oo . celoolocle eleeles|ec
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Jrediction, Prediction frediction, loop is created and the system works

fg dl2632 | 444 ‘g ol 1980 | 447 g 13735 | 293 iteratively by using the estimation

E E E obtained in the last iteration as input to

§D| 58 | 2579 § C| 550 | 3267 § T| 510 | 1706 assess the level of the target factor until
Accuracy 83.5% Accuracy 84.0% Accuracy 87.1% converges.

Weighted Avg. Precision  83.5%
Weighted Avg. Recall
(a) Motor Difficulty

Weighted Avg. Precision  84.2%
Weighted Avg. Recall 84.0%
(b) Cognitive Load

83.5%

Figure 6. Assessment performance with other two factors fixed.
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possibility of using tap strength to infer the levels
of each factor in the reversed direction. However,
there are complex interactions among the factors
on how the users perceive them and respond with
tap strength, which must be considered during
the following study to RQZ2.

MENTAL WORKLOAD ASSESSMENT
Given that tap strength is correlated and sig-
nificantly impacted by the factors of mental
workload, this section aims to answer the
research question RQ2: Is tap strength an effective
indicator for assessing mental workload? empiri-
cally by building an assessment system and
evaluate its performance. The answer will be pos-
itive if our system achieves good performance.

Assessment System Design

Figure 4 shows an overview of the assessment
system. This system is designed to assess each
factor separately following the above-mentioned
analysis process. Based on our findings for RQ1,
the assessment system uses tap strength as the
main input. The captured tap data stream is first
segmented using a sliding window of ten taps.
For each window, we apply five statistical func-
tions (mean, variance, max, min, and max-min) to
extract features. Additionally, possible context
information such as response time and target
size is also considered.

The system builds a model for each factor
to discriminate the high and low levels of Motor
difficulty, cognitive load, and time load. We use the
random forest classifier with ten component
trees for model implementation. With respect to
the interactions among the factors, each model
in the assessment system also uses the levels of
the other two factors as input. When the levels of
the other two factors are not known, a feedback

Weighted Avg. Precision  87.0%
Weighted Avg. Recall
(c) Time Load

87.1% ‘
System Performance Evaluation

To evaluate its performance, we
use assessment accuracy as the metric
and perform a tenfold-cross-validation

using all participants’ data.

We first evaluate the system’s performance by
only using tap strength. We start our evaluation
by fixing the levels of the other two factors when
concerning one factor, which represents the ideal
condition that interactions among the factors are
omitted. Detailed results are summarized in
Figure 6. The assessment accuracies for all the
factors are above 80%, and the average accuracy
is 84.9%. For time load, the detection accuracy is
the highest of 87.1%. The confusion matrix in
Figure 6 suggests the proposed approach outper-
forms a naA“ve random classifier whose esti-
mated detection accuracy is 50%.

Furthermore, we allow the factors to take ran-
dom levels during testing. Comparing to the
results in Figure 6, the assessment accuracies for
motor difficulty, cognitive, and time load are 78.7%,
80.3%, and 84.6%, respectively, without enabling
the feedback loop in Figure 4. By enabling the
feedback loop, the assessment accuracies for
motor difficulty, cognitive, and time load increase
for 2.3%, 2.2%, and 2.6%, respectively. This result
suggests that the assessment performance of one
factor is affected by the levels of the other two
factors, which can be explained by the interac-
tions among them, and the feedback loop in our
system design is effective in addressing this chal-
lenge. The iterative algorithm converges within
five rounds in 94.3% of the cases. For the rest
5.7% cases, the system loops among possible
results and cannot converge. We empirically ter-
minate the algorithm after ten iterations because
alonger execution time does not improve the sys-
tem’s performance.

We also evaluate the predictive power of dif-
ferent features by an exhaustive search over the
feature space with feature number >3. The results
suggest different feature subsets achieve compa-
rable classification accuracy, and the features
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Table 4. Real-world games used for testing.

App Motor difficulty Cognitive load time load Data amount
Sudoku Low High Low 211.8 min
Crazy Mole Low Low High 134.2 min
Minesweeper High High Low 183.8 min
Gomoku High High Low 318 min
DTWT Low Low High 261.5 min

max and min show stronger predictive power
than other features in some occasions. Because
the complete feature set that contains all the five
features shows reliable performance through
multiple test executions, we conduct the follow-
ing studies by using the complete feature set.

Finally, by adding possible context informa-
tion such as response time and target size into
the system, the assessment accuracies on motor
difficulty, cognitive, and time load are increased to
98.9%, 98.4%, and 90.3%, respectively. While the
system performs poorly by using the context
information alone, this result shows the effective-
ness of context information in enhancing the dis-
criminative power of tap strength on mental
workload assessment.

In summary, the assessment system is shown
to be effective on the dataset collected in labora-
tory settings. Next, we evaluate its performance
using real-world data.

REAL-WORLD STUDY

In this experiment, we evaluate the system’s
performance in real-world scenarios.

Detailed experiment information is as follows.
Tasks: five real-world games (visit https://youtu.
be/uze00DPQ4nU for demonstrations) including
Sudoku, Crazy Mole, Minesweeper, Gomoku, and
Don’t Tap the White Tile (DTWT) are used. These
games are chosen because 1) they are common
to the players; and 2) they mainly interact with
the players through tapping. During the experi-
ment, we ask each participant to play only the
first level of the game. Devices: a logging applica-
tion is developed to record tap strength (by sam-
pling the accelerometer) and application usage
information during each game play. The current
logging application relies on Android APIs and

January-March 2019

only works with Android version below 6.0.
A total of three Google Nexus 5 smartphones
(Android 5.1.1, 2.26 GHz quad-core CPU, 2 GB
RAM) with the logging application and games
installed are used for data collection. Participants:
participants are recruited by two research assis-
tants through online social networks. There are
59 participants (7 females and 52 males, aged
from 20 to 26, experienced in using smartphones)
who contributed valid data. Protocol: we offer the
participants the smartphones, instruct them on
how to collect data and provide feedbacks, and
allow them to play the games in random order
and unconstrained environments. Each partici-
pant reports the perceived motor difficulty, cogni-
tive load, and time load to be high or low for each
game after playing. The ground-truth labels in
Table 4 are obtained from a majority voting of the
feedbacks. There is no reward for participation.
Data collected: data collection lasts for three
weeks, and 1109 min of data is collected. For the
59 participants, 53 of them collected data for all
five games, 4 participants played four games, and
2 of them contribute data for three games. An
average of 18.5 min of data is collected from each
user. The amount of data collected for each game
is listed in Table 4.

We use the assessment system in Figure 4 for
this study. The beginning and ending 5% of data
are removed from each session to omit the peri-
ods the games are activated but not played. We
then evaluate the performance of the proposed
system following two strategies: 1) tenfold-cross-
validation; and 2) leave-one-application-out-vali-
dation. For tenfold-cross-validation, the assess-
ment accuracies for motor difficulty, cognitive
load, and time load are 88%, 87.9%, and 88.1%,
respectively. By comparing to the results shown
in Figure 6, it is clear that the system achieves
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comparable results in unconstrained real-world
environment. Next, we consider the case of
assessing the mental workload levels of a new
application and evaluate the system’s perfor-
mance by leave-one-application-out-validation.
The assessment accuracies for motor difficulty,
cognitive load, and time load are 67.7%, 67.7%, and
69.1%, respectively. While the accuracies drop for
over 20% on average, our system still outper-
forms a random classifier with expected 50% in
accuracy, suggesting our system can effectively
discriminate the levels of mental workload even
the application is never seen before.

Summarizing the above-mentioned results,
we answer RQ2 as empirical results suggest tap
strength is an effective indicator for mental
workload assessment in both laboratory and
real-world settings. Context information such as
response time and target size is useful in improv-
ing the system’s performance but cannot be
used to replace tap strength information.

DISCUSSION

We discuss the usefulness of our findings as
follows.

First, our study shows that users’ mental work-
load of using smartphone applications is a multidi-
mensional construct composed of separable but
correlated factors including motor difficulty, cogni-
tive load, and time load. Researchers can develop
models based on ours and adapt it to different sce-
narios, and the interactions between the factors
should be carefully controlled during experiment
and system design as shown in this work.

Second, we study the correlations between
mental workload and tap strength and build a pro-
totype assessment system. It is possible to conduct
large-scale mental workload studies with low costs
based on our approach. The assessment results
can either be used to study the applications’ men-
tal demands compared to other applications by
summarizing the publics’ responses or conduct
mental health studies' by comparing one’s per-
ceived mental workload against others’ on a set
of benchmark applications.

Third, the proposed assessment approach
can perform continuous sensing and assessment
of users’ mental workload without human inter-
vention. It can support the development of

Assessing User Mental Workload for Smartphone Applications

just-in-time intervention technologies to adap-
tively adjust the applications’ interfaces (e.g.,
increase the button sizes on detecting the motor
difficulty is high), limit the use of high demanding
application in certain circumstances (e.g., driv-
ing5) to increase safety, or avoid interrupting the
users during high mental workload sessions.

CONCLUSION

In conclusion, this work takes a step toward
using smartphones’ built-in sensors to assess
users’ mental workload when using applications.
Built on the top of well-established psychological
concepts of SWAT,” this paper proposes a three-
dimensional mental workload model to smart-
phone interaction scenarios. Through extensive
experiments, we show the factors in our model
are separable but correlated. Furthermore, we
study the impact of the factors on users’ tap
strength and show the effectiveness of using tap
strength to assess the hidden states of user men-
tal workload by building and evaluating a proto-
type system in both laboratory and real-world
settings. The findings in this work can support
future research and applications as discussed
above.

Our further research includes but not limited
to 1) developing a unified model that combines
all three factors in the current model; and 2) con-
sider other factors such as multitasking® accord-
ing to application scenarios.

ACKNOWLEDGMENTS

The authors thank all the participants
involved in our study, and the anonymous editor
and reviewers for improving our manuscript.
This work was supported in part by the NSFC
under Grant 61690204 and Grant 61502225, in
part by Australian Research Council Discovery
Grant, DP180103932, and in part by the Collabora-
tive Innovation Center of Novel Software Technol-
ogy and Industrialization.

B REFERENCES

1. J. Torous and L. W. Roberts, “Needed innovation in
digital health and smartphone applications for mental
health: Transparency and trust,” JAMA Psychiatry,
vol. 18, no. 10, pp. 437-438, 2017.

IEEE Pervasive Computing

Authorized licensed use limited to: RMIT University Library. Downloaded on January 09,2021 at 15:07:20 UTC from IEEE Xplore. Restrictions apply.



2. T.Okoshi, J. Ramos, H. Nozaki, J. Nakazawa, A. K. Dey,
and H. Tokuda, “Attelia: Reducing user’s cognitive load
due to interruptive notifications on smart phones,” in
Proc. IEEE Int. Conf. Pervasive Comput. Commun.,
2015, pp. 96-104.

3. V. Pejovic and M. Musolesi, “Interruptme: Designing
intelligent prompting mechanisms for pervasive
applications,” in Proc. ACM Int. Joint Conf. Pervasive
Ubiquitous Comput., 2014, pp. 897-908.

4. T. Okoshi, K. Tsubouchi, M. Taji, T. Ichikawa, and
H. Tokuda, “Attention and engagement-awareness in
the wild: A large-scale study with adaptive
notifications,” in Proc. IEEE Int. Conf. Pervasive
Comput. Commun., 2017, pp. 100-110.

5. D. L. Strayer, J. M. Cooper, J. Turrill, J. R. Coleman,
and R. J. Hopman, “The smartphone and the drivers
cognitive workload: A comparison of Apple, Google,
and Microsofts intelligent personal assistants,”

Can. J. Exp. Psychol., vol. 71, no. 2, pp. 93-110,
2017.

6. S.Rubio, E. Daz, J. Martn, and J. M. Puente, “Evaluation
of subjective mental workload: A comparison of SWAT,
NASA-TIx, and workload profile methods,” Appl.
Psychol., vol. 53, no. 1, pp. 61-86, 2004.

7. G.B. Reid and T. E. Nygren, “The subjective workload
assessment technique: A scaling procedure for
measuring mental workload,” Adv. Psychol., vol. 52,
pp. 185-218, 1988.

8. E. Crossman and P. Goodeve, “Feedback control of
hand-movement and Fitts’ law,” Quart. J. Exp.
Psychol., vol. 35, no. 2, pp. 251-278, 1983.

9. S.T.Igbal, P. D. Adamczyk, X. S. Zheng, and
B. P. Bailey, “Towards an index of opportunity:
Understanding changes in mental workload during
task execution,” in Proc. SIGCHI Conf. Hum. Factors
Comput. Syst., 2005, pp. 311-320.

10. G. Zhao, Y. Liu, and Y. Shi, “Real-time assessment of
the cross-task mental workload using physiological
measures during anomaly detection,” IEEE Trans.
Hum.-Mach. Syst., vol. 48, no. 2, pp. 149-160,

Apr. 2018.

11. J. Hernandez, P. Paredes, A. Roseway, and
M. Czerwinski, “Under pressure: Sensing stress of
computer users,” in Proc. 32nd Annu. ACM Conf.
Hum. Factors Comput. Syst., 2014, pp. 51-60.

12. T. Stafford and K. N. Gurney, “The role of response
mechanisms in determining reaction time
performance: Pie fons law revisited,” Psychonomic
Bull. Rev., vol. 11, no. 6, pp. 975-987, 2004.

January-March 2019

13. R. H. van der Lubbe, P. Jas kowski, B. Wauschkuhn,
and R. Verleger, “Influence of time pressure in a
simple response task, a choice-by-location task, and
the Simon task,” J. Psychophysiol., vol. 15, no. 4,
pp. 241-255, 2001.

14. L. L. Di Stasi, A. Antoli, and J. J. Canas, “Evaluating mental
workload while interacting with computer-generated
artificial environments,” Entertainment Compuit., vol. 4,
no. 1, pp. 63-69, 2013.

15. C.D. Wickens, “Multiple resources and mental workload,”
Hum. Factors, vol. 50, no. 3, pp. 449-455, 2008.

16. X. Bi, Y. Li, and S. Zhai, “Ffitts law: Modeling
finger touch with Fitts’ law,” in Proc. SIGCHI Conf.
Hum. Factors Comput. Syst., 2013, pp. 1363-
1372.

17. S. Heo and G. Lee, “Forcetap: Extending the input
vocabulary of mobile touch screens by adding tap
gestures,” in Proc. 13th Int. Conf. Hum. Comput.
Interact. Mobile Devices Serv., 2011, pp. 113-122.

Liang Wang is currently an Assistant Researcher
with the State Key Laboratory of Novel Software
Technology, Department of Computer Science and
Technology, Nanjing University. His research inter-
ests include pervasive and mobile computing,
human computer interaction, and software engineer-
ing. He received the B.Sc. and Ph.D. degrees in
computer science from Nanjing University, in 2007
and 2014, respectively. He is a Member of the IEEE.
Contact him at wi@nju.edu.cn.

Tao Gu is currently an Associate Professor with the
School of Computer Science and Information Technol-
ogy, RMIT University. His research interests include
pervasive and mobile computing, Internet of Things,
wireless sensor networks, and distributed systems. He
received the Ph.D. degree in computer science from
the National University of Singapore. He is a Senior
Member of the IEEE and the ACM. Contact him at tao.
gu@rmit.edu.au.

Alex X. Liu is currently a Professor with the Depart-
ment of Computer Science and Technology, Nanjing
University. His research interests include networking
and security. He received the Ph.D. degree in com-
puter science from The University of Texas at Austin,
in 2006. He received the IEEE and IFIP William C.
Carter Award in 2004, the National Science Founda-
tion CAREER Award in 2009, and the Michigan State
University Withrow Distinguished Scholar Award in
2011. Contact him at alexliu@nju.edu.cn.

69

Authorized licensed use limited to: RMIT University Library. Downloaded on January 09,2021 at 15:07:20 UTC from IEEE Xplore. Restrictions apply.


mailto:
mailto:
mailto:
mailto:

Rejuvenating Binary Executables * Visual Privacy Protection = Communications Jamming

SECURITYC PRIVACY

70

Hengzhi Yao focuses his research interests on com-
puter vision and pervasive computing. He received the
M.Eng. degree in computer science from Nanjing
University, in 2017. Contact him at yhz@smail.nju.edu.cn.

Xianping Tao is currently a Professor with the State
Key Laboratory of Novel Software Technology,
Department of Computer Science, Nanjing University.
His research interests include software agents,
middleware systems, Internetware methodology, and
pervasive computing. He received the Ph.D. degree
in computer science from Nanjing University, in 2001.

BUILDING DEPENDABILITY, RELIABILITY, AND TRUST

EEBicomputer society
o As

Policing Privacy  Dynamic Cloud Certification = Security for High-Risk Users

SECURITYS: PRIVACY

BUILDING DEPENDABILITY, RELIABILITY, AND TRUST

Assessing User Mental Workload for Smartphone Applications

He is a Member of the IEEE. Contact him at txp@niju.
edu.cn.

Jian Lu is currently a Professor with the State Key
Laboratory of Novel Software Technology, Depart-
ment of Computer Science, Nanjing University.
His research interests include programming method-
ology, pervasive computing, software agent, and
middleware. He received the Ph.D. degree in
computer science from Nanjing University, in 1988.
He is a Member of the IEEE. Contact him at lj@nju.
edu.cn.

Smart TVs = Code Obfuscation = The Future of Trust

| LG PRIVACY

BUILDING DEPENDABILITY, RELIABILITY, AND TrusT

o 34
E May/June: zg
e

{ 9IEEE

ece@icomputer society.

::::::::::::::::::

IEEE Security & Privacy magazine provides articles

with both a practical and research bent by the top

thinkers in the field.

e stay current on the latest security tools and theories and gain invaluable practical and

research knowledge,

¢ learn more about the latest techniques and cutting-edge technology, and

computer.org/security

e discover case studies, tutorials, columns, and in-depth interviews and podcasts for the

information security industry.

IEEE Pervasive Computing

Authorized licensed use limited to: RMIT University Library. Downloaded on January 09,2021 at 15:07:20 UTC from IEEE Xplore. Restrictions apply.


mailto:
mailto:
mailto:
mailto:
mailto:


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


