PAPER
MODELING USER PSYCHOLOGICAL EXPERIENCE AND CASE STUDY IN ONLINE E-LEARNING

Modeling User Psychological Experience and
Case Study 1n Online E-Learning

http://dx.doi.org/10.3991/ijet.v10i6.5114

Xiyuan Wul’*, Min Liul, Qinghua Zhengl, Yungiang Zhangl, Haifei Li*
’Xi’an Jiaotong University, Xi’an, China
’Union University, Jackson, Tennessee, USA

Abstract—In the post WWW era, the research of e-learning
focuses on facilitating intelligent and proactive services for
learners. The quality of user experience determines whether
e-learning services would be accepted by learners. However,
many researchers traditionally focus on the effectiveness of
computer systems or the accuracy of algorithms themselves
rather than on user-centric psychological experience. How
to model and evaluate user experience taking into account
user psychological and cognitive properties are challenging
research topics. There are some traditional methods typical-
ly proposed to evaluate users’ psychological experience,
such as interview, questionnaire etc. They are qualitative
and easy to conduct but need more time and resource. And
they are liable to subjective views. Based on user web log
data, the current paper presents a quantitative approach of
modeling user psychological experience in the context of
intelligent e-learning. The properties and elements, which
affect user experience, are analyzed and quantified. The
holistic user experience is quantified through the fusion of
analytic hierarchy process (AHP) and Delphi methods. A
case study, at a university in China, is conducted for diag-
nosing whether the result of the proposed approach can be
uniform with user subjective experience, and indicates that
the proposed approach is effective and complements existing
user experience research in intelligent e-learning.

Index Terms—E-learning, Web log analysis, User experi-
ence, User centric evaluation

L INTRODUCTION

Nowadays information and computer technologies pro-
vide various services which facilitate human’s work,
learning and life, and experience economy is emerging.
Whether users are satisfied with the services, have good
experience and are willing to take the services perpetually
is an important problem which attracts much attention in
diverse fields [1-5]. The current paper presents a quantita-
tive approach of evaluating user psychological experience
in the context of smart education, such as intelligent e-
learning.

User experience, which is a holistic and subjective psy-
chological perception, is built by a user during Web sys-
tems provides services for the user, such as search infor-
mation, video and audio requisition, e-learning etc. It is an
ill-defined concept, and lacks well-developed assessment
methods and metrics [2, 6]. Hosts of research have been
conducted in diverse domains and from different views
respectively[7, 8].

There is a range of properties that are commonly con-
sidered when assessing Web systems’ user experience.
How to model and evaluate user experience taking into
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account user psychological and cognitive properties is a
problem [1, 3, 7].

Some promising approaches have recently attempted
tackling the problem. Hu et al. provide a broad and in-
depth review of existing work and 20 useful guidelines
from the initial preference elicitation process, the prefer-
ence refinement process and the presentation of the sys-
tem’s recommendation results [1]. Paramythis et al.’s
work shows many evaluation methods available in the
field of Human-Computer Interaction (HCI) for the evalu-
ation of interactive adaptive system[4]. In the paper, we
try to apply data mining technique for evaluating user
psychological experience in the context of online e-
learning.

Based on the theory that users’ objective behavior re-
flect their psychological and cognitive properties [9, 10], a
quantitative approach is proposed to evaluate user psycho-
logical experience based on users’ web visit log data in
intelligent e-learning systems.

There are three critical issues as follows: (1) Identify
properties and elements that may affect user experience.
There are a variety of properties and elements that may
influence user experience, such as content construction
form [1, 12], vision affection [10], system delay [1, 13],
ease of use, and so forth. As different applications have
different needs, we analyze which properties and elements
are relevant for intelligent e-learning applications. (2)
How to measure the properties and elements above ac-
cording to user web log data. In the paper, some quantita-
tive methods are proposed to measure them. (3) Construct
holistic user psychological experience model. The analyti-
cal hierarchy process approach is applied to construct the
overall quantitative user experience model and the weights
of the elements are obtained.

Additionally, because of the differences among the in-
dividuals, different users have different user experience to
the same system. Lindgaard and Chattratichart’s study
found that the representativeness of users impact the re-
sults of study directly [11].

Moreover, due to the limit of time, manpower and ma-
terial recourses, it is impossible to measure user experi-
ence of every user, so how to determine the number of
representative users to study is another key problem which
user experience research faces.

The rest of the paper is structured as follows. First, the
paper surveys the state of the art user experience research
in diverse fields and provides an extensive overview of
properties and elements that may be relevant for user ex-
perience. Second, the paper discusses how to choose rep-
resentative users and how to determine the number of
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them (i.e. sampling size). Following that, the paper pre-
sents the proposed quantitative approach to evaluating
user psychological experience in smart education, such as
intelligent e-learning. Finally, the experiments and suggest
guidelines are discussed for improving user experience.

II.  RELATED WORK

The part first surveys the state of the art of user experi-
ence research in diverse fields and then discusses how to
choose the representative user and how to determine the
number of them.

A. User experience research in diverse fields

User experience is a holistic psychological perception
and includes both pragmatic characteristics(such as ease
of use) and hedonic characteristics(such as appeal) [2].
There is a vast amount of user experience research in di-
verse fields and from different views respectively, such as
computer science, psychometrics and social informatics
fields, which have studied the quantitative and qualitative
properties and elements of user experience [11-14].

To improve the design and evaluation of computer sys-
tems, James Lewis develops standardized subjective usa-
bility satisfaction measures (IBM Computer Usability
Satisfaction Questionnaires) which has the components of
user satisfaction, such as system usefulness, information
quality, interface quality, to assess users satisfaction with
system usability[15]. Jetter and Gerken propose new per-
ceptions which go far beyond the pragmatic concepts of
pure functionality or ease of use etc., such as hedonic
quality like “attractive”, “exciting” and “joy of use” etc
[11]. Rodden etc. describe large-scale user-centered be-
havioral metrics framework, HEART: Happiness, En-
gagement, Adoption, Retention, and Task success [4].

Properties that affect user experience include as fol-
lows: (1) accessibility or functionality, which means users
feel ease to use a system. The property comprises other
concrete, detailed elements, for instance response speed
(which addresses that users can access to the service rap-
idly and easily), easy of navigation (which means that
users can obtain the service through the shortest route) and
simple manipulation etc., (2) usefulness of information
quality, which means that users can obtain valuable mate-
rials from a system. The property comprises other con-
crete, detailed elements, such as satisfying users’ needs,
improving work efficiency etc., (3) other properties, such
as users’ characteristics, emotion states etc. Users who
have different characteristics or emotion states may feel
different experiences for a system. In the paper, we focus
mainly on the properties in (1) and (2) above, which refer
to pragmatic characteristics.

In human computer interaction and interface field, the
methods are used commonly, such as observation, inter-
view, questionnaire and role action etc., to analyze users’
needs and habits [4, 16]. The methods need more time and
resources, and are usually less generalizable and cannot be
statistically validated [2].

There are some quantitative methods in the literature,
such as GOMS CPM-GOMS, NGOMSL[9], which em-
phasize operate time. GOMS method constructs Goals,
Objects, Method and Selection rules model, and disas-
sembles users’ behavior into behavior unit. It can evaluate
the time cost in the specific scenario that an experienced
user conducts. The model is simplified and CPM-GOMS
model improves it, which is suitable for evaluating the
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complicated, overlapping and time-depended interface.
GOMS model is suitable for describing and forecasting an
experienced user’s usual, skilled conduct and is not for a
fresh user, but also focuses on the time efficiency of users’
mechanical conduct in specific scenario, which does not
consider the impact of human’s endurance and emotion on
user experience.

Tanenbaum etc. present a mixed method to study user
experience of adaptivity which includes a wide variety of
data, such as pre- and post-interaction surveys, post-
interaction interview, video of the participants using a
system, and log data generated by a system itself [16]. It is
a valuable way of recovering the information of user expe-
rience from system logs. Our paper tries to go further on
the way and proposes a systemic and quantitative ap-
proach to evaluating user experience from log data.

B.  User sampling review

User experience research focuses on users, but studying
thousands of users will cost a great deal of human re-
sources etc., and a deviation will also be easily caused
without good management[18]. So how to use scientific
and systematic methods to choose representative users
with the appropriate size is a problem. This section firstly
analyzes and discusses the problem, called user sampling,
which focuses mainly on how to choose representative
users and how to determine the size of the representative
users to represent the real situation of the whole user pop-
ulation.

Sampling methods allow researchers to use a subset of
the studied objects (i.e. population) to explore the whole
population[19]. This technique can solve the above prob-
lem. Of course, if the total amount of the population is no
more than 50 and the researchers are able to support the
cost of resources and control the deviation well, investi-
gating all the members of the population is much more
suitable. But if users’ data are massive, using sampling
methods would provide a very effective solution. In this
way, processing massive data can be more efficient and
cost less.

How to sample users to reduce the differences between
the conclusions of the samples and the facts of the popula-
tion to the greatest extent is the issue of sample designing.
Sampling theories in statistics science provide solid math-
ematical and theoretical foundation for solving the issue.
Sample designing focuses on two questions: (1) how to
choose the samples used to represent the population, (2)
how to judge whether the samples represent the popula-
tion well or not [17].

Social survey fields have in-depth research on user
sampling and provide many methods, such as simple ran-
dom sampling, systematic sampling, stratified sampling
etc. These methods have different advantages and disad-
vantages [19]. If the sampling method is selected improp-
erly, it will cause the errors [18].

Statistically, since sampling design should solve differ-
ent problems, the methods to calculate the sample size
(i.e. the number of samples) are also different[20]. If using
the estimation of the proportion method to single popula-
tion and random sampling with replacement, the calcula-
tion of the sample size is shown in the following formula.

Zz(lp(l_P)
1-%
-2

n'= e

P
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" represents the number of expected samples, Z is the
fractile of standard normal distribution, P is the propor-

. . A
tion of population, ¥ represents absolute error.

If using random sampling without replacement method,
the finite population correction factor (FPC) must be taken
into consideration[19], the calculation method is shown in
the following formula.

n

n= n

1+
N

' represents sample size, N represents population
size.

In addition, if great accuracy is not required, the ap-
proximate range of sample number can be determined by
experience according to the scale of population[20].

III. A QUANTITATIVE APPROACH TO EVALUATING
USER PSYCHOLOGICAL EXPERIENCE IN INTELLIGENT E-
LEARNING

The paper proposes a quantitative modeling approach to
evaluate user psychological experience in smart education,
such as intelligent e-learning. The approach involves in
user experience properties and elements selection, user
sampling and web log data fusion etc. This section first
overviews the approach and then discusses the key issues.

A. The proposed modeling approach overview

The quantitative approach to evaluating user psycholog-
ical experience in the paper first analyzes and builds prop-
erties and elements that may affect user experience, and
designs quantitative methods to measure the properties
and elements through web log data fusion, and proposes
some user sampling methods to calculate user psychologi-
cal experience. The architecture of the proposed modeling
approach is depicted in Figure 1.

The architecture of the proposed modeling approach fo-
cuses on solving three key issues of user experience re-
spectively in the context of e-learning. The issues are as
follows: (1)Analyzing properties and elements that may
affect user experience; (2)Measuring the properties and
elements according to user web log data; (3)How to
choose the representative user and how to determine the
number of them.

As discussed in sections above, there are a large body
of work on the properties that may affect user experience,
but they may be too generic to apply to a particular re-
search question[5], such as intelligent e-learning. So,
based on the generic properties, we first sought to pro-
pose and analyze some properties which are suitable for
intelligent e-learning context, such as usefulness and ease
of use.

The properties, usefulness and ease of use, can be de-
composed, respectively, into more detail elements which
can be quantified based on user web log data fusion. The
usefulness property is decomposed into three elements
which are coverage of the resources, recommend hit rate
and user loyalty. The property, ease of use, is also decom-
posed into three elements which are response speed, ease
of navigation and efficiency of task. Then the analytic
hierarchy process is applied to the properties and elements
for identifying the weight of importance among the index-
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Figure 1. The architecture of the quantitative modeling approach
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es. Some methods are proposed to quantify the elements
according to user web log data.

Meanwhile, user sampling strategies and methods are
provided for selecting the representative users and the
appropriate volume of users to ensure the quality of user
data and to eliminate the noise data.

Finally, the holistic user psychological experience is
modelled based on the hierarchical structure and the quan-
titative methods of properties and elements along with
user sampling strategies and methods.

B.  The analysis and quantitative methods of properties
and elements

As discussed in sections above, there are many proper-
ties and elements that affect user experience, but useful-
ness and ease of use are the most important properties for
intelligent e-learning. So the paper mainly focuses on use-
fulness and ease of use. The property, usefulness, refers to
whether the services, provided by an e-learning system,
are useful for users and can facilitate learning. The proper-
ty, ease of use, refers to a user can get a services, provided
by an e-learning system, quickly and easily, and the sys-
tem is simple to operate, easy to learn, ease of navigation
and meets the user’s habits, etc.

But the properties can not be described and quantified
directly through user web log data in e-learning systems.
We need refine the properties to draw the elements which
can be quantified, directly, based on user web log data.
We suppose the usefulness property of an e-learning sys-
tem is coined by the three elements: coverage of re-
sources, recommend hit rate and user loyalty. The proper-
ty, ease of use, is coined by the three elements: response
speed, ease of navigation, efficiency of task. The proper-
ties and elements are organized in hierarchical structure
shown as Figure 2.

To clarify the paper, we defined some terms first.

Knowledge object . An e-learning system provides
knowledge objects for users to learn. A target knowledge
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object is the one that a user must learn for completing a
learning task. The set lof target knowledge objects is de-

E =
fined as 1€,

Learning time Tek refers to the interval from the mo-

ment that a user clicking on a knowledge object % to the
moment that the user clicking on the next knowledge ob-

ject ®s. We have defined the interval as the duration that

the user has learned the knowledge object .

Minimal time Lek is the shortest time that a user

spends on learning the target knowledge object k. And
t,,t

el»

2> are the minimal times of the target knowledge

objects €1°€2>""" " €k respectively, which can be defined

according to experts’ experience or can be calculated from
system web log data by statistical learning methods.

If learning time Tex that a user actually spends on
learning an knowledge object is longer than the minimal

time ek , we suppose the user learns the knowledge object

€k successfully and define Sek shown as formula 1.

{1’(Tek = tek)
ek =

$ 0,(T,
>( ek < tek) (1)
Task success /5 . Suppose N is the minimal number
of knowledge objects that a user must learn for complet-
ing a learning task. N can be defined according to ex-
perts’ experience and will be different values in different
learning tasks. If N knowledge objects, which a user has
learned, belong to the set of target knowledge object £,
we think the user has completed the learning task success-

fully. Task success ( s ) is defined as formula 2.
1, S,=N,e, €EF
TS={0((§SE N kEE))
b < > e
ek k (2)
Task complete time y . It is the duration from loading
a system to completing a learning task and is the sum of

time that a user has spent on learning all knowledge ob-
jects during he/she completed the task. It is defined as

formula 3.
Tt = ETek (3)

The login time of a user Ty refers to the time that a
user logins an e-learning system and it can be obtained

from an e-learning system logs. The start time of a learn-
ing task, T , refers to the time when a system has finished

loading and has begun to provide services for a user. I
can be also obtained from a system web log data.

Response time T refers to the duration from the mo-
ment of user requesting a service in an e-learning system
to the moment that the e-learning system provides the

service. T is defined as formula 4.

T,=T, -T.
re s in (4)
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We have defined 7S as the benchmark of the response

time. IS can be measured according to user web click log
data.

The three elements about the usefulness property are
discussed in more detail below.

(1) Coverage of the resources refers to the extent of re-
sources provided by an e-learning system and whether
which is enough for the needs of users.

(2) Recommend hit rate. If a user has clicked on a
knowledge object recommended by a system for the user,
we think that the recommend is hit. The recommend hit
rate is defined as the ratio of recommend hit times and
recommend times. Assume the times of recommending
knowledge objects for a user in an e-learning is 7 and the
times of recommend hit is /2 , then recommend hit rate,

RH | equals the ratio of 7 and h , shown as formula 5.
RH = ﬁ
n (&)

(3) User loyalty. If a system is useful for a user, the user
should visit the system again. User loyalty is defined as
how strong willingness a user has to visit a system. It can
be measured by calculating the frequency of users’ visit
from user web logs data. It is defined as formula 6. Define

the benchmark times as v and if a user used a system 7
times in a week, user loyalty equals the ratio of visit times

and benchmark times. If 7/ N is more than 100%, then
take user loyalty as 100%.

I,(n= N)

L=
<)

(6)

In an e-learning system, we use the following elements

to reflect ease of use property.
(1) Response speed. It can be calculated according to

the response time T The response speed (RS is calcu-
lated as formula 7.

L(T,,

. <TS)
RS =I5 7. >15)

re (7)

(2) Ease of navigation. The T ask s the learning con-
tents which a user has to learn in an e-learning system. If a
user had learned M knowledge objects when he/she
completed the task, smaller M s and clearer the naviga-
tion of the system is. Ease of navigation (N C) is the ratio
of N and M shown as formula 8.

ne-2X
M

®)

(3) Efficiency of task. It is defined as the ratio of the
time that a user has spent on the target knowledge objects
and the time spent on completing the overall learning task.

Efficiency of task ( £7 ) is shown as formula 9.

ET = 2%,(@{ €E)
D, ©
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C. Building the holistic user psychological experience
quality

User psychological experience is the holistic subjective
psychological feeling of a user who visits an e-learning
system. According to the analysis in section 3.1, the holis-
tic user psychological experience can be decomposed into
usefulness and ease of use, and both of them can also be
decomposed into more detail elements. The details are
shown as Fig.2.

The hierarchical user psychological experience has
three levels. The first level is the holistic index of user
psychological experience. The second level includes two
indexes, which is usefulness and ease of use. The third
level includes six sub-indexes. The usefulness index is
decomposed into three sub-indexes which are coverage of
the resources, recommend hit rate and user loyalty. The
ease of use index is also decomposed into three indexes
which are response speed, ease of navigation and efficien-
cy of task.

The weights of the above indexes have identified based
on the fusion of AHP (analytic hierarchy process)[22] and
Delphi methods [23, 24]. The comparative weights among
the indexes have been acquired through AHP method. To
deminish experts’ subjective influence to a minimum, we
introduce Delphi method for complementing AHP short-
coming. Refer to [23, 24] for the details.

If there are " sub-indexes, such a matrix A can be ob-
tained.

A=(a,-j)

Within the index of usefulness, the following matrix
(see Table 1) is obtained to compare the importance of
each pair of the sub-indexes, which are coverage of the
resources, recommend hit rate and user loyalty. The Del-
phi method has been applied to the acquirement of the
weight values in the comparing matrix[23, 24]. The item
values in the comparing matrix denote the relative weights
among the properties and elements. The value, 1/3 in the
second row in Table 1, denotes that the weight of the ele-
ment, recommend hit rate, is one third of the weight of
another element, coverage of the resources. The value, 3,
in the third row in Table 1, denotes that the weight of the
element, user loyalty, is three times of the weight of an-
other element, coverage of the resources. Other values in
comparing matrix have the same meaning like the above.

nxn

TABLE L.
COMPARING MATRIX OF SUB-INDEX WITHIN USEFULNESS
Coverage of the Recommend hit User loyalty
resources rate
Coverage of the 1 3 13
resources
Recommend hit 13 1 U5
rate
User loyalty 3 5 1

Within the index of ease of use, such a matrix (see Ta-
ble 2) is obtained to compare the importance of each pair
of the sub-indexes, which are response speed, ease of nav-
igation and efficiency of task. The Delphi method has also
been applied to the acquirement of the weight values in
the comparing matrix. The item values in comparing ma-
trix have the same meaning like Table 1.
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TABLE IL
COMPARING MATRIX OF SUB-INDEXES WITHIN EASE OF USE

Response |Ease of naviga-| Efficiency of
speed tion task
Response speed 1 1/5 1/3
Ease of navigation 5 1 3
Efficiency of task 3 173 1

The comparing matrices are obtained from different ex-
perts’ suggestions through Delphi method, so the weight
values from different experts are probably inconsistent.
The consistency of the matrices should be checked.

Supposing M omax is the maximal eigenvalue of the com-

paring matrix and P omax will be greater than ” if the ma-

trix is inconsistent. The greater Py =11 is, the more in-
consistent the matrix has. The consistency index (C[ ) is

computed according to the following formula[25].
CI = )\’max —n
n-1 (10)
As greater ' can result in a smaller C1 , the random
consistency index(RI) is used to eliminate the impact of 7
on CI' 1ts value is shown as Table 1I[25].

TABLE III.
THE VALUE OF RI[25]
n(order of the 2 3 4 5 6 7 3

matrix)

valueof R 0 0 0.52 0.89 .12 126 136 141

Finally, the consistency ratio(CR) is used to judge
whether the comparing matrix is consistent.

cr=<L

RI (11)
When CR s less than 0.1, we can treat the matrix as
consistent[22, 25-28]; otherwise, we should revise the

matrix and check its consistency again until CR s less
than 0.1. After this, the eigenvector, corresponding to the

maximal eigenvalue Pomax , is obtained. The eigenvector is
normalized and the weight value of each sub-indexes is
obtained.

The comparing matrix of usefulness is shown as Table

1 and the maximal eigenvalue is Py =3.0385 . Accord-
ing to formula 10, we can obtain CI=0.01925  Ag
RI'=0.52 btained from Table 3, CR =0.037  Because

CR =0.037<0.1 the matrix is consistent. The eigenvec-
A

tor corresponding to max is

W=(0'3715’0‘1506’0'9161). After normalization, we

have defined "o =(0-2583.0.1047.0.6370) ¢ e weights of
sub-indexes respectively, which are coverage of the re-
sources, recommend hit rate and user loyalty.

As for the comparing matrix of ease of use, the maxi-

mal eigenvalue Mnax =3.0385 . According to formulae 10
and 11, CR=0.037<0.1 and the matrix is consistent.

ma:
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The normalized eigenvector, corresponding to
W2y = (0.1047,0.6370,0.2583) , which are the weights of

sub-indexes, which are response speed, ease of navigation
and efficiency of task.

The weights of the indexes are obtained, which are in
the third level of the hierarchical structure of user psycho-
logical experience. Next we discuss how to obtain the
weights of the indexes in the second level of the hierar-
chical structure of user psychological experience. The
comparing matrix of the indexes in the second level is
shown as Table IV.

max s 1S

TABLE IV.
COMPARING MATRIX OF THE SECOND LEVEL INDEXES
Usefulness Ease of use
Usefulness 1 3
Ease of use 1/3 1
A

Then the maximal eigenvalue is “‘max = 2, According

to formulae 10 and 11, CR=0<0.1the comparing ma-
trix is consistent. And the normalized eigenvector is
W21 = (0.75,0.25)

The matrix Ds, denotes the weights between second
lever and third level in the hierarchical structure of proper-
ties and elements shown as Figure II .

D}z = [VV;WVV;h] =

The matrix s denotes the weights between first lever
and second level in the hierarchical structure of properties

[0.2583
0.1047
0.6370

0
0
0

and elements shown as Figure II .

10.2583 0 10.19377

0.1047 0 0.0785

W _ popr _|06370 0 [0.75}= 0.4778
S 0  0.1047/[0.25| |0.0262
0  0.6370 0.1593

0  0.2583 0.0646

0

0

0
0.1047
0.6370
0.2583 ]

The final weight vector is
W; =(0.1937,0.0785,0.4778,0.0262,0.1593,0.0646)

Then the composed consistency check can be done as .the
following steps[28].
» 0.75
cr = [0.01925 0.01925 025| = 0.01925

The random consistency index is computed as follow-
ing.

0.75
RIV) =[RI?---RI’W] =052 0.52 =0.52
’ 0.25
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The composed consistency ratio of the third level is
computed as follows.

The composed consistency ratio of the third level to the
first level is computed as follows.

N
CR" = ZCR” =0.037+0=0.037
p:

As CR =0.037 < 0~1, the result shows that the con-
sistency of the matrix is acceptable.

IV. CASE STUDY AND ANALYSIS

We applied the quantitative approach to an e-learning
system, in a university of China, for evaluating user expe-
rience quality and diagnosed whether the results of quanti-
tative approach can be uniform with user subjective expe-
riences.

A. User experience case study

In this section, we first analysed the size and repre-
sentative of user samples, and introduced multi-source
web log collection and fusion methods to obtain the data
for studying the quality of user experience.

1) Sampling users

As describled in sections above, we reviewed the meth-
ods of user sampling. Sample designing focuses on two
questions: (1) how to choose the samples used to represent
the population, (2) how to judge whether the samples rep-
resent the population well or not.

Users of an e-learning system are those who have
online learning conditions and learning needs, so the paper
chose undergraduates in a university of China who are the
direct users of an e-learning system and have universal
representation. The user experience research of the paper
involves in the subjective feelings of users and it is im-
portant whether the users are pleased to use the system, so
recruiting users in the voluntary way is appropriate.

According to the characteristics of an e-learning sys-
tem, the number of user sampling is calculated by using
the random sampling without replacement method. The
coverage rate of user sampling is 95% and Z=1.96 and p
is unknown and taking it to 0.5 generally [18, 19]. In this
way the population variance is maximum and the value of

the sample size " will also be maximum. Taking abso-

A .
lute error, 7, to 5%. On the basis of the above parame-
ters, if using the random sampling without replacement

method, the population N =118 , N = 384, and users
sample size is 90. It means we can explore the whole user
population by researching no fewer than 90 users.

We have recruited 108 participators and have recon-
ducted the experiments again. The size, 108, is greater
than 90 and is the appropriate size of the sample.

The following algorithm is applied to extracting the
learning behavior sequence.

http://www.i-jet.org
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Input : {UserLog,-}’time threshold ’tmin

Output : {Sequence;}

recogSequence({UserLog;},threshold,t,.;. )

{

Jor(UserLog; in{UserLog;})

{

t;, = NextTime,,,,,,, — NowTime, ;, ...

if (1, > threshold){t, =1, }

if (NowTime — LastTime) > OneDay){Sequenceid + +}

Sequence =< Userid, Learnobject,t, , Nextobject, Sequenceid, Time >

}

return{Sequence, };

2)  Quantifying user experience quality

In the experiment, participants were asked to complete
a task: Using an intelligent e-learning system individually
to complement the knowledge about circuit switching and
packet switching in the course of computer network in the
Spring semester 2012.

The set of target knowledge objects is defined as £
=(packet switching, message switching, packet, line
switching, data exchange technology, packet switched,
message switching mode characteristics, advantages of
packet switching, message switching property, method of
packet switching, packet switching process, contrast cir-
cuit switching with message switching and packet switch-
ing, packet switching property, circuit switching, switch-
ing technology).

In the experiment, suppose the minimal time lek s half
of the average time spent in a knowledge object, shown as
Table V.

According to sections above, the hierarchical structure
of user psychological experience quality includes six ele-
ments: coverage of the resources, recommend hit rate,
user loyalty, response speed, ease of navigation and effi-
ciency of task. The weights of them are calculated and the
weight vector is

W =(0.1937,0.0785,0.4778,0.0262,0.1593,0.0646)
shown in section 3.3.

At last the holistic quality of user psychological experi-
ence is quantified.

The holistic quality of user psychological experience
for the e-learning system is shown in Figure 3. The value
of 100% denotes the best quality of user psychological
experience. In the case, the highest value is 62%, the low-
est is 27%, and the average is 38%. The result uncovers
that the quality of user psychological experience of the
system is not high.

B.  Comparison with traditional methods

As users’ objective behavior reflect their psychological
and cognitive properties [11, 12], the paper proposes an
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TABLE V.

DEFINING THE MINIMAL TIME
ek

Minimal time ‘# (Sec.)

ID Knowledge object
1 packet switching 14 (average time 28)
2 message switching 8 (average time 16)
3 packet 10 (average time 20)
4 line switching 6 (average time 13)
5 data exchange technology 3 (average time 6)
6 packet switched 3 (average time 7)

message switching mode characteris-

7 tics 8 (average time 16)
8 advantages of packet switching 17 (average time 34)
9 message switching property 5 (average time 11)
10 method of packet switching 6 (average time 12)
11 packet switching process 12 (average time 25)
contrast circuit switching with mes- .

12 sage switching and packet switching 11 (average time 22)
13 packet switching property 12 (average time 24)
14 circuit switching 8 (average time 16)
15 switching technology 6 (average time 13)

70%

60%

50%
Quality of e

user
psychological

2 %
experience 0%

HN O MM AN OMMN AN AMMNSHN MM oW g MmN
AHANNNMMTITININDOOONND®OXO O

101

n
o
=1

109

UserID

Figure 3. Curve of quality of the holistic user psychological experi-
ence

automatic quantitative approach to evaluating user experi-
ence according to users’ objective behavioral logs. How-
ever, the traditional methods of user experience research
field, such as questionnaire, interview etc., are mainly
applied to evaluate user experience, so it should be taken
into account that whether the evaluation result obtained by
the approach proposed in the current paper is coincident
with that obtained by the traditional methods.

The rest of the paper discusses the problem above. The
approach proposed in the paper and the traditional meth-
ods are applied to evaluate user experience simultaneous-
ly, then the correlation and consistency between both are
analyzed.

There are 110 participants, in a university of China, re-
cruited to visit an intelligent e-learning system and to fill
out user questionnaires after they finish visiting. A total of
110 questionnaires were retrieved and two of them were
invalid because the results provided by users were self-
contradictory. Firstly, according to the 108 valid question-

59



PAPER
MODELING USER PSYCHOLOGICAL EXPERIENCE AND CASE STUDY IN ONLINE E-LEARNING

naires, the traditional method was adopted to obtain user
experience of the intelligent e-learning system and is
called as “subjective-survey quality of user experience”.
Secondly, according to the visit logs data of 108 users, the
approach proposed in the paper was adopted to obtain user
experience of the same system, and is called as “objective-
evaluation quality of user experience”.

Following, the comparisons were done between “sub-
jective-survey quality of user experience” and “objective-
evaluation quality of user experience”. In Fig. 4, ordinate
represents the quality of user experience and abscissa
stands for user identification while blue diamond repre-
sents the quality of user experience obtained according to
the approach proposed in the paper and the red round
stands for the quality of user experience obtained accord-
ing to the traditional method, such as questionnaire. The
five-level error is £10% presented in the red rectangle
which shows to most users that the quality of user experi-
ence, obtained according to the approach proposed in the
paper, is close to that obtained according to the traditional
method.

70.0%
60.0%
objective-evaluation quality of
the 50.0% user expericence
quality e

40.0% user expericence
of .

, subjective-survey quality of

user *
30.0%

experience

L
s, s

20.0% s,

o
seresssrserrssnss
“osengs,
100% e

0 6 12 18 24 30 365 42 48 54 60 66 72 78 84 90 96 102 108

user identification

Figure 4. The quality of user experience comparison between objec-
tive-evaluation and subjective-survey

Then the correlation was analyzed between objective-
evaluation quality of user experience and subjective-
survey quality of user experience by SPSS. The part of the
results is displayed in Table VI, where Pearson correlation
coefficient is 0.702, Kendall correlation coefficient is
0.624 and Spearman correlation is 0.743, which indicate
that the results of both is significantly correlated.

TABLE VL
THE CORRELATION ANALYSIS OF OBJECTIVE-EVALUATION AND SUBJEC-
TIVE-SURVEY

Correlation | Correlation | Confidence .
. . Correlation
index coefficient degree

0.01 level significantly

Pearson 0.702 (bilateral) correlated
0.01 level significantly

Kendall 0.624 (bilateral) correlated
0.01 level significantly

Spearman 0.743 (bilateral) correlated

Last, the consistency of both was analyzed and the re-
sults are showed in Table VII. The observed consistent
rate of both is 81.5% and the corresponding Kappa coeffi-
cient is 0.668, indicating that both have moderate-intensity
consistency. And the average absolute error is 8.7%, less
than 10%, showing that the result, obtained according to
the approach proposed in the paper, is close to that ob-
tained according to the traditional method such as ques-
tionnaire. Also the former one can improve the time-
consuming problem of the latter one.
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TABLE VIIL
THE CONSISTENCE ANALYSIS OF OBJECTIVE-EVALUATION AND SUBJEC-
TIVE-SURVEY QUALITY OF USER EXPERIENCE

Subjective|
. SuVeY 999, | 70% | 50% | 30% | 10% | Total
(Objective

evaluation

100%~80% 0 0 0 0 0 0
80%~60% 0 0 0 0 1 1
60%~40% 0 0 4 4 0 8
40%~20% 0 0 0 38 13 51
20%~0% 0 0 0 2 46 48
Total 0 0 4 44 60 108

V. CONCLUSION

The paper analyzed the properties and elements which
affect the quality of e-learning user psychological experi-
ence, designed the methods to quantify them and built the
whole quantitative approach based on the analytic hierar-
chy process. These can inform the design and develop-
ment of intelligent e-learning and complement existing
user experience research methods. Now, usefulness and
ease of use were mainly analyzed in the paper and the
future work will focus on other properties (such as emo-
tion etc.) and will construct a better quantitative approach
to analyze the quality of user psychological experience in
intelligent e-learning context.

REFERENCES

[1] P.Pu, L. Chen, R. Hu, Evaluating recommender systems from the
users perspective: survey of the state of the art, User Modeling and
User-Adapted Interaction, 22 (2012) 39.
http://dx.doi.org/10.1007/s11257-011-9105-9

[2] B.P. Knijnenburg, M. C.Willemsen, Z. Gantner, H. Soncu, C.
Newell, Explaining the user experience of recommender systems,
User Modeling and User-Adapted Interaction, 22 (2012).
http://dx.doi.org/10.1007/s11257-011-9118-4

[3] A. Paramythis, S. Weibelzahl, J. Masthoff, Layered evaluation of
interactive adaptive systems framework and formative methods,
User Modeling and User-Adapted Interaction, (2010).
http://dx.doi.org/10.1007/s11257-010-9082-4

[4] K. Rodden, H. Hutchinson, X. Fu, Measuring the User Experience
on a Large Scale: User-Centered Metrics for Web Applications,
in: The ACM Computer Human Interaction Conference (CHI),
Atlanta, Georgia, USA, 2010. http://dx.doi.org/10.1145/1753326.
1753687

[5S] S. Deng, M. Zhang, User Experience: A New Perspective for
Research on Information Service, Library and Information, (2008)
6.

[6] Effie L-C. Law, Virpi Roto, Marc Hassenzahl, Arnold P.O.S.
Vermeeren, J. Kort, Understanding, Scoping and Defining User
eXperience:A Survey Approach, in: CHI 2009, Boston, MA,
USA, 2009.

[7]1 J. Raskin, The Humane Interface: New Directions for Designing
Interactive Systems, Addison-Wesley Educational Publishers Inc.,
2000.

[8] C.E. Hugenschmidt, S. Hayasaka, A.M. Peiffer, P.J. Laurienti,
Applying capacity analyses to psychophysical evaluation of multi-
sensory interactions, Information Fusion, 11 (2010) 12-20.
http://dx.doi.org/10.1016/j.inffus.2009.04.004

[9] E.R. Smith, Social relationships and groups: New insights on
embodied and distributed cognition, Cognitive Systems Research,
9 (2008) 24-32. http://dx.doi.org/10.1016/j.cogsys.2007.06.011

http://www.i-jet.org



PAPER
MODELING USER PSYCHOLOGICAL EXPERIENCE AND CASE STUDY IN ONLINE E-LEARNING

[10] G. Lindgaard, An Exploration of Relations Between Visual Ap-
peal, Trustworthiness and Perceived Usability of Homepages,
(20006).

[11] J.G. Hans-Christian Jetter, A Simplified Model of User Experi-
ence for Practical Application, in: NordiCHI 2006, Oslo, 2007,
pp. 106-111.

[12] C. Lin, J. Hu, X. Kong, Survey on Models and Evaluation of
Quality of Experience, Chinese Journal of Computers, 35 (2012)
1-15.

[13] W. Albert, T. Tullis, Measuring the User Experience, Second
Edition: Collecting, Analyzing, and Presenting Usability Metrics,
2 ed., Morgan Kaufmann, Burlington, 2013.

[14] J. Dong, L. Fu, P. Rao, Human-computer interaction: A User-
centered Design and Evaluation(3rd edition), Tsinghua University
Press, Beijing, 2010.

[15] J.R. Lewis, IBM Computer Usability Satisfaction Question-
naires:Psychometric Evaluation and Instructions for Use, in, IBM
Corporation, 1993.

[16] K. Tanenbaum, M. Hatala, J. Tanenbaum, R. Wakkary, A. Antle,
A case study of intended versus actual experience of adaptivity in
a tangible storytelling system, User Modeling and User-Adapted
Interaction, (2013).

[17] G.T. Henry, Practical Sampling, Sage Publicatons, Inc, 1990.
http://dx.doi.org/10.4135/9781412985451

[18] Y. Chen, Sampling Survey Application, Beijing Normal Universi-
ty Publishing Group, Beijing, 2010.

[19] X. Geng, Defining Sampling Size in Social Survey, Science Press,
Beijing, 2008.

[20] F. Yuan, Social Survey Principle and Method, Higher Education
Press, Beijing, 1990.

[21] T. Saaty, A scaling method for priorities in hierarchical structures,
Journal of Mathematical Psychology, (1977) 234-281.
http://dx.doi.org/10.1016/0022-2496(77)90033-5

[22] D. Chang, Operational Research, China Logistics Publishing
House, 2010.

[23] H.A. Linstone, M. Turoff, The Delphi method: techniques and
applications, Addison-Wesley Pub. Co., 1975.

[24] J. Shen, Mathematical modeling, Harbin Engineering University
Press,Harbin, 1998.

[25] A. Ishizaka, A. Labib, Review of the main developments in the
analytic hierarchy process, Expert Systems with Applications,
(2011) 14336-14345. http://dx.doi.org/10.1016/j.eswa.2011.04.
143

1IJET — Volume 10, Issue 6, 2015

[26] T. Saaty, Multicriteria Decision Making-The Analytical Hierarchy
Process, RWSPublications, Pittsburgh, 1991.

[27] J. Ramik, P. Korviny, Inconsistency of pair-wise comparison
matrix with fuzzy elements based on geometric mean, Fuzzy Sets
and Systems, (2010) 1604-1613. http://dx.doi.org/10.1016/j.fss.
2009.10.011

[28] D. Guo, Mathematical modeling, Anhui Education Press, Hefei,
2009.

AUTHORS

Xiyuan Wu is a lecturer of the department of computer
science and technology, Xi’an Jiaotong University
(SPKLSTN Lab), 710049, China (e-mail:
xywu@mail.xjtu.edu.cn).

Min Liu is a master candidate of computer science and
technology department, Xi’an Jiaotong University
(SPKLSTN Lab), 710049, China (e-mail:
316398388@qq.com) .

Qinghua Zheng is a professor of the department of
computer science and technology, Xi’an Jiaotong
University (SPKLSTN Lab), 710049, China (e-mail:
ghzheng@mail.xjtu.edu.cn).

Yunqgiang Zhang is a master of computer science and
technology department, Xi’an Jiaotong University
(SPKLSTN Lab), 710049, China (e-mail:
mars2017@126.com) .

Haifei Li is a professor of the department of computer
science, Union University, Jackson, Tennessee, 38305,
USA. (e-mail: hli@uu.edu).

This work was supported in part by Ministry of Education of China
Innovation Research Team under Grant No. IRT13035; National Science
Foundation of China under Grant Nos. 91118005, 91218301, 61221063,
61428206; National Key Technology R&D Program of China under
Grant No. 2013BAK09B01; Ministry of Education of China Humanities
and Social Sciences Project under Grant No. 12YJC880117; Fundamen-
tal Research Funds for the Central Universities of China. Submitted 04
October 2015. Published as resubmitted by the authors 15 November
2015.

61



