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a b s t r a c t
Cyber–physical–social systems can be organized as workflows that interconnect the resources in physical,
cyber, and social worlds in real time. This integration of these worlds with various resource as services
requires service composition approaches that can integrate essential components and share relevant
information in these worlds. Although numerous service composition approaches have been proposed,
there still exist many challenges in the representation of user preference of service composition in cyber–
physical–social systems. In this paper, a service composition approach based on the cultural distance
is proposed to improve the reliability and satisfaction. This approach employs the cultural distance to
measure the user preference quantitatively in a simple mathematical form. The user preference degree
and the user preference vector are defined to select the service from a global view and an accurate
point separately. Then, a 0-1 mixed-integer programming algorithm is used to identify the most suitable
services for composition. The experimental results based on two real-world datasets show that the
proposed approach for representing the user preference quantitatively is more simple and effective
than other approaches. In a word, the proposed approach yields satisfactory performance of service
composition in CPSS with regard to the user preference and efficiency.
© 2018 Published by Elsevier B.V.

1. Introduction
Cyber–physical–social systems (CPSS) is the next generation of
intelligent systems which aim at interconnecting cyber, physical
and social worlds by monitoring and controlling these worlds [1],
and it will lead us to an era of intelligent enterprises and industries [2]. It focuses on coordination of the human, computing and
physical resources, and will be applied in intelligent enterprise, intelligent transportation, smart home, intelligent medical and other
fields. Currently, CPSS is organized as workflows that are composed
of multiple, heterogeneous elements and data types from cyber,
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physical and social worlds, such as smart phones, tablets, cameras,
vehicle, energy meters, computational models, programming abstraction models and social media [3–9]. To facilitate the integration tasks in heterogeneous CPSS workflows, service composition
approach that can be used to integrate essential components in
these world is required [10].
Service-oriented architecture (SOA) enables the service composition in a loosely coupled way in order to achieve complex
functionality by combining basic services [11]. It is well-known
that with the rapid development of CPSS, the number of essential
components published in the three worlds is increasing rapidly.
At the same time, the requirements of CPSS users are becoming
increasingly complex and personalized. Therefore, although SOA
technologies provide an easy way to integrate components within
and across organizational boundaries, it is difficult for CPSS users
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to obtain a service composition that satisfies their specific requirements for quality of service (QoS) [12].
Most existing service composition algorithms considered the
user preference are based on the Semantic Web environment,
where a user agent works on behalf of its owner and knows the
personal preference of users. With the rapid increase in the number
of components, it is critical for the agent to identify the service that
best matches the user preference in CPSS. Thus, the representation
of the user preference and the service composition according to the
representation are important research problems in CPSS.
Although numerous service composition approaches based on
the user preference have been proposed, for example, researchers
have applied a hierarchical task network [13] and fuzzy set theory [14–16] to represent the requirements and preference of users,
these approaches have the following two limitations.
First, the previous service composition approaches seek to represent the user preference in as accurate and detailed a manner as
possible. However, some users do not realize their real preference
clearly or cannot express their preference clearly; therefore, the
accurate and detailed representation of the user preference may
lead to an inaccurate representation of the user preference in CPSS.
Additionally, the result of the service composition is very sensitive
to the preference weight in CPSS. In this case, the too accurate
representation of the user preference may lead to an unreliable
service composition result. Moreover, the accurate and detailed
representation of the user preference costs additional time and
affects the real-time nature of the service composition in CPSS.
Second, the existing methods are complicated because they
always concentrate on obtaining a preference representation for
each user and ignore the group or regional characteristics of CPSS
users. In many domains, it is desirable to assess such a preference
qualitatively rather than quantitatively [17]. Thus, it is not necessary to give the preference representation for each user, only
to give the preference representation for each user group formed
according to some characteristics.
To meet the personalized requirements of CPSS users and improve the reliability and satisfaction of service composition results
in CPSS, this paper aims to propose a new service composition
approach considered the user preference. In response to these
limitations of existing approaches, the proposed approach does not
concentrate on obtaining an accurate preference representation for
every user but on finding a simple and powerful representation.
Considering that there is a close relationship between the user
preference and their cultural background, this paper introduces
an important concept in the study of cultural differences, called
cultural distance, employs the cultural distance to express the user
preference and propose a service composition approach based on
cultural distance. In the proposed service composition approach,
the representation of the user preference based on the cultural
distance groups the CPSS users according to their country/region.
Users from the same region have the same preference value. Hence,
it does not matter if the preference of some CPSS users is unclear.
Thus, the proposed approach in this paper can avoid the two
aforementioned problems.
The main contributions of this paper are summarized as follows:

• This paper proposes a novel representation of the user
preference based on the cultural distance, which is a concept used in cultural-difference measurement systems [18].
Compared with the existing representations, the representation of the preference in this paper is simpler and more
effective for CPSS.
• This paper proposes a novel concept called the preference
degree to represent the degree of preference of the users
to the services. Services with a low preference degree are
eliminated to improve the user satisfaction and the realtime nature of the service composition in CPSS.
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The remainder of the paper is organized as follows: Section 2
discusses the background of service composition; Section 3 provides a novel representation of the user preference and describes
the proposed service composition approach; Section 4 presents
the experimental results; And Section 5 concludes the paper and
discusses future work.
2. Background
Service composition technology is the core technology of
service-oriented architecture and service-oriented computing and
can quickly satisfy the requirements of complex, dynamic, and
inter-organizational businesses. In this section, the service composition problem and related research are introduced.
2.1. Concept of service composition
Service composition is a process of dynamically selecting, integrating, and calling candidate services through workflows according to specific requirements. It can combine basic candidate services to provide a new complex value-added service that satisfies
specific requirements of users.
Let S be a composition service process in a CPSS that contains
n service classes with different functions, i.e., S = {S1 , . . . , Sn }.
Si (0 < i ⩽ n) represents a concrete service class, which is a
set composed of l service candidates with the same functions but
different non-functional attribute values, i.e., Si = {si1 , . . . , sil }.
s(ij) (0 < j ⩽ l) represents a concrete service candidate, which
is a service that can satisfy a particular functional demand. In
CPSS, the service candidates represent the multiple, heterogeneous
elements and data types from cyber, physical and social worlds,
and a concrete service class represents an abstract task.
Service selection involves choosing the most suitable candidate
service to satisfy the functional and non-functional requirements
of CPSS users from one or more service classes, that is, selecting a
sij from each Si to integrate a composition service under the global
constraints.
To select a candidate service from a service class, an indicator
is needed to measure the merits of multiple candidate services
with the same function. The QoS is the commonest index in the
current service composition research based on non-functional attributes [19,20]. For example, a candidate service s has r QoS
attributes, and the QoS vector of s is Qs = {q1 (s), . . . , qr (s)}, where
qk (s)(0 < k ⩽ r) represents the kth attribute value of s. Similarly,
the QoS vector of composition service S is QS = {q1 (S), . . . , qr (S)},
where qk (S)(0 < k ⩽ r) represents the aggregation value of
the kth attribute value of the candidate services selected from the
respective service classes.
The QoS attributes of services are generally divided into
two categories: positive QoS attributes and negative QoS attributes [21]. The values of positive QoS attributes need to be
maximized, such as the reliability, reputation, availability, and
throughput. In contrast, the values of negative QoS attributes need
to be minimized, such as the response time, delay time, and price.
Note that, this paper only considers the positive QoS attributes
for the sake of convenience in this study, as the positive attribute
values can easily be converted into negative attribute values.
Generally, it is difficult to compare and sort service compositions solely using the QoS, because the service composition has
several QoS attributes with different units and scopes in CPSS.
A utility function is designed to map the vector of QoS values
into a real value to compare and sort the candidate services and
composition services in CPSS. The utility functions of a candidate
service and a composition service in the sequential composition
model can be computed as follows:
U(s) =

r
∑
k=1

ωk ·

qk (s) − Qimin
,k
min
Qimax
,k − Qi,k

,

(1)
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U(S) =

r
∑

ωk ·

k=1

qk (S) − Qkmin
Qkmax − Qkmin

,

(Qimax
,k = max qk (sij ))

∑
⎪
⎪
min
⎪
Qimin
⎪
,k
⎩Qk =

(Qimin
,k

i=1

–
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(2)

⎧
n
∑
⎪
⎪
max
⎪
=
Qimax
Q
⎪
,k
k
⎨

∀sij ∈Si

i=1
n

)

(3)

= min qk (sij ))
∀sij ∈Si

where
∑r r is the number of QoS attributes, ωk (0 < ωk <
1, k=1 ωk = 1) is the weight of the kth QoS attribute representing
the preference of users, Qimax
,k is the maximum value of the kth QoS
attribute in all the candidate services of the ith service class, Qkmax is
the maximum value of the kth QoS attribute in all the composition
min
services S and is the sum of Qimax
,k , similarly, Qi,k is the minimum
value of the kth QoS attribute in the ith service class, and Qkmin is
the sum of Qimin
,k .
The optimal service composition in CPSS must satisfy not only
the maximum utility function value but also the given vector of
global QoS constraints; i.e., C = {C1 , . . . , Cm }(0 ≤ m ≤ r), q(S) ≤
C (∀Ck ∈ C ), where Ck (0 ≤ k ≤ m) represents the maximum
or minimum boundary of an aggregated QoS attribute, q(S) is the
aggregated QoS value of the composition service.
2.2. Related work
Numerous service composition approaches have been proposed
in the literature. Most of the optimization of service composition
approaches is based on QoS, and some of them mainly focus on the
reliability [22–27], some of them mainly focus on the efficiency and
real time [28–34], some of them mainly focus on the quality of user
experience [35]. This paper mainly focuses on the user preference
on QoS and reviews some notable ones here.
To date, research on user preference of service composition
has mainly focused on measurements for quantitative preference
rather than qualitative preference, although the latter has attracted
considerable attention recently [36].
For example, C. Boutilier et al. [37] proposed a qualitative graphical representation of preferences that reflects the conditional
dependence and independence of preference statements under a
ceteris paribus (all else being equal) interpretation. Such a representation is often compact and arguably quite natural in many
circumstances. They provided formal semantics for this model and
describe how the structure of the network can be exploited in
several inference tasks, such as determining whether one outcome dominates (is preferred to) another, ordering a set outcomes
according to the preference relation, and constructing the best
outcome subject according to the available evidence.
Wang et al. [17] used a qualitative graphical representation
tool to describe qualitative preference relationships in a compact,
intuitive, and structured manner under conditional ceteris paribus
(all else being equal) preference statements.
In some studies, fuzzy set theory was used to represent the
needs and preference of users. Wen et al. [16] modeled the user
preference and satisfaction as a fuzzy constraint satisfaction problem. On this basis of this model, the hierarchical task network is
used to compose services via the branch and bound method.
Reformat et al. [14] proposed an approach for providing the
capability to mimic human behavior in the case of a multi-criteria
decision-making process and applied fuzziness and an approximate reasoning methodology in a Semantic Web environment. An
ontology with fuzziness was used to represent human needs and
preference and contained information about different acceptance
levels that users may have depending on responses obtained from
different service providers.

Fig. 1. Procedures of the service composition approach based on cultural distance.

3. Service composition approach
Aiming to identify the services that best satisfy the needs of
users, cultural distance is introduced as a new QoS attribute. Based
on this attribute, this paper proposes a simple service composition
approach in CPSS that can satisfy the user preference.
As shown in Fig. 1, the proposed approach can be divided into
three phases. The first phase is the preference degree computation,
where the user preference degree to services is computed and the
services with a low preference degree are filtered out in order
to save the time cost of service composition in CPSS. The second
phase is the preference vector representation, where a simpler and
more effective method is used to represent the user preference. The
first phase involves selecting services from a global view, and the
second phase involves selecting services from an accurate point.
The final phase is service composition, where a 0–1 MIP algorithm
is adopted to identify the most suitable service in each service class
for composition.
3.1. Cultural distance
The main idea of the proposed approach is the use of the cultural
distance, and the first two phases of the approach refer to the
cultural distance. Thus, cultural distance is introduced in detail
here.
Cultural distance is an important concept in the study of cultural
differences and is commonly used in cross-cultural study and
practice, such as enterprise internationalization [38]. However,
all computation of cultural distance is based on research of the
cultural dimension.
The most famous research on the cultural dimension is Hofstedes cultural dimension theory, which provided the first quantitative description of the abstract complicated concept of culture [14]. This cultural dimension theory allows researchers to
express culture as data and intuitively compare the differences
between cultures and various behaviors due to cultural differences.
Hofstedes cultural dimension theory consists of six cultural dimensions, which represent independent preferences for one state
of affairs over another that distinguish countries (rather than individuals) from each other. The country scores for the dimensions
are relative. That is, the scores can be only used meaningfully by
comparison. The six dimensions are as follows.
(1) Power distance index (PDI). This dimension expresses the
degree to which the less powerful members of a society
accept and expect that power is distributed unequally. Owing to different understandings of power, there is a large
disparity in this dimension between countries.
(2) Individualism versus collectivism (IDV). Individualism can
be defined as a preference for a loosely-knit social framework where individuals are expected to take care of only
themselves and their immediate families. Its opposite, collectivism, represents a preference for a tightly-knit social
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(3)

(4)

(5)

(6)

framework where individuals focus on ethnic relations and
the interests of the collective.
Masculinity versus femininity (MAS). Masculinity represents a societal preference for achievement, heroism, assertiveness, and material rewards for success. Its opposite,
femininity, represents a preference for cooperation, modesty, caring for the weak, and quality of life.
Uncertainty avoidance index (UAI). This dimension expresses the degree to which the members of a society feel
uncomfortable with uncertainty and ambiguity. Countries
with a large UAI maintain rigid codes of belief and behavior and are intolerant of unorthodox behavior and ideas.
Countries with a small UAI maintain a more relaxed attitude,
where practice is held in higher regard than principles.
Long-term orientation versus short-term normative orientation (LTO). Countries that score low on this dimension
maintain time-honored traditions and norms while viewing
societal change with suspicion. On the other hand, countries
that score high adopt a more pragmatic approach: they
encourage thrift and efforts in modern education to prepare
for the future.
Indulgence versus restraint (IND). Indulgence refers to a society that allows the relatively free gratification of basic and
natural human drives related to enjoying life and having fun.
Restraint refers to a society that suppresses the gratification
of needs and regulates it via strict social norms.

In Hofstedes analysis of culture, values are considered to be the
core part of culture. They directly impact peoples beliefs, thoughts,
ideas, actions, and social behavior. Although some people are unaware of this impact, culture and values have taken root in peoples
minds and are the decisive factors on our social behavior. Hofstedes research shows that people always habitually think and act
according to their experience and that the thoughts, feelings, and
behaviors of people in different cultures differ, even with regard to
the most basic things, such as work, study, and communication.
In accordance with Hofstedes cultural dimension theory, the
cultural distance was first defined as a simple mathematical formula to simply describe cultural differences [39], as follows:
CDj =

m
1 ∑ (Iij − Iik )2

m

i=1

Vi

,

(4)

where m is the number of cultural dimensions, CDj (j = 1, 2, . . .)
is the cultural distance of the jth country, Iij (i = 1, . . . , m) is the
ith Hofstede cultural dimension score of the jth country, the kth
country is the host country, and Vi is the variance of the ith cultural
dimension score.
3.2. Preference degree computation
On the national/regional level, the user preference in the service
composition in CPSS can be interpreted as a reflection of the
culture. For example, to improve user satisfaction, international
companies can provide users from different regions with different
services that are consistent with the local characteristics and preferences. Accordingly, cultural distance is introduced to represent
the user preference in the service composition approach for CPSS.
Everything in the world has a cultural distance. In contrast to
other QoS attributes, the cultural distance is not an attribute that
only services can have; the users also have a cultural distance.
According to this feature, a relationship between the users and
services that represents the user preference to different services
can be established.

)

–

Definition 1 (Preference Degree). The preference degree represents
the degree of the user preference to the services and is defined as
the difference between the culture distance of user and the culture
distance of service. The formula is as follows:
Dus = − |CDu − CDs | ,

(5)

where CDu represents the culture distance of the user u, CDs represents the culture distance of the service s, and Dus represents the
preference degree. This definition indicates that a smaller cultural
difference yields a higher preference degree.
To improve the user satisfaction and reduce the time required
for composition in CPSS, filtering is performed in this paper. Specifically, the services with a low preference degree are filtered out,
and the filter factor is a number between 0 and 1 that can be
adjusted according to the actual situation.
3.3. Preference vector representation
The preference degree is a rough description of the user preference to select services from a global view, and in this section, an
accurate description of the user preference to select services from
an accurate point is proposed.
Definition 2 (Preference Vector). The preference vector represents
the user preference to the services, more specifically, the preference to the QoS attributes of services. The formula is as follows:

ω = (ω1 , . . . , ωk , . . . , ωr ),
⎧
∑n
⎪
1 qk (dsi )
⎨ωk = ∑ i=
∑
r

n

(6)

qk (dsi )

(7)

k=1
i=1
⎪
⎩dsi = arg max {Dus }
s∈Si

where ω represents the preference vector, r represents the number
of QoS attributes, ωk (k = 1, . . . , r) represents the preference value
of the kth QoS attribute, n represents the number of service classes,
and dsi represents the service with the highest preference degree in
the ith service class. This definition indicates that 0 < ωk < 1 , and
∑
r
k=1 ωk = 1. Note that qk (dsi ) in this formula is the standardized
value.
In contrast to the existing approach, the representation of
the user preference based on cultural distance is a quantitative
description and can be seen as a combination of a quantitative
description and a qualitative description because the users are
grouped according to regions. From this perspective, the representation is more flexible and practical than the existing approach.
3.4. Service composition
Following the computation of the preference degree and the
preference vector, the preference value of each QoS attribute and
the services with a high preference degree are identified. Then,
a service composition algorithm is used to identify the most appropriate services in each service class under the global QoS constraints. In this paper, the 0–1 MIP algorithm is adopted to solve
this optimization problem in CPSS [25].
By re-writing (2), the overall utility function is obtained as
follows:
F (S ) =

r
∑
k=1

∑n ∑l
ωk ·

i=1

j=1

( )

xij · qk sij − Qkmin

Qkmax − Qkmin

,

(8)

where xij is a binary decision variable indicating whether a service
candidate is selected. If xij is 1, the corresponding candidate service
sij has been selected; otherwise, it has been discarded.
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This service composition problem can be formulated as follows:
Max

F (S )

(9)

s.t.
n
l
∑
∑

qk (sij ) · xij ≤ Ck , 1 ≤ k ≤ m ≤ r

–

5

Table 2
Utility values of all the composition services.

Table 1
Candidate services of each service class.

s11
s12
s13

)

(10)

s12

s13

0.8
0.68

0.5
0.38

Assume that the cultural distance of the user is 2.4, the preference degree of the candidate services can be calculated through
the above definition, the preference degree of {s11 , s12 , s13 } and
{s21 , s22 } are −2.1, −0.4, −0.8, and −0.9, −1.2, respectively. To
reduce the computation time, the service with a low preference
degree: s11 is filtered. According to the definition, ds1 is s12 and
ds2 is s21 , the preference vector is (0.86, 0.14). And then compute
the utility value of all the composition services, the results are as
Table 2 shown. The results show that the best composition service
is {s12 , s21 }.

i=1 j=1
n
∑

4.2. Experiment setup
xij = 1, 1 ≤ i ≤ n

(11)

i=1

xij ∈ {0, 1}

(12)

There are many ways to solve this 0–1 MIP problem, such
as Enumeration algorithm, Cutting Plane algorithm, Branch and
Bound algorithm, Heuristic methods and so on [40]. In this paper,
the 0–1 MIP problem is solved by using IBM-CPLEX solver [41]
which applies Branch and Cut algorithm, and then the service
composition satisfying the above constraints and the CPSS users
preference can be obtained.
4. Experiment
This paper compares the proposed service-composition approach, which is called SIR, with the MIP approach [42] and two
variational approaches of SIR with regard to the user satisfaction
and real time using two real-world datasets. The experimental
results show that SIR can find a more satisfactory service composition solution in a shorter computation time than other approaches.
Additionally, this paper analyzes the effect of the filtration ratio
in SIR and discuss the relationship between the cultural distance
and the preference to further investigate the computation of the
user preference and the service composition.
4.1. Case study
As case study, this paper considers an online educational video
application, which is composed of two types of atom services. The
first type of atom service (denoted by S1 ) enables the selection of
the video source; The second type of atom service (denoted by S2 )
is a compression service, which is used to adapt the video content
to the wireless link. Each service class often consists of multiple
candidate services. For example, many video companies may have
the same video.
There are three candidate services for S1 , which is denoted by
{s11 , s12 , s13 }. There are two candidate services for S2 , which is
denoted by {s21 , s22 }. In the service composition process, a subset
of the atom services is need to be selected to form the composition
service. As shown in Table 1, the candidate services offer different
QoS values (e.g. response time and video quality) and cultural
distance, which leads to the composition video service with different sharpness and fluency. The traditional service composition
approaches always set the preference vector for each QoS attribute
roughly, or describe the preference in a complicated way.

To ensure the reliability of the experiment, two real-world
datasets are used: the WS-Dream dataset [43] and Hofstedes cultural dimension dataset [18].
The WS-Dream dataset describes nearly 2 million real-world
QoS evaluation results for 5,825 services from 339 users. It contains
the location information (e.g., IP address, latitude, longitude) for
the users and services, and each invocation record contains two
QoS attributes: the response time and throughout.
Hofstedes cultural dimension dataset has been published and
contains the scores for the six cultural dimensions. The PDI and the
UAI values for 76 countries and regions are obtained according to
three items in the IBM database plus extensions, the IDV and the
MAS values for 76 countries and regions are obtained according to
factor scores from 14 items in the IBM database plus extensions,
and the LTO and IVR index values for 93 countries and regions are
obtained according to factor scores from three items in the World
Values Survey.
To evaluation the performance of the approach, a series of
experiments are conducted to compare SIR with three other approaches with regard to the user satisfaction and the real time:
SIR-, SIR*, and MIP.

• SIR. The approach as described in Section 3, involving filtration, the accurate representation of the preference, and the
MIP selection algorithm.
• SIR− . A variation of SIR that involves the accurate representation of the preference and the MIP selection algorithm but
not the filtration.
• SIR∗ . A variation of SIR that involves the filtration and the
MIP selection algorithm but not the accurate representation
of the preference.
• MIP. The simple MIP approach, which only involves the MIP
selection algorithm and does not involve the filtration or the
accurate representation of the preference.
In the experiments, unless otherwise specified, the number of
service classes n is 5, the number of candidate services in each
service class l is 200, the number of QoS attributes r is 2, the
number of historical records for each candidate service is 250,
and the number of global constraints m is 2. In SIR and SIR∗ , the
filtration ratio is 0.5. In MIP and SIR∗ , the weights of the two
QoS attributes are 0.5. All experiments are conducted on the same
computer, which has an Intel(R) Core(TM) 2.5 GHz processor and
4.0 GB of RAM, using the Windows 10 operating system and the
MATLAB R2015a software.
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4.3. User satisfaction

4.5. Parameter analysis of filtration ratio

The proposed approach employs a novel representation of the
user preference for selecting the services satisfying the user preference and improving the user satisfaction. In this section, to compare the performance of the four approaches, the user satisfaction
in CPSS is defined.

In SIR, the preference degree is defined to filter out the redundant services and improve the real-time nature of the service
composition in CPSS. In previous experiments, 50% of the candidate
services were filtered out according to the preference degree. Obviously, the filtration ratio can affect the results of the experiment,
thus, this section analyzes the effects of the filtration ratio on the
user satisfaction and real time of SIR.
Fig. 4(a) shows the user satisfaction of SIR for different numbers
of candidate services with different filtration ratios ranging from
0.1 to 0.9, and Fig. 4(b) shows the user satisfaction of SIR for
different numbers of service classes with different filtration ratios
ranging from 0.1 to 0.9. As shown in Fig. 4(a) and 4(b), regardless
of the numbers of service classes and candidate services, the user
satisfaction decreases with the increase of the filtration ratio. This
is easy to understand because a higher filtration ratio causes a
larger number of the candidate services to be filtered out and a
worse best service to be selected. Expect for the case of l = 300,
there is nearly no reduction of the user satisfaction for the service
composition solution when 50% (or even 60%) of the candidate
services are filtered out.
Fig. 5(a) shows the computation time of SIR for different numbers of candidate services with different filtration ratios ranging
from 0.1 to 0.9, and Fig. 5(b) shows the computation of SIR for
different numbers of service classes with different filtration ratios
ranging from 0.1 to 0.9. As shown in these figures, regardless of
the numbers of service classes and candidate services, the computation time decreases with the increase of the filtration ratio.
This is easy to understand because a higher filtration ratio yields a
lower amount of remaining candidate services after filtration and a
lower computation time. In most cases, when 50% of the candidate
services are filtered out, the computation time is reduced by up to
40%.

Definition 3 (User Satisfaction). The user satisfaction is the utility
value of the service composition result considering the real user
preference vector and can be expressed by the following formula:
Sa =

r
∑

ωk ·

k=1

∑n

i=1 qk
Qkmax

(si ) − Qkmin
− Qkmin

(13)

where {si } (i = 1, . . . , n) are the services selected from each service class, and {ωk } (k = 1, . . . , r ) is the user preference vector
defined in Eq. (6).
Fig. 2(a) shows the comparison results in terms of the user
satisfaction with different numbers of candidate services ranging
from 100 to 900. Similarly, Fig. 2(b) shows the comparison results
in terms of the user satisfaction with different numbers of service
classes ranging from 2 to 10. As shown in Fig. 2(a) and 2(b), the
user satisfaction for SIR and SIR− are superior to that for the other
two approaches. That is, the representation of the user preference
in this paper can improve the user satisfaction of the service
composition. In addition, the user satisfaction for SIR− is higher
than that for SIR in some cases, because some services are filtered
out according to the preference degree, and the selection space
is smaller in SIR. However, the difference between SIR and SIR−
is very small and can be ignored in most cases. It is difficult to
compare the user satisfaction between MIP and SIR∗ , as the real
user satisfaction with the selected services cannot be obtained
under the assumption that the user preference vector is (0.5, 0.5).
Note that in Fig. 2(a), in contrast to the SIR* and MIP approaches,
the utility values for SIR- and SIR do not increase with the number
of candidate services, because the user preference vector may
change when the number of candidate services increases, which
can affect the utility value of the service composition.
4.4. Real time
In this fast-paced world, CPSS users always want to obtain the
service composition as quickly as possible. However, the existing service composition approaches based on the user preference
usually require extra time owing to the complicated computation
procedure of the user preference. In this section, the real time of
the four approaches are compared.
Fig. 3(a) shows the comparison results in terms of the computation time with different numbers of candidate services ranging
from 100 to 900. Fig. 3(b) shows the comparison results in terms
of the computation time for different numbers of service classes
ranging from 2 to 10. As shown in these figures, except for cases
where the number of service classes or candidate services is too
small (n = 2, l = 200; n = 3, l = 200; n = 5, l = 100), the computation time for SIR and SIR∗ are superior to that for the other two
approaches. Thus, the filtration can reduce the computation time
and improve the real-time nature of the service composition. In
addition, the computation time for SIR is similar to that for SIR∗ ,
and the computation time for SIR− is similar to that for MIP. That
is, the computation of the user preference vector hardly affects the
time cost of the service composition.

4.6. Parameter analysis of preference
This paper uses the cultural distance data for users and services
to compute the user preference. However, in reality, there are
numerous services and not all of them have cultural distance, thus,
this paper attempts to determine the relationship between the user
cultural distance and the user preference.
Fig. 6 shows that when the user cultural distance is between
0 and 0.5, the preference value is approximately 0.965; when the
user cultural distance is between 1 and 2, the preference value
is approximately 0.885; and when the user cultural distance is
between 2 and 5, the preference value is approximately 0.98. Note
that, the preference value indicates the preference of the user to
response-time attribute.
If the relationship can be further understood, the user preference can be conveniently and efficiently computed only using the
data for the user cultural distance when the data for the service
cultural distance are incomplete. Research on the relationship
between the user cultural distance and the user preference is
useful not only for the service-composition in CPSS but also for
recommendation systems, quality of experience, and other fields
related to user preference in CPSS.
4.7. Results analysis
The performance of the four algorithms are illustrated in
Figs. 2–3, the parameter analysis of SIR is illustrated in Figs. 4–6.
These results reveal a number of interesting points.
(1) Considering the user satisfaction, Fig. 2 illustrates the results
of the four algorithms. SIR and SIR− are superior to SIP∗ and MIP,
which shows that the representation of the user preference in this
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Fig. 2. Comparison results in terms of the user satisfaction.

Fig. 3. Comparison results in terms of the computation time.

Fig. 4. Effect of the filtration ratio on the user satisfaction.

paper can improve the user satisfaction of the service composition.
Furthermore, SIR− is similar with SIR, which shows that the services filtered out according to the preference degree are not very
critical.
(2) Considering the real time, Fig. 3 illustrates the results. SIR
and SIR∗ are superior to SIR− and MIP, which shows that the
filtration can reduce the computation time and improve the realtime nature of the service composition. In addition, SIR is similar
with SIR∗ , and SIR− is similar with MIP, which shows that the

computation of the user preference vector hardly affects the time
cost of the service composition.
(3) Compared with SIR− , SIR filters out the services with a
low preference degree and improves the real-time nature of the
service composition in CPSS, however, the utility values of these
two approaches are similar. Compared with SIR∗ , SIR computes
the user preference vector and improves the user satisfaction of
the service composition in CPSS, however, the real time of these
two approaches are similar. Compared with MIP, SIR improves the
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Fig. 6. Relationship between user cultural distance and preference.

user satisfaction and real-time nature of the service composition
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However, in this paper, the CPSS users are grouped according
to regions because previous studies on cultural distance are at the
regional/national level. This is not suitable for service composition
in CPSS which requires a narrower grouping. Consequently, the
next study in this area could focus on the presentation of the user
preference in a narrower group.
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