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A hybrid technique for partner selection in virtual enterprises

George Wamamu Musumba * and Ruth Diko Wario
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*Corresponding author. Email: musumbaggw@gmail.com

Globally, businesses are increasingly depending on other businesses’ competencies to meet the increasing demands from
customers. Enterprises collaborate with a view of sharing their expertise, costs and risks. Many studies have examined
this subject with only a few proposing techniques that can facilitate decision-makers’ abilities to filter out inefficient
partners among the many that show interest to be part of the consortium, prior to the selection process. Also, few
techniques are available that can aid the selection process when the selection criteria are voluminous and uncertain in
nature. Research dealing with this subject focusing on the construction industry is hardly available. A Fuzzy Analytical
Hierarchy Process-Technique for Order of Preference by Similarity to Ideal Solution (FAHP-TOPSIS) technique, a
hybrid of FAHP and F-TOPSIS, is designed to address this problem. This technique is embedded to Data Envelopment
Analysis used to filter out inefficient partners at initial stages. FAHP determines decision criteria weights, while F-
TOPSIS evaluates the unfiltered partners. A comparison analysis of FAHP-TOPSIS with FAHP and F-TOPSIS in the
same case, show similar results confirming their robustness. However, FAHP-TOPSIS gives the most consistent
outcomes. It is proposed that FAHP-TOPSIS can be used on a wide range of partner selection decision problems.

Keywords:Virtual Enterprise, Multi-Criteria Decision-making, Analytical Hierarchy Process, Data Envelopment Analysis,
TOPSIS, Selection criteria

Introduction
Influx of changing specifications and demands from
clients has become the norm for businesses in the recent
times. This is coupled with global business competition
and technological advances. Considering the aforemen-
tioned, and as stated by Musumba and Wamuyu (2016),
increasingly, it is becoming apparent that the next gener-
ation of advanced production technologies will heavily
rely on integration of enterprises’ processes. This will
enable enterprises to collaborate by sharing their expertise
and costs with risks spread among themselves (Hsieh and
Lin 2014). Moreover, the rapid change of customer
demands pushes companies to quickly mobilize their
resources so that they develop a product that meets these
demands in the shortest time possible. This enables them
to have enough resources to be competitive. To achieve
this, businesses try to avoid competing but instead collab-
orate to deliver a product. In this case, competencies
unique to each of them are harnessed in the consortium.

Due to their size and nature (small to medium), and to
perform optimally, these organizations may require tech-
nological competencies from other firms in order to fulfil
a client’s order. This order can be a service or a product.
For large projects, the project manager may want to
engage several firms to handle different sections of the
project. It is possible that qualified firms may be in their
tens or hundreds. It therefore, becomes cumbersome to
determine the best firm to be engaged in the project. In
this regard, initial sieving of these firms becomes a
crucial requirement. This can be achieved by using effi-
ciency as a parameter to filter out inefficient firms.
Another issue for consideration is the appropriate tech-
nique to be used for selecting the right firms given that
most criteria used in selections are voluminous and
vague in nature.

AVirtual Organization (VO) is a formation involving
collaboration (temporary or permanent) of autonomous

legal entities whose aim is to deliver a product or
service to a client (Lockett and Holland 1996). The firms
participating in this formation on the strength of their
core competencies present themselves to third parties as
a unified organization when delivering the product or
service. To extend the concept of VO, a virtual enterprise
(VE) suggested in Huang, Gao, and Chen (2011) and
Unver and Sadigh (2013) is a network of enterprises that
are autonomous and diverse but could also be geographi-
cally dispersed. These enterprises can share critical
resources and competencies through information technol-
ogy mediated platforms.

Interestingly, many researchers (Lockett and Holland
1996; Huang, Gao, and Chen 2011; Crispim and Sousa
2009, 2010; Nikghadam et al. 2016) have proposed
more techniques for the initial VE phase (formation) of
the VE life cycle than for other phases (like operation
and dissolution), which perhaps explains the importance
attached to the formation phase (Musumba and Wamuyu
2016). Additionally, Sadigh et al. (2017a) assert that the
success of any VE depends primarily on the partners
that have been selected. Normally, selecting the best
group of partners is key in constructing a successful VE
system (Talluri and Baker 1996). Candidate enterprises
are chosen from an enterprises’ pool called a virtual breed-
ing environment (VBE) and then evaluated using set cri-
teria (Sadigh et al. 2017b).

To construct a reliable evaluation process, it becomes a
necessity to consider different evaluation process aspects.
In this respect, selecting the best partners cannot be cate-
gorized as a simple optimization problem (Sari, Sen, and
Kilic 2008) mainly because the partner selection
problem generally deals with several conflicting criteria
(Sadigh et al. 2017b). To understand this, consider a
partner that provides products whose quality value is con-
sidered as high but of low price. The selection of such a
partner is expected not to be complex. However, this
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may never be the case in real-life since high-quality pro-
ducts are usually sold at high prices. Therefore, evaluator’s
preferences need to be identified accurately, since the
evaluation process would be based on these priorities. It
is clear that expressing such a subjective decision-
making mechanism via simple mathematical formulation
may not be feasible.

The problem and the objective
The main objective of the study is ‘To determine the
partner enterprise pm that can perform task zh according
to the selection criteria sp for an expected completion
time T.’ This requires the determination of a partner enter-
prise that is best suited to carry out the task. The term P(m)
refers to a group of potential partner enterprises that, at
least, have the core capabilities needed by the VE to com-
plete the problem task. They can satisfy one or more tasks.
The tasks Z(h) refer to the different subprojects or domains
in which the potential partner companies have expertise in.
For instance, in a construction-related project, the subpro-
jects can be found (Andres et al. 2017) which require
different technologies and/or specializations with different
resources. Varying sets of selection criteria S(p), may be
specified for each task or domain.

The criteria for selection S(p), are defined as the par-
ameters to be used in the evaluation of how partner com-
panies meet the specifications of the tasks. The
specifications may include the design, construction or
management specifications needed to perform the task.
In general, this study considers a multi-criterion
decision-making problem.

Selection problem of potential partners is placed in the
category of Multi-Criteria Decision-Making (MCDM)
problems by many researchers. MCDM methods provide
mathematical tools to construct and solve decision-
making problems. These techniques evaluate partners
based on the preferences of decision-makers. Since
human judgments are usually uncertain, interpreting the
subjective explanation of these preferences to a mathemat-
ically applicable data is another important issue in model-
ling decision-making problems (Sadigh et al. 2017b;
Nyongesa, Musumba, and Chileshe 2017).

Selection of partners being an important aspect of VEs,
along with the problem complexity, has jolted many
researchers (see for example works in Lockett and
Holland 1996; Huang, Gao, and Chen 2011; Crispim
and Sousa 2009, 2010; Nikghadam et al. 2016) to show
great interest in the subject. Some researchers have rep-
resented partner selection mathematically as a cost-mini-
mization problem that has several constraints such as
time and risk of failure. Researchers approaching this
problem as an MCDM problem have also proposed,
Analytical Hierarchy Process (AHP) (Nyongesa,
Musumba, and Chileshe 2017; Saaty 1980; Wang and
Chin 2008), Technique for Order of Preference by Simi-
larity to Ideal Solution (TOPSIS) (Sadigh et al. 2017b;
Lai, Liu, and Hwang 1994) and other MCDM techniques
as possible solutions.

Several articles reviewed in this subject reveal that,
intangible factors and the uncertainty of their values
have usually been largely ignored. Furthermore, generally

developed methods become inefficient as the size of the
problem increases. Research by Saaty’s (1980) reported
that the number of criteria or potential partners in AHP
should be limited to 9. Considering the importance of
this topic, along with the aforementioned research gaps,
inspired the inception of this study. In this work, an objec-
tive partner selection procedure is developed that evalu-
ates the potential partner enterprises using a hybrid,
stepwise algorithm. All these are based on the decision-
maker’s preferences. The main objective of this study
therefore is to propose a robust, efficient and reliable
method that can assist decision-makers in finding the
right partners for a construction related project considering
fuzzy evaluation factors.

Due to the possibility of having several qualified
potential partners that may be willing to participate in
the VE, it can be cumbersome when selecting a few of
them to form the consortium. In consideration of this
reality therefore, step one of the selection of partners’
process, is the elimination of inefficient potential partners
using the Data Envelopment Analysis (Sherman and Zhu
2013; Alaiad et al. 2018) technique. Other elimination cri-
teria would be trust assessment, value system alignment
and strategies alignment (Andres et al. 2017). The
second step involves, use of Fuzzy Analytical Hierarchy
Process (Mikhailov 2003) which hierarchically weights
the selection criteria and provides optimal values for the
criteria. The third step involves selecting the best partners
using fuzzy version of the Technique for Order Preference
by Similarity to Ideal Solution (F-TOPSIS) (Ye 2010). In
order to demonstrate the applicability of the proposed
technique, a case study in the construction industry is
used.

The remaining part of this paper is organized as
follows. The next section presents the related works. The
section thereafter presents the methodology employed
while a case study is presented in the section thereafter.
This is followed by a section that presents a comparison
of results while the penultimate section provides discus-
sions and conclusions. Finally, the last section is about
future works.

Related works
Meade, Liles, and Sarkis (1997) published an article
addressing the importance of partner selection in VEs.
For the majority of works reviewed, there are proposals
of a number of techniques to model the selection
problem in VEs. Three main approaches that literature
widely reveal, that model and solve partner selection pro-
blems include, optimization, MCDM and agent-based.
This study concentrates on the first two. Assertion from
research by Nikghadam et al. (2016), is that selection pro-
blems of partners for the VE, should be treated as an
optimization problem where the main objective is the
assessment of the priorities of the decision-makers in a
bid to maximize their satisfaction. Furthermore, they
state that maximizing satisfaction needs maximization of
factors like quality of the product, partners’ trust, their
reliability, and level of service, and minimizing factors
like cost and partners’ risk. In this regard, this study
affirms that VE partners’ selection problems can either
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be represented as a single- or multi-objective function
optimized within some constraints.

Optimization approaches can be formulated as a
single- or a multi-objective function. Due to limitation of
resources, the model has some constraints. A cost-mini-
mization model with time as a constraint is proposed by
Wu and Su (2005). In this case, an integer programming
formulation of the model is transformed into a graph-
theoretical formulation, solved by a two-phase algorithm.

An implementation of a branch and bound algorithm
for optimization is highlighted by Ip, Yung, and Wang
(2004). The branch and bound method is, however,
limited in the sense that it does not give solutions to pro-
blems which are large-scale in nature, within reasonable
time limits. To deal with this challenge, Hsieh and Lin
(2012) proposed an architecture for partner selection that
minimizes the costs of VE project tasks using reverse auc-
tions. On the basis of their algorithm – Lagrangian relax-
ation technique – generation of an optimal solution is not
guaranteed. However, in practice, this technique has often
generated solutions that are either optimal or near-optimal
(Hsieh and Lin 2012).

According to Sadigh et al. (2017b), algorithms cate-
gorized as exact, do not give satisfactory outcomes
within a reasonable computational time, to large-scale pro-
blems. These problems are characterized as having, either
a large number of alternatives or different types of evalu-
ation criteria. To deal with the problem, artificial intelli-
gence methods have been proposed in some studies.
Wang, Xu, and Zhan (2009) have confirmed this by apply-
ing the genetic algorithm (GA) method to solve the cost-
optimization model. Moreover, Zhang et al. (2013) used
GA method to find a pareto-optimal solution.

The next category of approaches are MCDMs. They
are tools used to solve the partner selection problem in
the VE formation phase. Enterprise evaluation is con-
sidered to be an MCDM problem based on evaluator pre-
ferences (Nikghadam et al. 2016). The MCDM techniques
support decision-makers in constructing, evaluating, and
solving problems that are associated with multi-conflicting
criteria. As highlighted earlier in this article, well known
MCDM methods include, Data Envelopment Analysis
(DEA), Analytic Hierarchy Process (AHP) and Technique
for Order of Preference by Similarity to Ideal Solution
(TOPSIS), in addition to Analytical Network Process
(ANP).

Studies show that AHP MCDM approach has been
extensively used in both supply chain management
(SCM) while selecting suppliers as well as in VEs in
partner selection as illustrated in (Chai, Liu, and Ngai
2013). AHP technique operates in the basis of pairwise
comparisons of selection criteria in regard to their relative
importance (Saaty 1980). Contrasted with optimization
approaches, AHP approach is said to be suitable for cri-
teria that is either quantitative or qualitative in nature. In
one study, Chu et al. (2002) demonstrated the use of
AHP in evaluating partners based on project cost, com-
pletion time, required quality, expected customer service,
and partners’ financial stability as the main criteria.

Another challenge to decision-makers, is related to the
fact that a number of MCDM techniques rely on

assignment of crisp value scores to represent the evalua-
tors’ preferences of the selection criteria. However,
Mikhailov (2002) proposed an analytical hierarchy
process that uses fuzzy set theory (Saaty and Tran 2007)
as a solution to the problem. In using AHP MCDM
approach, Mikhailov (2003) employed fuzzy intervals to
assess the weights of the imprecise selection criteria. As
an improvement to this technique, Wang and Chen
(2007) proposed an approach meant to reduce the
number of pairwise comparisons, which had been a hin-
drance for fuzzy AHP (FAHP). Some studies have
reported that when AHP is used as an MCDM technique
to derive the weights for the criterion, the objective of
the model proposed is normally based on the sum of its
cumulative sub-objectives. In cases where computation
of weights of criteria is important, researchers (Sari, Sen,
and Kilic 2008; Mikhailov 2002, 2003) adopted AHP,
FAHP and fuzzy logic-based methods to model their
problems.

Existing approaches give evidence to the need for
computation of criteria weights’ prioritizations. The
approaches differ according to whether they are applied
to crisp preference values (for AHP) or fuzzy preference
values (for FAHP). Examples of the approaches for com-
puting crisp preference values include (i) the eigenvalue
method (Saaty 1980); (ii) distance functions (Golany and
Kress 1993); (iii) least squares (Golany and Kress 1993);
(iv) weighted least squares (Golany and Kress 1993); (v)
logarithmic least squares (Wang and Chin 2008); (vi) log-
arithmic least squares with absolute values (Wang and
Chin 2008); and (vii) the goal programming method
(Wang and Chin 2008). Examples of the approaches for
computing fuzzy preference values include (i) fuzzy pre-
ference programming; (ii) fuzzy goal programming
(Wang and Fu 1997); and (iii) extent analysis (Wang,
Luo, and Hua 2008).

To compute priorities for fuzzy judgments, Wang and
Chin (2008) used extent analysis (EA). In a study by
Mikhailov (2003), an application of fuzzy preference pro-
gramming method for fuzzy judgments to address the
weakness of other methods in applying FAHP is
suggested. These weaknesses include, (i) fuzzy compari-
son matrices form the basis by which all the methods
derive their priorities from (ii) the final fuzzy scores
results (which are also fuzzy) are obtained from fuzzy pri-
orities, (iii) ranking can be done by using different
methods in the defuzzification of the final fuzzy scores,
although this can result in giving different outcomes (Bor-
tolan and Degani 1985).

In Srdjevic (2005) a proposal is made which combined
methods for prioritization. It combines methods from AHP
and FAHP. This method, excludes EA. Mikhailov (2003)
stated that the fuzzy EA method has problems due to its
use of the arithmetic mean method to compute fuzzy pri-
orities. The fuzzy EA method has been applied in other
research studies. As an example, Bozdag, Kahraman,
and Ruan (2003) applied FAHP (with EA) in selecting
computer integrated manufacturing systems. Kwong and
Bai (2002) also used FAHP (with EA) and noted that it
was effective in solving multi-criteria evaluation pro-
blems. Wang and Chin (2008) used EA to compute
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priorities for fuzzy judgments. However, they suggest that
the use of EA can lead to incorrect decisions.

A procedure for checking consistency of evaluation
criteria and ranking when using FAHP is given by
Leung and Cao (2000). They question research done
with FAHP without testing consistency. Later, Saaty and
Tran (2007) also questioned research done using
methods that fuzzify AHP. In their argument, they say
that all judgments before being fuzzified are already
fuzzy and that fuzzification could make the results even
more inconsistent. However, Leung and Cao (2000) had
previously argued that the procedure used in computing
the consistency of evaluators’ judgments could provide
answers to their doubts on consistency. Mikhailov
(2003) provides a method for deriving fuzzy priorities
when using FAHP without requiring calculation for aggre-
gation and ranking procedures. The approach could best
be used in non-linear equations by computing priorities
without computing fuzzy comparisons; thus addressing
the doubts raised in Saaty and Tran (2007).

Review of the existing literature shows that there is no
generally accepted method to rank fuzzy numbers (Zhii
2014). Ahmed and Kilic (Ahmed and Kılıç 2015) modi-
fied FAHP by using centroid defuzzication instead of
degree of possibility with significant accuracy of
weights. This study concurs with Triantaphyllou et al.
(1997) that MCDMs have no unique theory accepted by
everyone due to their uncertain nature.

In another work, Hwang and Yoon (1981) developed
the Technique for Order of Preference by Similarity to
Ideal Solution (TOPSIS) as another MCDM technique.
In TOPSIS approach, the best choice should be the
one closest to the Positive Ideal Solution (PIS) and farth-
est from the Negative Ideal Solution (NIS). While
reviewing MCDM related studies, Nikghadam et al.
(2016) reviewed 46 articles and discovered that in 4 of
them, TOPSIS integrated methods were employed to
provide solutions to the VE partners’ selection problems.
In their analysis, in terms of popularity, TOPSIS was
second in solving problems of this nature. In as much
as TOPSIS seldom checks the consistency of evaluation
judgments, the simplicity of its development process
with its advantageous integrated form, has made it
become a preferred choice for many researchers
(Vakesquez and Hester 2013).

TOPSIS deals mainly with numerical values, as
opposed to qualitative linguistic definitions used by
fuzzy analytical based approaches. Therefore, applying
TOPSIS to qualitative criteria, requires that a tool is
used to quantify this subjective terminology. Addition of
Tabu search meta-heuristics by Crispim and Sousa
(2010), resulted in a fuzzy TOPSIS (F-TOPSIS) approach.
This fuzzy approach enables use of qualitative criteria like,
product quality, and partner’s trust in addition to project
cost and expected completion time.

Crispim and Sousa (2009) also proposed an algorithm
that can handle a large number of criteria in the tune of 20.
The study shows a hybridization where cluster analysis
(CA), case-based reasoning (CBR), and Multi-Objective
Tabu (MUT) search methods are integrated into an F-
TOPSIS method. For them, application of CA restricts

the search in regard to the evaluators’ preferences while
implementation of CBR, constructed partner configur-
ations by using past knowledge. The purpose of designing
of the MUT search was to help in approximating the
optimality and implement F-TOPSIS for the ranking of
the various configurations of VEs. TOPSIS requires that
weights of objectives be specified. To specify these
weights, AHP method is used.

A closer analysis of TOPSIS in relation to AHP,
reveals that in its standard form, it is deterministic,
which means that it does not consider un-deterministic
aspects of weights. To address the problem of the determi-
nistic nature of TOPSIS when used by evaluators to give
their preferences, a number of studies have shown
authors integrating fuzzy set theory in it, resulting in F-
TOPSIS. Application of F-TOPSIS in the evaluation of a
partner is demonstrated in (Ye 2010). This study notes
that MCDM techniques can handle both tangible and
intangible criteria; yet, they fail when the number of
potential partners increase beyond nine (9).

In literature, FAHP (as seen in Rajput, Milani, and
Labun 2011; Jing et al. 2013) and F-TOPSIS (as seen in
Boran, Genç, and Akay 2011; Kilic 2013; Zhang and Xu
2014) techniques have attracted much attention. Similarly,
fuzzy ELECTRE (as alluded to by Montazer, Saremi, and
Ramezani 2009 and Vahdani and Hadipour 2011) and
fuzzy Decision-making Trial and evaluation Laboratory
(F-DEMATEL) (Lin and Wu 2008; Lee et al. 2011) have
also been extensively investigated. Furthermore, hybrid
fuzzy MCDM techniques that combine two or more
fuzzy methods have been proposed (see for instance
Tuzkaya et al. (2010) and Hadi-Vencheh and Mohamad-
ghasemi (2011)) where fuzzy AHP is combined with
other methods. In these combinations, F-TOPSIS tops
the list (Dursun and Karsak 2010). Accordingly, research-
ers have a preference for combining FAHP and F-TOPSIS
with other models (for instance, works in Ertuğrul and
Karakaşoğlu 2008; Pehlivan, Ünal, and Kahraman 2019;
Amiri and Mohajeri 2017; Chen and Hung 2010; Prama-
nik, Mondal, and Haldar 2019; Moayyedian 2019 are
good examples).

Methodology
In an attempt to achieve the objectives of this research, the
methodology adopted for the research consisted of seven
main stages. The following steps are involved (see
Figure 1):

Figure 1. Methodology model.
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Step 1. Formulate the problem and set overall objectives.
Step 2. Determine the participants (potential partners)

through a case study.
Step 3. Filter out inefficient partners using DEA.
Step 4. Determine the criteria, attributes and alternatives

on the basis of the literature.
Step 5. Formulate decision-matrix and solve it using

FAHP, FTOPSIS and FAHP-FTOPSIS and compare
the results.

Step 6. Determine ranking and select the best optimal
partner for each subproject.

Step 7. Form the consortium, report and recommend the
optimal solution.

In the following sections, fuzzy MCDM techniques
relevant to the decision problem situation are presented
followed by FAHP, F-TOPSIS and the proposed hybrid
FAHP-TOPSIS methods. Thereafter, the steps of the
hybrid method and mathematical derivations are
presented.

Fuzzy MCDM techniques
In the works conducted by Shaygan and Testik (2019),
they state that in applying MCDM techniques, the fol-
lowing steps are necessary for decision-making analysis
as would be applied in construction related projects by
project initiators: (1) incorporating classification of
judgments made by evaluators, (2) computation of
numerical values of the judgments; and (3) conversion
of numerical value results into a numerical evaluation
of partners or alternatives as the case may be. It
simply entails selecting partners from possibly many
qualified ones under usually conflicting multiple
decision criteria. Kahraman et al. (2007) proposes that
MCDM based problems should have few decision
alternatives which should be sorted and ranked accord-
ing to their attributes.

According to Liou and Tzeng (2012), MCDM models
are categorized into three classes thus; evaluating or
choosing models like input-output analysis and linear
structure equation models; (2) weighting models like
AHP and Entropy measure; and (3) normalizing models
like simple additive weight (SAW) and TOPSIS. More
often than not, imprecision or vagueness inherent in the
criteria or project initiator’s judgment during decision-
making hinders the application of MCDM methods in
real world scenarios. To address such decision scenarios,
there have been development of fuzzy MCDM techniques
built on fuzzy sets theory (Zadeh 1965) and first applied
by Bellman and Zadeh (1970) in their decision-making
seminal work. According to Dubois (2011), there have
been concerted efforts to develop a number of fuzzy
MCDM methods to tackle decision problems in ambigu-
ous conditions.

Fuzzy AHP technique
One of the classic MCDM method developed based on
pairwise comparison to derive priority scales is analytical
hierarchy process (AHP) (Saaty 1980). In order to capture
decision-makers’ judgment evaluation, it uses a nine-point
scale. It is a simple crisp value scale applied in appli-
cations. However, due to inherent uncertainty in human
judgments, this method has very limited application. To
go around this limitation, several research studies have
proposed various fuzzy AHP methods to extend its appli-
cability in subjective and imprecise decision-making
cases. A few such examples include van Laarhoven and
Pedrycz (1983), who developed logarithmic least squares
method and Buckley (Buckley 1985) who proposed the
use of geometric means method. Others are Chang
(1996) who proposed a synthetic extent analysis and
Csutora and Buckley (2001) who developed the lambda-
max technique. Application of these methods depends
on the complexity of the problem as each has different
characteristics and computational structures.

Different from other MCDM methods, AHP offers a
mechanism for measuring the reliability aspect of the eva-
luators’ judgments. There is no consensus as to methods
that can be used to measure consistency of pairwise com-
parisons in fuzzy AHP. For this reason, in this study, it is
proposed that the widely accepted AHP method for
measuring consistency of decision-maker’s judgments is
used. In this case, consistency ratio (CR) is computed
using crisp values of the fuzzy numbers as suggested by
Chen and Hung (2010).

Consistency checking is done to avoid contradictions
or differences or conflicts of the evaluator judgment.
Proving consistency of the evaluation judgments of differ-
ent evaluators is important in order to visualize the trend of
data if they are pointing in the right direction (i.e. associ-
ation of the dataset). To measure the deviation from con-
sistency, AHP method uses the Consistency Index (Saaty
2008; Saaty and Kearns 2014, 7).

Let CI be the consistency index,

CI = lmax − n

n− 1
, (1)

where λmax, is the larger eigenvalue and n is the order of
the matrix.

The Consistency Ratio (CR) (Teknomo 2006) is
defined as the ratio between the Consistency Index (CI)
and Random Index (Saaty 1980). The random index
(RIn) for any n x n square matrix is given as a constant
value, as shown in Table 1. Each pairwise comparison is
checked against a predetermined CI. Even though it is
impossible to come up with perfect consistency, Saaty
(2008) established a threshold value of 0.10, which he
determined to be an acceptable consistency ratio. Accord-
ing to Saaty’s famous rule of thumb the consistency or

Table 1: Random index (Saaty 2008).

N 1 2 3 4 5 6 7 8 8 10
RIn 0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49
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uncertainty of the decision should be order of magnitude
less than decision.

Let CR be the consistency ratio. Let RIn be the random
index, then

CR = CI

RIn
(2)

If CI = 0 then E is consistent; otherwise, If CR ≤ 0.1 then E
is consistent enough, If CR≥ 0.1 then E is seriously incon-
sistent, where E, are elements in the pairwise comparison
matrix.

Fuzzy TOPSIS technique
TOPSIS is a classic MCDM method proposed by Hwang
and Yoon (1981) that can be used to rank alternatives in
multi criteria decision situations. Unlike AHP, TOPSIS
determines the performance of alternatives by their rela-
tive distance from the positive and negative ideal sol-
utions. According to Abo-Sinna and Amer (2005), an
alternative’s performance is better when its relative dis-
tance is closer to the positive ideal solution and farther
to the negative ideal solution. Just like AHP, alternatives’
ratings in TOPSIS take precise and crisp values which is
also its limitation for problems requiring uncertain or
imprecise human judgment. In the works by Ertuğrul
and Karakaşoğlu (2008), data in crisp form is hardly suffi-
cient in modelling the real-life decision problems. In con-
currence with works for FAHP to overcome similar
challenges, the following researchers, Chen (2000), Abo-
Sinna and Amer (2005) and Jahanshahloo, Lotfi, and Iza-
dikhah (2006) proposed and used F-TOPSIS method
which, in turn, uses fuzzy numbers to represent evalu-
ations presented in linguistic terms.

Hybrid FAHP-TOPSIS technique
Oprea (2017), while designing and implementing a
hybrid-related agent-based VE development framework,
argued that the use of a combination of techniques in
solving a problem, allows flexibility and domain indepen-
dence in its application. This is reinforced by Presley et al.
(2001) who combined object-oriented and agent-based
approaches in designing architecture-driven VE modelling
approach. Similarly, Chalmeta and Grangel (2003) pro-
posed the ADRIN extension methodology for VE inte-
gration combining object-oriented and agent-based
methodologies.

Others hybrid techniques include, (1) a VE modelling
framework by Kim et al. (2006), combining service-
oriented, ontological, business and enterprise models; (2)
the VE synthesis as web service composition by
Romanov, Yudakova, and Efimova (2015), combining
service-oriented and ontological approaches; and (3) the
VE service selection approach by Chhun, Moalla, and
Ouzrout (2016), combining ontological and service
oriented approaches.

The proposed hybrid fuzzy AHP-TOPSIS (FAHP-
TOPSIS) method for partner selection decision in a con-
struction related project is discussed in the following
section. Previous works discussing application of hybrid
MCDM methods related to partner selection decisions

for construction related projects are seldom. One related
study is Nyongesa, Musumba, and Chileshe (2017) who
discussed partner evaluation and selection problem
(PESP). They considered a group selection of partners as
a MCDM problem and solved it using group FAHP
(GFAHP) method. This study differs from their work in
the sense that, in addition to proposing the hybrid
FAHP-TOPSIS method, it also applies FAHP and F-
TOPSIS methods in a similar partner selection decision
problem (or case study), where the evaluation of alterna-
tives and subjective decision criteria are represented in lin-
guistic terms.

A comparative analysis of the three methods is done to
determine their robustness in solving MCDM decision
problems under multiple conflicting criteria. Using
FAHP in the hybrid method allows for evaluation of the
relative importance between decision criteria using pair-
wise comparisons in linguistic terms. Similarly, F-
TOPSIS method enables an efficient procedure to rank
the performance of the partners. In all methods, there is
preference of using triangular fuzzy numbers (TFN) to
represent the linguistic scales used to evaluate decision cri-
teria and rank partners.

The proposed hybrid technique has three main steps:

Step 1. Identification of the evaluation criteria that are
important for the project initiator.

Step 2. Apply FAHP method to compute the weights of
criteria.

Step 3. Apply F-TOPSIS method to rank partners.

The process and mathematical derivations
When a client approaches a VE project initiator with a
need (an order), the first task of the initiator is to select
the right partners that deliver the product. The order may
be a project. With the order, the project initiator divides
the main project into p (p = 1, 2,… P) subprojects (or
tasks). For a construction related project, these tasks
include, electrical, mechanical plumbing, structural
works among others. Each of the task, has sub-tasks’
specific issues. From the pool of potential partners, n (n
= 1, 2,…N ) organizations express interest by submitting
their bids in any of the subprojects. Potential partners
that show interest are then weighed against each other in
respect to c (c = 1, 2,… C) criteria and eventually, selec-
tion of the best suited partners is done.

From this study, the initial step in developing a
dependable VE method for selecting partners involves
the definition of the evaluation criteria for the potential
partners. Some criteria used to select partners for construc-
tion-related VEs are found in Nyongesa, Musumba, and
Chileshe (2017). These criteria include, business, techni-
cal and management competencies. These criteria are
comparable to the ones proposed in Sadigh et al.
(2017b). After reviewing several articles on this topic,
Sadigh et al. (2017b) proposed using partner’s proposed
cost, expected completion time, performance trail, and
level of service as the main partner selection criteria.
The first two are dynamic as they are given by partners’
representatives, while the last two are static as they are
mined from partners’ past records which hardly change.
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In Nyongesa, Musumba, and Chileshe (2017), sub-cri-
teria for business criterion are, financial security (FS), stra-
tegic position, and business strength. Sub-criteria in
technical criterion include, technical capability, speed of
development, development cost and Information Technol-
ogy. Finally, sub-criteria for management criterion are,
collaboration record, cultural compatibility and manage-
ment ability. In Sadigh et al. (2017b), there are no sub-cri-
teria for both cost and completion time. However, sub-
criteria for performance trail include, product delivery
and required quality while sub-criteria for level of
service criterion include, after sales service relations, com-
munication skills and environmental safety. In this study,
parameters suggested by Sadigh et al. (2017b) were
adopted as they can easily map into Nyongesa et al.’s
(Nyongesa, Musumba, and Chileshe 2017) criteria.
These are depicted in Figure 2.

After evaluation criteria is identified, operationally
viable potential partners are separated from those which
are unviable. Partners’ efficiency attribute is used to
filter out unviable ones. This research employ Data Envel-
opment Analysis (DEA) as proposed in Alaiad et al.(
2018), which is the most common MCDM technique for
this purpose.

The following section describe the steps for the pro-
posed hybrid method.

Filtering inefficient potential partners
DEA empirically determines the efficiency of potential
partners by deducing the efficiency frontier. Each potential
partner’s efficiency score is calculated with respect to its
inputs and outputs (Charnes, Cooper, and Rhodes 1978).
Partners that produce more output using less input are con-
sidered to be more efficient than those that produce the
same using more inputs. Benefits for the application of
DEA in the evaluation process are as follows:

(i) For this study, DEA is the first step, hence among the
list of criteria needed to be taken into account in eval-
uating partners, some potential partners are chosen to
be considered in the DEA, thus reducing those used in
subsequent stages of decision-making.

(ii) In case of too many potential partners participating,
DEA filters the inefficient ones and excludes them
from those deemed efficient.

(iii) The fact that only efficient partners are used to form a
VE, makes the performance of the VE during the
operation phase enhanced.

In the use of DEA in the filtering stage, five main
inputs selected for this technique include, cumulative
energy consumption, cumulative equipment value, total
space area needed by the partner, total personnel resources
and total amount of hours for work. Partners can specify
varied input parameters to compute the output. For this
study, two outputs are selected thus, finished product
value and proposed working capital. The mathematical
formulation of DEA is modelled as follows (equations
3–6) and solved with linear programming techniques:

Max E =
∑K
k=1

(Yokvk), (3)

∑K
k=1

(Yikvk)−
∑J
j=1

(Xijuj) , 0, (4)

∑J
j=1

(Xojuj) = 1, (5)

vk , uj . 0, (6)

where i represents potential partners, J represents value of
inputs (in this case, 5), K is the output value (in this case,
2), E is the partner’s efficiency ratio, Xij the quantity of
input j used by partner i, Yik is the value of output k gen-
erated by partner i. At the same time, Xoj is the value of
input for the partner being evaluated, while Yok is the quan-
tity of output for the partner being evaluated. The coeffi-
cient assigned by DEA to input j is denoted by uj.
Finally, the coefficient assigned by DEA to input k is
denoted by vk.

By implementing DEA, the technique can determine
an efficient frontier and exclude inefficient partners from
the list. It should be noted that the DEA step is applied
only if there are too many qualified partners. In other
words, the purpose of DEA is not used to rank the partners.
Its integration in this evaluation process is to reasonably
decrease the number of potential partner enterprises if
required. In the next step, previously identified efficient
potential partners are asked to put in their bids for
consideration.

So that evaluation of potential partners using these cri-
teria is done, evaluators’ assessment of the preferences
with respect to these criteria is determined first. This
study uses FAHP, a technique proven in a several studies
to handle uncertainty in selection criteria, to model
MCDM problem. FAHP uses Triangular Fuzzy Numbers
(TFNs) to represent linguistic terms. Table 2 as adapted
from Sadigh et al. (2017a) shows the TFNs that corre-
spond to the linguistic terms. These fuzzy numbers are
used to assign values to pairwise comparisons values
(Mikhailov 2002). The fuzzy membership values are
also illustrated in Figure 3. The evaluator fills out an evalu-
ation tool in form of a questionnaire by answering ques-
tions that compares two selections.

The current problem has four main criteria: partner
cost (C), completion time (T ), performance trail (P), and
level of service (S). After applying fuzzy values to theFigure 2: Hierarchical structure of the partner selection criteria.
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outcomes of these comparisons, an evaluation matrix A is
constructed. It is a square matrix of dimension h (i.e. h
times h) where h is the number of criteria (in this study,
h = 4), ãij ⊙ ã ji = 1. To compute fuzzy weights for each
criterion, the geometric mean method (Buckley 1985) is
employed. See equations 7 and 8.

ŵi = ũi ⊙ (ũ1 ⊕ ũ2 ⊕ . . . ũh)
−1, (7)

where,

ũ1 = (ãi1
^ ⊙ ãi2

^ ⊙ . . . ãih
^ )1/h. (8)

Computation of the total weight of each criterion is the last
step. It is obtained by applying the centre of area (COA)
defuzzification method as suggested by Sadigh et al.
(2017a). For each criterion, the preference weight is
denoted by w = {wi|i = 1,… ., h}. According to Saaty
(1980), the evaluator’s responses are reliable when the
value of their consistency ratio (CR) is below 0.1. The
importance of each criterion is directly proportional to
its relative weight. In this work, FAHP has been used to
calculate the evaluators’ preferences in the chosen selec-
tion criteria and at the same also accounting for vagueness
in their judgments. The cost element is critical as it is the
proposed charge the potential partner expects for the
service it will offer. Another criterion is the desired com-
pletion time frame for the project. The VE’s project
initiator assesses the project’s requirements in order to
give an estimate of the expected time it is likely to take
for the project to be completed and delivered to the
client. If the evaluators’ expected completion timeframe
can be considered rational, each subproject is allocated
to a single partner, although some subprojects may
require more than one partner to implement. Figure 4 illus-
trates the overall structure of this evaluation technique
schematically.

This study proposes a technique that finds a partner
that achieves the set goals of the project inexpensively,
within the expected time frame, lower risk and higher

support service. Researchers in this study, have developed
a mathematical model for this problem by applying F-
TOPSIS method that was proposed in (Ye 2010), to evalu-
ate the problem of partner selection in VEs. As stated
earlier, the concept of F-TOPSIS which is an extension
of TOPSIS, is based on the fact that the alternative to be
selected should be the one closest to the PIS and the farth-
est from the NIS.

In order for the researchers in this work to be able to
express the performance of partners with respect to the cri-
teria, a decision-matrix ‘D’ is proposed. This performance
matrix is of m x n dimensions, where m denotes partners
associated with n criteria. The score of performance for
each criterion has its own unit of measurement thus nor-
malization of the matrix values to remove the effects of
unit of measurement is critical.

The normalized decision-matrix is constructed using
Euclidian normalization technique as shown by equation
9 that follows:

rst = Dst�����������∑m
s=1 d

2st
√ . (9)

Multiplication of the normalized performance
decision-matrix by criteria weights obtained from FAHP
(w = {wt | t = 1,… , m}) results in the weighted normalized
performance decision-matrix. See equation 10.

vst = wtrst, (10)

PIS = A+ = (maxsvst|t [ T ), (minsvst|t [ T ′)|s
= 1, 2, . . . , m, (11)

NIS = A− = (minsvst|t [ T ), (maxsvst|t [ T ′)|s
= 1, 2, . . . , m. (12)

where, T = {t = 1, 2,… , n| t associated with benefit cri-
teria} and T ′ = {t = 1, 2,… , n| t associated with cost cri-
teria} PIS and NIS are computed using equations 11 and
12. To compute the differences in weight of each choice
from PIS and NIS, a Euclidean distance function is used
as shown in equations 13 and 14.

Ss+ =
������������������∑n
t=1

(vst − vs+)2
√

(13)

Ss− =
������������������∑n
t=1

(vst − vs−)2
√

. (14)

Table 2: Linguistic terms with corresponding fuzzy numbers (Adapted from Sadigh et al. 2017a).

Scale for importance Crisp numbers Fuzzy numbers Triangular fuzzy number
Equally important (Eq) 1 1῀ (1, 1, 3)
Weakly important (W) 3 3῀ (1, 3, 5)
Strongly important (S) 5 5῀ (3, 5, 7)
Very strongly important (VS) 7 7῀ (5, 7, 9)
Extremely important (Ex) 9 9῀ (7, 9, 9)

Figure 3: Fuzzy membership values (Adapted from Nyongesa,
Musumba, and Chileshe 2017).
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Finally, to determine the closeness of an alternative to PIS
Equation 15 is applied. In this case, an alternative with a
value of C+

i to 1, is considered closer to PIS.

C+
s = S−s

S+s + S−s
(15)

where,

C+
s [ [0, 1]∀s = 1, . . . , h.

The preference order of potential partners is ranked
according to the decreasing order of C+

s . To sum up, the
FAHP–TOPSIS technique gives the list of potential part-
ners ranked based on evaluators’ preferences. Finally,
the model ranks the potential partners, announce the best
one and give the task to the winning partner. This is
done for all subprojects. Eventually, a VE is formed.

It is notable that, unlike FAHP, the number of potential
partners in FAHP–TOPSIS is not limited to 9. As stated

earlier, research by Saaty’s (1980) reported that the
number of criteria or potential partners in AHP should
be limited to 9 to avoid compromising its consistency. In
this study, FAHP–TOPSIS method uses the AHP approach
only to determining the evaluator’s preferences with
respect to criteria defined, leaving the rest of the evaluation
to be based on the TOPSIS technique, which has no limit-
ations in the number of partners that can be considered.

Case study
AVE partner selection decision of a construction project is
used to illustrate the application of the proposed method
(FAHP-TOPSIS) and compare it with FAHP and F-
TOPSIS techniques. Researchers in this study note that
both Buckley’s (1985) and Csutora and Buckley’s
(2001) methods can be applied in the analysis of FAHP
method resulting in similar outcome. However, this
study adopted the latter method. It is also suggested the
use of Chen’s (2000) extension for the analysis of
F-TOPSIS method. Due to space limitations, the following
section presents only the steps for FAHP-TOPSIS method.

Figure 4: Flowchart of VE Partner selection.
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At the end, results of the three techniques are compared to
determine the most appropriate technique for the decision
problem. The case is described as follows:

A pilot study was conducted at the proposed develop-
ment of a staff retirement benefits scheme and staff
pension fund construction site for one of the Kenyan finan-
cial institutions in Nairobi. This was a multi-billion con-
struction project which required many contractors to
implement its different tasks as shown in Table 3. The
project was decomposed into six tasks thus; T1-Structural
works, T2-Plumbing works, T3-Electrical works, T4-
Mechanical works, T5-Land-scaping works and T6-
Interior design works. The project initiator defined the
requirements for these tasks and sent invitation to regis-
tered potential partners in the Nairobi City County con-
tractors’ database. The project was supposed to be
implemented in 36 months. One of the requirements set
by the project initiator was that potential partners had to
be ISO standard compliant.

For this project to commence, the project initiator, who
was the main contractor, had to get the right partners for
each task (sub-project). Apart from referrals and previous
collaborators in other projects, the initiator had to find the
suitable partners. There were too many applicants and
manual sieving and selection would take long to accom-
plish. It was also necessary that the team selected would
perform optimally and therefore the complimentary
aspect of the team would be beneficial to members. In
this study, selection of partners to only one subproject
(i.e. mechanical works) is demonstrated. The process
was replicated for other subprojects. Seventeen contrac-
tors were identified from the database through the main
consultant.

Step one, involved using DEA to filter out inefficient
companies based on their inputs and outputs. Call for pro-
posals was sent to the remaining members of the enterprise
pool. The second column of Table 4 shows the efficient
enterprises. Based on the data gathered from these enter-
prises and applying DEA, the system found partner enter-
prises 2, 3, 6–9, 11–14, 16 and 17 to be less efficient in
comparison to their competitors (Enterprises 1, 4, 5, 10
and 15), so it eliminated these enterprises from the pool.
From Table 4, partners 1, 4, 5, 10 and 15 are efficient
and thus moves to the next step while partners 2, 3, 6–9,
11–14, 16 and 17 are inefficient and are filtered out.

Step two involved the selection of the best partner for
the subproject. Before this takes place, selection criteria
are weighted by the evaluator according to their impor-
tance in determining the right partner. This study
adopted the selection criteria suggested by Sadigh et al.
(2017b) which are cost, expected completion time, per-
formance trail and level of service. This was done
because Sadigh et al.’s criteria were used in selecting part-
ners for a manufacturing project which closely relate to
building construction project selection criteria.

The cost attribute relates to the best price agreeable to
the client while expected completion time indicates the
optimum time the partner should handover the subproject
to the client through the project initiator. Partner’s per-
formance trail is pegged on its background that entails
quality and on-time delivery records of previous projects.
In regard to service criterion, the degree of customer satis-
faction, after-sales service, and environmental safety
issues are the main sub-criteria used to determine it. The
reputation of the partner is shaped after collecting all
these pieces of information.

Step three entails, computing evaluator’s preference
by applying FAHP technique. The evaluator responds to
the questionnaire questions by indicating the level of
importance of each pair of criteria. Table 5 shows a
filled questionnaire in this study.

Table 3: Tasks and skills requirements for building construction project.

Task
no Task name Task descriptions Task skills’ requirements
T1 Structural works Earth works, form work, reinforcement, concreting, masonry,

roofing and plastering
Civil Eng cert, Civil Eng Test, Civil Eng
project

T2 Plumbing works Pipe works, connection to external works. Plumb cert, Plumb Test, Plumb project
T3 Electrical works Conduits, wiring, fittings, connections to power supply Elec. Eng cert, Elec. Eng Test, Elec. Eng

project
T4 Mechanical works Fixing sleeves, fittings, Mech. Eng cert, Mech. Eng Test, Mech.

Eng project
T5 Land-scaping

works
Earth works, planting, constructing fountain and pipe works Lscape cert, Lscape Test, Lscape project

T6 Interior design
works

Partitioning, paint works, furnishing, decoration Interior des cert, Interior des Test,
Interior des project

Note: Eng-Engineering, cert-certification, plumb-plumbing, Elec-Electrical, Mech-Mechanical, Lscape-Land scaping, des-design.

Table 4: List of considered partners.

Partner’s name Efficient
Enterprise 1 Yes
Enterprise 2 No
Enterprise 3 No
Enterprise 4 Yes
Enterprise 5 Yes
Enterprise 6 No
Enterprise 7 No
Enterprise 8 No
Enterprise 9 No
Enterprise 10 Yes
Enterprise 11 No
Enterprise 12 No
Enterprise 13 No
Enterprise 14 No
Enterprise 15 Yes
Enterprise 16 No
Enterprise 17 No
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Letters A, B, C, D, E represents crisp values 9, 7, 5, 3,
1 respectively.

The data in Table 5 is used to form the performance
decision-matrix as depicted in equation 16.

A =
1 1 3 5
1/1 1 1 3
1/3 1/1 1 1
1/5 1/3 1/1 1

⎛
⎜⎜⎝

⎞
⎟⎟⎠ (16)

In row 1, the criteria are cost, time, performance and
service respectively. Averagely, the evaluations that were
provided by evaluators in this project is shown in Matrix
A. In the matrix, position a1,3 = 3 while a2,4 = 3 which
means that both cases both criteria are strongly important.
Checking consistency of the client’s evaluation of the cri-
teria reveals that CR < 0.1 i.e. lmax = 4.203 while CI =
0.9. Converting elements of matrix A into triangular
fuzzy numbers results in a matrix as in equation 17.

A =
(1, 1, 1) (1, 1, 3) (1, 3, 5) (3, 5, 7)

(0.33, 1, 1) (1, 1, 1) (1, 1, 3) (1, 3, 5)
(0.2, 0.33, 1) (0.33, 1, 1) (1, 1, 1) (1, 1, 3)

(0.14, 0.2, 0.33) (0.2, 0.33, 1) (0.33, 1, 1) (1, 1, 1)

⎛
⎜⎜⎝

⎞
⎟⎟⎠

(17)

Applying Buckley’s fuzzy method and aggregating fuzzy
weights for each criterion, results in the following output
as shown in equation 18.

W1
W2
W3
W4

⎛
⎜⎜⎝

⎞
⎟⎟⎠ =

(0.18, 0.43, 1.11)
(0.10, 0.29, 0.68)
(0.07, 0.18, 0.44)
(0.03, 0.11, 0.25)

⎛
⎜⎜⎝

⎞
⎟⎟⎠ (18)

The criteria fuzzy weights of the fuzzy values are defuzzi-
fied using centre of area method and the results are nor-
malized to obtain the outcome as shown in Table 6.

From Table 6, the evaluator considered price as the
most important criteria at 44.1% while the least important
criterion was service at a paltry 10.7%. This is however

subjective. Researchers are of the opinion that different
evaluators will give different opinions and therefore this
assertion may not always be case. Similar reasoning can
be applied to other criteria, i.e. time and performance.

In step four FAHP is applied in order for the best
partner for the task to be selected and this may also be a
consortium. In this case bidding proposals of the five effi-
cient potential partner companies shown in Table 7.

Data in Table 7 is normalized using the Euclidian
method and the results are shown in Table 8.

In step five, decision-making begins using F-TOPSIS.
The weighted normalized values of potential partners for
the subproject are shown in Table 9.

PIS and NIS of F-TOPSIS are derived from Table 8
which then becomes,

PIS = [0.142, 0.085, 0.078, 0.046], NIS

= [0.165, 0.114, 0.042, 0.028]

Using equations 9 and 10 to compute the overall score of
each potential partner based on Euclidian method, the
results are as shown in Table 10.

The potential partner with the highest closeness ratio is
ranked first and vice versa for the potential partner with the
lowest closeness ratio. From Table 10, potential partner 4
(the third in Table 10) becomes the best candidate at
0.7212 and hence selected for the subproject.

Comparative analysis of FAHP, F-TOPSIS and
FAHP-TOPSIS methods’ results
In this section, final results of the three methods are com-
pared. Each method is preceded by DEA for efficient fil-
tration of inefficient partners. Use of closeness
coefficient ratio (CCR) method defined by Yavuz (2016)
is applied to defuzzify the final fuzzy performance evalu-
ations of partners. Results in Table 11 show similar out-
comes for the three methods. It can be deduced that all
the methods are appropriate for the VE partner selection
decision problem. However, the outcomes differ in their
usability and computation complexity aspects. In the
works by Ertuğrul and Karakaşoğlu (2008), it is shown
that both FAHP and F-TOPSIS have some fundamental
merits as well as limitations. Furthermore, as indicated
by Ertuğrul and Karakaşoğlu (2008) and Lima-Junior,
Osiro, and Carpinetti (2014), studies comparing FAHP
and F-TOPSIS are limited. Moreover, for each technique,
there exist multiple algorithms. Therefore, authors in this
work are of the view that more comparison studies for

Table 5: Questionnaire to determine importance of each partner’s selection criterion.

Indicate how important each of the following criterion is when you are selecting partners for a task in a building construction project. Use
the symbols ‘A to E’ with A being ‘Extremely important’ and E being ‘Equally important’. Choose the symbol which best indicates your
choice

Criteria Cost Time Performance Service
Cost (C ) E E C A
Time (T ) E E C
Performance (P) E E
Service (S) E

Note: A denotes extremely important; B denotes very strongly important; C denotes strongly important; D denotes weakly important; E denotes equally
important.

Table 6: Fuzzy and normalized weights for a client.

Criteria Fuzzy weights Normalized weights
Cost 0.573 0.441
Time 0.358 0.275
Performance 0.230 0.177
Service 0.139 0.107
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these methods should be done with the aim of capturing
their limitations as well as merits as applied in varying
decision problems. The comparative analysis of the three
methods is shown in the following section.

Comparative analysis of FAHP, F-TOPSIS and FAHP-
TOPSIS methods
In literature, the classic AHP and TOPSIS methods’ com-
parative analysis studies are limited. For example, Ertu-
ğrul and Karakaşoğlu (2008) compare FAHP methods
for Chang (1996) and Chen (2000) for a facility location
selection problem. Their findings are then compared to
F-TOPSIS method proposed by Chen, Lin, and Huang

(2006). They present similarities and differences of the
methods. Closely related to this, is the work by Lima-
Junior, Osiro, and Carpinetti (2014) who also conducted
a comparative analysis of FAHP and F-TOPSIS
methods. In their work, Lima-Junior, Osiro, and Carpinetti
(2014) considered seven factors for a supplier selection
process. However, there are concrete claims that then
Chen’s (2000) method used in these works deficiently cal-
culates null weights for comparisons in some cases. Wang,
Luo, and Hua (2008) claim that the same method cannot
estimate the true weights from fuzzy comparison matrix.

It has been reported by Yavuz, Pilli, and Pasham
(2014) and Lima-Junior, Osiro, and Carpinetti (2014)

Table 7: Bidding data of subproject.

Partner Cost (USD (000)) Time (days) Performance Service
Enterprise 1 7.0 14 0.81 0.91
Enterprise 4 5.5 13 0.91 0.82
Enterprise 5 6.0 13 0.83 0.81
Enterprise 10 6.1 12 0.85 0.75
Enterprise 15 5.6 14 0.72 0.72
Sum of squares 183.82 874 3.414 3.2375

Table 8: Normalized bidding values for the subproject.

Partner Cost (USD) Time (days) Performance Service
Enterprise 1 0.362 0.336 0.392 0.433
Enterprise 4 0.356 0.335 0.439 0.385
Enterprise 5 0.353 0.362 0.401 0.385
Enterprise 10 0.368 0.310 0.406 0.366
Enterprise 15 0.350 0.362 0.287 0.346

Table 9: Normalized weighted values for potential partners.

Partner Cost (USD) Time (days) Performance Service
Enterprise 1 0.160 0.093 0.069 0.046
Enterprise 4 0.157 0.093 0.078 0.041
Enterprise 5 0.156 0.100 0.071 0.041
Enterprise 10 0.162 0.085 0.072 0.039
Enterprise 15 0.154 0.100 0.051 0.037

Table 10: Subproject’s potential partners’ closeness to ideal solutions.

Partner
Distance from NIS

(d-)
Distance from PIS

(d+)
Closeness coefficient ratio

(CCR)
Position/Rank

(Pn)
Enterprise 15 (A1) 0.0221 0.0341 0.3870 5
Enterprise 5 (A2) 0.0361 0.0212 0.6281 4
Enterprise 4 (A3) 0.0442 0.0171 0.7212 1
Enterprise 10 (A4) 0.0432 0.0222 0.6591 2
Enterprise1 (A5) 0.0391 0.0210 0.6571 3

Table 11: Comparative analysis of FAHP, F-TOPSIS and Hybrid FAHP-TOPSIS methods.

FAHP F-TOPSIS Hybrid FAHP-TOPSIS

Partner d- d+ CCR Pn d- d+ CCR Pn d- d+ CCR Pn
Enterprise15(A1) 0.1091 1.4202 0.0713 5 2.6902 2.0351 0.4312 5 0.0341 0.0341 0.3870 5
Enterprise5(A2) 0.1891 1.3453 0.1231 4 2.5473 2.2982 0.4741 4 0.0361 0.0212 0.6281 4
Enterprise4 (A3) 0.5116 1.0301 0.3342 1 1.6091 3.0151 0.6522 1 0.0442 0.0171 0.7212 1
Enterprise10(A4) 0.5081 1.0401 0.3282 2 1.6911 2.8063 0.6241 2 0.0432 0.0222 0.6591 2
Enterprise1 (A5) 0.3312 1.2032 0.2161 3 1.8702 2.7411 0.5940 3 0.0391 0.0210 0.6571 3
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that Chen’s method also fails to assign weights to some
criteria. It is imperative that more studies should be
carried out to compare FAHP with F-TOPSIS. The
studies should justify findings about FAHP method other
than Chen’s method. To achieve this proposal, this study
presents a comparative analysis of the following
methods; FAHP proposed by Csutora and Buckley’s
(2001), F-TOPSIS proposed by Chen’s (2000) and the pro-
posed hybrid FAHP-TOPSIS. The study considers four of
Lima-Junior, Osiro, and Carpinetti (2014)’s seven com-
parison factors. Factors include (1) adequacy to changes
of decision criteria; (2) agility in the decision process;
(3) computational complexity; and (4) number of decision
criteria.

For each construction related VE partner selection
situation, there are certain decision criteria and partners
for consideration. It is necessary to employ a decision-
making method that will produce a consistent preference
order of partners. In using the first factor thus, adequacy
to changes of decision criteria and partners in the analy-
sis, the effect of inclusion and exclusion of decision cri-
teria to the final ranking of each technique is tested. For
the three techniques, no change is produced in the final
ranking of partners when decision criteria are excluded
from the model. Fifteen experiments are carried out
for each inclusion of criterion; each experiment incor-
porating an additional criterion with rating equal to
one of the existing criteria. In each technique, it is
shown that inclusion of additional criterion produces a
significant change in the final score of partners. Apart
from this observation, there are no other significant
changes in the final scores of partners and the ranking
order in most of the experiments.

As shown in Figure 5a and 5b, in FAHP’s analysis,
partner 4 (labelled A4) and 3 (labelled A3) which are
ranked first and second, switch places, when the additional
criterion has an importance weight equal to C4’s.

Similar observation is made for F-TOPSIS technique
analysis as shown in Figure 6a and 6b when the additional
criterion has an importance weight equal to the C3’s. Indi-
cations show that a change in criterion weight, leads to
ranking reversal of partners for both FAHP and F-
TOPSIS methods.

In Figures 7a and 7b, addition of a new criterion does
not cause a change in the ranking of partners in the analy-
sis of the proposed FAHP-TOPSIS method. This is
observed when the additional criterion has an importance
weight equal to C1’s weight. However, the rating of part-
ners in position two and three has almost equal measure-
ment (see Figure 7b).

The second task in the comparison analysis was deter-
mining the agility of each technique in the decision
process. For this study, authors believe that the agility
should be determined by the amount of judgments
required from the project initiator for the three methods.
For the n number of potential partners and m decision cri-
teria, total number of required judgments in FAHP is
expressed by Lima-Junior, Osiro, and Carpinetti (2014) as:

J FAHPn,m = m
m− 1

2

( )
+ m n

n− 1

2

( )[ ]
. (19)

In the F-TOPSIS method, according to Lima-Junior,
Osiro, and Carpinetti (2014), the total number of required
judgment is given as:

JF-TOPSISn,m = m(1+ n). (20)

For the proposed FAHP-TOPSIS method, the total number
of required judgments is a combination of the criteria
evaluation judgments of both FAHP and F-TOPSIS

Figure 5: FAHP changes for criteria tests’ results. (a) Results before additional criterion weighted same as C4. (b) Results after additional
criterion weighted same as C4.

Figure 6: TOPSIS changes for criteria tests’ results. (a) Results before additional criterion weighted same as C3. (b) Results after
additional criterion weighted same as C3.
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methods, as shown in equation (21).

JFAHP-TOPSISn,m = m
m− 1

2

( )
+ mn

= m
m− 1

2

( )
+ n

[ ]
. (21)

Based on equations 19–21, Figure 8 shows the number of
judgments for the three methods when the number of cri-
teria vary from 2 to 9. For instance, it is shown that judg-
ments required for FAHP, F-TOPSIS and FAHP-TOPSIS
are approximately 60, 30 and 35 respectively. Increase in
the number of decision criteria, results in drastic increase
in number of judgments for FAHP as opposed to obser-
vations for the other two (see Figure 8a and b). It is
observed that FAHP-TOPSIS outperforms the FAHP
method. However, its performance is slightly worse com-
pared to the F-TOPSIS method. It is visibly clear that per-
formance of F-TOPSIS is better than both FAHP and
FAHP-TOPSIS methods in all cases and provides agility
in the decision process.

The third factor for comparison analysis is compu-
tational complexity. This study borrows from works by
both Chang (1996) and Lima-Junior, Osiro, and Carpinetti
(2014) for similar contextual research and uses time com-
plexity to compare the computational complexity of these
methods. Time complexity measures the number of times
of multiplications and logical operations within the
methods (Lima-Junior, Osiro, and Carpinetti 2014). For
n potential partners and m decision criteria, number of
operations the FAHP method requires to compute is:

TFAHP
n,m = n(3n+ 7)+ nm(3m+ 7)+ 14m. (22)

Similarly, according to Lima-Junior, Osiro, and Carpinetti
(2014), F-TOPSIS method requires 20 nm operations to
compute as shown in equation (23).

TF-TOPSIS
n,m = 20nm. (23)

Since FAHP-TOPSIS method is a combination of the two
methods, the operations required to compute complexity
is:

TFAHP-TOPSIS
n,m = n(3n+ 7)+ 20nm. (24)

This study compares two methods at a time for their time
complexity variation depending on the number of decision
criteria and potential partners. Results are shown in
Figure 9. Figures 9a and 9b show that the performance
of FAHP is the worst among the three methods.
However, the performance of F-TOPSIS is best among
the three methods. As shown in Figure 8b and 8c,
FAHP-TOPSIS performs better than FAHP but slightly
worse than the F-TOPSIS method. For this experiment,
it is indicated that FAHP, F-TOPSIS and FAHP-TOPSIS
methods require approximately 1080, 500 and slightly
over 600 operations respectively.

The fourth factor used to carry out comparison analy-
sis is the limitations of the number of decision criteria and
partners (alternatives) in each technique. From the litera-
ture and as stated by Lima-Junior, Osiro, and Carpinetti
(2014), there are no reported restrictions available on the
number of decision criteria and partners for the F-
TOPSIS method. However, Saaty (1980) suggested that
the number of decision criteria or partners to be compared
should not exceed nine for AHP method. This was to
avoid compromising the project initiator’s judgment and

Figure 7: Fuzzy AHP-TOPSIS changes for criteria tests’ results. (a) Results before additional criterion weighted same as C1. (b) Results
after additional criterion weighted same as C1.

Figure 8: Agility in the decision process tests’ results.
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its consistency. Authors in this study suggest this reason-
ing is also applicable to FAHP as it uses AHP’s approach
to capture project initiator’s judgments. However, in
FAHP-TOPSIS method, this limitation is only valid for
the number of decision criteria, as FAHP method is
employed for the importance evaluations of the decision
criteria.

Comprehensive comparative analysis done in this
study has helped demonstrate performances of these tech-
niques. In the adequacy to changes of decision criteria
tests, when a new criterion was introduced, FAHP-
TOPSIS method’s results did not change while there
were noticeable changes in the ranking of partners for
both FAHP and F-TOPSIS methods. The tests for the
agility in the decision process showed that FAHP-
TOPSIS performed better than FAHP in cases with
many partners. However, F-TOPSIS had the best perform-
ance among the three methods in computational complex-
ity test in all cases.

In the consideration to the limitations in the number
of criteria and partners in the three methods, it is shown
that FAHP is the most affected. Increase in the number
of items for comparison drastically increases the number
of comparisons to a certain limit before a noticeable
decline in consistency of judgments is observed. This
observation mirrors how human mind works where it
can pose consistent judgments of comparisons not
beyond a certain limit before registering decline in judg-
ments. In the FAHP-TOPSIS method, the limitation
experienced in FAHP is only valid for its number of cri-
teria when FAHP is employed for the evaluation of
importance of weight of decision criteria. This limitation
is void in the F-TOPSIS method. Nonetheless, in all
cases, it is shown that FAHP-TOPSIS exhibits satisfac-
tory performance and it is practical for the VE partner
selection decision with respect to multiple conflicting
criteria.

Discussions and conclusion
The literature has shown that FAHP and F-TOPSIS
methods are preferred in the studies investigating the
applicability of various fuzzy MCDM methods in differ-
ent decision problems. Furthermore, hybrid MCDM
methods have gained popularity in studies as they over-
come limitations of individual methods. A hybrid
method, FAHP-TOPSIS is proposed in this study

which combines the advantages of both FAHP and F-
TOPSIS with the intention of clarifying the use of
fuzzy MCDM techniques and testing their applicability
on a VE partner selection decision problem. FAHP-
TOPSIS is embedded to DEA that filters out inefficient
partners before FAHP determining the decision criteria
importance and F-TOPSIS evaluating the partners
based on the decision criteria. As is shown all three
methods achieve the same performance ranking of
partners.

This study has proposed a hybrid based bid evaluation
methodology for VE formation when selection criteria are
uncertain in nature. Partner Evaluation and Selection
Problem in the construction industry is a MCDM
problem which can be represented hierarchically. DEA-
FAHP-TOPSIS approach can be used to solve problems
of this nature. Incorporating fuzzy logic in AHP could
solve variability aspects of human evaluations.

By applying the DEA method before beginning the
partner evaluation process, the system can eliminate inef-
ficient enterprises from the list of partners who have
shown interest in submitting their bids for consideration.
Further, to cope with uncertainties arising from evaluator
preferences and order variation, FAHP method is used to
interpret subjective evaluator preferences to arithmetic
data. Additionally, a decision criteria hierarchy was estab-
lished by considering the most crucial criteria in the evalu-
ation of partners. The FAHP–TOPSIS partner evaluation
algorithm finds the best possible partners to join a VE con-
sortium and complete the subprojects of the main project
before it is handed over to the client.

The proposed technique is useful and can be applied in
several real life decision-making situations that involve
factors that are imprecise and uncertain and difficult to
quantify using crisp values. It considers the variability
nature of human decision factors and allows flexibility
maintaining accuracy and correctness. Moreover, it effi-
ciently filters out all unnecessary qualified potential part-
ners only allowing the most qualified potential partners
for possible considerations. This reduces amount of time
that could be wasted if every interested participant was
allowed to participate. If the process is fast tracked,
there is more time for the selected partners to carry out
the real work of fulfilling the clients’ orders.

Using FAHP-TOPSIS method, the ranking of the
selection factors was: cost, time, performance and

Figure 9: Time complexity tests’ results.
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service with normalized weights of 0.441, 0.275, 0.177
and 0.107 respectively. The highest weight on cost criteria
is due to the customer requirement of requiring a product
at an affordable cost as the most critical part of the order,
followed by the time it will take to get the product ready,
and then the performance of the product (quality). The
current researchers believe that performance could have
been given a higher priority. This result could be due to
the use of only a few evaluators. A positive outcome
would have been possible had more evaluators been
involved. The purpose of the study was to increase the effi-
ciency of the technique but it is turning out that its accu-
racy requires further tests.

The number of companies considered for this case
were seventeen (17). Probably if the number was
higher, the results would have been different.
However, the objective of the study was achieved
despite the sample data. It is believed if the number of
companies were higher, possibly more than five (5)
would have met the criteria. It is suggested that addition
of more filtering criteria would still reduce the resulting
number into a manageable. The case study presented
was a simplified version of the real-life scenario as the
purpose was to demonstrate the applicability of the tech-
nique and its use in real case scenario. It would have
been interesting to see the results had a more detailed
case study with a lot of requirements and expectations
been presented and the techniques were applied to
several other cases from different domains. This would
have shown effectiveness and generalizability.

This study has proposed a technique for evaluation and
selection of partners. The operation and performance
evaluation of partners and therefore the benefits each
partner is likely to bring to the consortium can be
implemented using techniques proposed in Andres et al.
(2017), Nyongesa, Musumba, and Chileshe (2017) and
Musumba and Wario (2017).

This technique combined the advantages of DEA (fil-
tering excess applicants based on their perceived effi-
ciency), FAHP (able to deal with imprecise selection
criteria) and F-TOPSIS (able to use more than 9 AHP rec-
ommended alternatives) and therefore it is better than
either any of them or a combination of any two of them.
At the time of this study, there was no such technique in
literature. This technique can be complimentary to exist-
ing project management methods and it can be used as
the initial process to create the right teams before
management.

It is also shown in this study an analysis of a VE
partner selection decision problem using FAHP, F-
TOPSIS and FAHP-TOPSIS. From post analysis discus-
sions with the project initiator, it has been revealed that
decision-makers can employ fuzzy MCDM methods to
enable them identify the factors that affect their decisions
with more clarity and accuracy. The paper has compared
the three methods and demonstrated that FAHP-TOPSIS
technique is the most suitable and applicable to VE
partner selection decision problems compared to FAHP
and F-TOPSIS. It is proposed that it could be a more com-
prehensive precursor to reliable VE partner selection
decision-making processes.

Recommendations and future works
Inasmuch as this study has proposed a solution for the core
partner evaluation and selection phase for a VE; there are
still a number of areas which are of concern:

. There is recommendation of a technique that can be used
to evaluate and score the background performance of
potential partners. This is useful especially where the
partners are participating for the first time as a possible
VE member and they do not have any record about
their past.

. Lack of tools to determine trustworthiness of proposals
can jeopardize the whole process. This is because enter-
prises may end up overestimating their capabilities. They
may then suggest competitive proposals by being well
ahead of their rivals, probably even being selected for
the subproject only for serious problems to emerge in
the operational phase. Also, potential partners may
provide inaccurate information which may end up affect-
ing their performance and result in a waste of resources
like time and finances by both clients and other
collaborators.

. This study focused primarily on MCDM technique in
VE where evaluations were done by either individual
client or project initiator. It is recommended that
group-based evaluations where consensus is key
should be proposed.

. Agent-based VE modelling technique applications that
can incorporate this technique should be further
investigated.

. FAHP-TOPSIS method has been designed and applied in
a building construction project in this study. However, it
is not shown how each enterprise after having been
selected for VE will contribute. Future works should
endeavour to bring this aspect out.

. Researchers propose that possibilities of generalization
of the findings of this study should be investigated.
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