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Abstract: Public–private partnership (PPP) infrastructure projects have attracted attention over the
past few years. In this regard, the selection of private partners is an integral decision to ensure its
success. The selection process needs to identify, scrutinize, and pre-qualify potential private partners
that sustain the greatest potential in delivering the designated public–private partnership projects.
To this end, this research paper proposes an integrated multi-criteria decision-making (MCDM)
model for the purpose of selection of the best private partners in PPP projects. The developed
model (HYBD_MCDM) is conceptualized based on two tiers of multi-criteria decision making. In
the first tier, the fuzzy analytical network process (FANP) is exploited to scrutinize the relative
importance of the priorities of the selection criteria of private partners. In this respect, the PPP
selection criteria are categorized as safety, environmental, technical, financial, political policy, and
managerial. In the second tier, a set of seven multi-criteria decision-making (MCDM) algorithms is
leveraged to determine the best private partners to deliver PPP projects. These algorithms comprise
the combined compromise solution (CoCoSo), simple weighted sum product (WISP), measurement
alternatives and ranking according to compromise solution (MARCOS), combinative distance-based
assessment (CODAS), weighted aggregate sum product assessment (WASPAS), technique for order
of preference by similarity to ideal solution (TOPSIS), and FANP. Thereafter, the Copeland algorithm
is deployed to amalgamate the obtained rankings from the seven MCDM algorithms. Four real-world
case studies are analyzed to test the implementation and applicability of the developed integrated
model. The results indicate that varying levels of importance were exhibited among the managerial,
political, and safety and environmental criteria based on the nature of the infrastructure projects.
Additionally, the financial and technical criteria were appended as the most important criteria across
the different infrastructure projects. It can be argued that the developed model can guide executives
of governments to appraise their partner’s ability to achieve their strategic objectives. It also sheds
light on prospective private partners’ strengths, weaknesses, and capacities in an attempt to neutralize
threats and exploit opportunities offered by today’s construction business market.

Keywords: public–private partnership; infrastructure projects; multi-criteria decision making; fuzzy
analytical network process; combined compromise solution; simple weighted sum product
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1. Introduction

Evidently, rapid social and economic growth is continuing to engender massive de-
mand from governments for investment in public infrastructure projects all over the
world [1,2]. Such mounting pressures on governments, in addition to worldwide economic
decline, mandates innovative project delivery systems, such as public–private partner-
ship, which covers a wide spectrum of infrastructure projects, services, and/or facilities for
public use [3,4]. At the global level, there is a steadily widening gap between the call for sus-
tainable infrastructure facilities and the resources present for financing these investments
from government budgets. Garvin [5] reported that PPP has been established as the most
renowned choice for engaging private sector experience, knowledge, quality, discipline, and
arrangements into the delivery of public projects and services, other than private financing.
As a result, the possibility of private financing for complex construction projects in relation
to PPP projects have become an increasingly crucial factor in international competition.
PPP is increasingly adopted by many countries around the world in collaboration with
private sector management expertise and discipline and alongside private financing. This
public–private cooperation enables accomplishing greater value for investments, fostering
more buildable, sustainable, and creative designs, and diminishing capital and operating
costs while maintaining higher construction standards [6,7]. However, many PPP projects
are abandoned or even called off due to several risks, such as the significant difference
between public and private sector anticipations and the absence of incentives to draw
sustainable financing from private funding sources at reasonable rates [8,9]. These risks
vary from one project to another [10,11].

The quintessence of public–private partnership lies in the compilation of private
project execution, private capital, and the delivery of public projects or services. A public–
private partnership is an amalgamation of objectives and tasks of the two sectors with
varying goals. The goal of the public sector lies in accommodating political or social well-
being. On the contrary, the private sector aims to cooperate for commercial and financial
purposes, which can be addressed through its rate of return [12–14]. Hence, the interac-
tion and linkage between the private and public sectors are prominent for the successful
implementation of PPP projects because a deteriorating relationship would easily result
in controversy, misunderstanding, conflict, and dispute. Examining which factors can
promote or hinder this relationship is quintessential for the success of PPP projects [15].
Necessitated factors for the successful delivery of PPP projects have been studied and iden-
tified by researchers; such factors can be delineated as risk identification and management,
strategic financing strategies, procurement protocols, tendering processes, concessionaire
selection methods and attributes, and government’s roles and responsibilities [16,17]. In
general, a PPP project’s private partner is awarded their contract through a public tender,
serving the public’s interest by means of competition among contractors [18]. The most im-
portant factor prior to starting the PPP project is the selection process of the private partner.
Proper selection of a private-sector partner who is able to adequately perform throughout
the PPP development process is strategically important for the project’s success [19,20].
The failed delivery of PPP projects induces notable political, economic, and social losses to
the government [21].

In light of the foregoing, the paramount objective of this research paper was to de-
sign an integrated model to usher public sector and designated governmental entities in
the identification and evaluation of private partners in PPP infrastructure projects. To
accomplish the main objective of this study, the following sub-objectives needed to be
fulfilled:

1. Study and determine the selection criteria for analyzing public–private partners in
infrastructure projects.

2. Design an integrated multi-criteria decision-making model for selecting the best
private partner.

3. Validate the developed model using different case studies of infrastructure projects.
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The remainder of this research study is outlined in the following manner. Section 2
enumerates previous research efforts pertaining to the assessment of public–private part-
nerships. Section 3 describes the major components and steps of the developed MCDM
model. Section 4 reports the different computational procedures of the MCDM algorithms
used in this study. Section 5 expounds on the data collection processes necessitated to build
the developed model. Section 6 elucidates the results of four real case studies based in
Africa. Section 7 reports a critical analysis of the obtained results in the previous section.
Section 8 highlights the primary conclusions, limitations of this research, and usefulness of
the developed model.

2. Literature Review

This section reports some of the previously developed models for the selection of
private partners. It also delineates some of the MCDM-based studies in supply chain
management.

2.1. Previous Research Studies

This section explores some of the previous attempts to address the selection process
of private partners in construction projects. Table 1 summarizes some of the previous
research studies designated for examining critical success factors (CSFs) in PPP projects.
Several researchers have explicated various critical success factors needed for embracing
PPP projects. Liang and Jia [22] identified the prominent success factors for PPP projects.
Questionnaire surveys were distributed to garner feedback from professionals of construc-
tion management. Exploratory factor analysis was performed to explore scores provided by
respondents. The empirical findings showed that substantial correlations existed between
short term goals of PPP projects, stakeholders’ objectives, and benefits to community and
industry. Muhammad and Johar [23] evaluated the differences and similarities of critical
success factors that impact successful implementation of PPP housing projects in Nigeria
and Malaysia. A mixed research method of interviews and questionnaire surveys was in-
corporated to define and prioritize the influential critical success factors. It was manifested
that action against errant developers was the top CSF in Malaysia followed by consistent
monitoring and then house buyer’s demand in third place. In addition, a stable political
system was ranked as the most important CSF in Nigeria and a reputable developer was
ranked second, while equitable risk allocation was in the third rank.

Table 1. Summary of previous research attempts devoted for analyzing success factors in PPP projects
(authors’ own work).

Reference Year Analysis Technique Significant Factors (F)/Obstacles (O)

Liang and Jia [22] 2018 Exploratory factor analysis
Short-term goals of PPP projects, stakeholders’
objectives, and benefits to community and
industry (F)

Muhammad and Johar [23] 2019 Relative importance index Action against errant developers and
consistent monitoring (F)

Kavishe and Chileshe [24] 2019 Qualitative analysis of
semi-structured interviews

Dedicated team of professionals to oversee the
PPP projects (F)

Helmy et al. [25] 2020 Structural equation modelling Managerial and operational and legal-related
factors (F)

Alteneiji et al. [26] 2020 Relative importance index
Good governance, government commitment,
commitment and responsibility of the public
and private sectors (F)

Abukeshek et al. [27] 2021 Relative importance index
Efficient safety management plan, efficient
project performance modeling and efficient
quality management plan (F)

Surachman et al. [28] 2021 Delphi method and analytical
hierarchy process

Community readiness, private sector readiness
and public sector readiness (F)
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Table 1. Cont.

Reference Year Analysis Technique Significant Factors (F)/Obstacles (O)

Adiyanti and Fathurrahman [29] 2021 Qualitative analysis Asset quality, strength of consortium, political
environment (F)

Chourasia et al. [30] 2021 PLS-SEM Cooperative environment, process
characteristics and private characteristics (F)

Ngulie et al. [31] 2021 Relative importance index Transparent procurement process, public
awareness and detailed project planning (F)

Batra [32] 2021 Thematic analysis Bureaucratic procedures, legislative
mechanism and procurement process (O)

Kandawinna et al. [33] 2022 Weighted mean average and
relative importance index

Transparency in procurement, communication
between parties, and appropriate risk
allocation (F)

Osei-Kyei et al. [34] 2022
Kendall’s coefficient of

concordance, mean score and
one-way analysis of variance

Affordability, reduced social isolation of
residents and improvement of emotional
well-being of residents (F)

Othman and Khallaf [35] 2022 Relative importance index
Political and regulatory barriers (O) and
skilled and efficient parties alongside
well-prepared contract documents (F)

Ongel et al. [36] 2023 Analytical network process
Contractor’s expertise besides technical and
management competencies, and resource
availability (F)

Kukah et al. [37] 2023

Delphi survey, mean score
ranking, Kendall’s coefficient of

correlation and Cronbach’s alpha
coefficient

Shared authority, communication and trust
between private and public sector, and
necessity of power project (F)

Zhang et al. [38] 2023 ISM and MICMAC
Absence of enabling institutional environment,
government reliability, and inadequate study
and insufficient data (O)

Kien et al. [39] 2023 Mean score method
Transparent legal framework, public and
private commitments and responsibilities, and
transparency in bidding (F)

Kavishe and Chileshe [24] delved into critical success projects of PPP housing projects
in Tanzania. Semi-structured interviews alongside qualitative methods were utilized for
data collection and its processing. The top critical success factor was a dedicated team of
professionals to oversee the PPP projects. Likewise, official and unofficial site visits and
inspection were second, and then government support and guarantees in the third rank.
Helmy et al. [25] analyzed CSFs that affect the success of PPP projects in the Egyptian
educational sector. They defined 21 factors that were categorized into four clusters, namely
financial and economic, legal, political in addition to managerial and operational. The
results of questionnaire surveys were then analyzed using structural equation modelling.
It was inferred that managerial and operational factors constitute the highest level of
importance followed by legal factors.

Alteneiji et al. [26] explored critical success factors for the execution of PPP in afford-
able housing projects. Questionnaire surveys were distributed to solicit feedback from the
professionals in relation with the importance of the identified seventeen critical success
factors. A relative importance index was then computed for each critical success factor
independently based on a five-point Likert scale. They ranked good governance, gov-
ernment commitment, commitment and responsibility of the public and private sectors,
political support and stability, and favorable legal framework as the highest implicating
critical success factors. Abukeshek et al. [27] examined CSFs necessitated for the successful
delivery of PP in sports infrastructure projects. The significance level of each CSF was
perceived using relative importance index. They inferred that the most paramount CSFs
are an efficient safety management plan and then an efficient project performance modeling
followed by an efficient quality management plan.
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Surachman et al. [28] explored CSFs of water PPP projects in Indonesia. They im-
plemented a combined framework of Delphi method and analytical hierarchy process
(AHP) to rank CSFs from the perspective of pertinent stakeholders. They highlighted that
community readiness is the most important CSF followed by private sector readiness in the
second place and then public sector readiness comes in the third place.

Adiyanti and Fathurrahman [29] studied key critical success factors for proper im-
plementation of PPP in drinking water projects. Eleven factors were identified based on
phone call interviews and governmental performance reports, and qualitative analysis was
used for systematized analysis of the garnered data. The top five CSFs were found to be
asset quality, strength of consortium, political environment, commitment of partners and
national PPP unit. Chourasia et al. [30] analyzed the interdependencies between CSFs in
PPP airport projects. Their study incorporated determining five main latent variables of
government characteristics, public characteristics, private characteristics, process character-
istics and cooperative environment. Likewise, they relied on partial least square structural
equation modeling (PLS-SEM) to explore this interrelatedness. They pointed out that a
cooperative environment is highly impactful on process characteristics, meanwhile process
characteristics sustain a lesser influence on private characteristics.

Ngulie et al. [31] investigated potential CSFs for the implementation of PPP in munici-
pal solid waste projects. A relative importance index was adopted to sort out the conceived
critical success factors. They indicated that both the private and public sector mostly agree
on the most significant CSFs. Batra [32] probed the obstacles and challenges for effective
execution of PPP housing projects. The data were gathered through case studies, previous
literature studies, interviews and questionnaire surveys. Thematic analysis was then uti-
lized for qualitative scrutinization of the collected data. They identified the bureaucratic
procedures, legislative mechanism and procurement process as the prominent hurdles of
PPP housing projects.

Kandawinna et al. [33] analyzed CSFs for the successful adoption of PPP in higher-
education-related projects. They used weighted mean average and relative importance
index for measuring the criticality level for each of the tackled factors. It was highlighted
that the top three critical success factors were transparency in procurement, communication
between parties, and appropriate risk allocation. Osei-Kyei et al. [34] looked into the critical
indicators for the implementation of PPP in retirement village projects. They utilized
Kendall’s coefficient of concordance, mean score and one-way analysis of variance in their
work. It was derived that the three most significant factors were affordability, reduced
social isolation of residents and improvement of emotional well-being of residents.

Othman and Khallaf [35] identified key factors and barriers in renewable energy
PPP projects. In addition, they investigated the risk severity of main barriers. They
illustrated that political and regulatory barriers are the primary obstacles in renewable
energy PPP projects. Additionally, skilled and efficient parties alongside well-prepared
contract documents were regarded as the vital CSFs. Ongel et al. [36] created a MCDM-
based model for exploring CSFs in healthcare PPP projects. They identified thirty-three
CSFs that fell under the umbrella of six main clusters. They deployed an analytical network
process (ANP) to mark the relative importance of priorities for each CSF. They derived that
the most prominent CSFs are contractor’s expertise besides technical and management
competencies, and resource availability.

Kukah et al. [37] evaluated the critical success factors of PPP power projects. A
two-round Delphi survey was leveraged to prepare a list of critical success factors. They
were assessed by the help of mean score ranking, Kendall’s coefficient of correlation and
Cronbach’s alpha coefficient. The perceived topmost factors included shared authority,
communication and trust between the private and public sector besides necessity of power
project. Zhang et al. [38] mapped a set of barriers for implementing PPP in remediation
projects. The Delphi method was adopted to refine the retrieved list of barriers from the
literature. The interrelationships between the barriers alongside their hierarchical structure
were examined using interpretative structural modeling (ISM) and Cross-Impact Matrix
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Multiplication Applied to Classification (MICMAC). Their analysis demonstrated absence
of enabling institutional environment, government reliability and inadequate study and
insufficient data as the most notable barriers. Kien et al. [39] addressed the factors affecting
the success of PPP transportation projects. In this context, the mean score method was
leveraged to sort the identified influencing factors. According to their results, it was
indicated that adequate and transparent legal framework, public and private commitments
and responsibilities, and transparency in bidding as the foremost success factors. Apart
from MCDM-based models, adaptive stochastic models were newly introduced in the
areas of project management and PPP projects. Wang et al. [40] estimated countries’
experience in PPP projects implementation stepping on the Bayesian hierarchical model.
Kowalska-Styczeń et al. [41] proposed a stochastic game method to allocate staff to projects.
In their method, a multi-step stochastic game algorithm for random graph coloring can
provide an adaptive self-learning within uncertain conditions. Their model involves the
use of binary segmentation to look into the number and position of change points. Then,
these change points were accommodated as informative priors in their Bayesian model.
In view of the reported studies, it can be understood that there is a growing need for
PPP projects as a result of the limited amount of funds available for government, which
necessitates the development of a methodical method for the selection of private partners.
It can be also conceived that despite several research efforts addressing PPP projects, there
is lack of structured and synthesized method for evaluating and selecting private partners
in PPP projects that can house the various and key aspects of these projects meanwhile
accommodating the uncertainties and interdependences pertaining to the selection process.
In this context, the majority of the perceived studies shed light on possible critical success
factors and potential barriers depending on type of project and its location. Nonetheless,
little attention was paid to the selection of private partners. It is also conceived that there
is notable lack of research work on PPP for infrastructure projects in Africa. PPP can play
a vital role in infrastructure development, which contributes to Africa’s 2063 agenda and
sustainable development goals [42–45]. Likewise, examining current literature elucidates
that there is a lack of investigation of integrated MCDM models that can compile the
strengths of a set of MCDM models and circumvent the shortcomings of utilizing single
MCDM models.

2.2. MCDM in Supply Chain Management

The selection of sustainable suppliers is one of the paramount decisions in construction
supply chain management. Usually, MCDM-based methods are adopted to address such
problems. Cengiz et al. [46] assessed construction material suppliers stepping on an
analytical network process. Their assessment process was established on 10 main judging
criteria such as supplier profile, cost, time, geographical location, payment method, etc.
Wang et al. [47] created an integrated framework for the selection of resilient construction
suppliers. The weights of decision criteria were interpreted using an analytical hierarchy
process. GRA was subsequently harnessed to rank suppliers according to their resilience
performance. He and Zhang [48] built a hybrid model that encompassed the utilization of
factor analysis, data envelopment analysis and AHP. Factor analysis was first implemented
to filter the judging indicators. This is followed by the application of data envelopment
analysis (DEA) for creating the pairwise comparison matrices, and then AHP for sorting out
cement suppliers. Yazdani et al. [49] incorporated a combination of decision-making trial
and evaluation laboratory (DEMATEL) and best worth method (BWM) to find the weights
of factors affecting supplier selection in construction supply chain planning. CoCoSo-
G was then leveraged to assign a performance score for each supplier and sort them
accordingly. Matić et al. [50] presented an integrated MCDM model for appraising suppliers
in construction supply chains. The full consistency method (FUCOM) was first applied
to identify the weights of social, environmental and economic criteria. Then, a rough
complex proportional assessment (COPRAS) algorithm was developed to sort suppliers in
construction companies.



Mathematics 2023, 11, 3559 7 of 41

Yazdani et al. [51] carried out a risk-based assessment of green suppliers. They utilized
DEMATEL algorithm to estimate the weights of selection criteria. Secondly, evaluation
based on distance from average solution (EDAS) algorithm was deployed to compare
the suppliers’ performances. Marzouk and Sabbah [52] presented a MCDM-based model
that capitalizes on social indicators of sustainability assessment. The analytical hierarchy
process was first employed to find the weights of 17 relative attributes like annual number
of accidents, gender diversity, working hours, safety practices, among others. TOPSIS
was then applied to rank construction suppliers under consideration. Hoseini et al. [53]
introduced fuzzy-based model for sustainable supplier selection. In it, fuzzy best worst
method (FBWM) was exploited to estimate the weights of social, environmental and
economic attributes. A weighed fuzzy inference system was then designed to identify the
most sustainable supplier. Dewi and Ramadhani [54] proposed a hybrid ANP-MARCOS
model for ranking green suppliers in the construction industry. They implemented ANP
to analyze their financial and environmental attributes, and MARCOS was undertaken to
define the best green supplier. Tushar et al. [55] envisioned an integrated MCDM model
for picking a circular supplier in construction domain. Their model comprised the use of a
fuzzy analytical hierarchy process (FAHP) to assign relative weights to the selection criteria.
Preference ranking organization method for enrichment of evaluations II (PROMETHEE II)
was performed to prioritize circular suppliers from best to worst.

3. Research Methodology

The prominent objective of this research paper is to support governmental agencies
with a decision-making platform for evaluation and prioritization of potential private
partners for public–private partnership infrastructure projects. The framework of the devel-
oped research framework is outlined in Figure 1. The selection criteria are retrieved from
reviewing previous literature studies on PPP infrastructure projects [4,56–75] alongside
interviews with experts. To this end, a list of 34 selection criteria was defined in this study
(9 main criteria and 25 sub-criteria). This list was amended by 12 professional experts in the
field of PPP infrastructure projects for their assessment and verification. In this context, face
to face interviews with experts were carried out to revise the identified selection factors.
To ascertain prolific interviews, a list of questions and key discussion matters were sent
before the designated dates of interviews so that interviewees could have sufficient time
to prepare and garner related information. In addition, e-mails were sent to a group of
practitioners, professionals, consultants and clients. Respondents rendered their feedback
and suggestions in relation with the most important criteria. Hence, the criteria list was
further tuned, and thus it compiled 23 selection criteria composed of 5 main criteria and
18 sub criteria. Table 2 reports the compiled list of selection criteria of private partners.

Questionnaire surveys were then created to specify the level of relative importance of
the selection criteria of private partners. In this regard, the fuzzy analytical network process
is exploited in this research study to interpret relative importance priorities of selection
criteria of private partners. Classical ANP and their crisp values are incapable of address-
ing inherent uncertainties and ambiguities accompanied with human cognition. Hence,
FANP is leveraged herein to resolve intrinsic vagueness and imprecision associated with
experts’ subjective judgements [76–78]. Although analytical hierarchy process is widely
used to deal with multi-criteria decision-making problems in real circumstances [79–81],
it fails to provide satisfactory results in situations that need modelling interrelations and
interactions between selection criteria being considered. Additionally, ANP is advised over
other methods like full consistency method, best–worst method and level-based weighted
assessment in situations that necessitate structured and interdependency-based modeling
of complex problems [82,83]. To this end, FANP is utilized to accommodate interdepen-
dencies and influences between PPP selection criteria [84–87]. Furthermore, FANP was
successfully and broadly implemented in diverse engineering-related applications. These
comprised landfill site location [88], sustainability assessment of textile wastewater tech-
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niques [89], prioritization of green building materials [90] and sorting of cyclone readiness
activities [91].
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Table 2. Main and sub criteria for evaluation of private partners in public private partnership
infrastructure projects (authors’ own work).

Main Criteria Sub-Criteria References

Financial (C1)

C11-Equity/Debt
Interviews with experts,
[4,56,57,60–72,74]

C12-Government Control on tolls/tariffs

C13-Financial Capacity

C14-Foreign Financing

Technical (C2)

C21-Capacity of design firm and its proposed
design standers

Interviews with experts,
[4–56,61,63,66,67,70,73,75]C22-Operation and maintenance policy

C23-Construction program and ability to meet its
targeted milestone

C24-Proposed Construction technology and
methods

Safety and Environment (C3)

C31-Proposed Environmental policy and
management plan Interviews with experts,

[4,56,57,59,60,65,74]C32-Conformance to laws and regulations

C33-Qualification/experience of safety and
environmental personal

Managerial (C4)

C41-Demonstrated experience in delivery of
similar projects

Interviews with experts,
[4,41–45,47,49,52,53,56,59]C42-Acceptance of risk transfer

C43-Leadership and allocation of responsibilities
in the association

C44-Working and contractual relationships
among Participants

Political (C5)
C51-Understanding of Legal requirements

Interviews with experts, [62,69,71]C52-Compliance with Permit requirements

C53-Compliance with boycott trade laws

No single MCDM model can guarantee the accuracy and robustness of evaluation
processes in engineering-related applications [92–94]. Each MCDM model has its own
advantages and shortcomings depending on the application [95,96]. Moreover, given the
different basic rationale of each MCDM algorithm, different algorithms do not compile
a single solution when attempting to solve real-world problems even when using the
same pool of input data [97–99]. This entails the development of hybrid MCDM models
that can blend endorse individual strengths and circumvent their weaknesses, inducing
a reliable final outcome of multi-criteria decision making [100–102]. To this end, the
developed HYBD_MCDM model leverages the use of seven multi-criteria decision making
algorithms for the sake of prioritizing private partners in PPP infrastructure projects.
These algorithms encapsulate CoCoSo, WISP, MARCOS, CODAS, WASPAS, TOPSIS and
FANP. In this regard, the developed HYBD_MCDM model accommodates expert-based
method (FANP) alongside ranking-based methods (CoCoSo, WISP, MARCOS, CODAS,
WASPAS and TOPSIS) for sorting out private partners. This is expected to envision proper
integration between human judgment and performance score-based assessment resulting
in more efficacious decision. CoCoSo improves the accuracy of decision making, offers
proper distinction between alternatives under consideration, and minimally impacted
by their removal or addition [103,104]. WISP is a recently utility-based MCDM method
that is simple and ranks alternatives in a systematized and accurate manner [105,106].
MARCOS is another new MCDM method that is accurate in dynamic environment and
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it is highly stable against rank reversal phenomenon [107–109]. CODAS is a relatively
advanced distance-based MCDM that ranks alternatives in a methodical scheme based on
combining two types of distance: Euclidean and Taxicab [110,111]. The main advantage of
WASPAS lies in its hybrid nature that can simultaneously combine weighed sum model
and weighed product model [112,113]. Another advantage is its computational simplicity
and robustness against rank reversal [114–116]. TOPSIS is acknowledged as one of the most
renowned and practical methods in engineering domain [117,118]. It is also characterized
by its straightforwardness, flexibility and easy interpretation [119,120].

The symbol “NUM_MCDM” alludes to the number of used MCDM algorithms used
in this research study. Hence, this research paper Copeland algorithm to blend the obtained
rankings of seven MCDM algorithms into a final ranking of private partners. Copeland
algorithm evinced its efficiency in dealing with complex and practical case studies such
as evaluation of stormwater management alternatives [121], prioritization of road mainte-
nance actions [122] and sustainability assessment of built environment [123]. The developed
model is validated using four real PPP infrastructure projects in North Africa. The symbol
“NUM_EX” alludes to the number of real projects tested in the present research paper. The
correctness of the developed HYBD_MCDM is examined through three tiers. The first tier
involves adopting Spearman’s rank correlation analysis to measure the similarities between
the generated rankings from the investigated MCDM models [124–126]. In the second tier,
the obtained rankings from the developed HYBD_MCDM model are compared against
CoCoSo, WISP, MARCOS, CODAS, WASPAS, TOPSIS, FANP and weighted product model
(WPM). The third tier incorporates performing sensitivity analysis to test the stability of the
developed model against variations in the changes in the weights of PPP selection criteria.

4. Model Development

This section describes some of the algorithms used in this research paper. Due to space
size limitations, FANP, CoCoSo, WISP, MARCOS, CODAS, WASPAS and TOPSIS are only
explained herein. More information about the computational procedures of TOPSIS and
Copeland algorithms can be found from Wu et al. [127] and Mohseni et al. [128].

4.1. FANP

This study adopts a fuzzy interval rather than crisp values for accommodating the
intrinsic uncertainties in this multi-criteria decision-making problem. Hence, the developed
model relies on FANP that uses Chang’s extent analysis method [129] to compute the relative
importance weights of selection criteria. It is selected herein owing to their ease of computa-
tion, low computational requirements, and wide commonality when compared against other
FAHP approaches [130–132]. Furthermore, it can integrate both quantitative and qualitative
data inputs. In Chang’s extent analysis method, a triangular fuzzy number is used for
dealing with uncertainties and expressing linguistic evaluations of experts [133–135]. In ad-
dition, triangular fuzzy numbers are characterized by their wide applicability in similar civil
engineering problems [136–139] and relative simplicity in modeling and calculation [140,141].

The membership of a triangular fuzzy number is denoted by three real numbers of
(l, m, u). Equation (1) depicts a mathematical representation of the triangular membership
function.

µA(x) =


(x−l)
(m−l) ; l ≤ x ≤ m
(u−x)
(u−m)

; m ≤ x ≤ u
0; otherwise

(1)

A pairwise comparison is performed for every design criterion against other remain-
ing criteria as shown in Equation (2). In this context, the term “aij” elucidates the level
of relative influence of the i-th element when assessed against the j-th element, with re-
spect to the control criterion. This study uses the triangular fuzzy scale proposed by
Kahraman et al. [142] as expounded in Figure 2. As can be seen, the linguistic variables are
depicted in the form of triangular fuzzy numbers. In this study, there are five linguistic
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variables of equally important (EI), moderately important (MI), strongly important (SI),
very strongly important (VSI) and absolutely important (AI). Their corresponding fuzzy
numbers are [1/2, 2, 3/2], [1, 3/2, 2], [3/2, 2, 5/2], [2, 5/2, 3] and [5/2, 3, 7/2], respectively.

∼
A =

(∼
a ij

)
m×n

=


(1, 1, 1) (l12, m12, u12) . . . (l1n, m1n, u1n)

(l21, m21, u21) (1, 1, 1) . . . (l2n, m2n, u2n)
...

...
...

...
(ln1, mn1, un1) (ln2, mn2, un2) . . . (1, 1, 1)

 (2)
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The values of fuzzy synthetic analysis with regard to the i-th object are presented in
Equation (3).

∼
Si =

n

∑
j=1

∼
a ij
⊗[

n

∑
k=1

n

∑
j=1

∼
akj

]−1

(3)

The degrees of possibility of
∼
Si ≥

∼
Sj are then obtained by using Equations (4) and (5).

V
(∼

Si ≥
∼
Sj

)
= supy≥x

[
min

(∼
Si(x),

∼
Sj(y)

)]
(4)

V
(∼

Si ≥
∼
Sj

)
=


1 mi ≥ mj

ui−lj
(ui−mi)+(mj−lj)

lj ≤ ui i.j = 1, . . . , n; j 6= i

0 otherwise

(5)

where:
∼
Si = (li, mi, ui),

∼
Sj =

(
lj, mj, uj

)
and V

(∼
Si ≥

∼
Sj

)
stand for the ordinates associated

with the highest intersection point.

The next step involves obtaining the degree of possibility for
∼
Si to be more than all the

other (n− 1) convex fuzzy numbers Sj as presented in Equation (6).(∼
Si ≤

∼
Sj

∣∣∣∣j = 1, 2, . . . , n, i 6= j
)
= minj∈(1,...,n)i 6=j

[
V
(∼

Si ≥
∼
Sj

)]
(6)

The final step comprises finding the normalized priority vector W = (w1, w2, . . . , wn)
T

using Equation (7).

Wi =

V
(∼

Si ≥
∼
Sj

∣∣∣∣j = 1, 2, . . . , n, i 6= j
)

∑ n
k=1V

( ∼
Sk ≥

∼
Sj

∣∣∣∣j = 1, 2, . . . , n, j 6= k
) (7)
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The generated eigenvectors from the pair-wise comparison matrices are compiled
in an arranged pattern to create a matrix named the supermatrix. The column vector
represents the impact, with regard to a base control criterion, of a certain group of elements
of a component on a specific element of another or the same component present at the
top. If no relationship is present between two elements, the respective entry is zero in
the supermatrix. The weighted supermatrix is generated by mapping the influence of all
clusters. Then, the limit supermatrix is then obtained by raising the weighted supermatrix
to a large power until it converges [143]. The values stored in the limit supermatrix denote
the desired relative importance priorities for selection criteria of PPP.

4.2. CoCoSo

COCOSO is one of the recent MCDM algorithms that was presented by Yazdani et al. [142].
This algorithm ranks a pre-defined set of alternatives based on merging simple additive weight-
ing and exponentially weighted product models. The steps of the COCOSO algorithm are
presented in detail as follows [144]:

The compromise normalization processes for the cost and benefit attributes are per-
formed using Equations (8) and (9), respectively.

rij =
max

i
xij − xij

max
i

xij −min
i

xij
(8)

rij =
xij −min

i
xij

max
i

xij −min
i

xij
(9)

where:
rij is the normalized measure of performance of the i-th alternative on the j-th criteria.
The weighted compatibility sequence (Si) and power weight of compatibility se-

quences (Pi) for each alternative are computed using Equations (10) and (11), respectively.

Si =
n

∑
j=1

wj×rij (10)

Pi =
n

∑
j=1

(
rij
)wj (11)

The relative weights of tackled alternative are compiled using three aggregation
techniques. Equation (12) demonstrates the sum of arithmetic mean for the sums of scores
of weighted sum and weighted product models. Equation (13) demonstrates the sum
of relative scores of weighted sum and weighted product models assessed to the best.
Equation (14) demonstrates a compromise trade-off between the scores of weighted sum
and weighted product models. Usually, the value of the parameter λ is assumed as 0.5 or it
can be set based on the experts’ judgements.

Kia =
Si + Pi

∑ m
i=1Si + Pi

(12)

Kib =
Si

min
i

Si
+

Pi

min
i

Pi
(13)

Kic =
(λ)Si + (1− λ)Pi

(λ)max
i

Si + (1− λ)max
i

Pi
, 0 ≤ λ ≤ 1 (14)
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The final score associated with each alternative is calculated using Equation (15). In
this respect, the alternatives are ranked in a descending arrangement, whereas higher
values of Ki indicate more significant alternatives.

Ki = (Kia ×Kib ×Kic)
1
3 +

1
3
(Kia + Kib + Kic) (15)

4.3. WISP

WISP is a newly developed MCDM algorithm that blends four relationships between
the benefit and cost attributes to interpret the overall utility of the alternative. The steps of
WISP algorithm are delineated in the following lines [106]:

The normalized decision matrix is established using Equation (16) in order to convert
the input decision matrix into normalized unitless values.

rij =
xij

max
i

xij
(16)

where:
rij is a normalized dimensionless value of the i-th alternative on the j-th criteria.
The next step comprises computing four utility measures for the benefit and cost

attributes using Equations (17)–(20).

uwsd
i = ∑

jεΩmax

rij ×wj − ∑
jεΩmin

rij ×wj (17)

uwpd
i = ∏

jεΩmax

rij ×wj − ∏
jεΩmin

rij ×wj (18)

uwsr
i =

∑ jεΩmax rij ×wj

∑ jεΩmin rij ×wj
(19)

uwpr
i =

∏ jεΩmax rij ×wj

∏ jεΩmin rij ×wj
(20)

where:
uwsd

i and uwpd
i represent the difference between the impact of benefit and cost at-

tributes on the final utility of alternative i based on weight sum and weighted product
models, respectively. uwsr

i and uwpr
i represent the ratio of benefit and cost attributes on the

final utility of alternative i based on weight sum and weighted product models, respectively.
The four utility measures are re-calculated using Equations (21)–(24).

u−wsd
i =

uwsd
i(

1 + uwsd
maxi

) (21)

u−wpd
i =

uwpd
i(

1 + uwpd
maxi

) (22)

u−wsr
i =

uwsr
i(

1 + uwsr
maxi

) (23)

u−wpr
i =

uwpr
i(

1 + uwpr
maxi

) (24)

where:
u−wsd

i , u−wpd
i , u−wsr

i and u−wpr
i stand for the normalized recalculated values of uwsd

i ,

uwpd
i , uwsr

i and uwpr
i , respectively. The values of uwsd

i and uwsr
i can be negative, positive
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or zero. Hence, they should be translated into the interval [0, 1] using Equations (21)–(24)
before calculating the overall utility of each alternative.

The overall utility of each alternative is computed using Equation (25). In this regard,
the tackled alternatives are sorted in a descending manner, whereas the largest overall
utility value indicates a more preferred alternative.

ui =
1
4

(
u−wsd

i + u−wpd
i + u−wsr

i + u−wpr
i

)
(25)

4.4. MARCOS

MARCOS is a novel MCDM algorithm that was first presented by Stević et al. [107]. It
comprises the following computational procedures:

The ideal and anti-ideal solutions are defined hinging on the nature of attributes. In
this regard, anti-ideal (AAI) and ideal (AI) solutions are regarded as the solutions with
worst and best characteristics, respectively (see Equations (26) and (27)).

AI = max
i

xij if jεB and

min
i

xij if jεC (26)

AAI = min
i

xij if jεB and

max
i

xij if jεC (27)

where:
C and B represent the cost and benefit attributes, respectively.
The normalization of the elements in the decision matrix is performed by applying

Equations (28) and (29), respectively.

nij =
xai

xij
if jεC (28)

nij =
xij

xai
if jεB (29)

The weighted normalized matrix is then obtained through the multiplication of the
normalized matrix by the weights of criteria as shown in Equation (30).

vij =
n

∑
j=1

nij×wj (30)

In this step, the utility degrees of different alternatives are obtained, such that the
utility degrees with respect to anti-ideal and ideal solutions are generated by applying
Equations (31) and (32), respectively.

K−i =
Si

Saai
(31)

K+
i =

Si

Sai
(32)

Such that,

Si =
n

∑
i=1

vij (33)

where:
Si is the summation of elements in the weighted decision matrix.
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The next step is to compute the utility functions of each alternative (f(Ki)), which is a
trade-off value of the alternatives with respect to anti-ideal and ideal solutions. The utility
functions of alternatives can be obtained using Equation (34).

f(Ki) =
K+

i + K−i

1 +
1−f(K+

i )
f(K+

i )
+

1−f(K−i )
f(Kp

i )

(34)

Such that,

f(K−i ) =
K+

i
K+

i + K−i
(35)

f(K+
i ) =

K−i
K+

i + K−i
(36)

where:
f
(
K−i
)

and f
(
K+

i
)

stand for the utility functions with respect to anti-ideal and ideal
solutions, respectively. In addition, the rankings of alternatives are addressed on the basis
of values of final utility functions, whereas higher values of f(Ki) implicate more desirable
alternative.

4.5. CODAS

CODAS is a MCDM algorithm that evaluates the desirability level of alternatives
counting on two measures, namely Euclidean distance and Taxicab distance from the nega-
tive ideal solutions [145]. In this regard, Euclidean distance is the prominent assessment
measures, whereas if the two alternatives sustain the same Euclidean distance. Then,
Taxicab distance is utilized as a secondary measure to assess the designated alternatives.
The procedures of CODAS algorithms are presented in the following lines [94]:

The first step incorporates the use of linear normalization to standardize the input
decision matrix using Equations (37) and (38).

nij =
xij

max
(
xij
) if jεNb (37)

nij =
min

(
xij
)

xij
if jεNc (38)

where:
Nc and Nb stand for the cost and benefit attributes criteria, respectively.
The second step involves computing the weighted normalized decision matrix using

Equation (39).
vij = nij ×wj (39)

The negative ideal solution is then identified through Equations (40) and (41).

ns =
[
nsj
]

1×m (40)

nsj = min
i

(
vij
)

(41)

The next step involves interpreting the Euclidean (Ei) and Taxicab (Ti) distances of
alternatives from negative ideal solutions using Equations (42) and (43), respectively.

Ei =

√√√√ n

∑
j=1

(
vij − nsj

)2 (42)
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Ti =
n

∑
j=1

∣∣vij − nsj
∣∣ (43)

The fifth step comprises obtaining the relative assessment matrix as given in
Equations (44) and (45).

Ra = [hik]n×n (44)

hik = (Ei − Ek) + Ψ(Ei − Ek)× (Ti − Tk) (45)

where:
k ε {1, 2, 3, 4, 6, . . . , n}. Ψ is a threshold function that specifies the equality of the

Euclidean distances of two alternatives, and it is determined using Equation (46).

Ψ(x) =
{

1 if |x| > τ

0 if|x| < τ
(46)

where:
τ stands for a threshold parameter, which usually ranges between 0.01 and 0.05, and it

is set as 0.02 in this research paper. In addition, it is worth pointing out that if the difference
between the Euclidean distance of the alternative is more than the threshold value. Hence,
Taxicab distance is used to compare the design alternatives.

The last step involves computing the overall assessment score as given in Equation (47).
In this context, higher values of Hi induce a better rank for the alternative.

Hi =
n

∑
k=1

hik (47)

4.6. WASPAS

WASPAS is one of the MCDM algorithms that was first proposed by Zavadskas et al. [146],
whereas it offers a unique blending between the widely-known MCDM algorithms of weighted
sum model (WSM) and weighted product model (WPM). In this respect, the basic step-by-step
procedures of WASPAS are presented in the following lines [144]:

The first procedure is the normalization of the input decision matrix. The normaliza-
tion processes of the benefit and cost indicators are carried out using Equations (48) and (49),
respectively.

x−ij =
xij

max
(
xij
) (48)

x−ij =
min

(
xij
)

xij
(49)

where:
x−ij is the normalized measure of performance of the i-th alternative with regard to the

j-th indicator.
The total relative importance of the i-th alternative on the basis of the weighted sum

model and weighted product model can be obtained with the help of Equations (50) and (51),
respectively.

Q(1)
i =

n

∑
j=1

wj × x−ij (50)

Q(2)
i =

n

∏
j=1

x−
wj
ij (51)



Mathematics 2023, 11, 3559 17 of 41

The joint relative importance of the i-th alternative can be obtained using the general
Equation (52) based on compiling the preference scores retrieved from the weighted sum
model and weighted product model.

Qi = λQ(1)
i + (1− λ)Q(2)

i = λ
n

∑
j=1

wj × x−ij + (1− λ)
n

∏
j=1

x−
wj
ij (52)

where:
λ is a coefficient of WAPAS that lies between zero and one. WASPAS behaves as WSM

if λ = 1, and it is transformed to WPM if λ = 0. In this research paper, λ is taken as 0.5 to
assume a proper tradeoff between WSM and WPM.

4.7. TOPSIS

TOPSIS is a MCDM algorithm that was first proposed by Hwang and Yoon [147]. The
first step is the normalization of performance scores as shown in Equation (53).

rij =
xij√

∑ m
i=1x2

ij

(53)

The next step involves obtaining the weighted normalized matrix through multiplying
the normalized decision matrix by the weights of criteria (see Equation (54)).

vij = rij ×wj (54)

The third step is the identification of ideal and negative ideal solutions using Equation (55).
They are determined based on the type of criteria under consideration (benefit or cost).

A+ =
{(

max vij
∣∣j ∈ J

)
,
(
min vij

∣∣j ∈ J′
)
, i = 1, 2, 3 . . . M

}
=
{

v+
1 , v+

2 . . . . . . . . . v+
N
}

(55)

A− =
{(

min vij
∣∣j ∈ J

)
,
(
max vij

∣∣j ∈ J′
)
, i = 1, 2, 3 . . . M

}
=
{

v−1 , v−2 . . . . . . . . . v−N
}

(56)

where:
J = {j = 1, 2, 3, . . . . . . . . . N|j associated with benefit criteria} (57)

J′ = {j = 1, 2, 3, . . . . . . . . . N|j associated with cost criteria} (58)

The fourth step is to compute the separate distance of each design alternative from the
ideal and negative solutions using Equations (59) and (60), respectively.

s+i = (
n

∑
j=1

(vij − v+
j )

2
)

1
2 (59)

s−i = (
n

∑
j=1

(vij − v−j )
2
)

1
2 (60)

The last step is computing the relative closeness for each alternative using Equation (61).
The alternatives are sorted in a descending manner, whereas larger values of closeness coeffi-
cient denote better design alternatives.

c∗i =
s−i

s∗i + s−i
(61)
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4.8. Sensitivity Analysis

A sensitivity analysis is conducted to evaluate the robustness of the developed MCDM
model. The present research study accommodates the one at a time (OAT), which is
regarded as one of the most common methods for performing sensitivity analysis in multi-
criteria decision analysis [148–150]. Herein, the OAT method is carried out by altering
the weight of an earmarked PPP selection criteria from 20% to 100% with a percentage
increment (step) of 20%. The weights of other PPP selection criteria are then calibrated
proportionally to satisfy the additivity constraint. Hitherto, if the weight of the main
changing PPP selection criteria under consideration is varied from w_pppi to w_ppp0

i .
Hence, the weights of the remaining PPP selection criteria are adjusted proportionally
using Equation (62).

w_pppj =
(1−w_pppi)(
1−w_ppp0

j

) ×w_ppp0
j (62)

where:
w_pppj and w_ppp0

j are the updated and old weights of the remaining PPP selection
criteria. w_pppi and w_ppp0

j denote the new and original weights of the main changing
criteria, respectively.

5. Data Collection

A questionnaire survey was mapped based on the selected criteria, and it was sent to
experts and practitioners in the area of public–private partnership infrastructure projects in
each project country. Hence, different importance weights are obtained for each case study
that can accommodate their different technical, financial and demographic characteristics.
Questionnaire surveys were sent to respondents either in hard copy or online format. The
pool of respondents comprised personnel from the ministry of transportation in Libya,
the African development bank in Morocco, the African development bank in Libya, the
Ministry of infrastructure in Ghana, the Ministry of finance in Kenya, and the Ministry of
national infrastructure and road safety in Nigeria, among others. For Libya, 35 experts were
approached. Yet, a total of 30 responses were gathered, which comprised 8, 16 and 6 from
public clients, private companies and academics, respectively. In addition, 26 out of 35, 12
out of 20 and 11 out of 20 were received in Tunisia, Ivory Coast and Senegal, respectively.
The respondents were categorized by capitalizing on their position level and number of
experience years in infrastructure projects as depicted in Figure 3.

It can be observed that 16% and 41% of responses were obtained from directors of
infrastructure management and project managers, respectively. Additionally, it was found
that 16% of responses were from directors of infrastructure management. Moreover, it
can be viewed that 32% and 28% of respondents had 6–10 and 11–15 years of experience,
respectively. The respondents were asked to fill pairwise comparison matrices for the main
criteria and sub-criteria of private partners. In them, the selection criteria were assessed
based on nine category scale. Three set of questions (A, B and C) were prepared in order to
assess the selection criteria of PPP and determine the appropriate private partner. Table 3
explicates the set of questions earmarked for the evaluation of private partners in the
developed model. The question set C is iterated for other tackled private partners. In the
question set C, the expert is asked to identify an answer from a predefined discrete list of
available options (absolutely satisfied, extremely satisfied, more than satisfied, satisfied,
fairly satisfied, satisfied to some extent and not satisfied at all).
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Table 3. Description of specified questions opted for the assessment of private partners (authors’
own work).

Title Description

Question A It aims to understand which one of the five main criteria has the greatest influence on the
selection process of private partners alongside the extent of their influence.

Question B-1 Which of the private partners exhibits the highest financial support and to what extent?

Question B-2 Which of the private partners holds the highest technical expertise and to what extent?

Question B-3 Which of the private partners sustains the highest support pertaining to safety and
environment, and to what extent?

Question B-4 Which of the private partners has the highest level of managerial expertise and to what
extent?

Question B-5 Which of the private partners exhibits the high level of political support?

Question C-1
For private partner A, considering the financial capability with respect to the technical,
safety and environment, managerial and political policy. How much are you satisfied with
the capability of this private partner in addressing this project?

Question C-2
For private partner A, considering the technical capability with respect to the safety and
environment, managerial and political policy. How much are you satisfied with the
capability of this private partner in addressing this project?
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Table 3. Cont.

Title Description

Question C-3
For private partner A, considering the safety and environment perspective with respect to
the managerial and political policy aspects. How much are you satisfied with the
capability of this private partner in addressing this project?

Question C-4
For private partner A, considering the managerial perspective with respect political policy
aspects. How much are you satisfied with the capability of this private partner in
addressing this project?

A sample of the pairwise comparison matrix of financial criteria is delineated in
Figure 4. For instance, the expert is asked to specify the degree of importance of equity/debt
when compared against foreign financing with respect to their impact on financial criteria.
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Figure 4. Sample of pairwise comparisons with respect to financial criteria (authors’ own work).

Each private partner was evaluated by ten experts against each of the five judging
attributes. The experts’ evaluation addresses the partner capacity to deliver the best
practice of the PPP selection attributes. Tables 4 and 5 explicate a summary of the expert’s
assessment for private partners A and B in case study I.

Table 4. Experts assessment results for private partner A in case study I (authors’ own work).

Experts Opinions for Private Partner A

Selection criteria 1 2 3 4 5 6 7 8 9 10 Average

Financial 1 2 4 3 1 3 5 3 3 1 2.60

Technical 3 4 4 1 3 4 5 3 2 1 3.00

Safety and
Environmental 3 4 3 1 2 3 1 5 2 1 2.50

Managerial 2 3 4 2 4 3 2 3 2 4 2.90

Political 3 2 4 3 1 2 3 4 2 5 2.90
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Table 5. Experts assessment results for private partner B in case study I (authors’ own work).

Experts Opinions for Private Partner B

Selection criteria 1 2 3 4 5 6 7 8 9 10 Average

Financial 3 4 3 3 5 4 3 3 2 3 3.3

Technical 4 3 4 3 3 2 3 4 4 3 3.3

Safety and
Environmental 2 3 4 2 1 5 3 2 4 5 3.1

Managerial 3 4 3 3 2 4 3 4 3 2 3.1

Political 3 4 4 3 2 3 4 2 3 2 3

6. Model Implementation

The developed model is deployed on four real projects from four African countries,
namely Ivory Coast, Libya, Tunisia, and Senegal. These projects differ with regard to their
type, location, cost and concession period. The variability in the project characteristics
plays a role in measuring and verifying the efficaciousness of the developed model. The
first case study is a toll bridge located in Ivory Coast, and its cost and concession period are
USD 282 million and 30 years, respectively. It is composed of two three-lane carriageways
with a total length of 1.5 km. The second case study is a highway in Libya extending for
approximately 1700 km. Its cost and concession period are EUR 2033 million and 40 years,
respectively. The third case study encompasses upgrading a 270 km highway in Tunisia
with cost and concession period of EUR 58.1 million and 30 years, respectively. The fourth
case study comprises the construction of 20.4 km toll highway in Senegal with cost and
construction period of EUR 64 million and 25 years, respectively.

The developed FANP network is designed to capture multiple levels of dependencies
such as dependencies between main selection criteria and overall goal, interdependencies
of sub-criteria with each other, and dependencies between sub-criteria and private partners’
alternatives. Table 6 demonstrates the fuzzy judgment matrix for the five selection criteria
with respect to the overall goal (case study I). In this regard, the linguistic terms and
respective fuzzy intervals are used for computing the weights of selection criteria. Based
on Chang’s extent analysis method, the normalized weights of financial criteria, technical
criteria, safety and environment criteria, managerial criteria, and political criteria are 26.6%,
23.2%, 10.9%, 22.7% and 16.6%, respectively. It can be noticed that the highest weight
is given to the financial criteria followed by technical criteria. This is a result of the due
consideration of the huge impact of equity and debt.

Table 6. Fuzzy judgment matrix of selection criteria for private partners (case study I) (authors’
own work).

Goal C1 C2 C3 C4 C5

C1 (1,1,1) (3/2,2,5/2) (1/2,1,3/2) (1,3/2,2) (1/2,1,3/2)

C2 (2/5,1/2,2/3) (1,1,1) (1,3/2,2) (1,1,1) (1/2,1,3/2)

C3 (2/3,1,2) (1/2,2/3,1) (1,1,1) (1/2,2/3,1) (1,1,1)

C4 (1/2,2/3,1) (1,1,1) (1,3/2,2) (1,1,1) (3/2,2,5/2)

C5 (2/3,1,2) (2/3,1,2) (1,1,1) (2/5,1/2,2/3) (1,1,1)

Table 7 explicates the sub-criteria of private partner selection (SC1–SC4). It can be
observed that equity/debt (37.41%), construction program and ability to meet its targeted
milestone (55.25%) and conformance to laws and regulations (35.79%) are the most impor-
tant sub-criteria under the financial criteria, technical criteria and safety and environment
criteria, respectively. In addition, acceptance of risk transfer (42.1%), and understanding of
legal requirements (40%) are found to be the most important sub-criteria under the man-
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agerial criteria and political criteria, respectively. The priority weights for the sub-criteria
regarding the private partners’ alternatives are then determined. The final priorities of the
four private partners based on FANP is represented in Table 8. It should be highlighted
that herein private partner 1, private partner 2, private partner 3 and private partner 4
are denoted by P1, P2, P3 and P4, respectively. In addition, the terms I, II, III and IV are
used to denote case studies I, II, III and IV, respectively. Priority index (PI) is used to reflect
the preference of each private partner alternative. It is interfered that P3I is the optimum
private partner to deliver this project and then P2I and P1I were ranked in the second and
third places, respectively. In this regard, the PI of P3I, P2I and P1I are 0.361, 0.268 and 0.218,
respectively.

Table 7. Relative weights of private partner selection sub-criteria (case study I) (authors’ own work).

Sub Criteria
Criteria

C1 C2 C3 C4 C5

SC1 37.41% 14.55% 33.33% 22.29% 40%

SC2 32.27% 15.2% 35.79% 42.1% 38.82%

SC3 28.77% 55.25% 30.88% 20% 21.18%

SC4 1.55% 15% --- 15.61% ---

Table 8. Priority vector of private partners based on FANP (case study I) (authors’ own work).

Private Partner Priority Index Rank

P1I 0.154 4

P2I 0.268 2

P3I 0.361 1

P4I 0.218 3

Table 9 summarizes the weights of the selection criteria of public private partnerships.
It can be noticed that technical and financial aspects are the most important in case study I,
political aspect occupies the highest rank in case study II. In addition, financial aspect is
the most paramount criteria in case studies III and IV.

Table 9. Weights for the selection criteria of public–private partnerships (authors’ own work).

Selection
Criteria Case Study I Case Study II Case Study III Case Study IV

C1 35% 27.5% 36.5% 26.6%

C2 35% 25% 20.9% 23.2%

C3 7.5% 6% 19.1% 10.9%

C4 7.5% 10% 21% 22.7%

C5 15% 31.5% 2.5% 16.6%

Table 10 reports the ranking indices and order of private partners based on CoCoSo,
WISP, MARCOS, CODAS, WASPAS, TOPSIS and FANP. A closeness coefficient (cci) is used
to define the ranking order of private partners based on TOPSIS. It is obvious that CoCoSo,
WISP, MARCOS and TOPSIS agree on the ranking of four private partners. Although FANP
resembles CoCoSo, WISP, MARCOS and TOPSIS on the ranking of first and fourth private
partners, it disagrees with them in the ranking of second and third private partners. It can
be also observed that significant discrepancies are obtained in the rankings of CODAS and
WASPAS. For instance, P1 and P4 are found to be the best private partners according to
CODAS and WASPAS, respectively.
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Table 10. Ranking of private partners based on the investigated MCDM algorithms (case study I)
(authors’ own work).

Private
Partner

CoCoSo WISP MARCOS CODAS WASPAS TOPSIS FANP

Kic Rank ui Rank f(Ki) Rank Hi Rank Qi Rank cci Rank PI Rank

P1 0 4 0.178 4 0.548 4 0.08 1 0.444 3 0 4 0.154 4

P2 144.779 3 0.202 3 0.624 3 −0.032 3 0.306 4 0.381 3 0.268 2

P3 206.666 1 0.250 1 0.772 1 −0.089 4 0.521 2 1 1 0.361 1

P4 168.711 2 0.216 2 0.667 2 0.040 2 0.604 1 0.554 2 0.218 3

Tables 11–13 report the ranking indices and order of investigated MCDM algorithms
for case studies II, III and IV. In case study II, the alternative denoted as “P2II” is chosen as
the top priority private partner based on WISP, MARCOS, CODAS, WASPAS, TOPSIS and
FANP. Moreover, the aforementioned algorithms provide the exact same rankings of P3II
and P1II as the second and third preferred alternatives, respectively. However, CoCoSo
obtained comparatively different results yielding P3II and P2II as the first and second
preferred alternatives, respectively. It is worth noting that all seven MCDM algorithms
appended P1II as the least preferable private partner in delivering the highway project.
With regard to case study III, the majority of MCDM algorithms (CoCoSo, WISP, MARCOS
and WASPAS) identified P2III as the top priority private partner. Nonetheless, TOPSIS
and CODAS selected P3III as the best private partner while FANP determined P1III as
the best private partner. It can also be argued that significant disagreements are obtained
by the rankings of MCDM algorithms when attempting to deal with case study III when
compared against other case studies. With respect to case study IV, it can be seen that all
seven MCDM algorithms dictated P3IV, P4IV, P1IV and P5IV as the first, second, third and
sixth most preferred private partners, respectively. Additionally, slight discrepancies are
encountered in the rankings of P2IV and P6IV.

Table 11. Ranking of private partners based on the investigated MCDM algorithms (case study II)
(authors’ own work).

Private
Partner

CoCoSo WISP MARCOS CODAS WASPAS TOPSIS FANP

Kic Rank ui Rank f(Ki) Rank Hi Rank Qi Rank cci Rank PI Rank

P1II 1.414 3 0.208 3 0.602 3 −0.059 3 0.497 3 0.113 3 0.245 3

P2II 2.318 2 0.243 1 0.703 1 0.039 1 0.583 1 0.766 1 0.488 1

P3II 3.135 1 0.223 2 0.646 2 0.019 2 0.534 2 0.313 2 0.267 2

Table 12. Ranking of private partners based on the investigated MCDM algorithms (case study III)
(authors’ own work).

Private
Partner

CoCoSo WISP MARCOS CODAS WASPAS TOPSIS FANP

Kic Rank ui Rank f(Ki) Rank Hi Rank Qi Rank cci Rank PI Rank

P1III 1.165 3 0.235 3 0.645 3 −0.047 3 0.576 3 0.134 3 0.485 1

P2III 14.29 1 0.247 1 0.678 1 0.01 2 0.606 1 0.711 2 0.301 2

P3III 7.690 2 0.245 2 0.672 2 0.036 1 0.601 2 0.712 1 0.214 3
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Table 13. Ranking of private partners based on the investigated MCDM algorithms (case study IV)
(authors’ own work).

Private
Partner

CoCoSo WISP MARCOS CODAS WASPAS TOPSIS FANP

Kic Rank ui Rank f(Ki) Rank Hi Rank Qi Rank cci Rank PI Rank

P1IV 3.626 3 0.206 3 0.673 3 0.036 3 0.497 3 0.572 3 0.153 3

P2IV 2.201 5 0.184 5 0.602 5 −0.056 4 0.444 5 0.395 5 0.119 5

P3IV 5.275 1 0.250 1 0.818 1 0.261 1 0.604 1 1 1 0.325 1

P4IV 4.204 2 0.222 2 0.728 2 0.259 2 0.537 2 0.720 2 0.158 2

P5IV 1.134 6 0.163 6 0.535 6 −0.425 6 0.394 6 0.240 6 0.103 6

P6IV 2.991 4 0.191 4 0.624 4 −0.075 5 0.461 4 0.445 4 0.142 4

Tables 14 and 15 elucidate the results of Copeland across the four case studies. It shows
the wins, losses, final score and final ranking of each private partner. The consolidated
rankings of private partners are determined based on garnering the number of wins and
losses of each private partner across the seven investigated MCDM algorithms. It can be
seen that P3I is the most superior private partner in case study I with three wins and zero
losses while P4I is ranked second with two wins and one loss. It is also indicated that
P2II is the best private partner in case study II with two wins and zero losses while P1II
is ranked third with two losses and zero wins. P2II outranked the remainder of private
partners in case study III with two wins and zero loss. It is also found that P2III is ranked
second with one win and one loss. Concerning case study IV, P3IV outperformed other
private partners accomplishing five wins and zero losses. In addition to that, P4IV was
found to be the second preferred private partner with four wins and one loss.

Table 14. Final rankings of private partners in accordance with Copeland algorithm (case studies I
and II) (authors’ own work).

Private
Partner

Case Study I Case Study II

Wins Losses Final Score Final Rank Wins Losses Final Score Final Rank

P1 0 3 −3 3 0 2 −2 3

P2 1 2 −1 4 2 0 2 1

P3 3 0 3 1 1 1 0 2

P4 2 1 1 2 --- --- --- ---

P5 --- --- --- --- --- --- --- ---

P6 --- --- --- --- --- --- --- ---

Table 15. Final rankings of private partners in accordance with Copeland algorithm (case studies III
and IV) (authors’ own work).

Private
Partner

Case Study III Case Study IV

Wins Losses Final Score Final Rank Wins Losses Final Score Final Rank

P1 0 2 −2 3 3 2 1 2

P2 2 0 2 1 1 4 −3 5

P3 1 1 0 2 5 0 5 1

P4 --- --- --- --- 4 1 3 3

P5 --- --- --- --- 0 5 −5 6

P6 --- --- --- --- 2 3 −1 4
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Figure 5 reports Spearman’s rank correlation coefficients between the investigated
seven MCDM models. Figure 6 shows a Kednall tau correlation matrix for the investigated
MCDM models. The values stored herein are obtained based on taking the average of the
values of Spearman’s rank correlation coefficient or Kendall tau rank correlation coefficient
over the four case studies. It is observed that a perfect correlation exists between the four
MCDM models of HYBD_MCDM, WISP, MAROCS and WPM. In addition to that, high
Spearman’s correlation and Kendall tau correlation lie between the pairs (HYBD_MCDM,
WPM), (WISP, WPM), (MARCOS, WPM) and (WASPAS, WPM). In this context, their
Spearman’s rank correlation coefficients were 0.9. Furthermore, Kendall tau rank correlation
between the aforementioned pairs of MCDM algorithms is 0.833. It is also derived that
weak Spearman’s correlation are exhibited between the pairs (CoCoSo, CODAS), (CODAS,
FANP) and (WASPAS, FANP), whereas their correlation coefficients were equal to 0.286
and −0.014, respectively. In addition to that, their Kendall tau rank correlation values are
weak and they correspond to 0.217 and −0.033, respectively.
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own work).

On the grand scheme of things, the average Spearman’s rank correlation coefficients
of the investigated MCDM models are calculated to analyze their reliability (see Table 16).
It is shows that the average Spearman’s correlation coefficients of HYBD_MCDM, TOPSIS,
CoCoSo, CODAS, WASPAS, WISP, MARCOS, FANP and WPM are 0.83, 0.751, 0.72, 0.383,
0.767, 0.83, 0.83, 0.445 and 0.83, respectively. Besides, the average Kendall tau rank correla-
tion coefficients of HYBD_MCDM, TOPSIS, CoCoSo, CODAS, WASPAS, WISP, MARCOS,
FANP and WPM are 0.808, 0.704, 0.662, 0.352, 0.704, 0.808, 0.808, 0.444 and 0.808, respec-
tively. This manifests that the developed HYBD_MCDM, WISP, MARCOS and WPM are
the most dominant MCDM algorithms in accordance with conformity and consistency with
remainder of MCDM algorithms. This paves the way to draw a conclusion that developed
HYBD_MCDM, WISP, MARCOS and WPM are highly applicable and can be used as a
reference for the selection and evaluation of private partners in infrastructure projects. It
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is also noticed that CoCoSo and TOPSIS renders a relatively acceptable agreement with
other MCDM models. On the other hand, CODAS and FANP produced rankings that were
highly distanced from other MCDM algorithms, which exemplifies their inefficiency in the
prioritization of private partners in infrastructure projects.
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Table 16. Average Spearman’s correlation coefficients of MCDM models (authors’ own work).

MCDM Model Average Spearman’s Correlation Coefficient

HYBD_MCDM 0.808

TOPSIS 0.704

CoCoSo 0.662

CODAS 0.352

WASPAS 0.704

WISP 0.808

MARCOS 0.808

FANP 0.444

WPM 0.808

An automated tool is programmed using C#.net language to facilitate the implementa-
tion of the developed private partner selection model by the users. Figure 7 explicates a
visual representation of the capabilities of the developed model. The inputs for the devel-
oped automated tool comprise information pertaining to the project and private partners
alongside experts’ judgments. The outputs involve a priority index and ranking for each
respective private partner.
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Figure 8a elucidates the interface where the user is asked to demonstrate his pref-
erences towards the private partner selection criteria. The input and processed data are
stored in XML format to simplify and expedite their storage, retrieval and management
(see Figure 8b). Figure 9 expounds the interface of private partner selection based on ANP.
According to the user inputs and experts’ judgments, it is found that the private partner
B (57.06%) is ranked first followed by private partner C (27.61%) in the second place and
then private partner A (15.31%) in the third place.
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7. Analysis and Discussion

Analytical comparison of criteria weights evinces that different relative importance
priorities are retrieved for each case study. For instance, financial and technical aspects (35%)
share the same level of importance in case study I (Ivory Coast). The political aspect (31.5%)
is ranked first in case study II (Libya), while the financial aspect is regarded as the most
prominent criteria in case studies III and IV (Tunisia and Senegal) with 36.5% and 26.6%,
respectively. Tables 17–20 expound a comparison between the rankings of the investigated
MCDM models. In the first case study, the developed integrated HYBD_MCDM selected
private partner “P3I” as the best alternative. This agrees with the majority of MCDM
models like TOPSIS, CoCoSo, WISP, MARCOS and WPM, which suggests that “P3I” is the
best private partner. WASPAS and FANP produced a slightly different ranking from the
consensus ranking of private partners while CODAS determined a completely distinctive
ranking. As for the second study, all MCDM algorithms except CoCoSo are consistent
in the full ranking of alternatives and simultaneously identifying “P2II” as the optimum
private partner. With regard to the third case study, CoCoSo, WASPAS, WISP, MARCOS
and WPM conform with the developed HYBD_MCDM model in identifying “P2III” as the
best private partner. On the other hand, private partner “P3III” was determined by TOPSIS
and CODAS as the best private partner, and FANP appended private partner “P1III” as the
best one. With respect to the fourth case study, the most (P3IV) and least (P5IV) preferable
private partners do not change rankings no matter what MCDM model is used. Looking
into the four case studies and through careful examination of the obtained rankings, it
is reasonable to argue that the rankings rendered by the developed HYBD_MCDM are
credible and thus it stands as a reliable reference for decision-making in selection of private
partners in transportation projects.

Table 17. Comparison of rankings of private partners in case study I (authors’ own work).

MCDM Model Private Partner “P1” Private Partner “P2” Private Partner “P3” Private Partner “P4”

HYBD_MCDM 4 3 1 2

TOPSIS 4 3 1 2

CoCoSo 4 3 1 2

CODAS 1 2 4 3

WASPAS 3 4 2 1

WISP 4 3 1 2

MARCOS 4 3 1 2

FANP 4 2 1 3

WPM 4 3 1 2
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Table 18. Comparison of rankings of private partners in case study II (authors’ own work).

MCDM Model Private Partner “P1” Private Partner “P2” Private Partner “P3”

HYBD_MCDM 3 1 2

TOPSIS 3 1 2

CoCoSo 3 2 1

CODAS 3 1 2

WASPAS 3 1 2

WISP 3 1 2

MARCOS 3 1 2

FANP 3 1 2

WPM 3 1 2

Table 19. Comparison of rankings of private partners in case study III (authors’ own work).

MCDM Model Private Partner “P1” Private Partner “P2” Private Partner “P3”

HYBD_MCDM 3 1 2

TOPSIS 3 2 1

CoCoSo 3 1 2

CODAS 3 2 1

WASPAS 3 1 2

WISP 3 1 2

MARCOS 3 1 2

FANP 1 2 3

WPM 3 1 2

Table 20. Comparison of rankings of private partners in case study IV (authors’ own work).

MCDM Model Private Partner
“P1”

Private Partner
“P2”

Private Partner
“P3”

Private Partner
“P4”

Private Partner
“P5”

Private Partner
“P6”

HYBD_MCDM 3 5 1 2 6 4

TOPSIS 3 5 1 2 6 4

CoCoSo 3 5 1 2 6 4

CODAS 3 4 1 2 6 5

WASPAS 3 5 1 2 6 4

WISP 3 5 1 2 6 4

MARCOS 3 5 1 2 6 4

FANP 3 5 1 2 6 4

WPM 3 5 1 2 6 4

Figures 10–13 demonstrate 100 sensitivity analysis simulation runs over the course
of four case studies. In this respect, each of the five PPP selection criteria is varied by
20%, 40%, 60%, 80% and 100%, resulting in 25 sensitivity analysis simulation runs for each
case study. By visually inspecting the sensitivity analysis runs, it can be observed that
the developed MCDM model is minimally affected by the variations in the weightages
of PPP selection criteria exemplifying its robustness. In particular, the rankings of the
public private partners are altered in 10 simulation runs (10%) over the entire sensitivity
analysis. It is also viewed that political aspect is the most sensitive criteria in selecting
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private partners in case study II while managerial aspect is the most sensitive criteria in
selecting private partners in case study III. As for case study IV, technical requirements are
found to be most the decisive criteria in evaluation of private partners.
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Figure 14 elucidate a comparison between the investigated MCDM models based on
sensitivity analysis runs. It can be viewed that the developed HYBD_MCDM, WASPAS,
WISP and MARCOS are the most robust MCDM models. In this respect, the ranking or
private partners are varied in 10 sensitivity analysis simulation runs. CoCoSo (12) and
WPM (13) come in the second and third places, respectively. It is also noted that TOPSIS and
CODAS are the most sensitive MCDM models since they were associated with a ranking
change in 29 and 44 sensitivity analysis runs, respectively. In order to better measure
the robustness of the developed HBD_MCDM model, the average absolute difference in
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ranking (AADR) is incorporated for doing so (see Figure 15). In this context, the AADR
is computed by dividing the difference in ranking of private partners by the number
of simulation runs multiplied by the number of private partners under consideration.
It is inferred that the developed HYBD_MCDM model accomplished AADR of 0.067
demonstrating its superior stability over the remainder of MCDM models. Likewise,
WASPAS (0.075), WISP (0.075), MARCOS (0.075) and CoCoSo (0.079) attained low values
of AADR, exemplifying their low sensitivity to the variation in weightages of PPP selection
criteria. The highest values of AADR are linked with TOPSIS (0.213) and CODAS (0.479)
signifying their high influence by weight changes.
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8. Conclusions

Several countries have adopted public–private partnerships for capital-intense, strate-
gic and complex infrastructure projects as a paradigm to lessen costs, diminish delays and
alleviate economic risks. To this end, this research aimed to study, investigate, and design a
two-tier multi-criteria decision-making model for selecting the private partners in PPP in-
frastructure projects. The first tier encompasses studying and analyzing relative importance
weights of selection criteria of private partners capitalizing on fuzzy analytical network
process. The second tier is envisioned based on the use of seven MCDM algorithms to
prioritize private partners in infrastructure projects and identify the best one among them.
These algorithms encompassed CoCoSo, WISP, MARCOS, CODAS, WASPAS, TOPSIS and
FANP. Analytical results demonstrated that financial and technical aspects are the most
influential factors on the selection of private partners with relative importance weights
of 26.6% and 23.2%, respectively. It was also deduced that the sub-criteria of equity/debt
(37.41%), construction program and ability to meet its targeted milestone (55.25%) and
conformance to laws and regulations (35.79%) highly implicate the selection of private
partners.

The analysis of case studies illustrated that different MCDM algorithms induced
different rankings of private partners, which necessitates the use of the Copeland algorithm
for blending the rankings of the tackled MCDM algorithms. For instance, CODAS and
WASPAS failed to solve case study I and CoCoSo was not able to select the correct private
partner in case study II. TOPSIS, CODAS and FANP were incapable of accurately finding
the optimum private partner in case study III. However, all seven MCDM algorithms agreed
on the determination of the best private partner in case study IV. It was also interpreted
that notable variations are experienced in the rankings of private partners in the highway
case study in Tunisia, when compared against other case studies. The correlation analysis
suggested that WISP and MARCOS are highly efficient in the selection of private partners
in infrastructure projects. On the contrary, CODAS and FANP failed to appropriately
handle the ranking process of private partners, urging not using them in similar application.
Some limitations still exist in this study. First, more responses need to be garnered that can
aid in further validating the obtained results. Second, the collected data were based on
projects only located in Africa. Other questionnaire surveys need to be designed for projects
in other continents. Third, potential future research can include other selection criteria
like expertise and knowledge of public private partners in similar projects besides the
concession period of designated projects. Fourth, the developed model can be tedious and
more challenging mostly in the presence of large number of criteria and private partners.
The developed model is expected to aid governments by equipping them with an efficient
decision support system for evaluating and selecting appropriate private partners and thus
guaranteeing the successful delivery of PPP projects. The developed model is characterized
by its robustness, generalizability and flexibility, which can facilitate the selection of public–
private partners in other construction industries. Another advantage of the developed
model is that researchers may opt to compare the results of the developed hybrid MCDM
model with their other selection models of private partners. The developed model also
pinpoints the factors that significantly influence the selection of private partners in PPP
transportation projects. In addition, the procedures adopted in this study can be replicated
across different infrastructure projects in developing and developed counties.
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method—WISP. IEEE Trans. Eng. Manag. 2021, 70, 1933–1944. [CrossRef]
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