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A B S T R A C T

This paper presents a new methodology to recommend the most suitable Multi-Criteria Decision Making
(MCDM) method from a subset of candidate methods when risk and uncertainty are anticipated. A structured
approach has been created based on an analysis of MCDM problems and methods characteristics. Outcomes of
this analysis provide decision makers with a suggested group of candidate methods for their problem. Sensitivity
analysis is applied to the suggested group of candidate methods to analyze the robustness of outputs when risk
and uncertainty are anticipated. A MCDM method is automatically selected that delivers the most robust out-
come. MCDM methods dealing with discrete sets of alternatives are considered. Numerical examples are pre-
sented where some MCDM methods are compared and recommended by calculating the minimum percentage
change in criteria weights and performance measures required to alter the ranking of any two alternatives. A
MCDM method will be recommended based on a best compromise in minimum percentage change required in
inputs to alter the ranking of alternatives. Different cases are considered and some new propositions are pre-
sented based on potential generalized scenarios of MCDM problems.

1. Introduction

The research presented in this paper is part of a broader study to
recommend the most suitable Multiple Criteria Decision Making
(MCDM) method for a decisional problem by addressing factors con-
cerning problem characteristics and MCDM methods characteristics.

A set of novel propositions have been created based on potential
generalized scenarios of MCDM problems. These propositions were
tested on a number of numerical example (available on request) and
results showed the proposition were accurate in predicting a suitable
MCDM method for certain MCDM problems and predicting the top-
ranking alternative from a set of identified alternatives. Three deci-
sional problems proposed by Expert Choice Sample Models are con-
sidered in this paper which represent a set of potential generalized
scenarios of MCDM problems used to test the novel set of propositions.

Making a decision is a process where alternatives are assessed to
select a choice or a course of action to fulfil desired objectives and
goals. A suitable decision-making process can be essential for success in
an organization. Problems and information needed for making a deci-
sion can be vague and uncertain. Many researchers stressed the need to
consider uncertainty in making decisions [2,3], 2012; [6,44], however
it was not often considered in practice [43].

Different decision-making methods are used for different real-life

problems, and there are no superior methods. Poyhonen and
Hamalainen [25] stated that although different weighting methods
often consider the same theoretical algorithms, they often lead to dif-
ferent outcomes.

Because making judgments in a high risk, fuzzy and uncertain en-
vironment (where higher stakes and many assumptions are involved)
makes decisions more vulnerable to distortion, the involvement of more
complex scientific decision-making methods can help. Most human
beings are only capable of dealing with a small number of criteria at the
same time [21]. To manage multi-criteria problems in a more efficient
manner, decision makers tend to use MCDM methods. But MCDM
methods might have both advantages and disadvantages in finding a
suitable final outcome.

MCDM is a field of operational research where alternatives are as-
sessed to select the most suitable alternative that fulfils a desired goal
with respect to a set of multiple and often conflicting criteria [16].
MCDM is an important part of decision-making theory and operational
research. It is often considered reliable. It is a set of methods and
procedures by which multiple and conflicting criteria can be in-
corporated into a decision process. Moreover, MCDM could be con-
sidered as a systematic process for analysing and choosing between
alternatives. It aims to split a problem into smaller parts, analysing and
assessing each part, then aggregating all parts to select the best feasible
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alternative from a set of alternatives using a predefined set of criteria.
MCDM aims to enable decision makers to solve conflicting real world
quantitative and / or qualitative multi-criteria problems, and to find
best-fit alternatives from a set of alternatives in certain, uncertain, fuzzy
or risky environments [27].

Durbach and Stewart [4] claimed that all multi-criteria methods
improved the decision-making process by decomposing the overall as-
sessment of alternatives to the assessment of a number of often con-
flicting criteria. Since it is difficult to check MCDM methods for accu-
racy because they utilize different means when dealing with different
data sets, MCDM methods are often difficult to compare (Olson, 2007).
The process of decision-making in a MCDM problem is sequential; a
user can go through iterations to reach more robust and reliable com-
parisons. Checking the consistency of comparisons could have an im-
portant role.

Consistency of comparisons is important as it shows the reliability
and robustness of outcomes [28], Saaty [34] proposed that incon-
sistency could be “one order of magnitude less important than consistency
or 10% of the total concern with consistent measurement.” If inconsistency
was larger than 10% then it could disturb the decision-making process.
Human judgments are often prone to errors and biases, but human
behaviour is not the only source of inconsistency, since decision makers
are required to describe criteria and alternatives on measure scales with
a limited set of numbers, the measure scales used in different methods
could also contribute to inconsistencies [25].

It is important for decision makers to understand the nature of
uncertainty in order to enhance their ability to make decisions and to
reduce the level of risk associated with their decisions. Moreover, de-
cision makers’ understanding of the nature of uncertainty could lower
inconsistency rates and provide more robust and reliable representation
of weights and performance measures [25]. Salo and Hamalainen [35]
claimed that weighting methods that allowed decision makers to pro-
vide imprecise preference statements often produced better preference
elicitation. Scholten et al. [43] claimed that uncertainty in criteria
weights could occur from personal biases, inaccurate quantitative es-
timates, or the use of imprecise weights to reduce inconsistencies.

Scholten et al. [43] stated that detailed consideration of un-
certainties might have a counterproductive effect if stakeholders be-
come overwhelmed with uncertainties, but Scholten et al. asserted that
the use of simplifying assumptions to explore (and not only to rank)
alternatives may provide important insights. The process of helping
stakeholders define their fundamental objectives and to use them to
create and compare innovative solutions does not need a detailed
consideration of uncertainties [11]. The under rating of uncertainties
might have severe outcomes in long term planning, since the cost of a
wrong decision due to not considering uncertainty could be severe.

Ozernoy [24] asserted that there was no perfect MCDM method
because decision-makers might be unable to provide all the required
information and/or different decisional problems require different al-
gorithms to deliver their intended outcomes. Miettinen and Salminen
[20] claimed that in real life problems, criteria weights were often hard
to provide as “exact” numbers and provided a number of examples were
criteria values could not be defined as exact numbers. They modelled
uncertainty in criterion weights as probability functions and fuzzy va-
lues. They claimed that inaccuracy might be better understood by using
Pseudo criteria; introducing preference and indifference thresholds
where the inaccuracy can be filtered between these thresholds.

Durbach and Stewart [3,4] depicted uncertainty using five different
models: Probabilities, Decision weights, Explicit risk measures, Fuzzy
numbers and Scenarios, and they claimed that the most popular way to
model uncertainty was using probabilities. Durbach and Stewart [3]
stated that decision makers tend to favour the model of uncertainty that

provided easier judgement and concise information.
All decision-making processes involve an element of risk. Risk is an

uncertain event or condition that, if it occurs, has a positive or negative
effect on at least one objective. Since risks originate from uncertainty, a
risk with probability of one can be considered to be a fact. The out-
comes of a decision-making process are significantly shaped by internal
and external factors. Some of these factors are known, while others are
unknown to decision makers.

Risks are inevitable in real world problems. Internal risks include
time, cost and team changes, external risks include change in regula-
tions, market shift, technical issues, and unforeseeable risk. Studies
suggest that 90% of problems could be avoided with better risk man-
agement [26]. Decision makers should exploit, enhance and capture
positive risk (opportunity), and avoid, mitigate, and transfer negative
risk (threats).

Severity= Impact * Probability [26]. Risks with high severity re-
quire priority action and an aggressive response strategy. Risks with
medium severity require proactive action and should be added to a
watch list for future monitoring. Accepted risks with low severity
should be added to the watch list for future monitoring.

Moreover, sensitivity analysis should be conducted to check for
robustness and validate feasibility of MCDM outcomes [33]. Saltelli
et al. [36] defined sensitivity analysis as the analysis of the effect of
uncertainty in the output of a model, affected by uncertainty in its in-
puts.

Wolters and Mareschal [49] defined three types of sensitivity ana-
lysis for a decisional problem:

• Sensitivity of a ranking to changes in scores of all alternatives de-
pending on certain criterion. In this case uncertainties are in parti-
cular criterion scores.

• The effect of changes in performance measures of one alternative
with respect to a criterion.

• The minimum change in criteria weights required to make an al-
ternative ranked first.

The decision maker would seek the judgment of individuals or
groups who possessed specialized knowledge or past experience in a
particular area. The judgment provided by people with expertise could
be utilized at various stages in order to carry out effective decision-
making. However, expert knowledge is not always enough to fill a gap.
Making judgments based on historical data is not new. When dealing
with uncertainty, unknown consequences are modelled as random
variables. Using past experience and historical data to predict the
probabilities of these variables is often impossible. Judgments provided
based on past experience and historical data might be inaccurate and
unacceptable [7]. Decision-making tools aim to improve the general
process of decision-making.

Haddad [14] identified the following steps to reach a most suitable
(best compromise) solution in any multi-criteria problem:

1 Identify the problem.
2 Define goals and targets.
3 Define a set of criteria.
4 Identify alternatives.
5 Select a MCDM method to evaluate the overall score of alternatives
with respect to the criteria set.

6 Review and evaluate outcomes.

At the end of a decision process, decisions should be reviewed and
validated. Unsuccessful or inappropriate decisions should be reassessed,
and the process started again.

Fig. 1. A model of a general decision-making
process under uncertainty [7].
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Grechuk and Zabarankin [7] modelled the general decision-making
process under uncertainty as four stages as shown in Fig. 1, They said
that decision makers and analysts possess historical and experimental
data which is insufficient. Data acquired from statistical understanding
of various assumptions depending on the nature of the problem might
provide better understanding of risk and uncertainty associated with
the problem.

The impact of the choice of a method on actual decisions is also well
known, as well as the consequences of poor decisions [17]. Eldarandaly
et al. [5] asserted that applying different MCDM methods to the same
decisional problem could often generate different outcomes. The use of
an inappropriate MCDM method could lead to inappropriate decisions
[24]. Ishizaka and Siraj [16] asserted on the importance of good deci-
sions and claimed that several MCDM methods were improving them.

This paper explores the impact of the choice of method when risk
and uncertainty may exist. A novel automated system selects a group of
candidate methods and then sensitivity analysis is applied to the group
of candidate methods to recommend the most suitable method for a
particular decisional problem. Finally some new general proposition are
developed based on a set of generalized potential MCDM scenarios and
then explained.

2. New MCDM methods selection approach

Many researchers have proposed different MCDM methods selection
approaches [12]; Hobbs, 1986; [1,5,13,17,18,22–24,32,33,47,48].
MacCrimmon [19] might be the first to recognize the importance of the
MCDM methods selection problem and the need to compare MCDM
methods. MacCrimmon also identified preference information and
proposed a classification of MCDM methods based on a method speci-
fication chart in the form of a tree diagram that included illustrative
application examples.

Many researchers compared different MCDM methods based on the
final outcome provided by these methods but such comparison of final
results could be considered as “ill founded” [32]. Researchers con-
sidered MCDM methods as a tool for better understanding decisional
problems, and exploring, studying, and evaluating different possibi-
lities, rather than just considering MCDM methods as a tool for making
decisions.

Many factors could affect the selection of MCDM methods. They
could be selected randomly, the decision maker might have previous
knowledge or experience with them, or they may just be available
[17,18,47]. Considering the diversity of MCDM methods, several re-
searchers proposed approaches to select a suitable MCDM method for a
problem. However, a well-structured way of selecting MCDM methods
is missing from the literature.

A new structured approach was developed by the authors as a part
of broader research. A number of factors that needed to be addressed
when selecting a MCDM method were identified, including problem
characteristics and MCDM methods’ characteristics [15].

By addressing these factors, a framework could provide decision
makers with a group of candidate MCDM methods appropriate for their
problem. In this paper, MCDM methods dealing with discrete sets of
alternatives were considered. Sensitivity analysis was carried out on
this subset of candidate methods to select a MCDM method that de-
livered the most robust outcome according to decision makers’ antici-
pation of risk factors and uncertainty.

Traintaphyllou and Sanchez [45] claimed that weights assigned to
criteria characterize the importance of the criteria, thus identifying the
critical criteria and accurately re-evaluating their weight could improve
the decision-making process. They proposed a framework to determine
the minimum percentage change required in criteria weights to change
the ranking of any two alternatives, and, the minimum percentage
change required in performance measure to change the ranking of any
two alternatives “in terms of a single decision criterion at a time”.

Research conducted by the authors and presented in this paper has

resulted in a new set of propositions that considered seven generalized
potential scenarios for MCDM problems. Three scenarios depended on
the human decision makers:

SCENARIO ONE: If decision makers were uncertain of criteria
weights and / or anticipate a risk factor of high severity that could
affect criteria weights.

SCENARIO TWO: If decision makers were uncertain of performance
measures and / or anticipate a risk factor of high severity that could
affect performance measures.

SCENARIO THREE: If decision makers were uncertain and / or
anticipate a risk factor of high severity that could affect both criteria
weights and performance measures.

Three scenarios depended on performance measures and criteria
weights:

SCENARIO FOUR: Whenever two alternatives were indifferent
from each other in the final outcome, and they had different perfor-
mance measures with respect to criteria.

SCENARIO FIVE: If an alternative scores highest on the most im-
portant criterion or criteria and did not have poor performances on
others.

SCENARIO SIX: For an alternative to be ranked first in an equal
criteria weight decisional problem.

3. Numerical examples

As examples, this section describes three decisional problems put
through the Novel MCDM Methods Selection Framework [15], and the
application of sensitivity analysis to select the most appropriate method
from a subset of suggested candidate methods.

3.1. Numerical example 1 (U.S. coast guard)

This example considered how members of the U.S. Coast Guard
were rated by their superiors. A set of six criteria were identified, and a
set of six anonymous alternatives (officers) were assessed by the iden-
tified set of criteria. Results were submitted as part of the officers’
service record and results of this assessment were used for the eligibility
of officers to be selected for the next superior rank.

The set of criteria were:

• C1: Performance of Duties

• C2: Interpersonal Relations

• C3: Leadership Skills

• C4: Communication Skills

• C5: Personal Qualities

• C6: Representing the Coast Guard

Criteria weights and performance measures for all the alternative
with respect to all the criteria are shown as a decision matrix in Table 1.

The Novel MCDM Methods Selection Framework was applied to this
decisional problem as shown in Fig. 2. Eight questions addressing
MCDM problem characteristics and the MCDM methods characteristics
were asked. The nature of the alternative set was considered to be
“Discrete” because the alternative consisted of integer values. Inputs
considered in this numerical example were quantitative. All input in-
formation was deterministic. The aim behind applying MCDM methods
to this problem was to rank the set of alternatives using pairwise
comparisons to achieve a total order of alternatives. An absolute criteria
measure scale was used considering a preference structure between
alternatives.

A screen shot of the user interface of the structured MCDM Methods
Selection Framework is shown in Fig. 3. A group of candidate methods
were suitable for this decisional problem as shown at the bottom left the
screen shot shown in Fig. 3 and listed here:

• The Analytical Hierarchy Process (AHP)
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• The Best Worst Method (BWM)

• Preference Ranking Organization METHod for Enrichment
Evaluations II, (PROMETHEE II)

• Elimination Et Choix Traduisant la Realite III, (Elimination and
Choice Expressing Reality III), (ELECTREE III)

AHP and PROMETHE II methods were selected for this decisional
problem because they were available and easy to use. AHP and PRO-
METHEE II were applied to this numerical example. AHP provided the
following ranking of alternatives: A1> (A2=A3 )>A4>A6>A5,
with a global score of alternatives: A1= 0.172, A2=0.169,
A3= 0.169, A4=0.167, A5= 0.160 and A6= 0.162. PROMETHEE II
provided a different ranking of alternatives:
A3>A2>A1>A4>A6>A5, with a net outranking flow of alter-
natives: Φ(A1)= 0.139, Φ(A2)= 0.155, Φ(A3)= 0.167,
Φ(A4)= 0.063, Φ(A5)=−0.283 and Φ(A6)=−0.241, where Φ is a

net outranking flow Φ (a)=Φ+(a) – Φ -(a). The higher the net out-
ranking flow the more preferred the alternative.

Because AHP and PROMETHEE II methods delivered a different
ranking of alternatives, sensitivity analysis was conducted on both
methods’ outcomes to recommend a method that best suited this deci-
sional problem and provided the most robust outcome. Minimum per-
centage change required to alter the ranking of alternatives for the most
critical criterion weight and most critical performance measure were
calculated. Results are shown in Tables 2, 3, 4 and 5. N/F shown in
Tables 4 and 5 stands for a non-feasible value where ± 100% change
in the value of that performance measure did not affect the original
ranking of the alternatives.

The most critical criterion in this numerical example using AHP was
the second criterion (C2) that represented “Interpersonal Relations”
signified by the smallest value (bold number) in Table 2. This value
represented the minimum percentage change required in the weight of

Table 1
Decision matrix for U.S. coast guard example.

Alternative criteria A1 Officer A A2 Officer B A3 Officer C A4 Officer D A5 Officer E A6 Officer F

C1: Performance of Duties= 0.296 0.152 0.181 0.172 0.170 0.172 0.153
C2: Interpersonal Relations=0.254 0.172 0.150 0.176 0.161 0.150 0.191
C3: Leadership Skills = 0.159 0.193 0.156 0.186 0.166 0.162 0.137
C4: Communication Skills= 0.125 0.183 0.173 0.150 0.174 0.150 0.170
C5: Personal Qualities= 0.084 0.196 0.170 0.161 0.162 0.157 0.155
C6: Representing the Coast Guard= 0.082 0.170 0.203 0.142 0.175 0.164 0.145

Fig. 2. New MCDM methods selection framework branch for numerical example 1, 2 and 3.
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the “Interpersonal Relations” criterion to change the ranking of alter-
natives two and three, a 6.299% decrease in its weight change the
preference from alternative three to alternative two (A2>A3).

The most critical criterion in this numerical example using PROM-
ETHEE II was the first criterion (C1) that represented “Performance Of
Duties”, signified by the smallest value (bold number) in Table 3. This
value represented the minimum percentage change required in the
weight of the “Performance of Duties” criterion to change the ranking
of alternatives one and two. Where a 2.027% decrease in its weight
changed the preference from alternatives two to alternative one
(A1>A2).

Fig. 3. Screen shot of the new MCDM methods selection framework for numerical example 1, 2 and 3.

Table 2
Minimum percentage change in criteria for U.S. coast guard example using
AHP.

Criteria Percentage
change

New ranking

C1: Performance of duties 8.446 A1>A2>A3>A4> (A5=A6)
C2: Interpersonal relations −6.299 A1>A2>A3>A4> (A5=A6)
C3: Leadership skills 10.063 A1>A3>A2>A4>A6>A5

C4: Communication skills −12 A1>A3>A2>A4>A6>A5

C5: Personal qualities −42.857 A1>A3>A2>A4>A6>A5

C6: Representing the coast
guard

−13.415 A1>A3>A2>A4>A6>A5

Table 3
Minimum percentage change in criteria weights for U.S. coast guard example
using PROMETHEE II.

Criteria Percentage
change

New ranking

C1: Performance of duties −2.027 A3>A1>A2>A4>A6>A5

C2: Interpersonal relations −5.0512 A2>A3>A1>A4>A6>A5

C3: Leadership skills −5.660 A2>A3>A1>A4>A6>A5

C4: Communication skills 12 A2>A1>A3>A4>A6>A5

C5: Personal qualities 19.048 A2>A1>A3>A4>A6>A5

C6: Representing the coast
guard

9.756 A2>A1>A3>A4>A6>A5

Table 4
Minimum percentage change in performance measures for U.S. coast guard
example using AHP.

Performance measure Percentage change New ranking

A1C1 −4 (A1=A3)>A2>A4>A6>A5

A2C1 1 A1>A2>A3>A4>A6>A5

A3C1 2 A1>A3>A2>A4>A6>A5

A3C1 −2 A1>A2> (A3=A4)>A6>A5

A4C1 3 A1> (A2=A3=A4)>A6>A5

A5C1 3 A1> (A2=A3)>A4>A5>A6

A6C1 −3 A1> (A2=A3)>A4>A5>A6

A1C2 −4 A1>A2>A3>A4>A6>A5

A2C2 2 A1>A2>A3>A4>A6>A5

A2C2 −2 A1>A3> (A2=A4)>A6>A5

A3C2 1 A1>A3>A2>A4>A6>A5

A4C2 3 A1> (A2=A3=A4)>A6>A5

A5C2 4 A1> (A2=A3)>A4>A5>A6

A6C2 −3 A1> (A2=A3)>A4>A5>A6

A1C3 −5 A1>A3>A2>A4>A6>A5

A2C3 2 A1>A2>A3>A4>A6>A5

A3C3 2 A1>A3>A2>A4>A6>A5

A4C3 5 A1> (A2=A3=A4)>A6>A5

A5C3 5 A1> (A2=A3)>A4> (A5=A6)
A6C3 −6 A1> (A2=A3)>A4> (A5=A6)
A1C4 −8 (A1=A2)>A3>A4>A6>A5

A2C4 2 A1>A2>A3>A4>A6>A5

A3C4 2 A1>A3>A2>A4>A6>A5

A4C4 6 A1> (A2=A3=A4)>A6>A5

A5C4 7 A1> (A2=A3)>A4> (A5=A6)
A6C4 −6 A1> (A2=A3)>A4>A5>A6

A1C5 −11 A1>A2>A3>A4>A6>A5

A2C5 3 A1>A2>A3>A4>A6>A5

A3C5 3 A1>A3>A2>A4>A6>A5

A4C5 9 A1> (A2=A3=A4)>A6>A5

A5C5 10 A1> (A2=A3)>A4> (A5=A6)
A6C5 −10 A1> (A2=A3)>A4> (A5=A6)
A1C6 −13 A1>A3>A2>A4>A6>A5

A2C6 4 A1>A2>A3>A4>A6>A5

A3C6 4 A1>A3>A2>A4>A6>A5

A4C6 9 A1> (A2=A3=A4)>A6>A5

A5C6 10 A1> (A2=A3)>A4> (A5=A6)
A6C6 −11 A1> (A2=A3)>A4> (A5=A6)
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The most critical performance measures in this numerical example
using AHP were (A2C1 & A3C2), signified by the smallest values (bold
numbers) in Table 4. These values represented the minimum percentage
change required in the value of performance measure (A2C1) or (A3C2)
to change the ranking of alternatives two and three (A2 & A3). A 1%
increase in the value of performance measure (A2C1) changed the order
to prefer alternative two over alternative three (A2>A3). A 1% in-
crease in the value of performance measure (A3C2) changed the order to
prefer alternative three to alternative two (A3>A2).

The most critical performance measures in this numerical example
using PROMETHEE II were (A1C1, A3C1, A4C1, A5C1, A6C1, A2C2, A5C2,
A2C4, A3C4, A4C4 & A5C4), signified by the smallest values (bold num-
bers) in Table 5. These values represented the minimum percentage
change required in the value of performance measures (A1C1, A3C1,
A4C1, A5C1, A5C1, A6C1, A2C2, A5C2, A2C4, A3C4, A4C4 & A5C4) to
change the ranking of the alternatives. A 1% increase in the value of
(A1C1) changed the ranking of alternatives one and three (A1>A3). A
1% decrease in the value of (A3C1) changed the ranking of alternatives
three and four (A4>A3). A 1% decrease in the value of (A5C1) changed
the ranking of alternatives two and four (A4>A2). A 1% decrease in
the value of (A6C1) changed the ranking of alternatives one and three
(A1>A3) and alternatives five and six (A5>A6). A 1% increase in the
value of (A2C2) changed the ranking of alternatives two and three
(A2>A3). A 1% decrease in the value of (A2C2) changed the ranking of
alternatives one and two (A1>A2) and alternatives five and six
(A5>A6). A 1% increase in the value of (A4C1) changed the ranking of

alternatives four and three (A4>A3). A 1% increase in the value of
(A5C1) changed the ranking of alternatives three and one (A1>A3) and
alternatives five and six (A5>A6). A 1% decrease in the value of (A5C1)
changed the ranking of alternatives two and four (A4>A2). A 1%
change in the value of (A5C2) changed the ranking of alternatives two
and three (A2>A3). A 1% increase in the values of (A2C4 or A5C4)
changed the ranking of alternatives two and three (A2>A3). A 1%
decrease in the values of (A3C4, A4C4) changed the ranking of alter-
natives two and three (A2>A3).

This decisional problem provided specific examples of four of the
scenarios listed in Section 2 and actions were considered to address
them:

SCENARIO ONE: AHP and PROMETHEE II delivered different
outcomes. AHP required a 6.299% decrease in the value of most critical
criterion weight (i.e. “Interpersonal Relations”) to alter the ranking of
alternatives, while PROMETHEE II required a 2.027% decrease to the
value of the most critical criterion weight (i.e. “Performance of Duties”)
to alter the ranking of alternatives. AHP was 3.108 times less sensitive
to changes in the value of the most critical criterion weight than
PROMETHEE II. Decision makers often prefer a method that is resilient
to changes in criteria weights, they often apply MCDM methods to aid
them in delivering strategic decisions and long-term planning [29]. A
robust method provides more stable outcomes with less sensitivity to
risk and uncertainties. AHP would be recommended for this decisional
problem when decision makers were uncertain of criteria weights or
anticipated a risk factor of high severity that could affect criteria
weights.

SCENARIO TWO: AHP required a 1% increase to the values of most
critical performance measures to alter the ranking of the alternatives.
PROMETHEE II also required a 1% change to the values of the most
critical performance measures to alter the ranking of the alternatives.
Both methods had the same sensitivity towards uncertainty in perfor-
mance measures; AHP had two critical performance measures while
PROMETHEE II had fourteen critical performance measures. Decision
makers often prefer a method that is less sensitive to changes in the
values of the performance measures, they often apply MCDM methods
to aid them in delivering strategic decisions and long-term planning
[29]. A robust method provides more stable outcomes with less sensi-
tivity to risk and uncertainties. AHP would also be recommended for
this decisional problem if decision makers were uncertain of perfor-
mance measures or anticipated a risk factor of high severity that could
affect performance measures. Analysis of these results showed that the
number of critical performance measures and the number of critical
criteria should be taken into consideration when recommending a
MCDM method from a subset of candidate methods. From Tables 2 and
4, AHP had one critical criterion and two critical performance mea-
sures, from Tables 3 and 5 PROMETHEE II had one critical criterion and
fourteen critical performance measures, AHP would be recommended
for this decisional problem when the number of critical performance
measures and the number of critical criteria were taken into con-
sideration.

SCENARIO THREE: AHP was less sensitive than PROMETHEE II to
changes in the values of the most critical criteria weights and had fewer
critical performance measures. The number of most critical criteria and
most critical performance measures a method has for a certain deci-
sional problem provides guidance towards the number of risk factors a
method is vulnerable to. The higher the number of most critical criteria
and most critical performance measures, the higher the number of risk
factors a method is sensitive towards that might change the final out-
come of the method. Moreover, the lower the minimum percentage
change required in the most critical criteria and the most critical per-
formance measure, the higher the sensitivity of the final outcome of a
method to changes in the inputs (i.e. risk and uncertainty).
Recommending AHP for this decisional problem when risk and un-
certainty would affect both criteria weights and / or performance
measures may provide a more robust outcome.

Table 5
Minimum percentage change in performance measures for U.S. coast guard
example using PROMETHEE II.

Performance measure Percentage change New ranking

A1C1 1 A1>A3>A2>A4>A6>A5

A2C1 −5 A3>A1>A4>A2>A5>A6

A3C1 −1 A4>A2>A1>A3>A5>A6

A4C1 1 A4>A2>A1>A3>A6>A5

A5C1 −1 A3>A4>A2>A1>A6>A5

A5C1 1 A2>A1>A3>A4>A5>A6

A6C1 −1 A1>A3>A2>A4>A5>A6

A1C2 2 A1>A2>A3>A4>A6>A5

A2C2 1 A2>A3>A3>A4>A6>A5

A2C2 −1 A3>A1>A2>A4>A5>A6

A3C2 −2 A1>A2>A3>A4>A6>A5

A4C2 6 A5>A2>A3>A4>A1>A6

A4C2 −6 A2>A3>A1>A4>A5>A6

A5C2 1 A2>A3>A1>A4>A6>A5

A5C2 −1 A2>A3>A1>A4>A6>A5

A6C2 −9 A3>A1>A2>A4>A5>A6

A1C3 −11 A3>A2>A4>A1>A6>A5

A2C3 4 A2>A3>A1>A4>A6>A5

A3C3 −9 A2>A1>A4>A3>A6>A5

A4C3 −3 A3>A2>A1>A4>A5>A6

A5C3 3 A3>A2>A1>A4>A6>A5

A6C3 12 A3>A1>A2>A4>A6>A5

A1C4 −5 A2>A3>A4>A1>A6>A5

A2C4 1 A2>A3>A1>A4>A6>A5

A3C4 −1 A2>A3>A1>A4>A6>A5

A4C4 −1 A2>A3>A1>A4>A6>A5

A5C4 1 A2>A3>A1>A4>A6>A5

A6C4 2 A3>A1>A2>A4>A6>A5

A1C5 −11 A2>A3>A1>A4>A6>A5

A2C5 −4 A3>A1>A2>A4>A6>A5

A3C5 −3 A2>A1>A3>A4>A6>A5

A4C5 5 A3>A1>A2>A4>A6>A5

A5C5 3 A2>A1>A3>A4>A5>A6

A6C5 4 A2>A1>A3>A4>A6>A5

A1C6 3 A1>A3>A2>A4>A6>A5

A2C6 −12 A3>A1>A2>A4>A6>A5

A3C6 N/F –
A4C6 −3 A1>A3>A2>A4>A6>A5

A5C6 6 A3>A2>A1>A4>A5>A6

A6C6 N/F –

M. Haddad, D. Sanders Operations Research Perspectives 5 (2018) 357–370

362



SCENARIO FOUR: AHP provided the ranking of alternatives:
A1> (A2=A3 )>A4>A6>A5, and required a 6.299% change in the
value of the most critical criterion weight or a 1% change in the most
critical performance measures to change the ranking of the alternatives.
Whenever two alternatives are indifferent from each other in the final
outcome, the state of these alternatives might be considered as a state of
equilibrium, where any change in any performance measure of one
alternative with respect to any criteria might prefer one alternative to
the other, and / or any change in any criteria weights might prefer one
alternative to the other.

In all four scenarios, AHP would be preferred for this problem.
Moreover the analysis of the results of this numerical example and

the results from other case studies conducted by the authors (available
upon request) showed that the higher the weight of the criterion the
higher the probability that it was the most critical criterion and the
higher the probability that it was the most critical performance measure
to be with respect to that criterion.

3.2. Numerical example 2 (BOING strategic market decisions)

This example considered the threat proposed by Airbus to the
commercial jet aircraft market dominated by Boeing. This decisional
problem evaluated the market attractiveness and competitive strength
for Boeing in four global markets. A set of twenty-four criteria were
identified.

Factors addressed in this numerical example considered the chan-
ging nature of airline needs and the international business environment.
Market attractiveness included political climate, competitive intensity,
growth and size. The competitive strength in each of the four regions
was assessed based on relative market share, price competition, aircraft
quality, and customer knowledge of each type of plane.

The set of criteria were:

C1: Market size for 115–150 passengers plane
C2: Market size for 175–210 passengers plane
C3: Market size for 260 and more passengers plane
C4: Market growth rate for 115–150 passengers plane
C5: Market growth rate for 175–210 passengers plane
C6: Market growth rate for 260 and more passengers plane
C7: Market competitive intensity for 115–150 passengers plane

C8: Market competitive intensity for 175–210 passengers plane
C9: Market competitive intensity for 260 and more passengers plane
C10: Political factors enhancing the market size for 115–150 pas-
sengers plane
C11: Political factors enhancing the market size for 175–210 pas-
sengers plane
C12: Political factors enhancing the market size for 260 and more
passengers plane
C13: Market share for 115–150 passengers plane
C14: Market share for 175–210 passengers plane
C15: Market share for 260 and more passengers plane
C16: Price competition for 115–150 passengers plane
C17: Price competition for 175–210 passengers plane
C18: Price competition for 260 and more passengers plane
C19: Product quality for 115–150 passengers plane
C20: Product quality for 175–210 passengers plane
C21: Product quality for 260 and more passengers plane
C22: Customer knowledge for 115–150 passengers plane
C23: Customer knowledge for 175–210 passengers plane
C24: Customer knowledge for 260 and more passengers plane

The set of alternatives that represented the global market regions
were:

A1: United States
A2: Asia
A3: Europe
A4: Middle East

Criteria weights and performance measures for alternatives with
respect to criteria are shown as a decision matrix in Table 6.

The Novel MCDM Methods Selection Framework was applied to this
decisional problem as shown in Fig. 2. A screen shot of the structured
MCDM methods selection framework is shown in Fig. 3. The group of
candidate methods that were suitable for this decisional problem were
the same as for example 1.

AHP and PROMETHE II methods were again selected for this deci-
sional problem because they were available and easy to use. AHP
provided the following ranking of alternatives: A2>A1>A4>A3,
with a global score of alternatives: A1= 0.308, A2=0.322, A3= 0.180

Table 6
Decision matrix for Boing strategic market decisions example.

Alternative criteria A1 USA A2 Asia A3 Europe A4 Middle East

C1: Market size for 115–150 passengers= 0.073 0.471 0.209 0.215 0.106
C2: Market size for 175–210 passengers= 0.021 0.471 0.209 0.215 0.106
C3: Market size for+ 260 passengers= 0.032 0.317 0.426 0.174 0.083
C4: Market growth rate for 115–150 passengers= 0.161 0.130 0.546 0.119 0.205
C5: Market growth rate for 175–210 passengers= 0.047 0.130 0.546 0.119 0.205
C6: Market growth rate for+ 260 passengers= 0.070 0.083 0.608 0.124 0.185
C7: Market competitive for 115–150 passengers= 0.016 0.499 0.284 0.083 0.134
C8: Market competitive for 175–210 passengers= 0.007 0.499 0.284 0.083 0.134
C9: Market competitive for+ 260 passengers= 0.010 0.499 0.284 0.083 0.134
C10: Political factors enhancing market size for 115–150 passengers= 0.021 0.656 0.217 0.049 0.078
C11: Political factors enhancing market size for 175–210 passengers= 0.021 0.656 0.217 0.049 0.078
C12: Political factors enhancing market size for+ 260 passengers= 0.021 0.656 0.217 0.049 0.078
C13: Market share for 115–150 passengers= 0.013 0.527 0.280 0.086 0.107
C14: Market share for 175–210 passengers= 0.006 0.527 0.280 0.086 0.107
C15: Market share for+ 260 passengers= 0.008 0.517 0.333 0.075 0.075
C16: Price competition for 115–150 passengers= 0.052 0.498 0.284 0.097 0.121
C17: Price competition for 175–210 passengers= 0.030 0.498 0.284 0.097 0.121
C18: Price competition for+ 260 passengers= 0.048 0.498 0.284 0.097 0.121
C19: Product quality for 115–150 passengers= 0.094 0.250 0.250 0.250 0.250
C20: Product quality for 175–210 passengers= 0.094 0.250 0.250 0.250 0.250
C21: Product quality for+ 260 passengers= 0.094 0.250 0.250 0.250 0.250
C22: Customer knowledge for 115–150 passengers= 0.022 0.457 0.329 0.095 0.119
C23: Customer knowledge for 175–210 passengers= 0.016 0.457 0.329 0.095 0.119
C24: Customer knowledge for+ 260 passengers plane=0.021 0.457 0.329 0.095 0.119

M. Haddad, D. Sanders Operations Research Perspectives 5 (2018) 357–370

363



and A4=0.191. PROMETHEE II provided the same ranking of alter-
natives: A2>A1>A4>A3, with a net flow of alternatives:
Φ(A1)= 0.278, Φ(A2)= 0.384, Φ(A3)=−0.521 and
Φ(A4)=−0.140.

Although AHP and PROMETHEE II methods delivered the same
ranking of alternatives, sensitivity analysis was conducted on both
methods’ outcomes to recommend the method that best suited this
decisional problem and provided the most robust outcome. Minimum
percentage change required to alter the ranking of alternatives for the
most critical criterion weight and most critical performance measure
were calculated. Results are shown in Tables 7, 8, 9 and 10. N/F shown
in Tables 9 and 10 stands for a non-feasible value where ± 100%
change in the value of that performance measure did not affect the
original ranking of the alternatives.

The most critical criterion in this numerical example using AHP was
the fourth criterion (C4) (i.e. “Market growth rate for 115–150 pas-
sengers”) signified by the smallest value (bold number) in Table 7. This
value represented the minimum percentage change required in the
weight of the “Market growth rate for the 115–150 passengers” cri-
terion to change the ranking of alternatives one and two (A1>A2). A
19.255% decrease in its weight preferred the “United States” market
region (A1) to “Asia” market region (A2).

The most critical criterion in this numerical example using PROM-
ETHEE II was the fourth criterion (C4) (i.e. “Market growth rate for
115–150 passengers”), signified by the smallest value (bold number) in
Table 8. This value represented the minimum percentage change re-
quired in the weight of the “Market growth rate for 115–150 passen-
gers” to change the ranking of alternatives one and two (A1>A2). A
50.311% decrease in its weight preferred the “United States” market
region (A1) to “Asia” market region (A2).

The most critical performance measures in this numerical example
using AHP were (A4C19, A4C20 & A4C21), signified by the smallest values
(bold numbers) in Table 9. These values represented the minimum
percentage change required in the value of their performance measures
to change the ranking of alternatives three and four “Europe” and the
“Middle East” (A3>A4). A 25% decrease in the values of their per-
formance measures changed the preference from the “Middle East”
region to “Europe”.

The most critical performance measures in this numerical example
using PROMETHEE II were (A1C19, A2C19 A1C20, A2C20, A1C21 & A2C21),
signified by the smallest values (bold numbers) in Table 10. These va-
lues represented the minimum percentage change required in the values
of performance measures (A1C19), (A2C19), (A1C20), (A2C20), (A1C21) or
(A2C21) to change the ranking of the alternatives one and two, “United
states” and “Asia” (A1>A2). A 1% increase in the value of their per-
formance measures changed the preference from “Asia” to the “United
States”. A 1% decrease in the value of their performance measures
changed the preference from “Asia” to the “United States”.

This decisional problem provided examples of three scenarios listed
in Section 2 and actions were considered to address them:

SCENARIO ONE: AHP and PROMETHEE II delivered the same
outcome. AHP required a 19.255% decrease to the value of most critical
criterion weight (i.e. “Market growth rate for 115–150 passengers”) to
alter the ranking of alternatives, while PROMETHEE II required a

Table 7
Minimum percentage change in criteria weights for Boing strategic market decisions example using AHP.

Criteria Percentage change New ranking

C1: Market size for 115–150 passengers 67.123 A1>A2>A4>A3

C2: Market size for 175–210 242.857 A1>A2>A4>A3

C3: Market size for+ 260 passengers 340.625 A2>A1>A3>A4

C4: Market growth rate for 115–150 passengers −19.255 A1>A2>A4>A3

C5: Market growth rate for 175–210 passengers −76.596 A1>A2>A4>A3

C6: Market growth rate for+ 260 passengers −38.571 A1>A2>A4>A3

C7: Market competitive for 115–150 passengers 375 A1>A2>A4>A3

C8: Market competitive for 175–210 passengers 871.429 A1>A2>A4>A3

C9: Market competitive for+ 260 passengers 610 A1>A2>A4>A3

C10: Political factors enhancing market size for 115–150 passengers 142.857 A1>A2>A4>A3

C11: Political factors enhancing market size for 175–210 passengers 142.857 A1>A2>A4>A3

C12: Political factors enhancing market size for+ 260 passengers 142.857 A1>A2>A4>A3

C13: Market share for 115–150 passengers 407.692 A1>A2>A4>A3

C14: Market share for 175–210 passengers 883.333 A1>A2>A4>A3

C15: Market share for+ 260 passengers 875 A1>A2>A4>A3

C16: Price competition for 115–150 passengers 113.462 A1>A2>A4>A3

C17: Price competition for 175–210 passengers 200 A1>A2>A4>A3

C18: Price competition for+260 passengers 118.75 A1>A2>A4>A3

C19: Product quality for 115–150 passengers 963.830 A1=A2=A3=A4

C20: Product quality for 175–210 passengers 963.830 A1=A2=A3=A4

C21: Product quality for+ 260 passengers 963.830 A1=A2=A3=A4

C22: Customer knowledge for 115–150 passengers 431.818 A1>A2>A4>A3

C23: Customer knowledge for 175–210 passengers 606.250 A1>A2>A4>A3

C24: Customer knowledge for+260 passengers 452.381 A1>A2>A4>A3

Table 8
Minimum percentage change in criteria weights for Boing strategic market
decisions example using PROMETHEE II.

Criteria Percentage change New ranking

C1 105.479 A1>A2>A4>A3

C2 376.190 A1>A2>A4>A3

C3 1118.75 A2>A4>A1>A4

C4 −50.311 A1>A2>A4>A3

C5 793.617 A2>A4>A1>A3

C6 328.571 A2>A4>A1>A3

C7 900 A1>A2>A4>A3

C8 2042.857 A1>A2>A4>A3

C9 1400 A1>A2>A4>A3

C10 661.905 A1>A2>A4>A3

C11 661.905 A1>A2>A4>A3

C12 661.905 A1>A2>A4>A3

C13 1053.846 A1>A2>A4>A3

C14 2400 A1>A2>A4>A3

C15 1775 A1>A2>A4>A3

C16 265.385 A1>A2>A4>A3

C17 466.667 A1>A2>A4>A3

C18 275 A1>A2>A4>A3

C19 963.830 A1=A2=A3=A4

C20 963.830 A1=A2=A3=A4

C21 963.830 A1=A2=A3=A4

C22 627.273 A1>A2>A4>A3

C23 900 A1>A2>A4>A3

C24 661.905 A1>A2>A4>A3
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50.311% decrease to the value of the most critical criterion weight (i.e.
“Market growth rate for 115–150 passengers”) to alter the ranking of
alternatives. PROMETHEE II was 2.613 times less sensitive to changes
in the value of the most critical criterion weight than AHP. Decision
makers often prefer a method that is resilient to changes in criteria
weights and often apply MCDM methods to aid them in delivering
strategic decisions and long-term planning [29]. A robust method
provides more stable outcomes with less sensitivity to risk and un-
certainties. PROMETHEE II would be recommended for this decisional
problem when decision makers were uncertain of criteria weights or
anticipated a risk factor of high severity that could affect criteria
weights.

SCENARIO TWO: AHP required a 25% increase to the values of
most critical performance measures to alter the ranking of the alter-
natives. PROMETHEE II required a 1% change to the values of the most
critical performance measures to alter the ranking of the alternatives.
AHP was 25 times less sensitive than PROMETHEE II to changes in the
values of the most critical performance measures. Decision makers
often prefer a method that is less sensitive to changes in the values of
the performance measures and often apply MCDM methods to aid them
in delivering strategic decisions and long-term planning [29]. A robust
method provides more stable outcomes with less sensitivity to risk and
uncertainties. AHP would be recommended for this decisional problem
when decision makers were uncertain of performance measures or an-
ticipated a risk factor of high severity that could affect performance
measures.

SCENARIO THREE: PROMETHEE II was less sensitive than AHP to
changes in the value of the most critical criterion weight and required a
50.311% change to the value of the most critical criterion weight to
change the ranking of the alternatives. AHP was less sensitive than
PROMETHEE to changes in the values of the most critical performance
measures and required a 25% change to the values of the most critical
performance measures to change the ranking of the alternatives. The
number of the most critical criteria and the most critical performance
measures a method has for a decisional problem provides guidance
about the number of risk factors the method is vulnerable towards. The
higher the number of the most critical criteria and the most critical
performance measures, the higher the number of risk factors a method
is sensitive towards that might change the final outcome. Moreover, the
lower the minimum percentage change required in the most critical
criteria and the most critical performance measure, the higher the

Table 9
Minimum percentage change in performance measures for Boing strategic
market decisions example using AHP.

Performance measure Percentage change New ranking

A1C1 N/F –
A2C1 N/F –
A3C1 57 A2>A1>A3>A4

A4C1 N/F –
A1C2 N/F –
A2C2 N/F –
A2C2 N/F –
A3C2 N/F –
A4C2 N/F –
A1C3 N/F –
A2C3 N/F –
A3C3 −82 A1>A2>A4>A3

A4C3 N/F –
A1C4 71 A1>A2>A4>A3

A2C4 −30 A1>A2>A4>A3

A3C4 65 A2>A1>A3>A4

A4C4 −41 A2>A1>A3>A4

A1C5 N/F –
A2C5 −59 A1>A2>A4>A3

A3C5 N/F –
A4C5 N/F –
A1C6 N/F –
A2C6 −55 A1>A2>A4>A3

A3C6 N/F –
A4C6 N/F –
A1C7 N/F –
A2C7 N/F –
A3C7 N/F –
A4C7 N/F –
A1C8 N/F –
A2C8 N/F –
A2C8 N/F –
A3C8 N/F –
A4C8 N/F –
A1C9 N/F –
A2C9 N/F –
A3C9 N/F –
A4C9 N/F –
A1C10 N/F –
A2C10 N/F –
A3C10 N/F –
A4C10 N/F –
A1C11 N/F –
A2C11 N/F –
A3C11 N/F –
A4C11 N/F –
A1C12 N/F –
A2C12 N/F –
A3C12 N/F –
A4C12 N/F –
A1C13 N/F –
A2C13 N/F –
A3C13 N/F –
A4C13 N/F –
A1C14 N/F –
A2C14 N/F –
A3C14 N/F –
A4C14 N/F –
A1C15 N/F –
A2C15 N/F –
A3C15 N/F –
A4C15 N/F –
A1C16 N/F –
A2C16 N/F –
A3C16 N/F –
A4C16 N/F –
A1C17 N/F –
A2C17 N/F –
A3C17 N/F –
A4C17 N/F –
A1C18 N/F –
A2C18 N/F –
A3C18 N/F –

Table 9 (continued)

Performance measure Percentage change New ranking

A4C18 N/F –
A1C19 39 A1>A2>A4>A3

A2C19 −32 A1>A2>A4>A3

A3C19 30 A2>A1>A3>A4

A4C19 −25 A2>A1>A3>A4

A1C20 39 A1>A2>A4>A3

A2C20 −32 A1>A2>A4>A3

A3C20 30 A2>A1>A3>A4

A4C20 −25 A2>A1>A3>A4

A1C21 39 A1>A2>A4>A3

A2C21 −32 A1>A2>A4>A3

A3C21 30 A2>A1>A3>A4

A4C21 −25 A2>A1>A3>A4

A1C22 N/F –
A2C22 N/F –
A4C22 N/F –
A1C23 N/F –
A2C23 N/F –
A3C23 N/F –
A4C23 N/F –
A1C24 N/F –
A2C24 N/F –
A3C24 N/F –
A4C24 N/F –
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sensitivity of the final outcome of a method to changes in the inputs
(i.e. risk and uncertainty). In this case a best compromise between
minimum percentage change required in the most critical performance
measures and the most critical criteria should be made. Recommending
AHP for this decisional problem would provide a more robust outcome
with less vulnerability to risk and uncertainty.

3.3. Numerical example 3 (Corporate relocation decision)

This numerical example considered ways to determine the best city
in the United States of America to relocate a corporation. A set of six
criteria were identified and five cities met the minimum requirements
identified by the analysts.

The set of criteria were:

• C1: Financial Considerations

• C2: Employee Availability

• C3: Support Services

• C4: Cultural Opportunities

• C5: Leisure Activities

• C6: Climate; Seasonal, and Year Round

The set of alternatives were:

• A1: New York City

• A2: Washington D.C.

• A3: Atlanta, Georgia

• A4: Los Angeles, California

• A5: Portland, Oregon

Criteria weights and performance measures for all the alternative
with respect to all the criteria are shown as a decision matrix in
Table 11.

The Novel MCDM Methods Selection Framework was applied to this
decisional problem as shown in Fig. 2. A screen shot of the structured
MCDM methods selection framework is shown in Fig. 3. The group of
candidate methods that were suitable for this decisional problem were
the same as for Examples 1 and 2.

AHP and PROMETHEE II were selected for this numerical example.
AHP provided the following ranking of alternatives:

Table 10
Minimum percentage change in performance measures for Boing strategic
market decisions example using PROMETHEE II.

Performance measure Percentage change New ranking

A1C1 N/F –
A2C1 N/F –
A3C1 N/F –
A4C1 N/F –
A1C2 N/F –
A2C2 N/F –
A2C2 N/F –
A3C2 N/F –
A4C2 N/F –
A1C3 N/F –
A2C3 N/F –
A3C3 N/F –
A4C3 N/F –
A1C4 47 A1>A2>A4>A3

A2C4 −44 A1>A2>A4>A3

A3C4 N/F –
A4C4 99 A1>A2>A4>A3

A1C5 N/F –
A2C5 −63 A1>A2>A4>A3

A3C5 N/F –
A4C5 N/F –
A1C6 N/F –
A2C6 −72 A1>A2>A4>A3

A3C6 N/F –
A4C6 N/F –
A1C7 N/F –
A2C7 N/F –
A3C7 N/F –
A4C7 N/F –
A1C8 N/F –
A2C8 N/F –
A2C8 N/F –
A3C8 N/F –
A4C8 N/F –
A1C9 N/F –
A2C9 N/F –
A3C9 N/F –
A4C9 N/F –
A1C10 N/F –
A2C10 N/F –
A3C10 N/F –
A4C10 N/F –
A1C11 N/F –
A2C11 N/F –
A3C11 N/F –
A4C11 N/F –
A1C12 N/F –
A2C12 N/F –
A3C12 N/F –
A4C12 N/F –
A1C13 N/F –
A2C13 N/F –
A3C13 N/F –
A4C13 N/F –
A1C14 N/F –
A2C14 N/F –
A3C14 N/F –
A4C14 N/F –
A1C15 N/F –
A2C15 N/F –
A3C15 N/F –
A4C15 N/F –
A1C16 N/F –
A2C16 N/F –
A3C16 N/F –
A4C16 N/F –
A1C17 N/F –
A2C17 N/F –
A3C17 N/F –
A4C17 N/F –
A1C18 N/F –
A2C18 N/F –
A3C18 N/F –

Table 10 (continued)

Performance measure Percentage change New ranking

A4C18 N/F –
A1C19 1 A1>A2>A4>A3

A2C19 −1 A1>A2>A4>A3

A3C19 N/F –
A4C19 N/F –
A1C20 1 A1>A2>A4>A3

A2C20 −1 A1>A2>A4>A3

A3C20 N/F –
A4C20 N/F –
A1C21 1 A1>A2>A4>A3

A2C21 −1 A1>A2>A4>A3

A3C21 N/F –
A4C21 N/F –
A1C22 N/F –
A2C22 N/F –
A3C22 N/F –
A4C22 N/F –
A1C23 N/F –
A2C23 N/F –
A3C23 N/F –
A4C23 N/F –
A1C24 N/F –
A2C24 N/F –
A3C24 N/F –
A4C24 N/F –
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A4>A1>A3>A5>A2, with a global score of alternatives:
A1= 0.264, A2=0.107, A3= 0.158, A4=0.358 and A5=0.112.
PROMETHEE II provided the same ranking of alternatives:
A4>A1>A3>A5>A2, with a net flow of alternatives:
Φ(A1)= 0.865, Φ(A2)= 0.132, Φ(A3)=−0.124, Φ(A4)=−0.276and
Φ(A5)=−0.596.

Although AHP and PROMETHEE II methods delivered the same
ranking of alternatives, sensitivity analysis was conducted on both
methods’ outcomes to recommend a method that best suited this deci-
sional problem and provided the most robust outcome. Minimum per-
centage change required to alter the ranking of alternatives for the most
critical criterion weight and the most critical performance measure
were calculated. Results are shown in Tables 12, 13, 14 and 15. N/F
shown in Tables 14 and 15 stands for a non-feasible value where ±
100% change in the value of that performance measure did not affect
the original ranking of the alternatives.

The most critical criterion in this numerical example using AHP was
the first criterion (C1) (i.e. “Financial Considerations”) signified by the
smallest value (bold number) in Table 12. This value represented the
minimum percentage change required in the weight of the “Financial
Considerations” criterion to change the ranking of alternatives two and
five (A2>A5). A 10.514% increase in its weight preferred “Washington
D.C.” to “Portland”.

The most critical criterion in this numerical example using PROM-
ETHEE II was the first criterion (C1) (i.e. “Financial Considerations”)
signified by the smallest value (bold number) in Table 13. This value
represented the minimum percentage change required in the weight of
the “Financial Considerations” criterion to change the ranking of al-
ternatives three and five “Atlanta” and “Portland” (A5>A3). Where a
25.234% decrease in its weight preferred “Portland” to “Atlanta”.

The most critical performance measure in this numerical example
using AHP was (A2C1), signified by the smallest value (bold number) in
Table 14. This value represented the minimum percentage change re-
quired in the value of performance measure (A2C1) to change the
ranking of alternatives two and five, “Washington D.C.” and “Portland”
(A2>A5). A 10% increase in its value preferred “Washington D.C.” to
“Portland”.

The most critical performance measure in this numerical example
using PROMETHEE II was (A3C1), signified by the smallest value (bold
number) in Table 15. This value represented the minimum percentage
change required in the value of performance measure (A3C1) to change

the ranking of alternatives three and five, “Atlanta” and “Portland”
(A5>A3). A 29% decrease in its value preferred “Portland” to
“Atlanta”.

This decisional problem provided specific examples of three sce-
narios listed in Section 2 and actions were considered to address them:

SCENARIO ONE: AHP required a 10.514% increase to the value of
most critical criterion weight to alter the ranking of alternatives, while
PROMETHEE II required a 25,234% decrease to the value of the most
critical criterion weight to alter the ranking of alternatives. Both
methods delivered the same outcomes. PROMETHEE II was 2.4 times

Table 11
Decision matrix for corporate relocation decision example.

Alternative criteria A1 N.Y.C. A2 Washington D.C. A3 Atlanta A4 L.A. A5 Portland

C1: Financial Considerations= 0.428 0.313 0.119 0.176 0.346 0.046
C2: Employee Availability= 0.207 0.064 0.098 0.168 0.493 0.177
C3: Support Services= 0.207 0.416 0.062 0.116 0.284 0.122
C4: Cultural Opportunities= 0.041 0.300 0.215 0.105 0.307 0.073
C5: Leisure Activities= 0.063 0.060 0.107 0.160 0.315 0.359
C6: Climate= 0.053 0.082 0.082 0.173 0.442 0.220

Table 12
Minimum percentage change in criteria weights for corporate relocation deci-
sion example using AHP.

Criteria Percentage
change

New ranking

C1: Financial
Considerations= 0.428

10.514 A4>A1>A3>A2>A5

C2: Employee Availability= 0.207 −29.952 A4>A1>A3>A2>A5

C3: Support Services= 0.207 −45.411 A4>A1>A3>A2>A5

C4: Cultural Opportunities= 0.041 112.195 A4>A1>A3>A2>A5

C5: Leisure Activities= 0.063 −33.333 A4>A1>A3>A2>A5

C6: Climate= 0.053 −86.792 A4>A1>A3>A2>A5

Table 13
Minimum percentage change in criteria weights for corporate relocation deci-
sion example using PROMETHEE II.

Criteria Percentage
change

New ranking

C1: Financial
Considerations=0.428

−25.234 A4>A1>A5>A3>A2

C2: Employee Availability=0.207 78.744 A4>A3>A1>A5>A2

C3: Support Services= 0.207 −80.676 A4>A3>A1>A5>A2

C4: Cultural Opportunities= 0.041 582.927 A4>A1>A3>A2>A5

C5: Leisure Activities= 0.063 201.587 A4>A1>A5>A3>A2

C6: Climate= 0.053 428.302 A4>A1>A5>A3>A2

Table 14
Minimum percentage change in performance measures for corporate relocation
decision example using AHP.

Performance measure Percentage change New ranking

A1C1 57 A4>A1>A3>A2>A5

A2C1 10 A4>A1>A3>A2>A5

A3C1 −51 A4>A1>A5>A3>A2

A4C1 −43 A1>A4>A3>A5>A2

A5C1 −25 A4>A1>A3>A2>A5

A1C2 N/F –
A2C2 35 A4>A1>A3>A2>A5

A3C2 N/F –
A4C2 30 A4>A1>A3>A2>A5

A5C2 −20 A4>A1>A3>A2>A5

A1C3 45 A4>A1>A3>A2>A5

A2C3 47 A4>A1>A3>A2>A5

A3C3 N/F –
A4C3 88 A4>A1>A3>A2>A5

A5C3 −23 A4>A1>A3>A2>A5

A1C4 N/F –
A2C4 63 A4>A1>A3>A2>A5

A3C4 N/F –
A4C4 N/F –
A5C4 N/F –
A1C5 N/F –
A2C5 70 A4>A1>A3>A2>A5

A3C5 N/F –
A4C5 42 A4>A1>A3>A2>A5

A5C5 −22
A1C6 N/F –
A2C6 N/F –
A3C6 N/F –
A4C6 83 A4>A1>A3>A2=A5

A5C6 −51 A4>A1>A3>A2>A5
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less sensitive to changes in the value of the most critical criterion
weight than AHP. Decision makers often prefer a method that is re-
silient to changes in criteria weights and often apply MCDM methods to
aid them in delivering strategic decisions and long-term planning [29].
A robust method provides more stable outcomes with less sensitivity to
risk and uncertainties. PROMETHEE II would be recommended for this
decisional problem when decision makers were uncertain of criteria
weights or anticipated a risk factor of high severity that could affect
criteria weights.

SCENARIO TWO: AHP required a 10% increase to the value of most
critical performance measure score to alter the ranking of alternatives,
while PROMETHEE II required a 29% decrease to the value of the most
critical performance measure score to alter the ranking of alternatives.
PROMETHEE II was 2.9 times less sensitive to changes in the value of
the most critical performance measure than AHP. Decision makers often
prefer a method that is less sensitive to changes in the values of the
performance measures and often apply MCDM methods to aid them in
delivering strategic decisions and long-term planning [29]. A robust
method provides more stable outcomes with less sensitivity to risk and
uncertainties. PROMETHEE II would also be recommended for this
decisional problem when decision makers were uncertain of perfor-
mance measures or anticipated a risk factor of high severity that could
affect performance measures.

SCENARIO THREE: The number of the most critical criteria and the
most critical performance measures a method has for a certain deci-
sional problem provides guidance about the number of risk factors the
method is vulnerable. The higher the number of the most critical cri-
teria and the most critical performance measures, the higher the
number of risk factors a method is sensitive that might change the final
outcome of the method. Moreover, the lower the minimum percentage
change required in the most critical criteria and the most critical per-
formance measure, the higher the sensitivity of the final outcome of a
method to changes in the inputs (i.e. risk and uncertainty). PROMET-
HEE II was less sensitive than AHP to changes in the values of the both

criteria weights and performance measures. Recommending PROMET-
HEE II for this decisional problem would provide a more robust out-
come with less vulnerability to risk and uncertainty.

In all three scenarios, PROMETHEE II would be preferred for this
problem.

4. Discussion

This paper considered three numerical examples described in Expert
Choice Sample models. Numerical example one used a U.S. coast guard
officer evaluation model, the second example used a Boeing strategic
marketing decision model and the third numerical example used a
corporate relocation decision model.

Different methods might provide different outputs when applied to
the same decisional problem, this was because methods deal differently
with performance measures, and criteria weights often have different
impact from one method to another, moreover in MCDM problems a
“correct” result does not exist [46]. If two methods delivered sig-
nificantly different results then, at least one method was invalid [15].
MCDM methods deliver a best compromise solution. Work presented in
this paper did not compare the outcome of AHP and PROMETHEE II but
compared the stability of the outcome of AHP and PROMETHEE II
when uncertainty affected both criteria weights and performance
measures.

Analysing the results from case studies and the results of numerical
examples 1, 2 and 3, and results from other problems, a set of propo-
sitions have been suggested.

In each case the following method was used:

1 Qualitative and quantitative risk analysis should be conducted first.
2 The novel MCDM Methods Selection Framework applied to that
problem to provide a subset of candidate methods suitable for that
problem.

3 Conduct sensitivity analysis on the subset of candidate methods.
4 Results from sensitivity analysis and risk analysis should be used to
recommend a method that is least sensitive to factors highlighted by
the qualitative and quantitative risk analysis.

5 A MCDM method might be recommended for a decisional problem
even though it was highly sensitive to changes in a certain factor,
but that factor might not be highlighted during the risk analysis.
Also a MCDM method might be excluded from the subset of candi-
date methods if it was sensitive to factors highlighted by the risk
analysis.

Some potential generalized MCDM scenarios were presented in this
paper. From these scenarios a new set of propositions can be stated:

• Propositions for Uncertainty in inputs:

PROPOSITION ONE – Uncertainty in Criteria Weights: If decision
makers are uncertain of criteria weights and / or anticipate a risk factor
of high severity that could affect criteria weights, then a method that is
less sensitive to changes in criteria weights should be recommended for
the decisional problem. If methods had the same sensitivity to un-
certainty in criteria weights, then the method that had fewer critical
criteria should be recommended to the decisional problem.

PROPOSITION TWO - Uncertainty in Performance Measures: If
decision makers are uncertain of performance measures and / or an-
ticipate a risk factor of high severity that could affect performance
measures, then a method that is less sensitive to changes in perfor-
mance measures should be recommended for the decisional problem. If
methods had the same sensitivity to uncertainty in performance mea-
sures, then the method that had fewer critical performance measures
should be recommended for the decisional problem.

PROPOSITION THREE – Uncertainty in Inputs: If decision makers
are uncertain and / or anticipate a risk factor of high severity that could

Table 15
Minimum percentage change in performance measures for corporate relocation
decision example using PROMETHEE II.

Performance measure Percentage change New ranking

A1C1 −35 A4>A3>A1>A5>A2

A2C1 40 A4>A1>A5>A3>A2

A3C1 −29 A4>A1>A5>A3>A2

A4C1 −56 A1>A4>A3>A5>A2

A5C1 N/F –
A1C2 N/F –
A2C2 N/F –
A3C2 −58 A4>A1>A5>A3>A2

A4C2 N/F –
A5C2 −60 A4>A1>A3>A2>A5

A1C3 −61 A4>A3>A5>A1>A2

A2C3 N/F –
A3C3 N/F –
A4C3 N/F –
A5C3 N/F –
A1C4 N/F –
A2C4 N/F –
A3C4 N/F –
A4C4 N/F –
A5C4 N/F –
A1C5 N/F –
A2C5 N/F –
A3C5 N/F –
A4C5 N/F –
A5C5 N/F –
A1C6 N/F –
A2C6 N/F –
A3C6 N/F –
A4C6 N/F –
A5C6 N/F –
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affect both criteria weights and performance measures, then a method
that is least sensitive to changes in criteria weights and performance
measures should be recommended for the decisional problem. If
methods had the same sensitivity to uncertainty in criteria weights and
/ or performance measures, then the method that had fewer critical
criteria weights and /or performance measures should be recommended
for the decisional problem and a best compromise between these factors
would be recommended.

PROPOSITION FOUR – The Most Critical Criterion: The higher
the weight of the criterion the higher the probability that it is the most
critical criterion and the higher the probability that it is the most cri-
tical performance measure with respect to that criterion.

• Propositions for Ranking of Alternatives:

PROPOSITION FIVE – Indifference Proposition: Whenever two or
more alternatives are indifferent in the outcome of a MCDM method,
the state of these alternatives might be considered as a state of equili-
brium, where any change in any performance measure of the alter-
native with respect to any criteria might prefer one alternative to the
others, and / or any change in any criterion weight might prefer one
alternative to the others. Using pseudo criteria, the change required in
the performance measures to prefer one alternative to the others must
be large enough not to be filtered by the indifference thresholds.

PROPOSITION SIX – When an Alternative will be Ranked First:
For an alternative to be ranked first, the alternative must score highest
on all criteria. If the MCDM method used allow a compensation be-
tween good and poor performances of alternatives with respect to cri-
teria, an alternative might be ranked first if it scored highest on the
most important criterion or criteria (i.e. highest weight criterion or
criteria) and did not have poor performances for other criteria (i.e. it
didn't score significantly lower than other alternatives).

PROPOSITION SEVEN - Equal Criteria Weights: In a decisional
problem where all criteria had the same weights, an alternative will be
ranked first if:

• Using a method that allowed compensation between good and poor
performances with respect to criteria, then the alternative that
scored the highest sum when aggregating all performance measures
with respect to all criteria will be ranked first.

• Using a method that applied did not allow compensation between
good and poor performances with respect to criteria, appropriate
indifference and preference thresholds and all criteria had the same
type, then the alternative that scored highest on all criteria, or the
alternative that scored higher on larger number of criteria (i.e.
scored higher on more criteria) will be ranked first.

5. Conclusions

The large number of existing MCDM methods confuses potential
decision makers, resulting in inappropriate pairing of methods and
problems. The authors were not suggesting that one MCDM method was
better than another, but that one MCDM method could deliver a more
robust outcome than another for a specific problem. To recommend a
single method for a decisional problem, risk and uncertainty factors
needed to be considered. Both performance measures and criteria
weights were studied, and sensitivity analysis applied to performance
measures and criteria weights to give a recommendation.

This paper presented a new framework and methods to recommend
a MCDMmethod that delivered the most robust output from a variety of
existing MCDM methods, each having its own advantages, dis-
advantages and limitations. Considering a number of potential gen-
eralized scenarios for MCDM problems, a new set of general proposi-
tions were created and are presented.

Applying sensitivity analysis to one input factor at a time may not
be enough and Monte-Carlo simulation might model the uncertainty of

more than one input factor at a time. Uncertainty could be modelled
using different approaches and for example, applying PROMETHEE II
with different criteria types could provide a more stable outcome.
PROMETHEE II could also be improved using Veto thresholds.

Other factors were not considered when selecting a MCDM method,
for example the level of compensation allowed between good and poor
performances of alternatives with respect to criteria, type of value
function representing criteria or interaction between criteria. PROME-
THEE II Indifference, Preference and Veto thresholds could be used to
provide a more robust outcome and enhance the stability of the out-
come of PROMETHEE II method.

Proposition five suggested that any change in the criteria weights or
in the performance measures of the indifferent alternatives will break
the indifference relation proposed by (Roy, 1981).

6. Future work

The authors are now comparing the Weighted Sum Model (WSM),
the Weighted Product Model (WPM), the Weighted Aggregated Sum
Product ASsessment (WASPAS) method, Additive Ratio ASessment
method (ARAS), Complex PRoportional ASsessment (COPRAS) method,
the Multiplicative Exponent Weighting (MEW) method, Simple
Additive Weighting (SAW) method, AHP and PROMETHEE II using
different values of λ for WASPAS and different types of preference
functions: U-shaped criterion, V-shaped criterion, Level criterion, V-
shape with indifference criterion, and Gaussian criterion for PROME-
THEE II. Future work will consider different MCDM methods such as
ELECTRE family methods and WASPAS method.

Perfect consistency in real life problems is often hard to achieve. To
investigate this, the authors intend to apply the new MCDM methods
selection framework to other decisional problems with inconsistent
pairwise comparisons in various uncertain, fuzzy and risky environ-
ments [8–10,30,31,37,40] and to use the techniques to decide on di-
rection for powered wheelchairs [38,39,41,42].

The authors have no competing interests to declare.
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