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Selecting a Robust Decision Making Method
to Evaluate Employee Performance

Haddad M., Sanders D. and Bausch N.

Abstract—This paper investigates how to select a robust decision making method to evaluate
employee performance. Two Multiple Criteria Decision Making (MCDM) methods are considered for
the evaluation of U.S. Coast Guard officers. Sensitivity analysis is conducted to understand the nature
of uncertainty in evaluation criteria and employee performance. Outcomes from this analysis provide
an understanding of the most critical factors governing the evaluation. MCDM methods dealing with
discrete sets of alternatives are considered. The stability of two MCDM methods’ outcomes are
compared and the method with the most stable outcome is recommended. The minimum percentage
change in criteria weights and performance scores required to alter the outcome of the evaluation is
calculated. A MCDM method is recommended based on a best compromise in minimum percentage
change required in inputs to alter the outcome of a method.
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1. Introduction

Increased interest in Human Resource Management (HRM) has led to the development of different
theories and approaches for staff evaluation. These theories and approaches enhanced organizations’
performance and success (Saridakis et al, 2017). But different performance evaluation methods often
produce different results (Haddad & Sanders, 2018). The aim of this paper is to create a robust and fair
model for employee evaluation. This problem can be considered to be a multiple criteria decision
making (MCDM) problem with several evaluation criteria, as an example of how to select a robust
method, two MCDM methods were applied to the evaluation of US Coast guard officers and the most
stable outcome was adopted.

Sensitivity analysis was conducted on the outcomes of the two MCDM methods to focus on
uncertainty in the function and processes of HRM. This is a new way of dealing with uncertainties in
evaluation criteria and employee performance. An employee evaluation problem from Expert Choice
Sample Models was used as an example in this paper (Expert Choice, 2013). The aim was to evaluate
the performance of US Coast Guard officers.

Human resources represent an important factor in achieving success (Bella et al, 2018). Many
researchers claimed that there is a positive correlation between HRM practices and organization
performance (Renkema et al, 2017; Saridakis et al, 2017). HRM processes are highly affected by an
Organization type, ranging from hardest in functional organizations to effective in projectized
(PMBOK, 2004).

Employee evaluation is often considered as a complex task that considers various aspects and
evaluation criteria. Moreover, employees often work on different projects and their overall
performance is an aggregation of individual performance in the projects they participated in (Lidinska
& Jablonsky, 2018).
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Lidinska and Jablonsky (2018) described four main areas of a performance management framework:
Evaluation criteria; Evaluation frequency; Criteria weights; and Rating system proposal. In this paper
the criteria weights and the selection of the rating system are considered.

The impact of the method on actual decisions is well known, as well as the consequences of poor
decisions (Kornyshova & Salinesi, 2007). Eldarandaly et al, (2009) asserted that applying different
MCDM methods to the same problem could often generate different outcomes. The use of an
inappropriate MCDM method could therefore lead to inappropriate decisions (Ozernoy, 1992).
Ishizaka and Siraj (2018) asserted the importance of good decisions and claimed that several MCDM
methods were improving them.

2. MCDM Methods

Antoniou and Aretoulis (2018) traced MCDM methods back to 1738 when Daniel Bernoulli (1700 —
1782) published the utility theory that addressed the decision making process based on the utility
theory of an alternative rather than the expected utility of the alternative.

Wang et al (2010) regards MCDM as a branch of Operational Research (OR) that is useful for some
complicated problems within risky or uncertain situations such as evaluating employee performance.
Eyvindson et al (2018) described them as mathematical methods used to find a best compromise
solution based on judgments provided by stakeholders. For two decades, MCDM has been one of the
fastest emerging areas within OR. It has been used to sort alternatives into pre-defined groups, to rank
alternatives, to select best fits, and to describe problems (Roy, 1985). MCDM methods can handle
conflicting criteria to tackle complex problems in business, engineering, management, science and
other applications (Maleki & Zahir, 2013). Haddad et al (2018, 2019) said that MCDM methods help
decision makers to understand their problems and the factors that might influence the problems in an
attempt to produce “Good” enough solutions.

Durbach and Stewart (2012) claimed that all multi-criteria methods improved decision making. That
is achieved by decomposing assessment of the alternatives into a number of possibly conflicting
criteria. It can be challenging to test MCDM methods to see how accurate they are because they use
different methods and are difficult to compare (Olson et al, 2007). MCDM methods perform more
efficiently for particular types of problems (Razmak and Aouni, 2015). MCDM is sequential although
a user can go through a number of iterations in an attempt to produce a robust solution. Being able to
check on the consistency of the comparisons made could be important.

Human judgment is prone to error and bias, and Comes et al (2013) identified some noticeable biases:
Confirmation bias; Anchoring bias; Availability bias. Human behaviour is a source of inconsistency,
but it is not the only one. Decision makers cab describe alternatives and criteria on scales with limited
sets of numbers so that digitisation errors appear, and the measurement scales used for different
methods can provide some inconsistency (Haddad et al, 2018).

Managers and human resources staff need to appreciate potential uncertainty to improve the decisions
they make about employees and reduce risk. Moreover, understanding of uncertainty could lower
inconsistency rates and lead to more reliable and robust representations of weights and performance
evaluation scores (Haddad et al, 2018; Norese, 2016). Scholten et al (2015) claimed that uncertainty in
criteria weights could be present because of bias, inaccurate quantitative estimates, or because of the



use of inexact weights. Under-rating uncertainty can have an adverse effect on long-term planning
because the costs of making a wrong decision can be significant.

Haddad et al (2018) said there is not a perfect MCDM method. Decision-makers may not be able to
provide all the information and different problems will need different algorithms to produce suitable
outcomes. They also said that performance evaluation scores and criteria weights are often hard to
describe as “exact” numbers in real life. They presented examples where criteria values could not be
defined as exact numbers and instead, modelled criterion weight uncertainty as fuzzy values and
probability functions. They said inaccuracy could be understood more by using pseudo criteria;
introducing indifference and preference thresholds so that inaccuracy might be filtered out between
them.

Sensitivity analysis should be performed to validate the feasibility and to check the robustness of
MCDM solutions (Saaty & Ergu, 2015). Danesh et al (2018) mentioned that sensitivity analysis
should be considered as an important factor of quantitative decision models since it shows the
strengths and weaknesses of the models. Saltelli et al (2000) defined sensitivity analysis as the analysis
of the effect of uncertainty in the output of a model, affected by uncertainty in its inputs. Haddad et al
(2018) suggested that it is best to conduct sensitivity analysis on both the performance scores and the
criteria weights. Sun et al (2011) said that robustness is an indicator of the ability of a system to
tolerate uncontrollable changes in inputs.

Three types of sensitivity analysis were defined by Wolters and Mareschal (1995) for problems:

e The effect of changes in performance scores of one alternative with respect to a criterion.

e Sensitivity of a ranking to changes in scores of all alternatives depending on a certain criterion. In
this case uncertainties are in particular criterion scores.

e The minimum change in criteria weights required to make an alternative ranked first.

Haddad (2017) identified the following steps to reach a most suitable (best compromise) solution in
any multi-criteria problem: Identify the problem; Define goals and targets; Define a set of criteria;
Identify alternatives; Select a MCDM method to evaluate the overall score of alternatives with respect
to the criteria set; and Review and evaluate outcomes. The decision process can be iterative and at the
end of the process, decisions may need to be reviewed and then validated. Ineffective, failed or
unsuitable decisions need to be reconsidered before restarting the process.

Because they are often uncertain and ambiguous and can involve a large number of stakeholders with
varying preferences, HRM decisions can be difficult to make (Comes et al, 2013). Figure 1 shows the
4 stage model of the decision-making process created by Grechuk and Zabarankin (2018). It also
considered uncertainty. Grechuk and Zabarankin (2018) said that analysts and decision makers have
experimental and historical data, which is not sufficient. Data from a better statistical understanding of
the assumptions might give a better understanding of the uncertainty and risk that are connected to the
guestion.

Data — Uncertainty modelling — Risk preference modelling — Choice/Decision
Figure 1: The four stage model of decision-making by Grechuk and Zabarankin (2018)

Eldarandaly et al (2009) said that applying different MCDM methods to the same problem could often
generate different outcomes. Using an unsuitable MCDM method can lead to poor decisions (Haddad
et al, 2018). Ishizaka and Siraj (2018) stated the significance of making good decisions and said that
MCDM was improving them.



Many researchers considered HRM decisions as multi criteria decisions. Mammadova and Jabrayilova
(2015) considered the HRM decisions as a fuzzy MCDM problem, and they proposed the use a
modified TOPSIS method to ensure adaptability in HRM decisions. They applied their proposed
methodology in the HRM department of the State Oil Company of the Azerbaijan Republic for proper
evaluation of the applicants. Lidinska and Jablonsky (2018) applied AHP to produce a fair and simple
employee evaluation process in one of the middle-size management consulting companies operating in
the Czech Republic. This company provided consulting and financial advisory services to public and
private clients and employed around 300 consultants.

As an example, this paper will apply two popular MCDM methods to HRM evaluation decisions: AHP
and PROMETHEE II. The stability of the outcomes of these methods will be compared in the presence
of uncertainty in evaluations criteria weights and employee performance scores, and the method that
delivered the most stable outcome will be recommended. The MCDM methods used were based on
different approaches. AHP is based on pairwise comparison between the alternatives while
PROMETHEE I1 is based on outranking relations among alternatives. The next two sub-sections give
a brief explanation of the MCDM methods used.

a. The Analytical Hierarchy Process (AHP)

AHP is a MCDM method developed by Thomas L. Saaty in 1971- 1975 (Saaty, 1987). AHP helps
decision makers to solve a problem with multiple conflicting subjective criteria (Ishizaka & Labib
2009) by breaking down a complex problem into simpler sub-problems then, aggregating the solutions
of all sub-problems into one solution (Saaty, 1994). AHP uses expert judgments to derive priorities
and apply pairwise comparisons to measure how much one alternative dominates another with respect
to a certain criterion (Saaty, 2008). Using a hierarchical structure of the criteria, AHP could allow
users to focus on specific criteria and sub-criteria when providing judgments. Figure 2 shows a simple
Analytical Hierarchy Process hierarchy model composed of three levels. The goal of the decision
process is on the first level, the set of criteria by which alternatives are assessed are on the second level
and alternatives are on the third level (Saaty, 2012). Moreover, AHP could incorporate group decision
making (Omkarprasad & Kumar, 2006). Since its development, AHP has been applied to almost all
fields of decision making.

Criteria Criteria iteri Criteria

Alternative Alternative Alternative

Figure 2: Simple three level decision hierarchy (Saaty, 2012)
Ishizaka and Labib (2009) identified seven steps for a decision making process using AHP:

e Problem modelling: identify goals, criteria and alternatives.



e Pairwise comparisons conducted on each part of the hierarchy.
e Judgments scale, AHP can evaluate quantitative and qualitative criteria and alternatives using
the same preference scale of nine levels.
e Priorities derivation, traditional AHP used an eigenvalue method.
e Consistency check.
e Aggregation of local priorities with respect to all criteria to calculate the global priorities of
each alternative using Equation (1).
Pi=2jw;. i 1)
Where: Pj: global priority of the alternative i
wj: weight of the criterion j
lij: local priority
e Sensitivity analysis.

According to Al-Shabeeb (2015), AHP often generates good results, provides an approach to define
and evaluate alternatives, and presents a powerful hierarchy model to visualize the problem. But
considering a large number of alternatives and criteria makes the application of AHP time and effort
consuming due to the large number of pairwise comparisons that need to be conducted.

b. The Preference Ranking Organization METHod for Enrichment of Evaluations Il
(PROMETHEE I1)

PROMETHEE methods were developed by Jean-Pierre Brans and presented for the first time in 1982
at a conference at the Université Laval in Canada. PROMETHEE methods have been extensively
studied since then.

PROMETHEE methods are outranking MCDM methods with PROMETHEE | partial ranking and
PROMETHEE Il total ranking of alternatives. PROMETHEE methods generally consist of a
preference function representing each criterion and weights describing their relative importance. The
main idea of the PROMETHEE methods is to conduct pairwise comparisons among alternatives
regarding each criterion then comprehensively compare them with respect to all criteria (Xiaohann et
al, 2013).

According to Brans (1982), PROMETHEE methods apply the following steps:

e Identify the problem.

e ldentify a set of criteria.

e Identify information between criteria (criteria weights).

e Identify Information within criteria (pairwise comparisons and preference functions).

e Identify a set of alternatives.

e Evaluate overall score of each alternative.
Brans (1982) identified six types of preference functions shown in Figure 3 and stressed that efficient
alternatives were the alternatives that were non-dominated by other alternatives.

Each preference function identified by Brans (1982) required a number of parameters (g, p, or s) to be
identified where:
e (:isan Indifference threshold.

e p: isa Strict preference threshold.
e s:isan Intermediate value between g and p.
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Figure 3: Six types of preference functions (Brans, 1982)
Moreover, Brans (1982) calculated the Preference Indices using Equations (2) and (3):
Letab € A:
7 (a,b) = 2j Pj (a,b).w; @)
r (b,a) = 2 Pj (b,a).w; 3

Where, 7 (a,b) expressed the degree by which alternative a was preferred to alternative b, and 7 (b,a)
express the degree by which alternative b was preferred to alternative a.

And
7 (a,a) =0
0<rm(b) =<1
0<zm(a =<l
0<z(ab)+ zba<l
7 (a,b) = 0 weak global preference of a over b.
7 (a,b) = 1 strong global preference of a over b.

And calculated the Positive, Negative and Net outranking flows using Equations (4), (5) and (6):
Positive outranking flow:

@ * @) =1n-1) X wey7 (a.x)] 4)
Negative outranking flow:
@ (@) = 1(n-1) X wea)[n (x,a] ®)

Net outranking flow:
D (a) =[P (a) + P (a)] (6)



This paper used the type 1 preference function “Usual Criterion” shown in figure 2, no indifference,
preference or veto thresholds were considered and the alternative that had higher performance measure
on a criterion will be preferred to other alternatives with respect to that criterion.

PROMETHEE methods provide a comprehensive and rational framework for structuring a decision
problem, identifying and quantifying its conflicts and synergies, highlighting the main alternative and
the structured reasoning behind the identification and quantification.

3. Employee Evaluation using MCDM methods

This section describes the application of AHP and PROMETHEE Il methods to the officers’
evaluation problem. Sensitivity analysis was conducted, and the most stable outcome was adopted.
Employee evaluation could be considered as an activity, or a process concerned with the relationship
between the employees and their supervisors. (Lidinska & Jablonsky, 2018). This example considered
how members of the U.S. Coast Guard were rated by their superiors. A set of six evaluation criteria
were identified, and a set of six anonymous alternatives (officers) were assessed by the identified 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 evaluation of the
employees is conducted regularly, the weights of the evaluation criteria are derived from to the
decision maker’s perception of their importance. The set of criteria taken into account in the proposed
performance evaluation system corresponds to those currently implemented:

Ci: Performance of Duties

Co: Interpersonal Relations

Cs: Leadership Skills

C,: Communication Skills

Cs: Personal Qualities

Cs: Representing the Coast Guard

Criteria weights and officers’ performance scores for all the officers with respect to all the evaluation
criteria are shown as a decision matrix in Table 1.

Table 1: Decision matrix for U.S. Coast Guard Officer Evaluation

Alternative AL Ao Az As As As

Criteria Officer | Officer | Officer | Officer | Officer | Officer
A B C D E F

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

AHP provided the following ranking of alternatives: A1 > (A2 = A3)> As > As > As, with a global score
of of employees: A1 =0.172, A» = 0.169, A3 = 0.169, A4 = 0.167, As = 0.160 and As = 0.162.

PROMETHEE Il provided a different ranking of alternatives: Az > A> > A1 > As > As > As, with a net
outranking flow of alternatives: @(41) = 0.139, ®@(42) =0.155, &(43) = 0.167, @(A4) = 0.063, @(4s) = -



0.283 and @ (A6) =-0.241, where @ is a net outranking flow ¢ (a) = ® +(a) — ® -(a). The higher the
net outranking flow the more eligible the officer to promotion.

AHP and PROMETHEE Il methods delivered different ranking of officers, sensitivity analysis was
conducted on both methods’ outcomes to recommend an outcome that best suited this problem and
provided the most robust decision. Minimum percentage change required to alter the ranking of officer
for the most critical evaluation criterion weight and most critical performance score 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 score did not affect the original ranking of the
officers.

The most critical criterion in this example using AHP was the second criterion (Cz) 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 the “Interpersonal Relations”
criterion to change the ranking of officers B and C, a 6.299% decrease in its weight change the

preference from officer C to officer B (A2 > Ag).
Table 2: Minimum percentage change in evaluation criteria weights for U.S. Coast Guard using AHP

Criteria Percentage New Ranking
change
C1: Performance of Duties 8.446 A1>Ar> Az > Ay > (As= Ag)
Co: Interpersonal Relations -6.299 A1> A= Az > Ar> (As= Ae)
Cs: Leadership Skills 10.063 A1>Az> A > As> As> As
C,: Communication Skills -12 Ar>As> A > Ay > Ag> As
Cs: Personal Qualities 42857 | A1> A Ao > Ar> Ag> As
Cs: Representing the Coast Guard -13.415 | A1 A A > Ar> Ag> As

The most critical criterion in this example using PROMETHEE Il 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 officers A and B. Where a 2.027% decrease in its weight

changed the preference from officer B to officer A (A1 > Ay).
Table 3: Minimum percentage change in evaluation criteria weights for U.S. Coast Guard using PROMETHEE II

Criteria Percentage New ranking
change
Ca: Performance of Duties -2.027 Az>A1> A > A > Ag > As
Ca: Interpersonal Relations -5.0512 Ar>As> AL > A > Ag> As
Cs: Leadership Skills -5.660 Ar>As> A1 >Ar>Ag> As
C4: Communication Skills 12 Ar>A1>Ag> Ay > Ag> As
Cs: Personal Qualities 19.048 Ar>A1> A3 > A > Ag> As
Cs: Representing the Coast Guard 9.756 Ar>A1>As>Ar> Ag> As

The most critical performance scores in this example using AHP were (A2C1 & A3C»), signified by the
smallest values (bold numbers) in Table 4. These values represented the minimum percentage change
required in the value of performance score of officer B with respect to “Performance of Duties”
criterion (A2Cy) or in the value of performance score of officer C with respect to “Interpersonal
Relations” criterion (A3C>) to change the ranking of officers B and C (A2 & As). A 1% increase in the
value of performance score (A2C1) changed the ranking and preferred officer B over officer C (A2 >
As). A 1% increase in the value of performance score (AsC>) changed the ranking and preferred officer

C to officer B (Az > A).
Table 4: Minimum percentage change in performance scores for U.S. Coast Guard Officers using AHP



Performance | Percentage New ranking
Measure change

A1Cq -4 (Al = AS) >A>A>Ag> As
ACq 1 Al>A>As>As>Ag> As
AsCy 2 AL>A3> A > As> As > As
AsCy -2 AL>A> (A3 = A4) > Ag > As
AsCy 3 Ar> (Ac=A3=A))>As> As
AsCy 3 Ar> (Ac=A3) > A= As> Ag
AsCy -3 A > (Az = A3) > A4 > As > Ag
AC -4 ASASA;>AL> Ag> As
A2C 2 ASASA;>AL> Ag> As
AC -2 Ar>Az> (A=A > As > As
AsC, 1 AL>A> A > Ag> A > As
A4Co 3 A > (Az =A3= A4) > A > As
AsC, 4 A > (Az = A3) > A > As > Ag
AsCo -3 A > (Az = A3) > A4 > As > Ag
Ai1C3 -5 AL>Az> A Ar>As> As
ACs 2 AL>Ar>As>Ar>Ag> As
AsCs 2 Ar>A3> A > AL > Ag> A
AdCs 5 Ar> (Aa=A3=As)) > As > As
AsCs 5 A1 > (A2= A3) > Ay > (As = Ag)
AsCs -6 A1 > (A= A3) > Ay > (As = Ag)
A:1Cs -8 (A1 = A2) >A3>Ar> Ag> As
ACy 2 AL>Ar>As> Ay > Ag> As
AsC4 2 AL>As> A > As>Ag> As
AsCy 6 Ar> (Ao=As=A)>As > As
AsCy 7 A1 > (A2=A3) > Ay > (As = Ag)
AsCa -6 Ar> (A2=As) > Ay > As > A
A1Cs -11 AL>Ar>As> Ay > Ag> As
ACs 3 AL>A> A3 > AL > Ag> As
AsCs 3 Ar>As> A > A > As > As
A«Cs 9 Ar> (Ao=A3=As) > As > As
AsCs 10 Ar> (A= Ag) > Ag > (As = Ag)
AsCs -10 A1 > (Az = A3) > AL > (A5 = A6)
A1Cs -13 AL>A3> A > A > Ag > As
ACq 4 AL>A>A3> AL > Ag> As
AsCs 4 Ar>Az> P> Ar>As > As
A4sCs 9 A > (Az =A3= A4) > A > As
AsCs 10 Ar> (A2=A3) > Ay > (As = Ag)
AsCs -11 Ar> (A2=A3) > Ay > (As = Ag)

The most critical performance scores in this example using PROMETHEE 11 were (A1C1, A3Cy, AsCy,
AsC1, AsC1, A2C2, AsCa, A2Ca, A3Cs, AsCs & AsCa), signified by the smallest values (bold numbers) in
Table 5. These values represented the minimum percentage change required in value of performance
score of officers A, C, D, E or F with respect to “Performance of Duties” criterion (A1C1, A3C1, AsCy,
AsC1, AsC1 or AeCs), in the value of performance score of officers B or E with respect to “Interpersonal
Relations” criterion (A2C2 or AsCy), in the value of performance score of officers B, C, D or E with
respect to “Communication Skills” criterion (A2C4, A3Ca, AsCs or AsCa) to change the ranking of the
officers. A 1% increase in the value of (A1C1) changed the ranking of officers A and C (A1 > A3z). A 1%
decrease in the value of (AsC1) changed the ranking of officers C and D (A4 > A3z). A 1% decrease in
the value of (AsC1) changed the ranking of officers B and D (A4 > A2). A 1% decrease in the value of
(AeC1) changed the ranking of officers A and C (A1 > Asz) and officers E and F (As > As). A 1%



increase in the value of (A2C>) changed the ranking of officers B and C (A2 > As). A 1% decrease in the
value of (A2C>) changed the ranking of officers A and B (A1 > A) and officers E and F (As > Ag). A
1% increase in the value of (AsC1) changed the ranking of officers D and C (A4 > A3). A 1% increase

in the value of (AsC1) changed the ranking of officers C and A (A1 > As3) and officers E and F (As >
As). A 1% decrease in the value of (AsC1) changed the ranking of officers B and D (As > A2). A 1%
change in the value of (AsCz) changed the ranking of officers B and C (A2 > As). A 1% increase in the
values of (A2C4 or AsCs) changed the ranking of officers B and C (A2 > Az). A 1% decrease in the

values of (A3Ca, A4Cs) changed the ranking of officers B and C (A2 > As).
Table 5: Minimum percentage change in performance scores for U.S. Coast Guard Officers using PROMETHEE ||

Performance Percentage New ranking
Measure change

A:Cy 1 Ar>As> A > As> Ag > As
ACq ) As>A1> A > A > As > Ag
AsCy -1 As>A> AL > A > As > Ag
AsCy 1 Ar>A> AL > Az > Ag> As
AsCy -1 As>As> A > AL > Ag> As
AsCy 1 Ar>A1>As> A > As> Ag
AsC1 -1 Ar>As> A > AL> As > Ag
AC 2 AL>A> A > AL > Ag > As
ACo 1 Ar>As>As>Ar>Ag> As
ACy -1 Az>A1> A > Ay > As > Ag
AsCa -2 Ar>Ar>As>Ar>Ag> As
ACo 6 As>Ar> A > Ay > A > Ag
A4Co -6 A >As3>A1> A > As > Ag
AsCs 1 Ar>As> AL > AL> Ag> As
AsC; -1 Ar>A3> AL > As> Ag > As
AsC2 -9 As>A1> A > Ag>As > Ag
AiCs -11 As>Ao>Ar> AL > Ag> As
ACs 4 A >As> AL > A > Ag > As
AsCs -9 A >Ar>As> Az > Ag > As
AsC3 -3 As>A>Ar> Ap> As > Ag
AsCs 3 As>Ar> AL > Ag>As > As
AsCs 12 As>A1> A > A > Ag > As
A1Cy -5 A > As> AL > AL > Ag > As
ACy 1 Ar>As> AL > A > Ag > As
AsCy -1 A > As> AL > AL > Ag > As
AsCy -1 Ar>As> AL > Ar> Ag> As
AsCy 1 Ar>A3> AL > A > Ag > As
AsCs 2 As>A1> A > A > Ag> As
A:Cs -11 Ar>As> AL > As> Ag> As
ACs -4 As>A1> A > A > Ag> As
AsCs -3 A >A1>A;> A > Ag> As
A4Cs 5 Az>A1> A > Ay > Ag > As
AsCs 3 Ay >A>As> A > As > Ag
AsCs 4 Ax>A1>As> Ay > Ag> As
ACs 3 AL>Az> A > Ar> Ag> As
A:Ce -12 Az> A=Ay >Ay> As > As
AsCs N/F -

A4Cs -3 Ar>As> A > AL> Ag> As
AsCo 6 As>Ar> AL > Ay > As > Ag
AeCs N/F --




This problem provided examples of uncertainties in evaluation criteria weights and employees
performance scores. Actions were considered to address them:

SITUATION ONE: AHP and PROMETHEE Il 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 officers, while PROMETHEE Il required a 2.027% decrease to the value of the most critical
criterion weight (i.e. “Performance of Duties”) to alter the ranking of officers. AHP was 3.108 times
less sensitive to changes in the value of the most critical criterion weight than PROMETHEE I1.
Decision makers often prefer a method that is resilient to changes in criteria weights, they often apply
MCDM methods to aid them in delivering appropriate and fair decisions (Razmak & Aouni, 2015). A
robust method provides more stable outcomes with less sensitivity to risk and uncertainties. AHP
would be recommended for this problem when decision makers were uncertain of criteria weights.

SITUATION TWO: AHP required a 1% increase to the values of most critical performance scores to
alter the ranking of the officers. PROMETHEE I1 also required a 1% change to the values of the most
critical performance scores to alter the ranking of the officers. Both methods had the same sensitivity
towards uncertainty in performance scores; AHP had two critical performance scores while
PROMETHEE Il had fourteen critical performance scores. Decision makers often prefer a method that
is less sensitive to changes in the values of the performance scores, they often apply MCDM methods
to aid them in delivering appropriate and fair decisions (Razmak & Aouni, 2015). A robust method
provides more stable outcomes with less sensitivity to risk and uncertainties. AHP would also be
recommended for this problem if decision makers were uncertain of performance scores. Analysis of
these results showed that the number of critical performance scores and the number of critical criteria
should be taken into consideration when recommending a MCDM method. From Tables 2 and 4, AHP
had one critical criterion and two critical performance scores, from Tables 3 and 5 PROMETHEE ||
had one critical criterion and fourteen critical performance scores. AHP would be recommended for
this problem when the number of critical performance scores and the number of critical criteria were
taken into consideration.

SITUATION THREE: AHP was less sensitive than PROMETHEE 11 to changes in the values of the
most critical criteria weights and had fewer critical performance scores. The number of most critical
criteria and most critical performance scores a method has for a certain problem provides guidance
towards the number of risk factors the method is vulnerable to. The higher the number of most critical
criteria and most critical performance scores, the higher the number of risk factors a method is
sensitive towards 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 performance
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 problem when risk and uncertainty would affect both
criteria weights and / or performance scores may provide a more robust outcome for this example.

In all three situations, AHP would be recommended for this problem.



4. Discussion

The two methods provided different outcomes when applied to the same problem. This was because
methods deal differently with performance scores, and criteria weights often have different impact
from one method to another, moreover in MCDM problems a “correct” result does not exist
(Tscheikner-Gratl et al, 2017). If two methods delivered significantly different results then, at least one
method was invalid (Haddad et al, 2018). MCDM methods deliver a best compromise solution.

The minimum percentage change for all evaluation criteria and employee performances with respect to
all criteria required to change the outcome of a method was calculated. Critical criteria and critical
performance scores were identified. Critical criteria and critical performance scores are the criteria and
the performance scores that required the least amount of change in their value to change the outcome
of a method. Conducting sensitivity analysis on both criteria weights and performance scores of a
problem and analysing the robustness of the outcome of the method to changes in both criteria weights
and performance scores was used as an indicator for the robustness of the outcome of a MCDM
method when uncertainty affected both inputs of the problem.

The importance of identifying the most critical criteria and the most critical performance scores might
help decision makers in achieving a robust outcome and will make decision makers give extra
attention to these factors when providing judgments (i.e. setting evaluation criteria weights and
employee performance scores with respect to criteria).

This paper considered the evaluation of coastguard officers. The following method was used:

Qualitative and quantitative risk analysis should be conducted first.

Apply MCDM methods to the evaluation of performance of coast guard officers.

Conduct sensitivity analysis on the outcome of the methods.

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 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 candidate methods if it was
sensitive to factors highlighted by the risk analysis.

6. The most stable outcome was adopted. In this case that was AHP.

o

Then:

SUGGESTION ONE - Uncertainty in Criteria Weights: If managers or HR staff are uncertain of
evaluation criteria weights and / or anticipate a risk factor of high severity that could affect evaluation
criteria weights, then a method that is less sensitive to changes in evaluation criteria weights should be
recommended for the problem. If methods had the same sensitivity to uncertainty in evaluation criteria
weights, then the method that had fewer critical evaluation criteria should be recommended for the
problem.

SUGGESTION TWO - Uncertainty in Performance Scores: If managers or HR staff are uncertain
of performance scores of employees with respect to evaluation criteria and / or anticipate a risk factor
of high severity that could affect the performance scores, then a method that is less sensitive to

changes in the performance scores should be recommended for the problem. If methods had the same



sensitivity to uncertainty in the performance scores, then the method that had fewer critical
performance scores should be recommended for the problem.

SUGGESTION THREE - Uncertainty in Inputs: If managers or HR staff are uncertain and / or
anticipate a risk factor of high severity that could affect both evaluation criteria weights and
performance scores of employees with respect to evaluation criteria, then a method that is least
sensitive to changes in these factors should be recommended for the problem. If methods had the same
sensitivity to uncertainty in these factors then the method that had fewer critical evaluation criteria
weights and /or performance scores should be recommended for the problem and a best compromise
between these factors would be recommended.

7. Conclusions and Future Work

The large number and the variety of existing MCDM methods can confuse managers or HR staff,
resulting in inappropriate pairing of methods and problems. The authors are not suggesting that one
MCDM method is better than another, but that one MCDM method could deliver a more robust
outcome than another for a specific HR problem. To recommend a single method for a specific
problem, risk and uncertainty factors needed to be considered.

This paper applied two MCDM methods based on two different approaches to employee evaluation
problem. Both performance scores and criteria weights were studied, and sensitivity analysis applied to
performance scores and criteria weights to give a recommendation. The proposed model provided
objectiveness and transparency for the HRM decision. The model was tested on real data sets,
sensitivity analysis was conducted, and the most stable outcome was adopted.

The authors are now comparing the stability of the outcomes of other MCDM methods. Perfect
consistency in real life problems is often hard to achieve. To investigate this, the authors intend to
apply a number of MCDM methods to various uncertain, fuzzy and risky problems.

The authors will apply PROMETHEE Il with indifference, preference and veto thresholds to other
problems and analyse the stability of the outcome of the method in certain and uncertain environments.

Future work will consider more problems with larger number of employees and evaluation criteria.
AHP, PROMETHEE I, WASPAS, and TOPSIS will be applied to these problems and the stability of
the outcome of these methods will be analyzed in certain and uncertain environments. In addition,
decision making systems will be applied to energy (Sanders 2017a; Sanders et al 2019a), assistive
technology (Sanders 2017b, 2018; Sanders et al 2019b, c, d), and robotics (Sanders et al 20183, b, c).
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