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Integrating Systems Thinking Skills with Multi-Criteria Decision-Making
Technology to Recruit Employee Candidates

Abstract

The emergence of modern complex systems is often exacerbated by a proliferation of information and
complication of technologies. Because current complex systems challenges can limit an organization's ability
to efficiently handle socio-technical systems, it is essential to provide methods and techniques that count on
individuals' systems skills. When selecting future employees, companies must constantly refresh their
recruitment methods in order to find capable candidates with the required level of systemic skills who are
better fit for their organization's requirements and objectives. The purpose of this study is to use systems
thinking skills as a supplemental selection tool when recruiting prospective employees. To the best of our
knowledge, there is no prior research that studied the use of systems thinking skills for recruiting purposes.
The proposed framework offers an established tool to HRM professionals for assessing and screening of
prospective employees of an organization based on their level of systems thinking skills while controlling
uncertainties of complex decision-making environment with the fuzzy linguistic approach. This framework
works as an expert system to find the most appropriate candidate for the organization to enhance the human
capital for the organization. Several large industries, among others, Boeing, the government such as the
Army, Military Academy, and National Science Foundation, highlighted the significance of having qualified
(systemic) individuals who can successfully deal with complex systems problems. The correct recruiting
decision will reduce the rate of job turnover and also help organizations to eliminate unnecessary budget
allocated for costly recruitment processes. The proposed framework is intended to first evaluate the pool of
applicants according to their level of systems thinking skills and then rank them based on the recruitment
strategy and workforce needs of the organization. To achieve the purpose of the study, two recruiting
strategies are adopted from the human resource management literature 1) Job-Fit Recruiting strategy—
finding candidates who are most aligned with a specific position requirement and 2) Flexible Recruiting
strategy—finding candidates with the highest potentials. The proposed framework is validated using a real

case study in a US large-scale organization.



1. Introduction

A successful organization must have in place an effective system of recruitment in order to hire the best
candidates for particular positions (Leisink & Steijn, 2009). The organization’s recruitment system is
essential, and as Ahmad and Schroeder (2002) stated, “paying close attention to recruitment and selection
is consistent with one of the basic principles of quality management, which is the notion that prevention is
better than a cure. It is hard to modify (cure) negative behavioral traits of employees. Therefore, it is best
to check for requisite behavioral traits during the recruitment and selection process to prevent a mismatch
between the technical and social systems”. An organization with “staff [employees] who consistently fulfill
their roles and are capable of taking on increased responsibilities,” has a competitive advantage over their
rivals when dealing with complex system problem domains (Cole, 2002, p. 172). Employees’ attributes,
including ability and motivation, shape the organization’s performance and should be considered in the
recruitment process (Delery & Shaw, 2001). Among the skills a high-quality employee should have is the
ability to engage in turbulent and complex environments; this ability is referred to as systems thinking
(Checkland, 1999; Schiuma, Carlucci & Sole, 2012). Systems thinking is the thought process that promotes
thinking and speaking in a new holistic language (Checkland, 1999).

A report "Future of Jobs" published by World Economic Forum in 2016, surveyed strategic leaders and
upper management of top 100 companies of nine major industries, including basic and infrastructure,
consumer, energy, financial services and investors, healthcare, information and communication technology,
media, entertainment and information, mobility, and professional services in 15 major developed and
emerging economic countries to find employment, skills, and workforce strategies needed for the fourth
industrial revolution. The report discussed complex problem solving and systems skills as important skills
for the next five years, outpacing the need for other skills such as people management, emotional
intelligence, content skills, etc. Similarly, several large industries, among others, Boeing, the government
such as the Army, Military Academy, and National Science Foundation, highlighted the significance of
having qualified individuals who can successfully deal with complex systems problems. In the literature,
systems thinking plays a significant role by providing tools and techniques to solve complex systems
problems (Boardman & Sauser, 2006; DeLaurentis, 2005; Gorod, Sauser, & Boardman, 2008; Hossain et
al., 2020; Jaradat et al., 2018). However, the performance of existing tools and techniques are limited by
their design and integrity to facilitate comprehensive solutions for social-technical problems. For instance,
many of the existing tools focus on specific domains such as education to assess students' systems thinking
skills (Camelia & Ferris, 2016; Frank, 2002; 2010). Also, some other tools have limited capabilities as they
evaluate one or few aspects of systems thinking (Dolansky & Moore, 2013; Hopper & Stave, 2008; Plate,

2008). In this study, researchers used a comprehensive tool (Jaradat, 2015), which consists of seven



dimensions of systems thinking skills as selection criteria to find systems thinkers based on the
organizational job requirements. The proposed selection criteria will reshape the traditional recruiting
process by assisting organizations in determining individuals who can work in the complex systems problem

domain.

Over the past decade, the person-job fit has been a trending topic in the industry because of the high
turnover and the cost of employing new staff (Hoftfman & Woehr, 2006; Liu et al., 2010). Many studies have
emphasized the advantages of matching Individuals’ skills with job requirements as it decreases the
likelihood of job resignations (Dahling & Librizzi, 2015; Hesketh, 1993; Schneider et al., 1995). Thus, it is
important to compare an individual’s skillset with the degree of work complexity in an organization while
examining the other qualifications in the recruitment process. The proposed recruitment framework
investigates the individuals' capability of dealing with complex system problems using seven dimensions
(level of Complexity, Autonomy, Interaction, Uncertainty, Change, Hierarchical View, and Flexibility).
Through the broad spectrum of determining individuals' systems thinking skills, this study assists recruiters

in finding the right candidate to fit the posted job position based on the candidate's skill set.

Employees are challenged to maintain and elevate their performance during periods of increasing
complexities and pressures due to factors such as a reduction in workforce, resources, and costs. These
challenges include high levels of 1) complexity — large scale systems with a high flow of information,
technical, and contextual issues; 2) integration — systems combined operationally, managerially, or
geographically to produce new goals; 3) interdependence — mutual influence among systems and their related
elements, making analysis difficult; 4) evolutionary development — issues related to technological changes,
the evolution of requirements, and evolution of the social infrastructure because of the interaction with the
surrounding environment; 5) uncertainty — incomplete knowledge of systems and the unintended
consequences they experience; 6) hierarchical view — compatibility among multiple perspectives and
consideration of technical and nontechnical issues related to large complex systems; and 7) flexibility — the
challenges associated with the ability to add, adjust, or remove both physical components and functions
(Jaradat, 2015; Keating, 2008). These challenges, which are commonly found in complex systems, blur the
lines between technical, social, organizational, managerial, and policy considerations (Boardman & Sauser,
2006; DeLaurentis, 2005; Gorod, Sauser, & Boardman, 2008; Jaradat, Keating, & Bradley, 2018; Nagahi et
al., 2020a). To address these challenges, it is necessary to build a cadre of qualified employees who can take
amore holistic approach to effectively engage in complex systems. With the approach proposed in this study,
organizations can select and hire candidates based on their systems thinking skills, including Complexity,
Autonomy, Interaction, Change, Uncertainty, Hierarchical View, and Flexibility (Jaradat, 2015; Jaradat et
al., 2018; Jaradat et al. 2019; Nagahi et al., 2020b). This new approach can supplement the current methods



used to hire candidates and can be useful to identify candidates for positions. For example, if a specific job
position requires an individual with high-level systemic thinking skills, then it is appropriate to hire a more
“holistic” systems thinker. On the other hand, if the position requires individuals with a focus on a

reductionism-based approach, then it is appropriate to select a reductionist-oriented thinker.

There is a literary gap regarding the utilization of systems thinking when making hiring decisions in
order to increase an organization’s ability to respond effectively to organizational complex systems
problems. The primary goal of this research is to use systems thinking skills as a supplemental selection tool
for hiring prospective employees. The aim is to rank all applicants based on their systems thinking skills and
then to hire the candidates most in line with the organization’s strategy. The intent is not to criticize the
current hiring methods but to provide a method to supplement the current screening and selection process.
According to personnel selection literature, we have identified two important strategies for ranking new
applicants. One is to find applicants who are most aligned with the level of systems thinking skills needed
for a specific position requirement, and the second is to find applicants who possess the highest systems
thinking skills among a pool of candidates. An established optimization tool will be applied to locate
prospective employees. The L,, metric will be implemented to deal with Job Fit Recruiting strategy, whereas
ELECTRE I will be used as a Flexible Recruiting strategy. Fuzzy logic will be applied to derive the
necessary weights implemented in the selected Multi-Criteria Decision-Making (MCDM) tools with the

consideration of a vague preference of managers under the uncertain decision-making environment.

The goal behind the proposed recruiting framework can be classified as two folds. First, to develop a
comprehensive employee selection criterion by utilizing seven dimensions of systems thinking. The
proposed recruiting framework will serve as a supporting tool for the top management to make appropriate
hiring decisions, along with other traditional recruiting procedures. Second, to develop a new recruitment
framework that will assist the recruiters in finding the right candidate to fit the posted job position based on

the candidate’s skillset.

The existing recruiting tools and methods are incomplete in the sense that they do not consider
individuals’ systems thinking skills in identifying the most suitable employee for a specific position
depending on the skills requirements of that position. These skills are important to identify, especially with
the increasing complexity and uncertainty surrounding work environments. The identifications of these skills
will allow the right positioning and recruitment of individuals that will fit the skills levels requirements of
the job. Thus, enhance work performance. In an attempt to close this gap, this research introduces a new
expert system tool to expert HRM professionals to help recruiters classify employees based on their systems

thinking skills. Since recruitment is a decision-making process, this tool implements MDCM methods to



help classify employees based on their systems thinking skills. The contributions of the study with respect

to theoretical, practical and methodological dimensions of the proposed framework are discussed below.

1.1. Contribution of the Study

1.1.1. Theoretical Dimension

Although systems thinking has been around for decades, there are insufficient tools and techniques
purposefully designed to deal with complex socio-technical problems. At best, some tools measure only one
or two systems thinking skills (Plate, 2008; Hopper & Stave, 2008; Dolansky & Moore, 2013). Many of the
current tools are designed for specific domains such as education to test student systems thinking skills
(Frank, 2002; 2010; Camelia & Ferris, 2016). These techniques, while they might satisfy a specific need,
have not been designed or specifically structured to facilitate solutions to socio-technical problems. The
review of relevant literature also shows that there are few systems thinking tools and techniques specifically
designed to deal with complex system problem domains. Because current complex systems challenges can
limit an organization's ability to engineer and manage socio-technical systems, it is essential to have a cadre
of qualified individuals who can take a more holistic 'systemic' approach to deal with complex system

problems.

The proposed framework offers an established instrument to expert HRM professionals for assessing
and screening of prospective employees based on their systems thinking skills level with the consideration
of uncertainties in the complex decision-making environment using the fuzzy linguistic approach. This
framework works as an expert system to identify the most appropriate candidates for an organization to
enhance the organization's human capital by matching individuals’ skills with job requirements. The
proposed framework is implemented in a real case study of a large organization in the US. The novelty of
the work is that it provides the first framework in the literature that evaluate a pool of applicants according
to their level of systems thinking skills, and then sort them consistent with the recruitment strategy and

workforce needs of the organization through Job Fit Recruiting and Flexible Recruiting strategies.

o Job Fit Recruiting: The novelty of the proposed expert framework is to evaluate and rank the systems
thinking capability of prospective employees based on the degree of the work complexity in the
organization (based on HRM professional feedback) for the specific job.

o Flexible Recruiting: The intent is to screen the pool of prospective employees based on their systems
thinking skills scores to find the candidate with the highest level of systems thinking based on seven
systemic skills dimensions while controlling vagueness and uncertainties of complex decision

making using the fuzzy linguistic approach.



1.1.2. Practical Dimension

Feeling motivated and well-fit for a job enhances employees' levels of comfort and performance, allows
them to better serve the entity they work for, and successfully grow within that entity. In addition to the
traditional recruiting tools, researchers should invest in looking into employees' mindsets and their impact
on companies and industries. There is a lack of research that combines individuals’ systems thinking skills

with current decision-making tools.

The current study is intended to assess the systems thinking skills of existing employees in order to better
fit them in the organization. This research sets the basis for new recruiting tools that can mimic the decision-
making aptitude of expert recruiters to match employers' needs and thus, reducing turnover and cutting the
training cost. Besides individuals' systems skills, the proposed framework can be expanded to include
personality traits, level of problem-solving ability, resource management capacity, content, and social skills.
The framework can also be enhanced, making use of more advanced, new recruiting methods that work

better with these traits.

1.1.3.  Methodological Dimension

Because of the increasing complexity, decision making is becoming a vital process in organizations.
The recruitment process is an important phase where organizations utilize decision making to select the right
candidates for the job requirements. When selecting a candidate, an organization must have a precise
selection criterion to match them to the job (Gamage, 2014). In the proposed recruiting framework, the
researchers used systems thinking skills as a criterion to screen prospective candidates and sort them using
fuzzy MCDM methods. Unlike classical MCDM approaches, fuzzy MCDM can obtain more sensitive results
in vague decision-making environments. The newly developed recruitment framework can be used to
evaluate candidates based on their systems thinking skills and help recruiters to perform Job Fit Recruiting

or Flexible Recruiting to find the best candidate.

The following paper is divided into five sections. Section two provides an overview of systems thinking
approaches, recruiting strategies, and various MCDM techniques. Section three discusses the integration of
systems thinking skills and L, metric/ELECTRE III approaches to satisfy the organization’s recruitment
strategy. Section four presents a case study to demonstrate the proposed approach. Section five shows the
results comparison and sensitivity analysis. The paper ends with concluding thoughts, limitations, and future

research in section Six.



2. Prior Studies

This literature review provides an overview of systems thinking along with the corresponding
instruments. An overview of recruitment and selection strategies are discussed next. The last part of the

literature section discusses several classic MCDM approaches.

2.1.Overview of Systems Thinking Approaches

Systems thinking enables individuals to address complex system problem domains using a new level of
thinking (Richmond, 2000). Merino and Farr (2010) stated that “systems thinking can provide a valuable
capability for engineering managers to more effectively deal with complex problems” (p. 265). Olszewski
(2014) demonstrated that systems thinking methods can help industrial engineers to better understand their
job duties in different domains of industrial engineering, including project management, process
improvement, engineering economics, production planning and control, performance metrics, logistics, and
other areas. Atwater, Kannan, and Stephens (2008) emphasized the cultivation of systems thinking in
graduate management programs and stressed that systems thinking would benefit business curriculum in
different areas such as strategy, operations management, operations research, just-in-time production, and

supply chain management.

Some approaches were investigated to evaluate the capability of systems thinking. Jaradat (2015)
developed an instrument to determine individuals’ level of systems thinking skills to deal with complex
organizational problems. The instrument was developed based on complex system attributes extracted by
grounded theory coding. The instrument measures an employee’s predisposition for systems thinking skills
in seven dimensions (shown in Table 1); these skills determine an individual’s inclination to work with the

complex systems problem domain.

Table 1. Seven Dimensions of Systems Thinking Skills Instrument (Adopted from Jaradat & Keating, 2016).

Less Systemic (Reductionist)

Dimension

More Systemic (Holistic)

Simplicity (S): Avoid uncertainty, work on linear
problems, prefer the best solution, and prefer
small-scale problems.

Level of Complexity: Comfort with
multidimensional problems and limited
system understanding.

Complexity (C): Expect uncertainty, work
on multidimensional problems, prefer a
working solution, and explore the
surrounding environment.

Autonomy (A): Preserve local autonomy, a trend
more toward an independent decision and local
performance level.

Level of Autonomy: Balance between
local-level autonomy versus system
integration.

Integration (G): Preserve global integration,
a trend more toward dependent decisions and
global performance.

Isolation (N): Inclined to local interaction, follow
a detailed plan, prefer to work individually, enjoy
working in small systems, and interested more in

cause-effect solution.

Level of Interaction:
Interconnectedness in coordination and
communication among multiple
systems.

Interconnectivity (I):

Inclined to global interactions, follow the
general plan, work within a team, and
interested less in identifiable cause-effect
relationships

Resistance to Change (V): Prefer considering few
perspectives, over-specify requirements, focus
more on internal forces, like short-range plans,
tend to settle things, and work best in a stable
environment.

Level of Change: Comfort with rapidly
shifting systems and situations.

Tolerant of Change (Y): Prefer considering
multiple perspectives, underspecify
requirements, focus more on external forces,
like long-range plans, keep options open,
and work best in a changing environment.




Stability (T): Prepare detailed plans beforehand, Emergence (E): React to situations as they

focus on the details, uncomfortable with Level of Uncertainty: Acceptance of occur, focus on the whole, comfortable with
uncertainty, believe the work environment is under ~ unpredictable situations with limited uncertainty, believe the work environment is
control, and enjoy objectivity and technical control. difficult to control and enjoy subjectivity and
problems. non-technical problems.

Hierarchical View: Understanding Holism (H): Focus on the whole, interested

Reductionism (R): Focus on particulars and

refer analyzine the parts for better performance system behavior at the whole versus more in the big picture, and. interegted in
P yzing the p P ) part level. concepts and abstract meaning of ideas.
Rigidity (D): Prefer not to change, like determined  Level of Flexibility: Accommodation of  Flexibility (F): Accommodating to change,
plans, not open to new ideas, and motivated by change or modifications in systems or like a flexible plan, open to new ideas, and
routine. approaches. unmotivated by routine.

2.2. Recruiting Strategies

The purpose of recruiting is to find the best-qualified candidates for an organization’s workforce because
“people make the place” (Schneider, 1987). Selecting the right people for the job constitutes a source of
competitive advantage for an organization (Hunter, Schmidt & Judiesch, 1990). A recruitment and selection
system should concentrate on selecting the most appropriate individuals for the organization’s jobs based on
sufficient qualified applicants (Beardwell & Wright, 2002; Rynes & Barber, 1990). Salgado, Viswesvaran,
and Ones (2001) summarized several methods to assess potential candidates’ suitability for a position,
including (1) cognitive ability, (2) physical and perceptual ability, (3) personality, (4) job knowledge, (5)
work sample and simulations, (6) interviews, (7) biodata, and (8) assessment center. In this study, we focus
on recruiting prospective employees by considering their cognitive abilities related to systems thinking

skills.

Wright and Snell (1998) identified two major recruiting strategies in strategic Human Resource
Management (HRM) literature: 1) Job Fit strategy and 2) Flexible strategy. Job Fit strategy aims at hiring
the most appropriate candidate for a specific position while Flexible strategy is used for general recruiting
without a specific position in mind. Extensive prior work that studied HRM practices concluded that the Job
Fit strategy should focus on the fit between an organization’s strategy and a potential candidate’s skills and
capabilities; consequently, the candidates that match the organization’s strategy most will be selected to fill
the job vacancies (e.g., Gerstein & Reisman, 1983; Gupta, 1984; Hambrick & Mason, 1984; Kerr, 1982;
Olian & Rynes, 1984). The Flexible strategy, on the other hand, concentrates on building a selection system
that is more compatible with the emergent and rapidly changing requirements found in complex and dynamic
environments (e.g., Kerr & Jackofsky, 1989; Lengnick-Hall & Lengnick-Hall, 1988; Milliman, Glinow, &
Nathan, 1991; Snow & Snell, 1993). This strategy identifies qualified candidates who can improve the
general ability of the organization to compete in emergent and turbulent environments (Snell, Youndt &
Wright, 1996). Research shows that most organizations adopt both recruiting strategies to select the right
candidates (Wright & Snell, 1998).



2.3. Classic MCDM Approaches

MCDM dates back to the 1960s and is considered one of the fastest-growing branches of operations
research, producing around seventy MCDM approaches during the last decades (Alias, Hashim, &
Samsudin, 2008). These approaches are developed to 1) assist decision-makers in the selection of alternatives
under several conflicting criteria, and 2) establish more advanced methods for practitioners to achieve

optimal solutions under conflicting objectives (Wiecek, Ehrgott, Fadel, & Figueira, 2008).

The weighted sum model (WSM) and the weighted product model (WPM) are the two most commonly
used MCDM methods (Triantaphyllou, 2000). The two models are similar except for the difference in the
calculation of alternatives’ scores. While the WPM method raises the performances’ scores to the power of
the weights, the WSM method multiplies them. The Analytic Hierarchy Process (AHP), introduced by Saaty
in 1977, is another widely used approach. The AHP is a useful approach that can be used to reduce
complexity and help the decision-maker arrive at the best decisions. This method uses a series of pairwise
comparisons to support the decision-making process and ensure the consistency of the decision maker's
evaluations. Following Saaty's (1977) AHP process, several adjusted approaches were developed to rectify
AHP drawbacks (Saaty, 1990, 2008, 2013). Beyond WSM, WPM, and AHP, some other proposed methods
like the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS), Elimination and Choice
Expressing Reality III (ELECTRE III), and the Preference Ranking Organization METHod for Enrichment
of Evaluations (PROMETHEE) are also used and attract consistent attention from both academia and
industry (Aruldoss, Laxmi, & Venkatesan, 2013). The TOPSIS method measures the geometric distance
between the ideal solution and each alternative’s performance with the best alternative being the one with
the closest distance to the ideal solution (Assari & Assari, 2012). The ELECTRE is a powerful MCDM
technique proposed by Bernard Roy (1968). The ELECTRE methods were developed as a series of
evolutions such as ELECTRE I, ELECTRE II, ELECTRE III, ELECTRE IV, ELECTRE IS, and ELECTRE
TRI (Figueira, Salvatore, & Matthias, 2005). The models were built with the focal concepts of concordance,
discordance, and outranking (Hashemi, Hajiagha, Zavadskas, & Mahdiraji 2016). The ELECTRE III is an
advanced version of the ELECTRE methods and is considered one of the most important methods in MCDM.
It outperforms the other approaches in its ability to handle the uncertainties and inaccuracies that come with
the data (Marzouk, 2011). The PROMETHEE method represents another class of decision-making
approaches for outranking developed in the 1980s by Brans and Vincke (Athawale & Chakrabort, 2010).
These methods are characterized by their simplicity and stability (Brans, Vincke, & Mareschal, 1986). The
PROMETHEE allows the decision-makers to use PROMETHEE I to get a partial preorder or PROMETHEE
II to get the complete ranking.



One of the most significant challenges in implementing MCDM is selecting a suitable method for the
problem at hand. Using the wrong approach often results in incorrect decisions, wastes manpower, and
increases the cost. Hence, selecting a fitting MCDM method is an essential step in the decision process
(Singh & Malik, 2014). Although there is a vast body of literature discussing the importance of systems
thinking and the necessity of organizations to recruit candidates with systems thinking skills, to the best of
our knowledge, no study has utilized systems thinking with the 7-dimensions as selection criteria for hiring
new employees. To fill this gap, the focus of this study is to include systems thinking skills as a criterion in
the selection process using the two major HRM strategies and then integrating MCDM approaches to identify

the most appropriate candidates. Below is a summary of the research gaps that will be addressed in this
paper.

e Utilizing the 7-dimensions of systems thinking (as introduced in Table 1) as the selection criteria to hire
new employees.
e Connecting systems thinking and MCDM to develop a new selection approach that can be used as a

supplemental recruiting method for organizations.
3. Proposed Recruiting Approach

The study aims to assess candidates’ systems thinking skills and rank them based on two recruiting
strategies: Job Fit and Flexible. In some cases, an organization needs to fill a specific position that does not
necessarily require candidates with a high systems thinking skillset in all the seven dimensions. In this case,
human resource managers will use the Job Fit Recruiting strategy and look for potential candidates with the
systems thinking skills that best match the position requirement (Scenario I). In some other cases, an
organization might look for candidates with the highest systems thinking skills among a pool of prospective
employees (Scenario II). The second scenario is categorized as the Flexible Recruiting strategy. Based on
the organization’s selection criteria, one of these two strategies will be chosen as a recruitment strategy. To
implement these two strategies within an organization's recruitment system, we chose two mathematical

methods to rank and classify the candidates, the L,, metric and the ELECTRE II1.

Job Fit Recruiting is concerned with identifying candidates with systems thinking capabilities closest to
the organization’s requirements. Since the L, metric method measures this closeness by calculating the
difference between the organization’s requirements and the candidate’s systems thinking skill; it can be

implemented to rank the potential candidates.

For organizations facing increased levels of complexity and requiring staff with a profound
understanding of complex systems management, the Flexible Recruiting strategy is useful because it aims

to identify and rank candidates from highest to lowest based on their systems thinking levels. The ELECTRE

10



III method is adopted for use with Flexible Recruiting. Figure 1 summarizes the two methods and the

corresponding recruiting strategies.
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Figurel. The Research Methodology

3.1. Job Fit Recruiting Strategy

When being recruited for one open position, candidates have to undergo a comprehensive review
consisting of specific recruitment stages. These stages depend on the organization’s strategies for employee
selection and work as a guide to support the recruiter’s decision-making in the targeted position. Within

different organizations and environments, employees will be required to have specific systems thinking

11



skills, so it is a better practice to search for prospective employees who most fit the organization’s level of

complexity.

The systems thinking (ST) skills instrument developed by Jaradat (2015) is used to measure the potential
candidates’ systems thinking skills. The instrument consists of seven dimensions, Complexity, Autonomy,
Change, Interaction, Uncertainty, Hierarchical View, and Flexibility, as introduced in Table 1, and each
defines a way of thinking and an individual score. Although these seven dimensions are used as criteria for
employee selection, it is difficult to weigh them because candidates differ from each other and maybe better
in some criteria and worse in others. No single criterion can adequately demonstrate the value of each
candidate. For this reason, the MCDM approaches are necessary to incorporate the seven dimensions in the
candidate’s selection process. Although a tremendous number of MCDM tools are presented in the literature,

the Lp metric was chosen and applied to the systems thinking dimensions in the proposed approach.

3.1.1 Lp Metric
Mathematically, the L,, metric measures the distance between a vector x containing k criteria evaluations

and a vector y containing the ideal values. In this study, the ideal values represent the required performance
of each systems thinking skills dimension for the potential open position. The w; denotes the weight for each
dimension. The dimensional weights are usually difficult to obtain in a complex decision-making
environment, and therefore, we use fuzzy logic to capture these uncertainties. The distance between the two
vectors is calculated as follows (Deza & Deza, 2009, p.102),

1/p

k
14 .
Il =yl = lzwjlxj— yl'| Withp = 1,2,...,00 1)
=1

Since the ideal solution is difficult to achieve, the L, metric is used to calculate the closeness of each
solution to the ideal solution. The alternative with the closest distance is the identified target. The commonly
used values of ‘p’ are 1, 2, and . In this study, we use the L; metric. Below are the general steps used to

determine the rankings of the L, metric (Ravindran, 2016).
Step 1: Determine the ideal solution for each criterion.

Step 2: Implement the L; metric to measure the distance between each candidate’s scores for each

criterion and the ideal solution. The L; metric for each employee is calculated as follows (Eq. 1,
p=1
Step 3: Rank the candidates based on the L; metric results. The candidate with the lowest L, is ranked

first.
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3.1.2 Fuzzy Logic for Weight Determination

Although Zadeh introduced the term “fuzzy logic” in 1965, the idea of fuzzy logic actually began in the
1920s. The significant difference between classical logic and fuzzy logic is the way true and false for the
conclusions are interpreted. Classical logic uses conclusions of true and false, while fuzzy logic uses true
and false conclusions as a mathematical model of vagueness, meaning there is a “grey” field between “true”
and “false.” Fuzzy logic has many advantages in real-world applications as it can evaluate and derive
approximate conclusions when dealing with vague and uncertain values (Yang & Li, 2002; Ma, Kremer, &
Ray, 2018), and it outperforms other techniques of uncertainty representations like probability theory,
imprecise probability theory, and subjective probability theory (Ye et al., 2015).

Among the extensive implementations of fuzzy logic, the fuzzy linguistic application is the most widely
used (e.g., Liu, Ren, Wu, & Lin, 2013; Ma & Kremer, 2015). By replacing the typical cardinal scale, the
fuzzy linguistic approach (Zadeh, 1975a, 1975b, 1975¢) provides a basis for dealing with the subjective
nature of human decisions (Celotto, Loia, & Senatore, 2015). In a complex decision-making environment,
it is difficult to capture the real preference of decision-makers because of the existing vagueness and
uncertainties. The fuzzy linguistic approach is one of the best approaches to handle these uncertainties (Ma
& Kremer, 2016). In this study, the uncertainty of preference will be captured through the weighting of each
of the systems thinking skills dimension. The weights are evaluated using a rating scale of five levels: least
important, less important, moderately important, more important, and most important. The triangular
membership function is then applied to represent and convert the fuzzy numbers. Triangular membership
functions can be found in many applications such as product development analysis because of its simplicity
in calculation and interpretation (Delgado 1993; Bufardi et al. 2004). Table 2 presents the linguistic variable

levels along with corresponding fuzzy sets.

Table 2. Linguistic Variable Level and Corresponding Fuzzy Set.

Weight Linguistic Variable Level Fuzzy Set

Least Important (0.0,0.15,0.3)
Less Important (0.2, 0.40, 0.6)
Moderately Important (0.4, 0.55,0.7)
More Important (0.6, 0.75,0.9)
Most Important (0.8, 0.90, 1.0)

Fuzzy evaluation generates several fuzzy sets, and an integrative method is needed to combine and
simplify the sets. Here, we adopt fuzzy arithmetic methods and provide the a-cut method as described by

Dutta et al. (2011) as follows:

a = (aq,a;,a3), and b = (by, by, b3) are two fuzzy sets with the following triangular membership

functions:
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o A <x<a,
ta(x) = az3—x1 @)
m a; <x< as
-b
2L by <x<b,
.ub(x) = b23_xl (3)
, b, <x<b
bs—b, 2 3

Then a-cut of fuzzy numbers a and b will be presented as in the following:

a” = [(a; —apa + a;,a3 — (a3 — az)a] 4)
b* = [(by — by)a + by, b3 — (b3 — by)a] (5)
The fuzzy number operations will be derived as:

a® +b% =[a, + by + (a; —a; + b, — by)a, az + b; — (a3 — a, + bs — by)a] (6)
a* - b* =[a, —bs+ (a, —ay, + b3 — by)a, a3 — by — (a3 —a, + b, — by)a] (7

a® xb* = [((az — ay)a + ay) X ((by — by)a + by), (az — (az — az)a) x (bz — (b3 — by)a)]  (8)

a® _ (az—ay)ata; az—(az—az)a
b [b3—(b3—b2)a'(bz—bl)a+b1] ©)

Fuzzy operations facilitate the combination of many fuzzy sets into a single fuzzy set. However, it is
still difficult to make relevant decisions because the triangular fuzzy set covers three numbers. Chen and
Hwang (1992) developed a left and right boundary method to convert a fuzzy set into a crisp number, which
makes decision-making more straightforward. In this method, fuzzy maximizing and minimizing sets are

used to defuzzify the fuzzy number.

x, 0 <x <10,

fmax (%) = {0, otherwise (10)
10 —x,0 < x <10,
fmin(x) = {0, otherwise an

When given a triangular fuzzy number, FPII defined as fgp;;: R — [0,10], with a triangular membership

function, the right and left scores of FPII can be obtained, respectively, as
Ur(FPII) = supx[frpir(x) A finax(x)] (12)

UL (FPIT) = supy[frpi(x) A finin(x)] (13)

The total score of FPII can be obtained by combining the left and right scores. The total score of FPII is

then used to determine the fuzzy number ranking, which is defined as:
Up(FPII) = [Ug(FPII) + 10 — U, (FPII)]/2 (14)
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For example, a fuzzy set (0.2, 0.23, 0.5) is converted to a single number of 0.35 by using the left-right

method. The single numbers will be normalized to obtain weights.

3.2. Flexible Recruiting

Organizations operate in turbulent and rapidly changing environments. Hence, the systems thinking
skills corresponding to the current level of complexity might not be stable or fixed. As a result, it is not
advisable to seek employees based on the current level of environmental complexity. In these cases, it is
better to use the Flexible Recruiting strategy. When the potential candidates are identified, evaluations are
undertaken to determine each applicant’s level of systems thinking skills. Given the evaluations for the seven
dimensions of systems thinking, MCDM will then be used to rank the candidates. ELECTRE III method is
one of the well-established MCDM methods and will be chosen to be integrated with fuzzy logic to rank the

potential candidates depending on their systems thinking skills.

3.2.1 ELECTRE IIl Approach

Data fed to MCDM problems are based on decision-makers’ evaluations. As a result, these data are
accompanied by high levels of uncertainty and ambiguity. The ELECTRE III method, first introduced by

Roy in 1990, takes into account this uncertainty by introducing three thresholds:

e Preference threshold p: is the disparity that allows a decision-maker to greatly prefer a solution over
another for a specific criterion j. Solution b is preferred to solution a regarding criterion j if:
gj(b) > g;(a) +p(gj(a)) (15)
where g; being the individual partial preference function.

o Indifference threshold q: is usually a relatively small difference under which the decision-maker prefers
one alternative over another for a criterion j. Solution b is not preferred to solution a and vice versa if:
gi(b) = g;j(a) + q;(gi(a)) (16)

e Veto threshold v: accounts for the size of differences between alternatives with regard to each criterion.
Thus, differences with negligible importance are not mistaken for those with significant importance.
Solution b cannot dominate solution a if b performs better than a by a difference greater than or equal

to the veto threshold, i.e., if:
g;(b) = gj(a) + vj(gi(@)) (17)

These thresholds allow us to express relations correctly by taking into account how big or small the

differences are.

In addition to the three thresholds discussed above, ELECTRE III also introduces four binary relations:
indifference (I), strong preference (P), light preference (Q), and non-comparability (R). These relations help
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in the generation of preferences according to the axiom of partial comparability on which the ELECTRE III

method is based.

ELECTRE III starts with a decision matrix evaluating performances of alternatives with respect to each
criterion (refer to Appendix A). Alternative a is considered to outrank alternative b referring to a criterion j
when g;(b) > g;(a). The aim of the three thresholds is to define the statement aSh for every two
alternatives a and b. The aSbh states that alternative a outranks alternative b in terms of a criterion j if there
exists a solid argument to support that alternative a is not less than or better than alternative b in the majority
of the criteria and not significantly less in the remaining criteria. Consequently, aS;b is determined for each

criterion. A criterion j supports the statement aSh only if aS;b.

The ELECTRE III method depends on the formation of the concordance and the discordance matrices.
The role of these matrices is to determine whether the statement aSh is admissible. For aSh to hold, the
concordance matrix requires a large number of the criteria, taking into account their importance, to support
the statement aSh while the discordance matrix must show that the rest of the criteria that are against the
statement aSh do not strongly reject it. Figure 2 presents the process flow of the ELECTRE III approach
(Giannoulis & Ishizaka, 2010). Basically, the ELECTRE III method can be split into two main parts. The
first part is concerned with the construction of the outranking relations where the concordance, discordance,
and reliability matrices are created, and the second part is concerned with the exploration of the outranking

relations and the construction of the final ranking (refer to the rest of this section for more details).
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outranking relations mmmlamg  Discordance Index
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Exploration of the
outranking relations

Final Ranking

Figure 2. ELECTRE III Process Flow

If the objective functions of all criteria are to be maximized, the concordance matrix elements are

obtained using the following relation,

C(a,b) = % Zj::le ci(a,b) (18)

Where:

w;: The importance coefficient of criterion j identified by the decision-maker.

w = YL w;

cji(a,b) = 1 if gj(a) + q;

ci(a,b) = 0 if gj(a) + p;

qj + gj(a) — g;(b)
pj— 4qj

The thresholds p;, q; and v; should also be identified by the decision-maker and can be set either as

v

g;(b),
g;(b),

IA

cj(a,b)

constants or as a function of criteria preferences.

The discordance matrix can be calculated once the veto threshold is determined. The statement aPb can
be rejected entirely if the inequality g;(b) > g;(a) + v; is conclusive for all criteria. The discordance

matrix elements can be obtained using the following equations,
dij(a,b) =0 if gi(a) + p; > g;(b) (19)
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dj(a,b) =1 if gj(a) + v; < g;(b) (20)

_ _ gjb)-gjla)-pj
dj(a,b) = == 1)

The most crucial step in the ELECTRE III method is the determination of the reliability matrix, which

can be calculated by combining elements of the two previous matrices with the elements S(a, b). The

elements of the reliability matrix can be defined using the equations below,
S(a,b) = C(a,b) if dj(a,b) <C(a,b) forevery j (22)

Otherwise

s = c@n] | i IGL

—_— 23
jej@p) 1— C(a,b) (23)

Where j(a, b) represents the criteria that have the valid statement d;(a, b) < C(a, b).

After the identification of the reliability matrix, the ranking is completed through a structured algorithm
that uses two intermediate strategies for ranking, the ascending distillation where solutions are arranged from
worst to best and the ascending distillation where alternatives are arranged from worst to best. Building these
two pre-rankings is achieved as follows: we first define the maximum values A of S(a, b) for all pairs of

solutions:
Ao = maxgpes {S(a, b)} (24)

Hence, the parameter A, is considered the cut-off point of outranking 4; with 2;=A,— s (1p). The s(4¢)
is called the discrimination threshold and is based on which of the two solutions is chosen. Considering two

solutions (a, b), we can say that a outranks b if the two following conditions are met:

(25)

aSllb={ S(a,b) > 14 }

S(a,b) — S(b,a) > s(S(a, b))

4. Case Study

This section provides a case study to demonstrate how to use the proposed approach to recruit
prospective employees. The case study is developed based on a real recruiting case from a large scale
organization located in the United States. To respect confidentiality, the name and type of organization are
not disclosed. Two survey instruments developed by Jaradat (2015) and Jaradat and Keating (2016), called
“Individual Systems-Thinking Skills” and “Environmental Complexity Demand,” are used to collect data for
the study. The “Individual Systems-Thinking Skills " instrument collects data from prospective employees of

the anonymous organization. The “Individual Systems-Thinking Skills” instrument examines seven
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dimensions of systemic skills (as shown in Table 1) through a 39-question web survey and determines the

relative preference for system thinking skills for the prospective employees.

Using data gathered from HRM professionals at the anonymous organization, the “Environmental
Complexity Demand” instrument determines the systems thinking skills requirement for the organization by
examining the degree of perceived complexity that exists in the organization’s environment. The
“Environmental Complexity Demand” instrument measures the seven dimensions of systems thinking skills
pertaining to the environmental complexity level through a 50-question web-survey (as shown in Table 1).
This web-survey is a supervisor-rated survey that gathers HRM professionals’ responses regarding the
complexity demand of the organization. The combination of candidates’ systems thinking skills and HRM
professionals’ opinions about the systems thinking skills needed within the organization are instructive in
understanding the degree to which the organization should fill any existing systems thinking gap associated

with the complexity demands of the environment.

In this study, the Job Fit Recruiting strategy used integrated information from the “Environmental
Complexity Demand” and “Individual Systems-Thinking Skills” instruments to rank the applicants. The
results from the “Environmental Complexity Demand’ instrument served as the company’s standard
requirement for a specific position; then, the results from the “Individual Systems-Thinking Skills”
instrument were used to find a more suitable candidate to meet the organization’s standard criteria. For the
Flexible Recruiting strategy, only results from the “Individual Systems-Thinking Skills” instrument were

used to select the candidates with greater systems thinking skills profile among the applicant pool.

4.1. Job Fit Recruiting

In the Job Fit Recruiting strategy, the seven dimensions from the systems thinking instrument are used
as criteria for alternatives comparison and ranking. Referring to the table in Appendix A, it can be observed
that no candidate dominates the others in all seven dimensions; consequently, MCDM methods are required

to rank these candidates.

The Job Fit Recruiting strategy looks for the candidate who most closely matches the organization’s
requirements. To identify these requirements, each HRM professional was asked to complete the
“Environmental Complexity Demand” instrument. Scores provided by the HRM professionals are averaged
out to get the desired skill level, also referred to as the ideal values for each dimension. In other words, the
prospective employees should possess the ideal values for each dimension to engage effectively in complex
systems problems in the organization. As shown in Figure 3, the desired skill levels for prospective
employees are 20% for Change, Uncertainty, and Flexibility, around 60% for Complexity, Interaction, and

Hierarchical View, and around 20% for Integration/Autonmy. The L, metric multi-criteria model was then
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implemented to locate the most suitable candidate. As mentioned in section 2.2, the L,, metric measures the

distance between a vector y containing evaluations of each dimension for a specific candidate and a vector

x containing the ideal values (the requirements). The goal is to identify the candidate with values closest to

the ideal values, and the L, metric is one of the simplest, yet the best, methods to achieve that goal.

Environmetal Complexity Demand: Aggregate

Complexity
100% e

80%
Flexibilitye 60% elntegration

40%
20% .
0%

Hierarchial view® ®Interaction

Uncertainty® ®Change

Max 100%, more systemic

Figure 3. Graphic Depiction of Environment Complexity Demand Dimensions Rated by HRM

Professionals Used as the Ideal Values.

The weights for each dimension are obtained using the integration of group decision making and fuzzy

logic, and the results are shown in Table 3. Using Eq.1, we calculated the distance between candidates’

scores for each dimension and the requirement for that specific dimension. First, we select the highest

distance calculated for each alternative. Among the selected distances, we again select the smallest distance.

The candidate that holds the smallest distance value is the candidate that best fits the job description with

regard to his/her systems skills thinking.

Table 3. Fuzzy Raw Data and Weights

Dimension

DM1 DM2 DM3 Fuzzy Average Defuzzification Normalized

Result Weight

Level of Complexity Iml\;(frr;m Imlzl:rrtzm Imlﬁf’rst;m (0.67,0.8,0.93) 0.8556 0.1498
Level of Autonomy I\frflizrr"tﬁty Imlfgrr;m lml\;srr;m (0.53, 0.68, 0.83) 0.7333 0.1284
Level of Interaction Iml\;(fri;m l\f;‘;zr;;iy hf;iiﬁ;ﬂty (053, 0.67, 0.8) 0.7222 0.1265
Level of Change Imlﬁf’rst;m Imll\)/l(;)ri;nt Imlﬁf’rst;m (08,009, 1) 0.9667 0.1693
Level of Uncertainty lml\;srr;m Imlfgrr;m lml\;srr;m (0.6,0.75, 0.9) 0.8000 0.1401
tosattion Vot N Mo gisn o o
Level of Flexibility “f;‘;ffi;lty “f;ﬁf)i‘;lg Iml\;;’rr;m (0.47,0.62,0.77) 0.6667 0.1166
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Table 4 shows the top 20 candidates selected based on the L; metric method. Employee 97 exhibits the
lowest distance deviating from the requirement. Furthermore, ranks number 2-6 display almost the same

distance from the ideal values with a difference of three digits compared to the employee ranked first.

Table 4. Ly, Metric Results

Rank 1 2 3 4 5 6 7 8 9 10
Employee ID 97 56 5 93 79 96 52 47 29 44
Distance 9.93 13.15 13.19 1330 1338 13.39 1398 1423 14.16 14.65
Rank 11 12 13 14 15 16 17 18 19 20
Employee ID 49 58 2 66 99 87 107 28 11 36
Distance 14.67 1497 1518 1574 1589 1598 1599 1622 1641 16.81

4.2. Flexible Recruiting

The ELECTRE III method was implemented to conduct a Flexible Recruiting strategy. After identifying
alternatives’ performances in each criterion and the thresholds (shown in Table 5), the concordance and the
discordance matrices are calculated; then, we are able to calculate the reliability matrix. The reliability matrix
is considered the most decisive matrix since it provides a favorable outcome on the ranking of the proposed

scenarios.

It should be noted that there are no inherently bad or good systems thinking skills profiles. The choice
of a systems thinker depends solely on the job description and the level of systems thinking suitable for that
specific job. However, with the increased complexity of systems in all fields and domains, high-level systems
thinking skills profiles with a holistic view are preferred, especially for managerial positions. In this case,
we will identify the candidate with the highest systems thinking skills levels in all dimensions as the best
candidate within the application pool. All candidates are ranked from highest to lowest. We use the same
weights as in Table 3. Table 5 presents the thresholds necessary to get the ELECTRE III results. These

thresholds are determined by the decision-makers of the targeted organization.

Table 5. ELECTRE III Thresholds

Dimension Level of Level of Level of Level of Level of Hierarchical  Level of
Criteria Complexity Autonomy interaction Change Uncertainty View Flexibility
Importance threshold (q) 5 5 5 5 5 5 5
Preference threshold (p) 40 30 30 25 30 40 20
Veto threshold (v) 50 50 50 50 50 50 50

In consonance with the criteria and thresholds determined based on the decision maker’s choice and with
the implementation of fuzzy logic, the most suitable candidates for highly complex systems are employees
21 and 80 who are both ranked first. The top 20 candidates and their corresponding ranks are presented in

Table 6.
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Table 6. ELECTRE III Results

Rank 1 2 3 4 5 6 71 8 9 100 11 12 13 14 15
Employee ID  21' 80' 72 27° 6* 46 54 40° 43* 33* 15 17 3° 105° 85
Rank 16 17 18 19 20 21 22 23 24 25

Employee ID 51 8 1 94 45 32 74 4 104 108

1,2, 3,4, and 5 have an identical ranking.

If we refer to the data containing candidates’ performances regarding each criterion, we can make sense
of the ranking results. All dimensions’ levels for employee 21 are above 60% with 100% Flexibility and
Autonomy. Employee 80 is also 100% flexible with criteria levels above 80% except for Change and
Uncertainty, which are 33.3% and 50%, respectively. The rest of the candidates either have low
performances in all criteria or the majority of them. For instance, the performances of employee 44 and
employee 53 are under 50% and 60% respectively for all criteria. All criteria performances for employee 78

are under 40% except for Flexibility.
5. Results Discussion and Analysis

In this section, we will be discussing the ELECTRE III results through a comparison with results
obtained from “Technique for Order Preference by Similarity to an Ideal Solution” (TOPSIS). TOPSIS is an
MCDM tool first introduced by Hwang and Yoon (1981). The method is based on the concept that the best
solution is the one with the smallest generated distance from the ideal best and the highest calculated distance
from the ideal worst. The ideal best is the best value attained by alternatives for all criteria, and the ideal
worst is the worst value attained by alternatives in all criteria. We implement TOPSIS to choose the best out
of all 108 alternatives based on the seven systems skills dimensions treated as decision-making criteria. The
weights integrated into the TOPSIS method are the same weights used for the ELECTRE III method
generated through fuzzy logic. The TOPSIS ranking is obtained following steps below:

Step 1. Calculate the normalized decision matrix:

The aim of the first step is the normalization of the alternatives’ performance matrix to scaled values to allow

for criteria comparison. The elements of the matrix are normalized through the following relation:

rij

JEr=T

With n being the number of solutions or alternatives and m the number of criteria (refer to Appendix A).

= i=1,23,.,n j1,2,3,..,m (25)
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Step 2. Calculate the weighted normalized matrix:

Since criteria are often of varying importance, this step allows the integration of weights showing the
importance of each criterion. These weights are multiplied by elements of the previous matrix to generate

the elements of the weighted normalized matrix.
vii=win, 1=123,..,n j=123,.,m (26)
Step 3: Determine the best ideal and worst ideal solutions:
The best and worst values obtained for each criterion are identified.
Best ideal solution: S* = {v}, v, ..., vh} = {(max;r;;|j € M), (minjr;|j € M)} (27)
Worst ideal solution: S™ = {v{, v, .., v} = {(maxjrij j € MY), (minjrij lj € M)} (28)
M* and M~ represent the sets of criteria with maximum and minimum objectives, respectively.

Step 4: Calculate of the Euclidian distance from the ideal best and ideal worst:

In this step, the difference between each alternative’s criteria values, the ideal best (E Di+ ), and the ideal

worst (ED;") are calculated. The relationships below are used to generate those differences:

ED{“z\/Z}’;l(vij—v;’)z, =123, (29)

ED; = \/g;r;l(vij_vj—)z, i=1,23,..,n (30)

Step 5: Calculation of performance score:

ED;_ i=1,23 ..n (31)

RC: = -
' EDl+ED}’

Step 6: Ranking alternatives: the alternative with the highest performance score is ranked first, and so on.

Results obtained from TOPSIS (Table 7) showed differences in the ranking compared to the ELECTRE
III results. The top three candidates for the ELECTRE III method are employees 21, 80, and 72, while in
TOPSIS, the top three are employees 72, 21, and 46. Employee 21 was ranked first by ELECTRE III and
second by TOPSIS. Employee 72 got the first rank using TOPSIS but the third rank using ELECTRE III.
Employee 80 was ranked second in the ELECTRE III method and ranked sixth using TOPSIS. Employee
46 is ranked fifth by ELCTRE III instead of third in TOPSIS. For both methods, the same 15 employees are
among the top 20. Differences among both results are not dispersed but slightly different. Since the same

weights were used to generate results for both methods, the difference in ranking is due to the method itself.
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TOPSIS aims at identifying the best ideal and the best worst and comparing alternative performances for
each criterion with the ideal best and worst. The closer the solution is to the ideal best and the farther it is
from the ideal worst, the better. On the other hand, the ELECTRE III method incorporates additional
thresholds and relations to account for the uncertainty inherent in data often estimated by the decision-maker,
which the TOPSIS method lacks. ELECTRE III introduces three thresholds of preference, indifference, and
veto with four relations of preference, indifference, strong preference, and non-comparability, which makes
the ELECTRE III method more reliable than TOPSIS. Overall, results from both methods did not show

much difference.

Table 7. TOPSIS Results

Rank 1 2 3 4 5 6 7 8 9 10
Employee ID 72 21 46 74 8 80 51 17 27 105
Performance Score 0.700 0.667 0.663 0.654 0.645 0.635 0.625 0.624 0.601 0.595
Rank 11 12 13 14 15 16 17 18 19 20
Employee ID 6 81 85 23 61 33 40 15 54 38

Performance Score 0.575 0.551 0.547 0.540 0.539 0.536 0.533 0.533 0.524 0.524

The sensitivity analysis is performed to assess the ranking stability of the solutions with regard to the
generated weights by fuzzy logic. Six ranking scenarios result from these combination of weights. Table 8
indicates the combination of different coefficients for different scenarios. Table 9 presents the cases and

corresponding ranks.

Table 8. Various Case Scenarios with Different Dimension Weights

Cases Level of Level of Level of Level of Level of Hierarchical Level of
Complexity Autonomy interaction Change  Uncertainty View Flexibility
1 1/7 177 1/7 1/7 177 1/7 177
2 1/12 1/12 1/12 1/12 1/12 1/12 172
3 1/10 1/10 1/10 1/10 1/10 1/4 1/4
4 1/8 1/8 1/8 1/8 1/6 1/6 1/6
5 1/8 1/8 1/8 1/8 1/12 1/12 173
6 1/10 1/10 1/10 1/5 1/5 3/20 3/20

According to the sensitivity analysis results in Table 9 and the ranking obtained using the fuzzy weights
in Table 3, we see that employees 21, 80, 72, 27, 6, 54, 43, 33, 15, 17, 3, 8, 1, 94, and 45 are ranked among
the top 20 in all cases and in the original ranking. Employees 46, 105, 85, and 51 are also present among the
top 20 but are missing in cases 2 and 5, cases 6 and 2, case 6, and cases 2 and 5, respectively. Employees
32,74, and 104 are ranked 16, 17, and 19 respectively in the original ranking but are missing in all sensitivity
analysis cases. Employee 108 is present in cases 2, 4, and 6. Employee 21 is ranked first in all cases, apart
from case 3. Employees 21, 72, and 80 are ranked top three in all cases, but the last case where employee 27
is ranked second. In general, we can deduce that the weights do have an effect on the ranking but with a

small significance.
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Table 9. Ranking’s Result of Different Case Scenarios.

Rank 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Case 1 21 80 72 27 6 54 40* 15 46 43 1 8 17 3 51 8 94 45 33 105
(Employee)
Case 2 210 72 80 27 105 17 15 8 54 3 43 8 1 94 45 104* 6* 4 33 108
(Employee)
Case 3 7221 80 27 17* 105% 15 8  54* 85 6 43 46 3 S1* 33* 1 40 45 94
(Employee)
Case 4 20 80 72 27 85 6  17* 105 54 1 15 43 394 46 8 45 51 40 108
(Employee)
Case 5 200 72 80 27 15 54 3 1 43%  6* 85 17% 105 94 8  45% 4% 33 104 40
(Employee)
Case 6 21 27 72 6 80 17 40 54 43 3 85 1 8 46 108 105 15 51 45 94
(Employee)

*same ranking in each case scenarios (e.g., in first case employee 54 and 40 share the sixth rank)

6. Conclusion

This study can be used as a starting point to implement systems thinking skills as a supplemental
recruiting tool. The purpose of this research is to use systems thinking skills as an organization’s selection
tool, along with the existing recruiting methods when hiring prospective employees with various systems
thinking skills. These skills are important to identify, especially with the increasing complexity and
uncertainty surrounding work environments. The identifications of these skills will allow the right
positioning and recruitment of individuals that will fit the skills levels requirements of the job. Thus, enhance
work performance. In an attempt to close this gap, this research introduces a new expert system tool to expert
HRM professionals to help them classify employees based on the systems thinking skills. Since recruitment
is a decision-making process, this tool implements MDCM methods to help classify employees based on

their systems thinking skills.

The aim of the study is to rank all prospective employees based on the systems thinking skills they
possess and then to classify the most appropriate candidates commensurate with the organization’s strategy.
Based on the literature, two important strategies are identified for ranking prospective applicants: 1) Job Fit
Recruiting where applicants are ranked according to the systems thinking skills needed for the organizational
environment and 2) Flexible Recruiting where applicants are ranked according to the highest systems
thinking skills they possess. To implement these two strategies, we used two MCDM methods--L,, metric
for the Job Fit Recruiting strategy and ELECTRE III for the Flexible Recruiting strategy to rank the pool of
prospective employees and to select the most eligible ones among them corresponding to the organization’s
strategy. Fuzzy logic and a group decision-making approach are used to identify the weights for each systems
thinking dimension. A real case study of a large-scale US-based organization, including two strategies, was

used to validate the proposed approach.
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6.1. Potential Implications of the Study

This research sets the basis for new recruiting tools that can mimic the decision-making aptitude of
expert recruiters to match employers' needs. Besides individuals' systems skills, the proposed framework
can be expanded to include personality traits, level of problem-solving ability, resource management

capacity, content, and social skills.

The proposed framework can be related to the expert systems' state of the art in regard to 1) smart
recruitment system in the basis of systems thinking skills, 2) knowledge-based intelligent system to predict
future workforce need of the organization based on employers' opinion, 3) continuous assessment of
workforce's soft skills level, 4) recommender system to suggest some on-the-job-training, workshop, and

others to improve employees' systemic skills, and 5) measure the effectiveness of the training.
Some other potential implications of the proposed framework can be categorized as follow:

o The proposed framework can be used to assess the level of systems thinking skills of current employees
of an organization (instead of using it as a recruiting tool). The intent is to evaluate current employees
within departments or other segments in the organization such as middle managers, engineering
department, etc. According to the seven systems thinking skills they possess, the proposed system can
suggest some on the job training, workshops, and seminars to enhance these skills in the current
employees. The implications of this study is consistent with a study called, "Future of Jobs survey"
where 65 percent of respondents (e.g., strategic leaders and upper management of top 100 companies in
each industry) from nine major industries (e.g., basic and infrastructure, energy, healthcare, etc.)
emphasize on investing in reskilling current employees outpacing other strategies such as support
mobility and job rotation, collaborate, educational institutions, target female talent, attract foreign talent,
offer apprenticeships, among others (World Economic Forum, 2016).

e For a better comprehensive and smart screening system, the proposed framework can be designed for
other screening criteria such as personality traits, level of problem-solving ability, resource management
capacity, content, and social skills. This system would assist HRM experts in the comprehensive
evaluation of the current workforce or prospective employees, which is consistent with industry 4.0
direction (World Economic Forum, 2016).

e Since the job environment in organizations is dynamic and changing, the level of complexity demand of
the work environment should be updated periodically based on the opinion of expert HRM professionals.
The proposed framework can work as a recommender system to assist more accurate decision making
for future HRM purposes. For example, if the level of complexity demand reported by HRM

professionals drastically changed over time due to the complexity of projects, the proposed framework
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can update the gap analysis report suggesting the mismatch between the workforce's level of systems
thinking and the environmental complexity level. This approach can work as a "continuous

improvement" strategy to maintain an up-to-date workforce for the organization.

Although the proposed framework presents promising results and provides new ideas and future
perspectives concerning recruitment methods, it also comes with some limitations. First, the employees
might select certain answers on the self-report survey to show themselves to be more qualified for the
position than they really are. Second, the demographics of the data set have not considered throughout the
analysis. An investigation of the distribution of demographics may provide a better picture when ranking
candidates. Third, the candidates' skills are aggregated using a fuzzy preference relation. Other approaches
might be investigated in future research. Fourth, ELECTRE III has limitations regarding its compensatory
method, independence concerning inappropriate actions, or the possible and frequent occurrence of

intransitivity (Figueira, Greco, Roy, & Stowinski, 2010).

There are many different MCDM methods that could be implemented in the current study. Other studies
could use samples from various industries and occupations. The results of future studies could be compared
with the results of this study to show the reliability of the methods used. A post-hoc analysis of employed
candidates could be conducted to make sure the research achieved its purpose (validity phase). To overcome
the disadvantages of using traditional survey designs, future research can utilize scenario-based virtual
reality modules to retrieve the measures of individuals’ systems thinking skills (Ma et al., 2019). Then the
researchers can use more accurate measures to feed into the decision making systems to recruit better

candidates.
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Appendix A

Complexity Autonomy Interaction | Change | Uncertainty |Hierarchical View | Flexibility
Employee 1 83.3 40 83.3 50 66.7 20 100
Employee 2 50 20 50 333 333 20 80
Employee 3 83.3 40 66.7 66.7 333 40 100
Employee 4 83.3 80 66.7 333 333 20 100
Employee 5 333 40 66.7 50 50 40 60
Employee 6 83.3 100 83.3 50 66.7 40 80
Employee 7 50 60 333 66.7 0 20 40
Employee 8 333 80 50 50 50 100 100
Employee 9 66.7 20 333 333 333 20 100
Employee 10 16.7 80 66.7 333 333 40 60
Employee 11 333 20 333 333 333 40 80
Employee 12 333 20 50 333 16.7 20 80
Employee 13 66.7 60 100 333 333 0 80
Employee 14 66.7 40 66.7 333 333 0 100
Employee 15 66.7 80 83.3 333 333 60 100
Employee 16 50 40 333 333 50 20 80
Employee 17 66.7 40 50 50 66.7 80 100
Employee 18 50 40 66.7 50 333 0 100
Employee 19 50 20 66.7 333 50 20 100
Employee 20 66.7 60 66.7 50 16.7 20 80
Employee 21 66.7 100 66.7 66.7 66.7 60 100
Employee 22 333 40 50 100 50 0 100
Employee 23 83.3 80 83.3 333 333 60 60
Employee 24 50 80 50 50 66.7 20 80
Employee 25 66.7 60 50 333 333 0 100
Employee 26 66.7 60 50 66.7 50 20 60
Employee 27 83.3 60 83.3 50 50 60 100
Employee 28 66.7 20 66.7 333 16.7 40 80
Employee 29 333 20 16.7 33.3 50 40 40
Employee 30 83.3 80 66.7 83.3 16.7 20 60
Employee 31 333 60 83.3 333 333 20 80
Employee 32 83.3 60 83.3 16.7 50 60 80
Employee 33 50 100 100 333 333 60 80
Employee 34 16.7 80 66.7 16.7 16.7 20 60
Employee 35 16.7 60 333 66.7 16.7 0 60
Employee 36 50 40 333 50 16.7 20 60
Employee 37 66.7 40 66.7 50 50 20 80
Employee 38 83.3 80 333 50 16.7 60 100
Employee 39 16.7 20 66.7 50 333 60 80
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Complexity Autonomy Interaction | Change | Uncertainty |Hierarchical View | Flexibility
Employee 40 66.7 40 100 66.7 50 40 80
Employee 41 100 60 66.7 16.7 333 40 100
Employee 42 66.7 80 66.7 50 0 20 60
Employee 43 66.7 80 83.3 66.7 333 20 100
Employee 44 333 40 333 50 333 20 40
Employee 45 66.7 60 83.3 333 66.7 20 100
Employee 46 333 100 66.7 50 50 100 80
Employee 47 50 60 50 333 50 40 80
Employee 48 50 20 50 50 333 20 100
Employee 49 50 20 50 333 50 0 40
Employee 50 333 60 50 50 333 0 80
Employee 51 66.7 40 83.3 50 50 80 80
Employee 52 50 40 16.7 50 50 40 60
Employee 53 333 40 50 50 16.7 20 60
Employee 54 83.3 60 66.7 66.7 333 40 100
Employee 55 333 60 66.7 333 66.7 20 60
Employee 56 50 40 50 50 50 20 60
Employee 57 100 20 66.7 50 50 0 100
Employee 58 50 60 66.7 50 16.7 60 60
Employee 59 333 40 333 333 16.7 20 60
Employee 60 83.3 80 66.7 50 16.7 0 80
Employee 61 83.3 80 66.7 50 16.7 60 60
Employee 62 333 60 333 16.7 50 0 80
Employee 63 50 40 833 333 333 20 80
Employee 64 50 20 333 66.7 0 20 80
Employee 65 333 20 50 333 333 0 100
Employee 66 66.7 20 50 50 16.7 40 80
Employee 67 100 80 333 333 333 40 100
Employee 68 16.7 60 50 50 333 60 80
Employee 69 66.7 20 333 50 333 0 80
Employee 70 50 60 16.7 50 50 80
Employee 71 66.7 20 66.7 50 333 20 80
Employee 72 100 80 66.7 50 333 100 100
Employee 73 16.7 20 66.7 333 333 0 80
Employee 74 83.3 100 83.3 333 333 100 60
Employee 75 333 40 50 333 50 20 80
Employee 76 50 40 66.7 50 16.7 20 80
Employee 77 50 20 333 66.7 333 40 100
Employee 78 333 40 333 333 333 20 80
Employee 79 50 40 50 333 333 60 100
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Complexity Autonomy Interaction | Change | Uncertainty |Hierarchical View | Flexibility

Employee 80 83.3 80 83.3 333 50 80 100
Employee 81 50 40 83.3 50 16.7 80 80
Employee 82 16.7 20 50 333 50 20 100
Employee 83 50 20 50 66.7 50 40 100
Employee 84 333 40 833 66.7 333 20 80
Employee 85 66.7 40 83.3 333 66.7 60 100
Employee 86 66.7 80 83.3 333 33.3 40 60
Employee 87 50 20 66.7 66.7 333 40 80
Employee 88 333 80 50 50 16.7 20 60
Employee 89 333 40 66.7 66.7 333 40 80
Employee 90 83.3 40 66.7 333 50 0 80
Employee 91 66.7 80 50 16.7 50 60 80
Employee 92 50 40 333 333 333 0 80
Employee 93 50 40 66.7 50 333 20 60
Employee 94 83.3 40 83.3 50 50 20 100
Employee 95 333 20 50 50 16.7 20 100
Employee 96 333 40 50 333 333 40 80
Employee 97 50 40 50 50 50 60 60
Employee 98 50 40 50 50 16.7 20 80
Employee 99 333 60 50 50 50 20 40
Employee 100 66.7 60 66.7 50 16.7 0 60
Employee 101 66.7 60 333 16.7 16.7 20 80
Employee 102 333 40 50 333 16.7 0 80
Employee 103 333 60 66.7 50 50 20 80
Employee 104 66.7 80 66.7 333 50 20 100
Employee 105 66.7 40 66.7 333 66.7 80 100
Employee 106 83.3 20 50 50 333 40 100
Employee 107 50 40 50 66.7 50 20 60

66.7 60 50 50 66.7 20 100

Employee 108
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