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Thomas Spengler, Tobias Volkmer and Sebastian Herzog !

Abstract

The corporate environment is always characterized by a high degree of volatility, uncertainty,
complexity and ambiguity. These aspects influence Human Resource Management (HRM) just
like other areas of the company. In the context of decision problems, especially in HRM, it is
not always possible to specify all the considered variables precisely. A suitable instrument to

deal with such fuzzy conditions is Fuzzy Logic (FL).

This paper aims to give insights into this field and its possible applications in HRM. For this
purpose, selected theoretical foundations from the areas of HRM, FL and Artificial Intelligence
(Al) are presented first. Based on this, situations in HRM are shown in which it can be useful
to include FL in decision calculations. These concern e.g. problems of personnel allocation or
considerations on the segmentation of labor forces. The paper is aimed at both practitioners and

scholars.
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1. Introduction

Many countries and companies are currently and prospectively facing serious, sometimes tur-
bulent changes in their socio-cultural, technological, legal-political and economic surrounding
systems (Farmer/Richman 1970). Among others, these include demographic, information tech-
nological, value configurational or market structural shifts. Therefore, human resource man-
agement (HRM) has to deal with e.g. immense changes in age and qualification structures, in-
creasing desire for work-life balance as well as decreasing employees” career orientation. The
surrounding systems represent a so-called VUCA environment, which means that they are
highly volatile, uncertain, complex and ambiguous (Bennett/Levoine 2014, Mack/Kare 2016),
so that intuition and sure instinct are not sufficient, but above all (economically) rational man-
agement is necessary. This requires methodologically well-engineered and scientifically sound
procedures. Thus, mechanical instruments must increasingly be properly combined with human

intelligence, i.e. artificial intelligence (AI) must be used.

In addition, the underlying logic should be multi-valued and not two-valued (true/false). Fuzzy
logic (FL) is one of multi-valued logic approaches. The core of this article is the intersection of
® Human Resource Management,@ Artificial Intelligence and @ Fuzzy Logic. Consequently,
three research fields can be considered as three disjoint sets @ - ® and four intersections @ -

@©. These ten sets are shown in the Venn diagram in fig. 1:

Figure 1: Venn-Diagram of HRM, Al und FL under VUCA conditions
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In the following sections we mainly consider the sets @ - @ and the intersection @ due to
capacity restrictions. In doing so, we are addressing a complex of problems that is not only

urgent and challenging for business practice in the present, but also will be in the future.

2. Methodical and Systematical Basics of HRM, Al and FL

2.1. Human Resource Management (HRM)

In our understanding, HRM serves to cope with two central problems, to attain and ensure the
availability and functionality of personnel (Siegling et al. 2023a). The first problem deals es-
sentially with covering concrete or abstract personnel demands, whereas the second is about
the implementation or enforcement of expectations on personnel behavior. Personnel planning
methods deal with availability problems, whereas functionality problems are faced within lead-
ership. In personnel planning, three problem fields must be coordinated: personnel demands,
personnel and personnel assignment. We understand personnel (demand) as type and number
of available (required) employees, and assigned personnel as the number of employees of type

r who cover personnel demands of type g. We define the following symbols:

Q= {q|q =12,.. ,6} set of personnel demand types, e.g. categories of jobs

R = {r|r =12,.., E} set of personnel types, e.g. categories of qualifications

R, = {r|personnel types r are capable of covering personnel demand type q € Q}

Q, = {q|personnel demand type g can be covered by personnel type r € R}

PD, := personnel demand of type g € Q

P. == personnel of type r € R

AP, = assigned personnel of type r € R for covering personnel demand of type q € Q,

B := power set
@ = empty set

The explicit or implicit approach of personnel planning can be applied to coordinate these three
problem fields (Siegling et al. 2023a). The explicit approach explicitly takes into account the
assignment of personnel and ensures that the personnel demands are exactly covered by the
assigned personnel (1) and that the number of assigned personnel cannot be greater than the

personnel (2):

PD, = ZAPrq VqeQ (1)

reRq



ZAPTQSPrVrER )
q€Qr

The so-called implicit approach does not explicitly consider the assignment of personnel, but
only implicitly. At least one permissible personnel schedule can be derived from it (if there
exists one at all). It requires that every partial personnel demand and any combination of partial

personnel demands can at least be covered by sufficiently suitable employees (3):

D PD < Y R VQ EBO\O ©)
qeQ” r€Uqeo* Rq

Regarding leadership, instruments of directing, assessing and compensating personnel behavior
are applied (Siegling et al. 2023a). Directing is primarily about formulating explicit or implicit
behavioral norms (keyword: delegation problems, Bendor et al. 2001) and supporting employ-
ees adequately in performing their tasks. When assessing behavior (Roos et al. 2004), the de-
sired and actual employees” behavior is to be compared and, if necessary, deviation analyzes
have to be conducted in order to determine the importance as well as the causes of and the
person responsible for possible deviations. Behavioral compensation (Clark/Wilson 1961)
means to formulate incentive systems containing incentives, reward criteria and criterion-in-

centive relationships.
2.2. Artificial Intelligence (Al)

We want to keep the introduction to Al brief in this article and consider Al as an area in which,
primarily, action and decision-supporting (often machine, computer-aided) systems are con-
structed in order to integrate human intelligence in the preparation and execution of decisions.
Among others, these especially include so-called rule-based expert systems (Liao 2005, Tan
2017, Tan et al. 2016), whose development require not only decision theory but also concepts
from mathematics and (often) computer science. In this context, rules are constructs of if-then
relationships in which a conclusion is derived from one or more premises (inference). There-
fore, the so-called modus ponens (Dubois/Prade 1991, Mamdani 1981, Zimmermann 1987) is
often applied: (a A (a = b)) = b, e.g. with

a = an employee is motivated
b = an employee is productive

Read: An employee is motivated (a) AND IF an employee is motivated, THEN he or she is

productive (a = b) so the employee is productive (= b).



In addition to a suitable inference mechanism, an appropriate database for a and b is needed in
order to be able to measure and assess the level of motivation and productivity, whereby these

represent crisp values in classical systems.

In addition, among others, Chatbots, Machine Learning, Artificial Neural Networks and Deep

Learning also count as Al.
2.3. Fuzzy Logic (FL)

We indicate above, that we often act in a VUCA world. This trend will increase rather than
decrease in the future, so that the pressure to develop suitable instruments will also prospec-
tively increase. In VUCA worlds, we are dealing with ambiguity. We want to distinguish am-
biguity in the narrower sense from ambiguity in the broader sense (Metzger/Spengler 2019).

Ambiguity in a broader sense concerns situations of uncertainty occurring in combination with
situations of fuzziness. Traditional (economic) literature considers ambiguity in the narrower
sense as indeterminacy concerning only the environmental forecast. In such situations is only
known that one of several possible environmental states will occur, but it is unknown which
one (Knight 1921). In situations of risk (complete ignorance), one can (not) assess their proba-

bility of occurrence.

Between these two extreme situations of uncertainty there is a number of other situations in
which not totally nothing, but also nothing precise is known about the probabilities of occur-
rence (see e.g., Camerer/Weber 1992, Choquet 1954, Curley et al. 1986, Einhorn/Hogarth 1986,
Ellsberg 1961, Fox/Tversky 1995, Franke 1978, Frisch/Baron 1988, Ghirardato et al. 2004,
Gilboa/Marinacci 2016, Gilboa/Schmeidler 1989, Hurwicz 1951, Kahn/Sarin 1988, Kofler
2001, Kofler et al. 1984, Kunreuther et al. 1995, Schmeidler 1989, Slovic/Tversky 1974, Wald
1949). In such cases possibilities, beliefs, plausibilities, probability intervals or capacities have

to be evaluated.

While in risk situations probability measures, which are based on restrictive o-additivity con-
ditions are applied, in mixed situations other measures based on the general A-fuzzy measure

(Sugeno 1974) are needed.

The A-fuzzy measure Fu, is defined on an algebra &, if Fu,;(A U B) = Fu,(A) + Fu,(B) +
A-Fuy(A) - Fuy(B) VA,B € FwithAnB = @,A > —1. It can be easily shown that for A >
—1 this is always a fuzzy measure, for A = 0 additive and therefore a probability measure, for
A <0 subadditive and for 4 > 0 superadditive, for 4> 0 a belief measure and for—1 <1< 0a

plausibility measure.



In cases of ambiguity in the narrow sense fuzzy measures are used to assess the future occur-
rence of events and therefore phenomena of uncertainty are considered. Whereas phenomena
of fuzziness are concerned with the events themselves, e.g. when personnel demands are as-
sessed as «highy», a working time system as «appropriate», incentives as «motivating» or em-
ployees as «productive». These terms are considered as vague, imprecise or ambiguous. This is

where the fuzzy set theory comes into play.

Let X = {x} be a crisp set and A be a subset of X (A € X). In the classical view it can be clearly

determined which elements x € X belong to 4 and which do not.

The theory of fuzzy sets initiated by Zadeh (1965), which we will call the traditional fuzzy set

theory, relaxes the construct of the crisp set based on bivalent logic.

In this context, a fuzzy set A on X is defined as a set of ordered 2-tuples A = {(x, uz(x))|x €
X} with pz: X - [0,1], where pz(x) describes the membership degree of element x € X to the
fuzzy set A. An element x cannot (uz(x) = 0), can completely (uz(x) = 1) or partly (0 <
wz(x) < 1) belong to the fuzzy set A. However, for crisp sets u4(x) € {0,1} Vx € X applies to
the membership degree. The approaches and concepts of FL became part of the standard reper-
toire of control engineering. In the future, they will have to be applied more and more in man-
agement sciences to meet the requirements of the VUCA world. This may lead to a better com-
bination and coordination of human and artificial intelligence, since fuzzy calculations are com-

mon for human thinking.

People often think in terms of intervals, orders of magnitude and approximate figures rather
than (seemingly) precise estimates (Albers 2000, Spengler/Vogt 2008, Vogt et al. 2001). These
can be modeled (a) as so-called fuzzy numbers or fuzzy intervals or (b) in the form of so-called

linguistic variables.

Ad (a): In fuzzy set theory, a fuzzy number Z is defined as a (normalized, convex) fuzzy set
whose membership function is continuous (at least piecewise) with only one (single) peak.
Fuzzy intervals are characterized by several (and not just one) x € X with pz(x) = 1. The
graph of the membership function contains a plateau at the 1-level. For the practical handling
of fuzzy numbers and intervals, their formulation and representation in LR-form is particularly
useful, since they can be calculated easily. They are based on so-called left and right reference
functions and are represented by the specification of three or four characteristic values. A LR-
fuzzy number Z is noted as Z = (g,a, @),z and a LR-fuzzy interval [ is noted as I =

(91,92, @, @) g, where for all elements x = g and x € [g,, g,] the degree of membership
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equals 1. a (@) symbolizes the left (right) spread around g or g, respectively g, (see figure 2).
In this context, a function L: [0, co[— [0,1] is called reference function of fuzzy numbers, if
L(0) = 1 und L is not rising in [0, oo[. Often triangular fuzzy numbers and trapezoidal fuzzy

intervals are used, where the left and right sides of the membership functions are linear. Thus,

we receive reference functions of type L(%) = max (0,1 —%) and R(%) =

max (0,1 — %) (see figure 2). For reference functions of LR-fuzzy intervals, analogous def-

initions apply. This results in the corresponding membership function pz(x) for a LR-fuzzy

number and pj(x) for a LR-fuzzy interval:

g1 — X .
—X
L(Qa ) ifx<g (L( P ) ifx < g,
7(X) = = and pp(x) = 4 ,
pz(x) R(x_g) frs pr(x) | x_lg2 ifgi<x<g,
a kR( = ) ifx > g,
pi(x) Ha(x) 4 )
LR-fuzzy number LR-fuzzy interval
1 1
g TxEX LYng g\z_Y_} Y ex

L (ﬂ) R (@)A Reference function

Figure 2: LR-fuzzy number, LR-fuzzy interval and reference function

Ad (b): Linguistic variables are quadruples, which include linguistic variables (e.g., productiv-
ity-enhancing roster, Wolbeck 2019), the corresponding underlying set (e.g., productivity val-
ues), the set of linguistic terms (e.g., «hardly», «halfway», «fairly», «very», «perfect»), and a

semantic rule (which assigns a membership function to each linguistic term) (Zadeh 1988).



In addition to traditional fuzzy sets in the sense of Zadeh, the so-called intuitionistic fuzzy sets
(i-fuzzy sets) proposed by Atanassov (1986) have expanded the fuzzy set theory in recent years
and can be regarded as a promising further development. Intuitions are less about scientifically
differentiated bases of estimations and justifications, but rather about afflatus or anticipated
grasp (Metzger/Spengler 2019). While traditional fuzzy sets only use u to assess the degree of
membership of a set element, i-fuzzy sets also consider the difference 1 — u in a more differ-
entiated way. For each element of the underlying set (x € X), in addition to the degree of mem-
bership p(x), a degree of non-membership v(x) and a degree of indeterminacy m(x) = 1 —
u(x) — v(x) are considered. The latter expresses to what extent one is unsure whether an ele-
ment belongs to an i-fuzzy set or not. This creates considerably more possibilities for infor-
mation differentiation than traditional fuzzy sets. These are particularly necessary in VUCA
worlds, not least for uncertainty assessment. Therefore, i-fuzzy set theory, which is still in its

relatively early stages of development, will also gain in importance in the future.

Methodologically, fuzzy mathematical optimization and, for reasons of practicability, fuzzy
linear (FLP) or fuzzy mixed integer programming (FMIP) can be applied in HRM. In this re-
gard, a wide range of solution methods exist (Ghanbari et al. 2020, Zimmermann 1978). FUL-
PAL (fuzzy linear programming with aspiration levels) for single-objective and MOLPAL
(multi-objective linear prgramming with aspiration levels) for multi-objective optimization,
both designed by Rommelfanger (Rommelfanger 1989a, 1989b, 1990, 1996, Rommelfanger et
al. 1989), are well suited for this purpose.

Here coefficients, right-hand sides and relations can be fuzzy. Let x; be the decision variable j,
C; be the fuzzy objective function coefficient of the variable j, @;; be the fuzzy coefficient of

the variable j in constraint i, b; the fuzzy upper bound in the i-th constraint and < the fuzzy

smaller-equal-relation. Subsequently, the initial fuzzy model is e.g. formulated as follows:

25]- - x; > Max or Min! 4
J

subject to

Zaij-x,- < b; Vi ()
J

xj =0 Vj (6)

In this model, the values ¢;, @;; and b; are fuzzy numbers or intervals of LR-type. Furthermore,
the model is adaptable in several ways, e.g. by integration of crisp constraints and the use of

(fuzzy) =- or =-relations. Moreover, it cannot be solved with the standard methods of linear
9



optimization. Applying FULPAL, one has to formulate a compromise program. Additionally,
suitable intermediate programs have to be solved, in which satisfaction with the overall solution
is maximized and compliance with the constraints in the tolerance ranges is guaranteed. For

reasons of space and simplification the algorithm is not shown in detail.

In addition to fuzzy optimization approaches, rule-based fuzzy expert systems (Arias-Aranda
et al. 2010, Klir/Yuan 1995, Rajabi et al. 2019, Siler/Buckley 2005, Zadeh 1996) are also very
well suited to solve (HRM) problems. Whereas in classical expert systems the conclusions and
the input data represent crisp (monovalent, precise) values, in the fuzzy case at least the con-
clusions and possibly also the input data are fuzzy elements. The core of the system is formu-
lated as follows: The system elements include at least two input variables and at least one output
variable (in practical cases much more), which are formulated as linguistic variables. If the
input variables are crisp, they have to be fuzzified first by determining the corresponding mem-

bership values.

Then they are processed in the inference component, which consists of the rule base, the infer-
ence mechanism and the linguistic output variables (including their membership functions).
Only those rules whose if-component has a positive membership value contribute to the infer-
ence, so that the Degree of Fulfillment (DOF) is positive and thus the rule fires. Finally, the
fuzzy output variables are defuzzified, if necessary, in order to obtain clear system results (e.g.
recommendations for action). However, there are also cases in which the ambiguity of the in-
ference result is deliberately retained and the defuzzification phase is omitted. For example, a
fuzzy rule could be: IF the personnel demand is «medium» AND the productivity of the em-
ployees is «relatively low», THEN «quite a lot» employees should be provided. Depending on
the case, the question of whether the recommendation to provide «quite a lot» employees should
be defuzzified by the system or whether the interpretation should be left with the decision

maker.

3. Selected Challenges and Methods of Fuzzy HRM

3.1. Fuzzy Scenario HRM

In VUCA times, one is well advised to deal rationally with the economic environment also in
HRM. For this purpose, an almost unmanageable number of methods have been developed in
the last decades. In this context, the so-called scenario technique is not an isolated method but
a toolbox consisting of a number of diverse instruments (Bradfield et al. 2005, Bishop et al.

2007, Chermack et al. 2001, Chermack, T.J./Lynham, S.A. (2002), Chermack/Swanson 2008,
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Clemons 1995, Dess et al. 2007, Godet 1987, 1995, 2001, Godet/Roubelat 1996, Grant 2008,
Heijden 1996, 1997, 2000, Hill et al. 2016, Kluyver/Pearce II 2003, Lindgren/Bandhold 2003,
Linnemann/Klein 1985, , McWhorter/Lynham 2014, Mietzner/Rieger 2005, Reibnitz 1995,
Reibnitz/Hammond 1988, Roubelat 2000, Schoemaker/Heijden 1992, Spengler/Herzog 2023,
Wack 1985a, 1985b, Wilson 1998). It is ultimately concerned with the creation of scenarios,
where these are future development paths of data constellations relevant for decision-making
(Georgantzas/ Acar 1995, Heijden 1997, 2000, Huss/Honton 1987, Kleiner 1999, Ringland
1998, Schoemaker 1993, 1995, Schwartz 1991, Simpson 1992). One usually follows these
steps: First, one looks for the set of relevant impact factors for the field of investigation of
interest (Reibnitz 1995). Since this set is usually very large, it is reduced to an operable set of
descriptors by means of a so-called impact analysis (Gordon/Hayward 1968, Sarin 1978). These
are then combined to so-called assumption bundles and analyzed for coherence by means of a
consistency analysis (Kluyver/Pearce II 2003). In addition, the descriptors can be examined for
cross impacts by probabilistic or possibilistic cross impact analyses (Helmer 1977, 1981, Wei-
mer-Jehle 2006). Finally, cluster analyses are used to generate a set of scenarios comprising the

worst case, the best case and one to three middle case scenarios.

In all areas univoke but also (which we recommend here) uncertain (De Kluyver/Moskowitz
1984) or fuzzy values (ambiguity in narrow sense and in broader sense) can be integrated. For
example, so-called impact scores are determined in the course of the impact analysis. In the
area of the labor market, these scores include wage conditions, labor supply, labor demand,
personnel policy practices, but also gender, age, status or qualification structure. The impact
score b;; then expresses how strongly factor i influences factor j (e.g., «1 = very low», «2 =
low», «3 = mediumy, «4 = high» to «5 = very high»). Thus, b;; € {1,2,3,4,5} applies. However,
one could also use e.g. b;; € [0,1]. In FL, one would use a LR-fuzzy number, a LR-fuzzy inter-

val, or a linguistic variable b;;.

In the course of the consistency analysis, descriptors and the corresponding values must first be
examined for consistency pairwise. For example, if three descriptors each have two values (e.g.
«highy», «low»; «strongly decreasing», «moderately increasingy, etc.), six pairs of descriptors
are obtained. These are then amalgamated into so-called acceptance bundles and also analyzed
with regard to consistency. With fuzzy computing, the consistency values can be formulated as

LR-fuzzy numbers or intervals (Dubois/Prade 1978, Spengler/Vogt 2008).

Modelling as linguistic variables is also possible, whereby the latter is particularly suitable for

the construction of suitable fuzzy expert systems (Zadeh 1975, 1987).
11



3.2. Digitization as Future Technology for Fuzzy HRM
3.2.1. Basics

We call things digital that are bit-coded, stored and distributed by computers (Vogelsang 2010).

In this context, we can interpret the digitization at least as an action.

Under digitization we subsume all actions with the purpose to put things into a (partially) digital
state. On the one hand, this can mean creating a digital version of something that already exists.
On the other hand, it can also include the production of digital things without a non-digital
counterpart. Both, (purely) digital technologies, such as big data applications or cloud compu-
ting (Armbrust et al. 2010), as well as semi-digital technologies, such as intelligent robotics or

cyber-physical systems (Lee 2010; Anderl 2014), serve as tools in this context.

The digitization influences (a) HRM, (b) the implementation of FL in general and (c) its imple-

mentation in HRM in particular.

Ad (a): Due to the fact that many companies nowadays operate in a digital environment, deci-
sion fields in HRM (may) significantly change. On a political and legal basis, these changes
refer to specific laws, ordinances, norms, etc., e.g. with regard to data protection, chronometry

and chronology of working hours or the like.

The socio-cultural effects of digitization are reflected in possibly changing stakeholder needs
and opportunities, such as the desire for digital customer service or teleworking. In addition,
the needs or qualifications of (potential) workers in internal and external labor markets may
vary and operational knowledge may be expanded by the development of digital technologies.
For example, HR managers will (in the future) find themselves in situations in which telework-
ing through cloud solutions is technically feasible, legally permissible due to new legal situa-
tions, desired by employees and also economically reasonable through cost reductions with

constant revenues.

Adjusted HRM goals and actions can therefore be derived from these changing conditions in a
digital economic environment. Basically, the main purpose is still establishing and securing
personnel availability and functionality by providing suitable actions of personnel planning and
leadership. However, changes in personnel demands in quantitative, qualitative, local or tem-
poral terms can result, for example, from the (partial) digitization of company service programs
or the (positive) influence on productivity caused by the introduction of digital technologies.
For example, the substitution of customer services by chatbots or increases in productivity

through the complementary use of documentation software result in reductions of personnel

12



demands. Digitization may also cause changing qualification profiles within the personnel and
among workers in external labor markets. Regarding functionality goals, digitally supported
behavior and the use of digital skills by workers can be increasingly expected. Due to the fact
that in addition to such or similar changes in qualifications, behavioral demands on employees
(can) also change, the actual use of digital technologies must be enforced and the use of digital

skills must be encouraged within personnel management (keyword: digital leadership).

The current challenges of HRM therefore include the generation, evaluation and selection of
suitable (digitally supported) personnel planning and leadership actions in order to deal eco-

nomically rational with the above-described changes in decision fields.

Ad (b): Even if the implementation of fuzzy calculations does not generally require the support
of digital technologies, their development has on the one hand contributed to the fact that these
calculations can now be carried out with great complexity and often in a relatively short time.
On the other hand, a.o. the generation, storage and evaluation of large amounts of data (in real
time) enable an increased degree of precision regarding the detection of ambiguities within the

company (environment).

Ad (¢): The above-described potential changes in personnel demands, personnel and personnel
assignment options as well as personnel behavioral demands are usually not unambiguously
determinable, in terms of both their occurrence and their content. In this context, HRM decision
problems under vagueness arise, for the solution of which fuzzy calculations are very well
suited, due to their precise handling of ambiguities. In a sense, digitization creates a need for
fuzzy calculations when solving HRM problems, but at the same time provides powerful tools
for this purpose (see (b)). Accordingly, various fuzzy approaches for determining personnel
demands, for estimating personnel movements, for formulating behavioral norms, for optimiz-

ing personnel assignments, etc. have been developed.
3.2.2. Data Mining in HRM

A phenomenon of advancing digitization is that during production processes, very large
amounts of data are created intentionally or often even incidentally. In order to generate benefits
from this usually disordered raw data, the so-called "data mining" has been developed, initiated
by Agrawal et al. (1993). The term describes a number of methods that deal with the collection,
clearing, processing and analysis of data as well as the derivation of meaningful findings from
them (Aggarwal 2015). The term data mining is intended as metaphor to express that, similar
to mining, one digs up “treasures” from a heterogeneous mass (here: unstructured data volume).

Therefore, it is somehow about resolving or at least reducing the indeterminacy of the data.
13



In this context, data mining aims to derive relationships between the contained records (cus-
tomers, employees, production processes, etc.) and their properties (or items, e.g. type and num-
ber of items purchased, qualifications, days off) from a data set. Essentially, the mining problem
types Association Pattern Mining, Clustering, Classification and Outlier Detection have devel-

oped (see Aggarwal 2015).

Association Pattern Mining deals with the derivation of implications between individual prop-
erties or property bundles. First of all, the so-called support of property bundles has to be de-
termined. The support provides information about the relative proportion of observations that
contain the considered property bundle in the entire data set (Aggarwal 2015). Using the fol-

lowing symbols, we calculate the support of a property bundle as follows:

D = {d|d =1, ...,5}: set of records

I = {i|i =1, ...,7} = set of items

" = {i*

I;+ == {i| item i belongs to item bundle i* € I* }

—%

i*=1,..,1 } := set of item bundles

__ (1, ifrecord d contains item i
kdi - 1
0, else
[{d|kqi=1V i€l;+}|
D]

sup(/;+) := support of item bundle, with sup(l;+) = V I+ € P(H\D

Example:
A supermarket studies the extent to which certain goods i € I := {i|i = 1, ..., 10} are purchased

in combination by the supermarket's customers. For this purpose, different purchases d € D =

{d|d =1, ...,10} are analyzed (see table 1):
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i = i=2 | i=3|i=4]|i= i = i = i = i = i =10
bread | butter | cheese | sau- meat beer coke liquor | potato | eggs
sage chips
d=1 X X X X X X X
d=2 X X X X X X X X X
d=3 X X X X X X X X
d =4 X X X X X X X X
d=5 X X X X X X X
d=6 X X X X X X X X X X
d=17 X X X X X X X X
d=8 X X X X X
d=9 X X X X X X
d=10 X X X X X X X X

Legend: X: = purchase d contains good i
Table 1: Purchases and goods
Specifically, the supermarket wants to examine the item bundle i* = 1 and i* = 2. The item
bundle i* =1 contains alcoholic beverages and is composed as follows:
I, = {i=6,8}
The item bundle i* =2 consists of animal products and contains the following items
I, = {i=234510}
In order to determine the support of the two item bundles, the number of purchases containing

all goods of the item bundle must be set in relation to the total number of purchases:

{dlkq; =1Vi€ L}
D]

The set {d|k;; = 1V i € I} consists of all purchases d where kyq = kzg = 1. These are all

sup(ly) =

purchases that contain at least the items beer (i = 6) and liquor (i = 8). Consequently:
{dlkyy =1vViel,} ={d=2,3,4,5,6,10}
[{d =2,3,4,56,10}|] 6

sup(ly) = D] =10" 0.6
{dlky =1Vi€ L}
Sup(IZ) = a |D| 2

The set {d|ky; = 1V i € I,} consists of all purchases d where kg, = kg3 = kga = kygs =
k410 = 1. These are all purchases that contain at least the items butter (i = 2), cheese (i = 3),
sausage (i = 4), meat (i = 5) and eggs (i = 10). Consequently:

{dlkgy=1VielL,}={d = 2,6,8,10}

l{d =2,6,8,10}] 4
sup(ly) = D] =" 0.4
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The support results from the number of records that contain all items of the bundle I;+, divided
by the total number of records in the data set (Aggarwal 2015). Thus, the support can be inter-
preted as the Bayesian a priori probability of the occurrence of the item bundle. The support is
to be determined for all conceivable, non-empty item bundles (i.e. all elements of the power set

of I without the empty set).

By setting a minimum support minsup, we can determine the item bundles that appear suffi-
ciently often in the data set. We refer to these as frequent patterns, frequent itemsets or large

itemsets (Aggarwal 2015). The number of frequent itemsets FI is defined as:
FI == { I;+|sup(l;x) = minsup}

In order to derive association rules in form of implications from a data set, an additional meas-
ure called confidence is determined. Therefore, we consider two disjoint subsets A and B of
any frequent itemset I;+ € FI (with A U B = [;» and B = [;+\ A) as well as the implication A =
B. We designate the confidence conf as the probability that if A occurs, B is also contained in
an item bundle. Accordingly, the conf of a rule A= B is the conditional probability
conf (I;+|A), which can be calculated as follows (Aggarwal 2015):

sup(/;) _ sup(4A U B)
sup(4) sup(4)

Generally, we again formulate a bound minconf, in this case for the confidence. All implica-

Conf(li*lA) = VIi* e FlI,AC Ii* and B = Ii*\A

tions A = B with sup(l;+) = minsup and conf (I;+|A) = minconf can then be determined as

association rules.

We can formulate an algorithm for mining association rules in a very basic form, for example

as follows:

|{d|kdi=1 v ieli*}l
D]

1. sup(l;) = V I+ € B)\O

[Determine the support sup(l;+) for all logically possible item bundles i*!]
2. FI := {I;|sup(l;+) = minsup}

[Set a minimum support minsup and determine the set of frequent itemsets F1I!]

sup(l;*) _ sup(AUB)
sup(4)  sup(4)

3. conf(l+|A) = VI-€FI,AcIl+andB = [;-\A

[Calculate the confidence conf (I;+|A) for all logically possible disjoint pairs of subsets
A and B of all frequent itemsets I;+!]
4, A=>B VI+€FIACclI-andB = I;+\A, with conf (I;-|A) = minconf
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[Set a minimum confidence minconf and determine the implications A = B for which

conf (I;+|A) = minconf holds!]

In the context of clustering problems, records are usually grouped regarding similar items via
distance measures (clusters). Therefore, a.o. representative-based, hierarchical, probabilistic
model-based, grid-based and graph-based algorithms have been developed (Aggarwal 2015).
Classification approaches aim to assign individual records to previously defined groups with
the help of decision trees, rule-based classifiers, probabilistic classifiers, neural networks, etc.
(Aggarwal 2015). Outlier detection is used to identify abnormal records or items within a data
set. This can be done, for example, with methods from the areas of extreme value analysis,
probabilistic models, clustering for outlier detection, distance-based outlier detection or den-

sity-based methods (Aggarwal 2015).

Obviously, data mining approaches have great application potential in HRM. In terms of per-
sonnel planning, this occurs, for example, in the determination of the relationships between
specific personnel assignments and productivity or absenteeism of employees, while in leader-
ship a.o. the determination of specific employee groups and their typical characteristics can be
interesting (for a literature overview on data mining applications in HRM, see Strohmeier/Pi-

azza 2013 for more in-depth information).
3.2.3. Simulations in HRM

For the computationally supported handling of vague decision-making situations, o.a. belief
judgments with regard to the occurrence of future states as well as assessments about (fuzzy)
characteristics of the influencing variables that determine these states are required. In addition
to others, simulation models are particularly suitable for forecasting these variables. In this ar-
ticle, we understand simulations to be the most realistic imitation of the (future) developments
of a system (e.g. Banks 1998). The goal is therefore to determine alternative scenarios of (here:
HRM) relevant data (constellations) or decision variables and their relationships to one another.
Methodologically, we can differentiate between simulations based on deterministic or stochas-
tic data and according to whether they are static (i.e. single-period or time-independent) or dy-
namic (i.e. multi-period or time-dependent). The latter a.o. is additionally separated in discrete
and continuous simulation models. Discrete simulations allow system changes only at certain
times (e.g. beginning or end of a period) or at the occurrence of certain events. In continuous
simulations, however, system elements or relationships can change at any time. In the follow-

ing, we want to give a selected overview of simulation applications in HRM.
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The static-stochastic simulations include so-called Monte Carlo simulations, in which possible
scenarios are generated by random sample experiments. These are very well suited, for exam-
ple, to deriving probability statements about the suitability of workers or about the existence of
certain qualifications among workers in the context of employee selection decisions. Markov
chain models, on the other hand, belong to the stochastic, dynamic and discrete simulations.
They are based on the assumption that the state changes of system elements occur as stochastic
processes with transition probabilities. They are often applied to forecast changes in personnel
demands or personnel. In this regard, o.a. probabilities that a task type will have to be carried
out in a different department in the future or that an employee will change the personnel type
in the following period have to be determined. We can formulate a simple Markov chain model
using the following symbols to estimate the development of the personnel differentiated by

various structural characteristics (like qualifications, department, length of service, etc.):

[ := {ili =1, ...,7} := set of structural characteristic combinations

T = {tlt =1, ...,T} := set of periods

gt := Difference from hiring and firing workers with structural characteristic combinations
i in period t

8 := Vector of recruitment and layoffs in period t

prob;; := Probability for the transition of employees with structural characteristic combi-

nation i € I into the group of employees with structural characteristic combina-

tionj € [
Prob := matrix of the transition probabilities
Pt := personnel with employees with structural characteristic combination i in period t €
T
P, := vector of the personnel in period t € T

The basic equation of the Markov chain model relevant here is:

[probll o proby; - probﬁ]

: : : |

with P, :== (P{, P}, ..., P}, ..., PY),Prob := [ prob;; - prob; - prob;
prob;; - prob;; - proby

and g, = (g, 9%, ..., g5, ...,gft)
In each period t, the vector of the personnel results from the vector of the personnel of the

previous period t — 1 multiplied by the matrix of the transition probabilities plus the vector of
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the recruitment and layoffs in period t. In relation to the reference period t = 0, we can also

formulate the equation more generally:

t
P, = P, - Prob’ + Z g. Prob'™"

=1
Other types of simulation that are often used in (inbound) call centers to forecast personnel

demands are queuing models, which simulate the number of customers in the system, their

waiting times, etc. on the basis of various probability distributions.
3.3. (Meta-)Heuristics for Solution of Personnel Assignment Problems

In the context of solving decision problems, the question regularly arises, which types of meth-
ods can be used. In our opinion, it is always a matter of finding the optimal solution to a decision

problem from an economic point of view.

However, situations are conceivable in which finding the optimal solution is either not possible,

e.g. in the absence of a suitable procedure, or can only be realized with a very high effort.

Under such circumstances, it can be useful to use (meta-) heuristics (De Landtsheer et al. 2018,

Wolbeck 2019).

Heuristic procedures represent a collection of rules or steps that should lead to a good solution
for decision problems. This solution may or may not be the optimal solution (Laguna/Marti
2013). Usually a heuristically determined solution deviates from the optimal solution. In liter-
ature, different categories of heuristic methods are classified. There are, for example, proce-
dures that serve to obtain randomly generated initial solutions, which should reduce the solution

space, or procedures of the so-called local search (Silver 2004).

In the local search, one investigates the neighborhood of an initial solution with regard to pos-
sible improvements of an objective function value. In cases where a solution determined in this
way represents an improvement, this result will be accept as a new solution and its neighbor-
hood will be examined. This scheme will continue until no further improvement is possible
(Silver 2004). By means of the local search, one can generate a local optimal solution, but it is
unclear whether this is also a global optimal solution. This problem arises because a deteriora-
tion of objective function values is not allowed when using the local search and so the search
for a global optimum is not continued. Metaheuristics, in particular, deal with the prevention of

being stuck in such a local optimum (Silver 2004).

Metaheuristics provide a problem-independent framework with a set of guidelines for develop-

ing heuristic optimization algorithms and applying them to specific problems (Sorensen/Glover
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2013). Modern metaheuristics include e.g. the methods of Tabu Search or Simulated Annealing
(Ernst et al. 2004). The family of metaheuristics also includes evolutionary algorithms (Kruse
et al. 2016).

The following steps generally characterize the Tabu Search:

First, an acceptable solution for a decision problem is identified, this can be done e.g. with the
help of so-called opening procedures (e.g. northwest corner rule). After the identification of a
first solution, one generates neighborhood solutions by implementation of elementary transfor-
mations. In contrast to the classical local search, a Tabu Search allows a deterioration of the
objective function value when one select a neighborhood solution. By using a tabu list, one can
prevent that already identified solutions come into consideration as solutions again. This pre-

vents the procedure from remaining in a local optimum (Silver 2004).

The user of the Tabu Search has to decide which stop criterion is decisive. For example, a fixed
number of iteration steps or the predefined achievement of a certain objective function value

may be considered as criterions for the end of execution the Tabu Search.

In the context of HRM, heuristic methods can also be used e.g. for the allocation of labor forces
to further different objects. For example, heuristics exist which assign the best worker to each
object or assign each worker to the object for which they are best suited. Allocation objects can
be e.g. workplaces. Under certain circumstances, evaluation criteria regarding the quality of the
allocation (e.g. the required execution time of a worker for an activity) cannot be clearly deter-

mined. One instrument for dealing with such uncertainties is FL.

A connection between heuristic procedures and FL is drawn, for example, in the duty schedul-
ing of aircraft crews. In particular, fuzzy sets or linguistic variables are implemented here in the
use of a "day by day" heuristic in order to obtain, among other things, a satisfactory solution

for a rotation problem of pilot assignments (Teodorovié¢/Luci¢ 1998).

A further field of application in terms of personnel planning is the recruitment of personnel.
Thus, it is possible to plan the preparation and execution of so-called assessment centers with
the help of heuristic procedures. Among other things, this involves planning the starting times
for various tasks to be performed by the participants and the assignment of participants and

observers to the tasks (Zimmermann/Trautmann 2018).
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3.4. Demography Sensitive Personnel Policy

Demography is a description of a population by means of characteristic features such as income,
religion, age or qualifications of people. First, we want to show how demographic developments

can influence HRM.

Demographic changes can affect, among other things, the (a) company’s personnel, but also (b)

recruitment potential of companies.

Ad (a): The development of the operational personnel is determined by company decisions (e.g.
ordered further training with resulting changes in qualification) and demographic changes. In
the context, companies must question how the current personnel and structure will develop in
the future. In answering this question, aspects may arise that neither are certain nor determined.
In addition to (partly) directly observable variables, such as qualification, age, origin and gen-
der, there are also only indirectly observable characteristics for demographic developments.
Thus, motivational aspects can be identified as characteristic features of a population or, in our
context, a workforce. Basically, companies have to deal with the question how the motivation
of their workforce will develop in the future. Due to the problem-inherent terminological fuzz-
iness, e.g. «high motivation», and relational fuzziness, e.g. «<employee A is more motivated than
employee B», FL is a suitable instrument to deal with this vagueness. Accordingly, when con-
sidering current personnel and their future development, it is necessary to use suitable diagnos-

tic and prognostic models that can handle uncertain and/or fuzzy aspects.

Ad (b): Demographic developments not only affect the company's internal workforce, but also
the opportunities for recruiting employees. In principle, it makes sense to subdivide the overall
labor market into sub-markets that are relevant for a company. Which sub-markets are relevant
for a company depends, among other things, on the type of workers sought. Demographic as-
pects such as qualifications, age or the origin of the workforce can play a role here. Accordingly,
demographic developments, e.g. changing fertility, mortality and migration rates, lead to
changes in the sub-employment markets and consequently also in recruitment potential. Here,

companies are usually also confronted with fuzzy conditions.

Under the aspect of changing personnel, it may be relevant to analyze them in terms of their
structure and level. When looking at personnel, the question of segmentation arises. Various
segmentation approaches have been developed for both personnel as well as for relevant exter-
nal (sub-)labor markets. However, in addition to the basic segmentation, a decision must also
be made regarding the assignment of employees to individual segments. As already mentioned,

(e.g.) aspects such as qualification and motivation are usually characterized by a lack of clarity.
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In principle, the segmentation of workers can only be done on the basis of a single criterion,
e.g. the gender or age of individual workers. Thus, it may be conceivable to divide the entire
workforce into the quantity of workers who are over 40 years old and the quantity of workers
who are younger or equal to 40 years of age. In the case of segmentation that is subject to
several, possibly fuzzy, criteria, it may be relevant to process these criteria in a rule-based sys-

tem.

In the following, we want to illustrate the application of such a rule system with a simple ex-

ample.

First, we define the following symbols:

C:={clc=1, ..,C:cisa criterion}

SC* == {sc|sc =1, ...,ﬁ; sc is a sub criterion}

L. = {l| L is linguistic term of sub criterion sc € SC*}

[:={i]li =1, . Liis arule}

i (x) := Degree of membership of an element x to linguistic term [ of sub criterion sc

X = {x|x is an element of the basic set}

Experience or qualifications may be used as (possibly) relevant criteria for assigning a worker
to a segment of the workforces. Under certain circumstances, the characteristics of individual
criteria are determined by further sub-criteria, accordingly it can be advantageous to establish

a criteria hierarchy.

For example, a criteria hierarchy for the mentioned problem can contain the two criteria "expe-
rience" (¢ = 1) and "qualification" (¢ = 2). As (possibly) relevant sub-criteria for a segmenta-
tion of the personnel age (sc; = 1) as well as seniority (sc; = 2) can be used. The qualification
of employees can be determined, for example, by the criteria of the type of degree (sc, = 1,
e.g. Bachelor's or Master's degree) or by considering the duration of the acquisition of a degree

(scy, = 2).

We can formulate the following (exemplary) rule set for the criterion "experience" (see table
2). As an example, we define the set of linguistic terms for the sub-criteria sc; = 1 and s¢; = 2

with L. -4 == {very young, young, old} as well as L. —, := {short, medium, long}.
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IF... AND... THEN...
rule ¢ age of the labor force length of Se?;iii of the labor experfcr)lrczo(r)g ethe la-

1 very young short low
2 very young medium low
3 very young long medium
4 young short medium
5 young medium medium
6 young long medium
7 old short medium
8 old medium high
9 old long high

Table 2: Exemplary rule base for criterion ,,experience

The number of rules to be established in the exemplary presented rule set results from the com-

bination of the set of sub-criteria SC* and the number of linguistic terms |Lg.| to be considered

for the respective criteria. Accordingly, |I| = |Lg.|'5¢"! gives the number of rules.
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-
>

5 10 15 Experience X in years

Figure 3: Membership functions for selected criteria

On the basis of a (e.g. crisp) input variable, membership values can be determined for the fuzzy

sets of the linguistic variables "age" and "length of service". For this purpose, the decision

maker defines membership functions in advance (see figure 3).

Based on this we can then fuzzify the input variables and determine the characteristics of the

criterion "experience" on the basis of the so-called active rules in the rule set (see table 2).

For example, the input variable should assume a value of 26 years for age and 8 years for length

of service. According to the linear membership functions shown in Figure 3, the following val-

ues result for the criteria age and length of service with the form ug, = (ut,):

age = (327" = 045002"0 = 0654588 = )

_ ¢,,short — (., medium —_  22.,long _
lllength of service — (:ulength of service — 0; Aulength of service — 0.33; nulength of service ~—

0.66)
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The so-called active rules can now be identified by looking at the determined degree of mem-
bership and the rule set. The result is that the rules i = 2,3,5,6 are active and have to be con-
sidered further.

By applying the (e.g.) minimum operator for linking fuzzy sets, the criteria "age" and "senior-
ity" can be combined and thus the degree of fulfillment of an active rule (DOF;) can be deter-
mined. The DOF of inactive rules is always zero. Since several active rules lead to an identical
expression of linguistic terms of the criterion "experience", the algebraic product can be used

to determine the overall DOF for just those rules:

i =2: DOF, = 0.33
i=3: DOF; = 0.4
i=5: DOF5=0.33
i =6: DOFs = 0.6

DOF,p;q(Low) = (1 —(1-10.33)) = 0.33
DOF;ypqi(Medium) = (1 — (1 —0.4) - (1—10.33) - (1 — 0.6)) = 0.84
DOFtotal(High) =0

We can thus state that, on the basis of the presented rule set, the defined membership functions

and the exemplarily considered input values for age and length of service of a worker, the ex-

perience of that worker can be classified as «low» (0.33) to a small degree and as «medium»
(0.84) to a higher degree. This experience can then be processed in the hierarchy of criteria
presented with the help of further rule sets in order to finally classify a worker in a segment of

the personnel in order to serve further analyses.

In some cases, it might be desirable to derive a crisp result from the generated fuzzy output.
Therefore, several defuzzification methods (e.g. Maxima or Distribution methods, Van
Leekwijck/Kerre 1999) have been developed (See, inter alia, section 3.6.3 of the present paper
and Spengler/Herzog 2023).

As already described above, demographic developments influence, among other things, person-
nel. In addition to structural and level changes, demographic aspects can also have an influence
on absenteeism and/or fluctuation rates. It is also conceivable that personnel demands will
change in the future. The personnel demands result from the three primary determinants work-
ing hours, company performance program and work productivity. In addition, secondary factors

indirectly influence personnel demands via the primary determinants. These include, for exam-
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ple, supply and demand conditions on product and factor markets. Due to demographic devel-
opments, for example, it is possible that a currently high demand for various goods by consum-
ers will dwindle in the future, resulting in a change in the company's product and service range

(e.g. declining demand for DVD players).
3.5. Fuzzy Linear Personnel Allocation Planning

In the following, we consider a decision-making situation in which fuzzy personnel demands
differing in terms of type and time are to be covered by assigning sufficiently qualified employ-
ees who are not available yet in the company. Here, we concentrate on selected model compo-
nents by only explicitly formulating the fuzzy constraints. We are searching for the minimum
personnel costs (including optimal number of recruitments and layoffs) as well as optimal de-
cisions about the personnel assignment. Employees are not always present (absenteeism) and
the number of employees hired and fired is limited. Constraints are based on the explicit ap-

proach of personnel planning (Siegling et al. 2023a). The symbols are defined as follows:

(Crisp) sets:

T = {t|t =1,2,..,T;tis aperiod}

Q= {q|q =1,2,..,0;qisajob type}

R = {r|r =12,..,R;tisa qualification type}

R, == {r|employees of type r are capable of executing jobs of type q € Q}

Q, = {qljobs of type g can be executed by employees of type r € R}

(Fuzzy) data:

PADqt = (@qtrﬁqtrgqtl Qq¢) g = fuzzy personnel demand, LR-fuzzy interval with linear
spreading (left and right)
H.=(H,.0, Ert) LR = fuzzy recruitment upper bound, LR-fuzzy number with

linear right spreading

E.. = (F.0, grt) LR = fuzzy layoff upper bound, LR-fuzzy number with linear
right spreading
e = (At rey Ertr Ert) LR = fuzzy attendance rate, LR-fuzzy interval with linear

spreading (left and right)

Decision variables:

Py = personnel of type 7 € R inperiod t € T
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AP,g; = assigned personnel of type r € R for covering personnel demands of type q €
Q,inperiodt €T
h,: == number of employees of type r € R to be hired in period t € T

fr¢+ = number of employees of type r € R to be fired in period t € T

The objective function, which is not formulated here, aims to minimize the entire salary, re-
cruitment and layoff costs. The set of constraints contains both fuzzy and crisp constraints. The
latter are those for coordinating the assigned personnel and the personnel (second constraint of
the explicit approach) and for periodically personnel updates as well as the non-negativity con-
straints for all variables. The fuzzy equation derived from the first constraint of the explicit
approach for the coordination of personnel assignment and personnel demand, taking into ac-

count the fuzzy attendance rates, is formulated as follows:

Z&Tt-APrqtzﬁDthqu,teT @)

rERq

The following applies to the upper bound of recruitment and layoft:
h<H,VreRteT (8)
fit <FE.,VreRteT (9)

The constraints of type (7) have to be replaced by:

z Qpe " APrge = PDy VqEQ,tET (7a)
rERq
Z Gye APrge 2PDy ¥ q€QtET (7b)
rERq

This fuzzy model cannot be solved with the common methods of linear optimization. When

using FULPAL (see 2.3 above), proceed as follows: If the bound PD,; is undershot in constraint
(7a), this must be assessed. For this purpose, a further fuzzy set th is introduced, whose mem-
bership function Hﬁqt(ZrERq Ayt - APrg) expresses the utility one gains when the quantity
ZreRq Qr¢ * APpg; is used to cover ISDqt. The utility value (membership value) equals zero if
ZreRq Ayt " APrgt < PDgy — ag¢ and it equals one if ZTERq Qrt * APrgt = PDg;. In between it

increases (e.g. linearly). Each constraint of type (7) is then substituted by a surrogate inequality

of type (10)

D (@ =0 APy 2 PDye — aqe VG € Q€T (10)

T‘ERq
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as well as an objective function (11)

MR g, z Qre APrqt — Max! (11)

TE€R
With regard to (7b), (8) and (9) one proceeds analogously. Subsequently, this results in a multi-
objective optimization program in which, subject to the above-mentioned constraints the origi-
nal objective function and the objective functions for the constraints assessment are to be opti-
mized. Ultimately, a model is constructed that is used to find the optimal compromise between

satisfaction with constraints and minimization of personnel costs (see also Siegling et al.

2023a).
3.6. Fuzzy Leadership Style Choice

3.6.1 Preliminary remarks

In personnel economics, the choice of a leadership style is about the question of how a super-
visor should lead his or her employees in such a way that operational goals are achieved. In the
present paper, we assume that such leadership decisions are made according to the situation.
Thus, the optimal or at least a permissible leadership style has to be selected from a set of
several possible leadership styles. For this choice a wide range of models has been developed
in the scientific literature (see, inter alia, Blake/Mouton 1964, 1985, Blake et al. 1962, Hersey
et al. 1996, Fiedler 1967, 1978 Reddin 1970) from which we want to pick out and focus on the
so-called normative decision model by Vroom & Yetton (Jago/Ettling/Vroom 1985,
Vroom/Yetton 1973). While the original model is based on univocal rules, in this paper we

consider a fuzzy rule system (Siegling et al. 2023b).

3.6.2 Vroom & Yetton's normative decision model as a system of crisp rules?

The participation rate is the degree to which employees are involved in the decision-making
process. Vroom & Yetton consider five leadership styles differentiated according to the partic-
ipation rate (I, I, ..., I5):

I, := The supervisor makes the factual decision alone, based on his current level of information.
I,:= The supervisor makes the decision on the matter alone after obtaining information from

the employees.

2 We refer here to the basic model of Vroom & Yetton, for such situations, in which several coworkers are subor-
dinate to the supervisor (Vroom/Yetton 1973)
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I3 := The supervisor makes the factual decision alone, after discussing the factual decision prob-
lem in individual meetings with the employees.

1,:= The supervisor makes the factual decision alone, after discussing the factual decision prob-
lem with the group of employees.

I5:= The supervisor presents the factual decision problem to the group of employees, everyone
develops and evaluates alternative courses of action as a group and the group make a joint

factual decision. The supervisor is an equal member of the group.

Provided that one accepts the participation rate as a differentiation criterion for leadership styles
- and there is nothing seriously wrong with that - this leadership style list is quite reasonable.
However, one misses the complete delegation to the body (without co-decision by the superior)

and the possibility of obtaining information from other persons (than one's own employees).

The leadership situation is analyzed according to a total of seven criteria in question form,

whereby these are recorded dichotomously in each case and are to be answered with "yes" or
"no" Ull]Z' ,]7)5

J1 := Is the quality of the decision important? (Note: Here we are asking about quality, not
whether the decision itself is important).

J>:= Does the supervisor feel sufficiently informed to make a quality factual decision?

J3:= Does the supervisor think the factual problem is sufficiently structured?

J4:=Is the acceptance of the factual decision on the part of the employees important for its
implementation?

Js:= Does the supervisor assume that a factual decision made in an authoritarian manner will
be accepted?

Jo:= Will employees align their solution contributions with the organizational goal?

J7 :=Is it to be expected that employees will argue about the evaluation of the alternative ac-

tions?

The list of situation determinants can be accepted as reasonable, although the level of infor-
mation of the employees, as provided for another model version by Vroom & Yetton
(Vroom/Yetton 1973), but also the forecast qualification of employees and supervisors could
be taken into account. Also, leadership costs and revenues are at best implicitly considered in
both leadership styles and leadership situations. Moreover, the dichotomization of situation de-
terminants is based on a simplifying and complexity-reducing assumption, which is removed

in later work (Vroom/Jago 1988). With seven questions, each with two possible answers, there
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are a total of (27 =) 128 possibilities (leadership situations) for combining the answers (varia-

tions with repetition).®

For the purpose of leadership style selection, decision rules are to be applied. Vroom & Yetton
propose the following seven decision rules (DR, DR, ..., DR;) in the version presented here,

where — symbolizes negation, A logical and (both ... and) and — implication:

DR, (Information rule):* J; A =], = I,

Note: This rule is undoubtedly plausible, because if decision quality is important but the
supervisor is not sufficiently informed for a good factual decision, it makes no sense for him to

decide based on his current level of information.

DR, (Trust rule): J; A= = —lg

Note: This rule is also plausible to a certain extent, because if the quality of the decision is
important but conflicts are to be expected among the employees about the factual decision to
be made, they should not be allowed to participate in the decision if it is assumed that conflict
resolution is not possible or at least not possible with reasonable effort. In principle, however,
they can then be used in upstream stages of the decision-making process. The fact that conflicts
can also have a negative impact in this process (e.g., through strategic information and consul-
tation behavior) is apparently not considered relevant by Vroom & Yetton and therefore only

I is excluded here.

DR5 (Structure rule): J; A=, A =Jz = =(1, 15, 13)

Note: If the decision quality is important, but the supervisor is not sufficiently informed for
a good factual decision and he considers the factual decision problem as unstructured, the su-
pervisor should not decide authoritatively. This is plausible as far as it goes. Nor, according to
Vroom & Yetton, should he or she seek advice in one-on-one meetings. That - as assumed by
Vroom (1976) — I, and I3 are always too cumbersome, ineffective and inefficient here is ques-

tionable and whether group discussions can make up for the deficits is at least worth discussing.

DR, (Acceptance rule): J, A =Js = —=(I4, [3)

Note: If the acceptance of the factual decision on the part of the employees is important but
it can be assumed that an authoritarian decision will not be accepted by them, then it is logical

that neither of the two authoritarian leadership styles is chosen here.

3 Siegling et al. (2023b) list all 128 possible combinations.
4 Read: If question .J; is answered yes and question J> is answered no, then do not choose leadership style /;.
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DR (Conflict rule): J, A =Js AJ; = =(14, I, [3):

Note: If it is important that the employees accept the factual decision, but an authoritarian
factual decision is not likely to be accepted by them and conflicts over the order of preference
are to be expected, then there is a case for not selecting I;, I, and I5. Whether, in this case, I,

is actually better than I5 is at least debatable.

DR, (Fairness rule): J4, A =Js A =J1 = =14, 13,13, 1y)

Note: Vroom & Yetton consider it fair if the employees in the group (co-)decide, if the
acceptance of the decision is important, an authoritarian decision is probably not accepted but
the quality of the decision is irrelevant. It remains to be seen whether every employee actually

considers it fair when he or she is called upon to make qualitatively irrelevant decisions.

DR (Acceptance prioritization rule): [, A =Js A Jg = —(I4, 15, 15, 1,)

Note: Here, Vroom & Yetton apparently assume that only a group decision can eliminate

the presumed conflicting goals. However, this assumption is also debatable.

It goes without saying that leadership style selection can be made on the basis of these seven
rules - the first three of which relate to decision quality and the other four to decision acceptance

- by analyzing the current leadership situation and then applying the corresponding rule(s).

3.6.3 The normative decision model of Vroom & Yetton as a fuzzy rule-based system

The initial model of Vroom & Yetton is based on Boolean (two-valued or binary) logic, which
knows only two states, namely true or false, yes or no or 0 or 1. Thus an element x belongs
either completely (or completely not) to a set. For the membership value of such a crisp set A
holds ,(x) € {0,1}. In the context of the so-called fuzzy logic (Buckley/Eslami 2002, Gott-
wald 1993, Pedrycz 1993, Piegat 2001, Zadeh 1983, Zimmermann 1987, 1996) membership
values can also be graduated, such that for the membership of an element x to a fuzzy set A
1;(x) € [0,1] holds (Bellmann/Zadeh 1970, Dubois et al. 2000, Dubois/Prade 1980, Pedrycz
1993, Piegat 2001, Wang/Chang 2000, Zimmermann 1996).° Since {0,1} c [0,1] unambiguity

is always a special case of fuzziness.

Crisp rule systems usually use the modus (ponendo) ponens as an inference rule (Dubois/Prade
1991, Mamdani 1981, Zimmermann 1987): it consists of (at least) two premises and one con-

clusion:

> See section 2.3 of this paper.
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Premise 1: If 4 then C
Premise 2: A is present
Conclusion: It follows C

This inference mechanism is also used in fuzzy control systems:

Premise 1: If A then C
Premise 2: A is present

Conclusion: It follows C

In the context of fuzzy control (Driankov et al. 1993), linguistic variables (for A and C) are
often used. These represent quadruples (Dubois/Prade 1978, Spengler/Herzog 2023, Zadeh
1975, 1987). They consist of the name of the linguistic variable, of the set of linguistic terms,
of the base set on which the linguistic variable is defined, and of a semantic rule that assigns a
membership function to each linguistic term. The design of an expert system based on fuzzy

rules (Hall/Kandel 1991, Zimmermann 1996) is basically carried out in three steps:

1. Step: Fuzzification of the rule input by constructing membership functions for the input
variables.

2. Step: Fuzzy inference (Bouchon-Meunier 1991, Dubois/Prade 1991, Piegat 2001,
Schneider/Kandel 1991, Yager 1991, Zadeh 1983) by formulating the rule base, apply-
ing the inference mechanism, and deriving the linguistic output variables (including
construction of corresponding membership functions).

3. Step: Defuzzification of the fuzzy output

In the original model of Vroom & Yetton (1973), the leadership styles I, I,, I3, 1, and I5 are
discretely differentiated. Such a differentiation can also be implemented in the context of a
fuzzy rule system by taking the effectiveness expressions E of the different leadership styles as
fuzzy conclusion variables of the rules in the form of singletons.® In the present work, however,
the aim is not to make a discrete but a continuous differentiation of leadership styles on the
basis of a bipolar continuum of the participation rate (xpg). At the poles of this continuum,
xpr = 0 (completely authoritarian leadership) and xpr = 1 (complete delegation of factual de-
cision-making) apply. The participation rate is used here as a linguistic variable with the lin-

guistic terms low, medium and high.

¢ Singletons represent a special case of the FL: These are one-element fuzzy sets for whose membership value 0 <
u;(x*) < 1 holds (Piegat 2001).
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In the original model (see chapter 3.6.2), the leadership situation is analyzed according to a total
of seven determinants (J;, /,, ..., J7) in the form of questions, each of which is recorded dichot-
omously and must be answered with "yes" or "no". J; is about the importance of the (factual)
decision quality (DQ), J, about the adequacy of the superior's level of information (ILL), J5
about the structuredness of the factual problem (PS), J, about the importance of the acceptance
of an authoritative decision (IAAD), |5 about the possibility of acceptance of an authoritatively
made decision (PAAD), J, about the goal orientation of the employees (GO) and J, about the
expectation of evaluation conflicts among the employees (CE). In the fuzzy rule model to be
formulated here, the evaluation of the corresponding questions or, more precisely, their truth-

fulness or degree of truth x; € [0,1] is not dichotomous, but in bipolar continua

XpQs»XiLL» Xps) X144D» XpAAD) XGO and x¢g.

We also model these as membership functions for the linguistic terms [ for criterion d as follows

(figure 4):

1 for0<x;<0.25

™ (xa) = {54 for 0.25 < x4 < 0.4 (12)
0 otherwise
M2 for 025 < xq < 0.5
Hg MMM () = 4975 0005 < x, < 075 (13)
0.25
0 otherwise
Xq—0.6

—— for 0.6 <x; <0.75
high _ 0.15
Ky (xq) = 1 for0.75<x; <1 (14

0 otherwise

il (xa)
A

low medium high

1

0.8

0.6

0.4

0.2

01 02 03 04 05 06 07 08 09 1

Figure 4: Graphs of the membership functions
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We assume such shapes of the membership functions, although we can also model other (e.g.,

piecewise continuous, bell-shaped, and trapezoidal) ones.

For the purpose of leadership style selection, Vroom & Yetton bring a total of seven decision
rules (DR, DR,, ..., DR;) into play in the version presented in section 3.6.2. However, in the
fuzzy rule system to be formulated here, these are not constructed as singular rules, but as rule
blocks DRy, (k = 1,2,...,7), each composed of several rules differentiated (according to the

combinations of linguistic terms).” In the following, we use these symbols:

K = {k|k = 1, ...,K; k is a rule block}
My = {m = My_; + 1, M,

+2,..., M [m € M; m s a decision rule in block k € K; M, = 0}
M:=U ek M, (Set of all decision rules)
PR, := fuzzy participation rate of decision rule block k
PR, = fuzzy participation rate of decision rule m € M, in decision rule block k € K
PRy ytq = total participation rate

DOF,, := Degree of fulfillment of decision rule meM, (k € E)

DOFtl’k := Total degree of fulfillment of linguistic term [ in decision rule block k € K

otal *

Decision rule block k = 1:

The decision rule block k = 1 corresponds to the crisp information rule DR, from the basic
model. This requires /; A=/, = =l;. The fuzzy rule block k = 1 now demands:

DQ AILL - PR,

Decision rule block k = 2:

The decision rule block k = 2 corresponds to the crisp confidence rule DR, from the basic
model. This requires J; A =Jg = —ls. The fuzzy rule block k = 2, on the other hand, now re-
quires:

DQ AGO — PR,

7 The rule system formulated by Siegling et al. (2023b) comprises a total of 135 rules, which we cannot list indi-
vidually here for reasons of limited space.

34



Decision rule block k = 3:

The decision rule block k = 3 corresponds to the crisp structure rule DR5 from the basic
model. This requires J; A =J, A =J3 = =([4, [, I3). The fuzzy rule block k = 3, on the other
hand, now requires:

DQ ATLL A PS — PR,

Decision rule block k = 4:

The decision rule block k = 4 corresponds with the acceptance rule DR, from the basic
model. This requires J, A =Js = —(I3, [). The fuzzy rule block k = 4, on the other hand, re-
quires now:

TAAD A PAAD - PR,

Decision rule block k = 5:

The decision rule block k = 5 corresponds with the conflict rule DRz from the basic model.
This requires J, A —=Js A J; = —=(I4, I3, I3). The fuzzy rule block k = 5, on the other hand,
requires now:

TAAD A PAAD A CE — PRs

Decision rule block k = 6:

The decision rule block k = 6 corresponds with the fairness rule DR from the basic model.
This requires J, A =Js A =J; = =(14, 5, 15, 1,). The fuzzy rule block k = 6, on the other
hand, requires now:

TAAD A PAAD ADQ - PRy

Decision rule block k = 7:

The decision rule block k = 7 corresponds with the acceptance prioritization rule DR, from
the basic model. This requires J, A =Js A Jo = —(14, I3, I3,1,). The fuzzy rule block k = 7,
on the other hand, requires now:

[AAD A PAAD A GO - PR,

For the purpose of explanation and in order not to go beyond the scope, we show an example
rule set from block k = 1 below:
Given two linguistic input variables and three linguistic terms each, there are a total of 9 rules

m € M;. These are, for example (see table 3):
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rule m € M, DO ITL PRY,
1 low low medium
2 medium low medium
3 high low high
4 low medium medium
5 medium medium medium
6 high medium high
7 low high medium
8 medium high medium
9 high high low

Table 3: Rule block 1

For example, if xpo = 0.7 and x;;;, = 0.3, inserting in (12), (13) as well as (14) or from the
graphs of the membership functions /"11573 and ufn, it follows that rules 2, 3, 5 and 6 are active

(DOF > 0) and the others are inactive (DOF = 0) (see figure 5).

DQ ITL
”15'0 (*po) .U-}’f,_ (X]LL)‘

. low medium high low medium high

\ / \ /
0.8 \ / \ / 08 — \ /
067 |- mmmmmmm o e RA— (I S \ /
0.6 +— \ / ;h 0.6 +— '\.‘ ;’
\ /i i\ / /
04 —— ) [ 04 ey [
! I\ \ \

0.2 J—mmmmmimmf \mommmm 0.2+ Y JAR
777N ! /

01 02 03 04 05 06 07 08 09 1 *bo 0.1 02 03 04 05 06 07 08 09 1
Figure 5: Membership function of DQ and ILL of decision rule block k = 1

After processing all (seven) rule blocks, the total output and the membership function of the

total participation rate can be derived. In the example of Siegling et al. (2023b), the fuzzy output

set is given by (see figure 6):

l
Hﬁitotal (xPRtOtal )Jl

low medium high
1

0.8 —

0.67
0.6

0.4

0.2

Figure 6: Membership function of by roral XPReorar)
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To obtain a precise conclusion, it may be useful to defuzzify the fuzzy total participation rate
PR, ytq;- For this purpose — if one follows the Time Investment Model (Vroom/Yetton 1973) —
various maximum methods can be considered (Piegat 2001, Spengler/Herzog 2023). If the first-
of-maxima-method (respectively last-of-maxima-method) is chosen, for example, xpg, .., =
0.72 (respectively 1) see figure 27. On the other hand, if one follows the Time Efficient Model
(Vroom/Yetton 1973), one would choose a minimum method: With the first-of-minimum

method, xpg, ., Would be 0 in the above example and 0.3 with last-of-minimum-method.

However, in fuzzy control, the center-of-gravity-method is also frequently used. The center of
gravity (COG) of an area can be understood as its center point. The COG of a membership
function is the center of mass of the membership values. In order to compute centroids, one
must determine first of all the contents of the area. As is well known, integral calculus is used
for this purpose, especially for (at least partially) curved function graphs. For the exact proce-
dure in detail, see e.g. Spengler/Herzog (2023). The COG of the cited example is shown in
figure 7:

#;laﬁmml (xPRtoml )A

low medium high
1

I A
0.6 |-

04 —

0.2

N

042 | 058 072 | |
01 02 03 04 05 06 07 08 09

Figure 7: Representation of the fuzzy output set and corresponding center of gravity
Xcog = 0.62 can then be interpreted as the mean participation rate in the example.

4. Conclusions

If processing large amounts of data or considering particularly complex, dynamic and contin-
gent environmental scenarios, if highly complex and complicated decision problems have to be
solved and one has to search for hidden data, methods of Al and FL are necessary and have to
be linked skillfully, effectively and efficiently with one another in HRM (An et al. 2007,
Beynon 2009, Hiillermeier 2011, Kruse et al. 2000, Molina et al. 2019).
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This connection is done via approaches, which have made amazing progress in recent years.
However, as the corresponding problem pressure will increase immensely in the future due to
a world that is constantly getting more global, more turbulent and is in some cases confronted
with ever-increasing disruptions, the corresponding methods will have to be applied and further

developed to an even greater extent.
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