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Abstract

Research background:Inventory management plays a crucial role in macwiring organizations as it
enables continuity of production, adequate respdoseustomer demand, financial optimization of
inventory and overall adequate organizational tdyi Inventory management is highly dependent on
inventory classification as it allows simplificatioof the inventory management process by assigning
inventory management policies based on categathsmrthan individual items.

Purpose of the article:In this article, a novel hybrid approach for mualtiteria inventory classification is
proposed. The approach considers two groups ofddgirelated criteria: One group focuses on ingnt
ordering dynamics, i.e., lead time, average demammlrent inventory quantity, and coefficient of
variation, while the other focuses on inventory mitg and value, including average demand, unitgori
and dollar usage value. The method follows the Af3sification convention and is used to categorize
290 inventory items into three classes.

Methods: The classification process is conducted in twpst&irst, each set of criteria is evaluated and
aggregated using logical aggregation based onplolEive Boolean Algebra, allowing for the integoat

of both logic-based and statistical relationshipthiw the data during aggregation. The resultintues
are then further aggregated using ordinal sumswjuactive and disjunctive functions to perform gd/

or downward reinforcement , depending on the inplies.

Findings & Value added: This study demonstrates the novel logic-based cagpr to multi-criteria
inventory classification, which aims to explore #fedent perspective on inventory management by
considering multiple sets of logically related eri&.

Keywords: Inventory management, Inventory classification, Hylnulti-criteria approach, Interpolative
Boolean algebra, Ordinal sums of conjunctive aisgldictive functions

JEL classification: M11, C38, C00

1. Introduction

Inventory is defined as the stored instances ofsftamed resources within a production or service
operation (Slack et al., 2010, p. 368) due to tgmmsmatches between supply and demand (Slack, et al
2010, p. 368). It is essential for ensuring smautiduction or service availability, enabling thergmany
to meet the needs of customers in an appropriatmengNowotyiska, 2013). For manufacturing-oriented
companies, inventory and its appropriate managempéay a crucial role in maintaining ongoing
production and meeting customer needs (Nowskst, 2013). This includes maintaining an adequate
inventory of raw materials, work in progress amstied goods to achieve cost efficiency and radiabl

" Corresponding author: ognjen.andjelic@fon.bg.ac.rs
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supply (Pandya & Thakkar, 2016), while controllistpck levels to accommodate any fluctuations in
demand (Priniotakis & Argyropoulos, 2018). Invegtonanagement has a significant financial impact as
it directly affects an organisation’s performanketigh its influence on procurement, sales andstingi.
Due to this financial impact, inventory managemisntf great importance from both a theoretical and
practical perspective, as it is both capital-intemsnd time-consuming (Razavi Hajiagha et al., 1202

For organizations that may have up to several #mdisdifferent inventory items, it is both
economically inefficient and logistically impraaic¢ if not impossible, to devote equal and maximum
attention to each individual item. For this reasmwentory classification is often recommendedthie t
literature as a strategy to address this issuei¢Bak et al., 2024). Instead of managing each item
individually, this approach involves companies griog their inventory items into categories and
applying appropriate management policies to eadivioiual item (Mohammaditabar et al., 2012).

Numerous numerical methods have been proposed en literature to improve inventory
classification. Probably the most important andeljicused method is the ABC method, which classifies
inventory into three categories (Ramanathan, 200&).classification, ABC analysis primarily congigle
the inventory value of each item or the variabibfydemand, i.e. a single criterion. Over the yearsre
advanced multi-criteria ABC analysis approachesehbeen developed (Ravinder & Misra, 2014).
However, these approaches are mainly based onesiaggregation functions, i.e. weighted sums, and
more sophisticated aggregations, i.e., logic-basggplegations, are yet to be explored.

In this paper, we present a novel approach to roriteria inventory classification that combines
Interpolative Boolean Algebra (IBA) and its logieded aggregation capabilities with Ordinal Sums of
Conjunctive and Disjunctive (OSCD) functions. Sfieally, we use the IBA framework for Boolean
consistent modeling and the computation of loweelgartial logical requirements defined by a damai
expert. In addition, OSCD functions with three @iffint parameter settings are applied to aggregdiey
at a higher level to make a clear distinction befw@ventory classes. With the proposed approaeh, w
incorporate both logical and statistical dependenii the data to obtain more credible results.

The rest of the article is organized as followsthe literature review section, three distinct éspare
discussed. First, inventory classification andritportance to the inventory management processedls w
as the most common approaches to inventory clea8dn are presented. Next, the basis of IBA asd it
logical aggregation capabilities are discussedallinthe basis of OSCD functions are presentedhén
methodology section, a step-by-step explanatidheftem classification process is presented. Tisea@
explanation given for each individual step andniésessity for adequate classification of itemsthia
fourth section, the explained methodology is impaied in a real-world scenario to better understand
each individual step of its implementation. Theulssobtained are presented, discussed and a ¢ienera
recommendation is given on how the model can hetplse interpreted by the expert. The final section
concludes the paper. Implications of the reseanchfarther research perspectives are outlined.

2. Literature review

The literature review section is divided into threections: inventory classification, logical
aggregation based on Interpolative Boolean Algetwa Ordinal Sums of Conjunctive and Disjunctive
functions. Each section provides an overview ofrtteest important concepts and relevant researchein t
respective area.

Inventory classification

Inventory classification serves as a fundameng&gp & inventory management and forms the basis
for the selection of appropriate inventory confpolicies tailored to their respective categorieazdvi
Hajiagha et al., 2021). The reason for using di@ssion is the observation that in most situatidris not
possible to develop a separate strategy for eathidual item due to the large number of itemstock
(Teunter et al., 2010). One of the fundamental acomepts of effective inventory management is prégise
this process of classifying items, which helps cames allocate their limited resources more stieadly
and determine appropriate inventory control pofic{@ndeli¢ et al., 2024). By classifying inventory,
companies can prioritize those items that contetibe most to achieving their operational and fomn
goals (Mohammaditabar et al., 2012).

The first approach to inventory classification whae original ABC analysis of inventory, a name that
has become synonymous with the process of invertiagsification (Ramanathan, 2006). The original
ABC analysis classifies items into categories AaBd C based on their importance, which is measured
solely by dollar usage value (Nallusamy et al., JZ0Conventional ABC analysis is based on the Baret
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principle (Park et al., 2014), which states thatrall proportion of items usually account for thajonity
of inventory value, while the majority of items neaknly a small contribution. Accordingly, Class A
items are considered very important, Class B itarasconsidered moderately important and Classrisite
are considered relatively insignificant (Douissd#&beur, 2016). The traditional ABC classificatiersfill
one of the most commonly used methods for cateiggritems by importance (Nallusamy et al., 2017),
mainly because of its ease of use and understanding

While the aforementioned reliance on a single kdte (Teunter et al., 2010) is what makes the
method so intuitive and easy to use, it is alsoni@én source of criticism (Muller, 2019), whereasitoften
pointed out that the method does not adequatelgctethe different priorities of different departmsg
within an organization and completely disregards-financial factors. Therefore, inventory classifion
is increasingly being explored in a multi-criteframework (Razavi Hajiagha et al., 2021), a di@tcti
supported by many scholars (Lolli et al., 2019).lIE(2019) suggests that at least two criteriausthde
considered. These could be ordering cost, itericality, lead time, shelf life, substitutability dmemand
variability, paving the way for a multidimensioragproach to inventory classification (Park et2014).

Taking all this into account, more advanced multiecia approaches have emerged, incorporating
both financial and non-financial variables thatleef the greater complexity of real-world inventory
systems (Silver et al., 1998). Over time, threeegainmethods for implementing multi-criteria ABC
analysis have emerged (Ravinder & Misra, 2014). flisé is based on subjective weighting and scoring
of criteria, where a decision maker assigns weights methods such as the Analytic Hierarchy Process
(AHP), often enhanced by fuzzy logic, are useddmlzine the scores (Paredes Rodriguez et al., 2023).
The second approach is based on linear optimizatibich bypasses subjectivity by deriving the wésgh
directly from the data so that a predefined costfion is minimized. Data Envelopment Analysis (DEA
is often used in this context (Xu & Xu, 2020). Ttherd approach uses artificial intelligence such as
clustering techniques, genetic algorithms and nengtworks that learn from existing data provided b
experienced managers (Zhang et al., 2019).

Logical aggregation based on Interpolative BooleaAlgebra
One of the distinct approaches that aim to incafgological and statistical dependencies into
aggregation and decision-making is logical aggiegabased on IBA (Radojevic, 2008). LA combines
individual inputs based on user-defined logicaksuto obtain a consistent and interpretable coliect
outcome. This procedure is both multi-valued andlBan consistent, since IBA (Radojevic, 2000) serve
as the foundation of this approach.
From the technical point of view, LA consists obtsteps:
i) Normalization of attributes' values to the unieival;
i) Aggregation of normalized values by means of aclaligpseudo-logical function.
In the general case, the aggregation function meydeudo-logical, i.e. weighted sum of partial

logical demandsl,n:f\(x) :Zm:vq @ (%..... %), wheremis number of attributesp; is a logical function of
=] j:].

attributesx,,...,x,, andw; are corresponding weights.

Before making a final aggregation, each logical rexpion ¢ should be treated within IBA
framework on symbolic and valued level. First, bie symbolic IBA level, any logical functiof? of

attributes™*n is transformed to the generalized Boolean polyiab(GBP) ¢ .
ga ¢ P(x...x)=0"(%...%) (1)

The transformation procedure (Radojevic, 2000)eédggmed according to the IBA transformation
rules, either manually or using a software solufidiioSevi¢ et al., 2014). Variables in GBP are observed
attributes, while the operators are standard #ndsta@l — and generalized product (GP). The structura
transformations of the expression ends with ohtagitine shortest form of GBP.

On the valued level, the GP is considered a subadis-norms that satisfy an additional non-
negativity condition, i.e. GP may be realized ag fanorm that produces the result from the following
interval (Radojevic, 2008):

max(x+y-10< xO y< mir( X, (2)

According to the nature of attributes to be aggredjaand their and statistical dependencies, three
realizations of GP are distinguished in practi¢eli¢ et al., 2024; Milo3eviet al., 2021). Attributes of the
same/similar nature and high statistical dependestimuld be aggregated with the min function. For
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independent, uncorrelated attributes, the prodsctised as a suitable operator. GP is realized as
Lukasiewicz t-norm if the attributes are negativebyrelated. Attributes of the same nature shoed b
aggregated first, followed by negatively correlatdtiibutes if more attributes are to be aggregataing

GP. The choice and application of GP together tiénfinal value calculation completes the valuaatle

of the IBA framework.

In the general case, LA is not monotonic and tlmesfloes not satisfy all the properties required to
be considered an aggregation operator. On the and, hthis can be seen as an opportunity to model
unusual situations, e.g. similarity or dissimilgriOn the other hand, certain special cases otébgi
aggregation are monotonic and can be used in seotional way as they generalize the arithmetic mean
the weighted sum, the minimum function and bothdiserete and the generalized Choquet integrais. Th
approach is utilized both in practice and in theréiture, e.g. (Adeli¢ et al., 2024; MiloSeviet al., 2024),
because it is transparent, well-defined, easy ¢camsl has numerous mathematical properties.

Ordinal Sums of Conjunctive and Disjunctive functins

Mixed aggregation functions are appropriate whee category of elements is to be emphasized as
crucial, e.g. class A, the second category as morkess relevant (class B) and the third category
downplayed as the least relevant (class C). Thiaalrdum of conjunctive and disjunctive functiomslci
be the solution to this exact problem (De Michel®i&rri, 2020; Hudec et al., 2021). One form ofica
sums is as follows:

A(x,y) = A1(aAx,aly) + A;(aVx,aVy) +a (3)

wherex andy are intensities of satisfying categories, and [0,1] expresses the separation between
upward and downward reinforcements. Then hold$éat@wing observations:

forx,y € [0,a]?> we get A(x,y) = A, (x,y) (4)
forx,y € [a,1]?> we get A(x,y) = A,(x,y) (5)

The key observation is that if Al is a conjunctfuaction (downward renifircement) and A2 is a
disjunctive function (upward renforecmeent) (Dueaahd Sempi, 2005), the remaining two sub-areas are
covered by the averaging function, since:

forx,y € [0,a] X [a, 1]we get A(x,y) =A,(x,y)=x+y—a (6)
forx,y € [a,1] X [0,a]lwe get A(x,y) =A,(x,y)=x+y—a @)

These functions are depcted in Figure 1.

0,1 !
y
min(XsY) < maX(X,Y) <
Av(xsy) S A2(X3y) S 1
maX(X,Y)
0,a

0<A(xyy) | min(x,y) <
< min(x,y) Av(x,y) <
max(x,y)

0,0 a,0 1,0

X
Figure 1. Graphical representation of ordinal sums of cayecand doisjunctve functions
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For the aggregation function, we should keep threldatine cases, i.eA(0, 0) = 0 ancA(1, 1) = 1. It
holds for averaging functions, but if thunctions are conjunctive, we should keA(a, a) = a, because
this is the borderline case of the lower left-square. It is solved by adjusting strict conjunetiunction
(e.g., product t-normi(x, y) = xy) through transformatio(Beliakov et al., 2007)

Gy =ar (3 (@®

orA;(x,y) = %xy (Figure 1). When the space is divided into equegdisubsquares we ¢4, (x,y) =
2xy. Analogously, for nilpotent conjunction (e.qg., lagiewich -normT(x, y) = max(0,x +y - 1)) we get
Ai(x,y) = max(0x +y-a) (Hudec et al., 2021

In the same way, we adopted the disjuctive funstion as
Ay(x,y) =—-1+ %x + %y - %xy for strict probabilistic sum t-norm amh(x, y) = min(0,x +y - a) for
Lukasiewicz teonorm. For the averaging part, we can keep thaalearithmetic meaA, = (X +y - a) or
adjust the inclination toward conjunctive or disjtime behaviou(Hudec et al., 202.

3. Methodology
Figure 2 displays all the steps necessary for ggiate inventory item classification, which furtf

allows the definition of appropriate inventory mgament strategie

Verbal model definition

v

Initial data preparation

v

Correlation analysis and data normalization

v

Verbal model transformation into logical aggregation
(LA) function

v

LA function transformation/GBP mapping

¥

OSCD aggregation of sets of logically grouped criteria

v

Item classification

Figure 2. Graphical representation of methodological stepgém classificatio
Source: own processing

In the first step, an expt from the field verbally defines the consideyat as to which criteri
influence the perceived importance of a particiigentory item. The expert also provides informatam
how these criteria are interconnected, i.e. whgitld connections, iany, exist between certain crite

During data preparation, the raw data is transfdrme the basis of the verbal model so that
suitable for further analysis. The data is cleampedential errors are handled accordingly, dupésare
removed ad, if necessary, composite metrics are calculatsegdh on multiple input paramet

In the third step, a correlation analysis is perfed between the individual criteria, as this I
influences the transformation of the generalizedl&an polynomiainto a corresponding mathemati
expression. The data is also normalized to enspr@@ortional and meaningful contribution to theafi
classification results.

In the fourth step, the verbal model previouslyirmkd by the expert is transformed intcpropriate
logical functions. This step is crucial as it emsbthe subsequent logical and mathematical opesata
adequately reflect the expert’s input and opini

1179



In the fifth step, the logical expressions are dlated into a generalized Boolean polynomial
according to the IBA transformation rules. Thigpséssentially provides a mathematical represemtatio
the previously defined logical groupings.

In the sixth step, the individually modeled grougscriteria are further aggregated using ordinal
sums of conjunctive and disjunctive functions.Hrststep, the input of an expert is not as cruasilthis
class of functions naturally emphasize and rankiteys with high values when both categories agé hi
(class A), downplay non-crucial items resultingdw values when both categories are low (classrd) a
averages the feature ranks the other itmes (class B

The final result of this aggregation is the indiwdl groupings of the inventory items into
corresponding classes.

4. Results and discussion

In a verbal model definition, an expert gives his opinion on how certain diaténfluence the
importance of an item. In this case, the expertdiasn two general indications that an inventogyritis
of high importance. One reason has to do with odymamics. If an item has a long lead time and the
average ordering demand is high, combined witHahethat the inventory level is high, which me&met
a lot of capital is tied up in inventory, the expleelieves that this item is of high importanceekyvf this
is not the case, if the average ordering demartdgis, but the individual demand quantities fluceuat
greatly from case to case, an item is of high ingure, as an appropriate demand forecast can be
extremely difficult in this case. The second lifer@asoning concerns the financial aspects of itorgn
management. An item is of high importance if iexpensive and the demand for this item is highnge
this is not the case, an item is still of high intpace if a lot of capital is “trapped” in this fieeand the
value of the total item stock is high. This expeput forms the basis for further implementatiogpst

During data preparation, the raw data, i.e. the item-level data on prigesentory quantities,
demand, etc., is cleansed, transformed and orgamizeuch a way that further analysis is possiBie.
important aspect of data preparation in this casthé identification and calculation of indicatdhsat
adequately reflect the experts' input. While in eaases this is only a technical issue, e.g. eaalis an
indicator that already exists in the company dist@ome cases appropriate calculations had to lake.ma
For example, the expert pointed out that an iterofigreat importance if the demand for that item
fluctuates greatly. This characteristic was modelgth the coefficient of variability, as it accuehy
reflects the expert's assessment.

The following step comprises tledrrelation analysis and the normalization of the dta. The
correlation analysis is a mandatory step as itesens input for further transformation of the ladlic
aggregated criteria into a mathematical relatignsBiata normalization must be performed to rescale
different criteria to comparable scales. In thisegamany of the individual scales had data withlyas
different orders of magnitude and several outlskswing the normalized values. For this reasonilaim
to (MiloSevi et al., 2024), a data normalization based onnbterquartile distribution was performed to
exclude the outliers.

In the next step, the previously descrilwedbal model is transformedinto a logical expression, or
in this case into functions, one for each of the tationales. Based on the description of the ingpme
of items by the expert in the context of order dyiws, the verbal model is represented by the faoilgw
LA function:

LA =(ALTO ADO CSQO( CoNI AE  (9)

Where ALT is average lead time, AD is average dam@sQ is current stock quantity, and CoV is the
coefficient of variability. The financial aspectdated to inventory item importance are representitul
the following LA function:
LA-=(UPOAD) O DUV  (10)

where UP is unit price, AD is average demand, akll/ Depresents dollar usage value, i.e. unit
prices multiplied by current stock quantity.

Next comes thd A transformation and its mapping into a Generalized Boolean Polynomiaj
based on the IBA transformation rules, taking intmsideration the fact that in the IBA framework
alla= a, and as a consequena,] (1- a) = 0. Based on this, our LA functions are transformethe

following manner:
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GBR= ALTO ADJ CS@ CoWl AB ALT AD CSD C (11)

GBP:. = UPLJ AD+ DUV- URJ ADJ] DUV (12)
In the context of IBA, the correlation coefficidatinterpreted as a measure of the nature and depee
of the inputs. The correlation results show thatehs a single strong correlation between thefiooeft
of variation and the average demand, and for tatgbutes a minimum is used as a generalized gtodu
operator, while in all other cases a standard produused. On this basis, the GBPs mentioned abmve
transformed into the following mathematical relaships that allow the final aggregation of eachtaite
into their respective groups:

F1=min(AD,CSQUALT+ Co\V] AB min( AD CS ALT Cc¢ (13)
F.=UP[AD+ DUV-UPCADODUV  (14)

Now that the individual groups are aggregatedfitied step is theaggregation of the groups themselves
using OSCD.In this instance, the following variation of confition, discjuntion and averaging functions
is chosen based on their desired behaviour of updawnward reinforcement and averaging capabilities
with respect to aggregated values (Hudec et @210

2xy, x,y € [0,a]?
Alx,y) =4—1+2x+ 2y —2xy, x,y €[ a,1]? (15)
x +y — a,otherwise

Based on the aggregated measure,itkézidual inventory items are ranked according to the
classic ABC inventory classification and assigneé tclass A, B or C, so that the first 20% of teenis
belong to class A, 30% to class B and the remaifit#) to class C. The aggregation was performed with
three different values for the parameter a, 08 ,add 0.7, to compare the final item classificatiand to
investigate which inventory items occupy a grayaard may require special attention. Although was
not the case in this instance, the expert couldipeoindications of a stronger preference for class
resulting in a lower value for parameter a, orrargier leaning from class B to C, resulting in ghler
value for the parameter, or another averaging fanavith a higher tendency for conjunction, suctttees
goemitric or harmonic mean. The final classificatiesults are shown in Table 1.

Table 1.Inventory classification model agreeableness

N =290 Inventory classification agreeableness
Class A A/B gray area B B/C gray area C
Number of items 40 36 40 58 116
% of items 13,79% 12,41% 13,79% 20,00% 40,00%

Source: Authors own research

All three models agree that 13.79% of items unesgally belong to class A, 13.79% of the items
belong to class B and 40% of items belong to cas$his distribution roughly corresponds to theibas
premise of the ABC classification according to Bareto principle (Nallusamy et al., 2017). Grayaare
represent items that cannot be clearly assignadstogle category. An item is assigned to thisgmteif
at least one of the models indicates that it bedang different category. In this case, the A/Bygarea is
of particular interest, as a misclassificationhistcase could potentially lead to the most impurieems
being treated inadequately, i.e. not receiving ghaattention. It is important to note that ther@asA/C
gray area, which is excellent, as misclassificatiorthis case could result in a very important item
receiving virtually no attention. Since the basierpise of this method is expert input and opinitre,
results could be further refined so that the exgecides in which category an item should be diassi

Conclusion

Modern manufacturing companies manage an enormauber of different items in stock, often tens
of thousands. The records of these items are ysoahaged using Excel spreadsheets or Enterprise
Resource Planning systems. Individually reviewinghsa large number of items can be extremely tiring
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and time-consuming, which is why organizations gghhssification methods based on various criténia.
this study, a novel approach to inventory classiian is presented. It approaches the problem dfi-mu
criteria inventory classification from a differgmerspective, focusing on logical aggregation basethe

IBA framework of individual criteria and OSCD aggedion rather than purely mathematical
relationships. This approach is presented usirggbworld scenario where the experts' imput andiopi

is considered to optimize the classification ofrisebased on his previous experiences. The proposed
method shows reasonable consistency with the ciEs8BC analysis and can be a valuable asset in the
decision-making process where appropriate inventoapagement strategies can be developed for each
category rather than on a per-item basis. Ovdtadl research presented in this study contributébeo
body of knowledge on inventory classification arifitis practical implications for companies seekiog
optimize their inventory costs. Their effectivenessl impact on organizational performance represent
future areas of research.
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