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Abstract

Despite increasing demands for resilient and sustainable supply chains, inventory management often relies on
outdated single-criterion analyses. While multi-criteria ABC (MCABC) analyses provide a theoretically ma-
ture assessment of resilience-sustainability-benefit trade-offs in inventory, their adoption remains limited due
to fragmented methodologies, lack of standardization, and unclear design guidance. This study addresses this
gap by developing a taxonomy of eight dimensions and 25 characteristics to structure the MCABC analysis
design space. Using a dataset of 108 configurations, cluster analysis identifies six recurring archetypes that
serve as implementation-ready templates for inventory analysis. Archetype 2: artificial intelligence (AI)+-
driven cluster minimalist enables rapid, cost-focused inventory structuring with minimal data and no expert
input. In contrast, Archetype 1: AI+-driven complex ranker uses expert-weighted multi-criteria analysis to
support holistic and sustainability oriented inventory strategies. The taxonomy and archetypes provide a uni-
fied framework for researchers to theorize inventory design trade-offs and for practitioners to apply scalable
blueprints for mature inventory analyses.

Keywords. inventory management; multi-criteria analysis; resilient supply chain; taxonomy, archetypes

1. Introduction

Inventory management constitutes the analytical foundation of resilient and sustainable supply
chains (SCs), guiding decisions on safety stock levels, supplier selection, and replenishment poli-
cies (Nitsche, 2021). Inventory, especially in the manufacturing sector, represents up to 30% of
a company’s assets, incurs significant carrying costs, and ties up potential liquidity (Razavi Ha-
jiagha et al., 2021; Dodd and Liao, 2025). Recent SC shocks, such as the pandemic caused by
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the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), have resulted in shortages of
materials, delays in shipments, and fluctuations in demand (Dodd and Liao, 2025). The global
semiconductor shortage that commenced in 2020 had repercussions for industries ranging from
electronics to machinery to automotive, causing production delays and significant financial losses
(McKinsey, 2021). The confluence of these disruption factors has resulted in a state of dual-
ity, characterized by both shortages and excess inventories within global SCs (PwC, 2024). In
the context of today’s volatile global environment, conventional cost-reduction strategies, such
as just-in-time delivery and single-criterion classification, have proven to be inadequate (Hatefi
et al., 2014; Tavassoli and Farzipoor Saen, 2022). Consequently, organizations must prioritize ro-
bustness, adaptability, and sustainability in inventory decisions (Patrucco and Kédhkonen, 2021;
He, 2022).

Multi-criteria ABC (MCABC) inventory analysis has emerged in academic literature as a con-
ceptually and mathematically mature alternative to enable the identification and prioritization of
automation efforts. It facilitates sustainable SCs with low disruption by properly aligning trade-
offs between risk, sustainability, and benefit (Douissa and Jabeur, 2020; He, 2022). These advanced
data analyses classify stock-keeping units (SKUs) based on multiple criteria, guiding the selec-
tion of appropriate replenishment approaches and safety stock levels (Lolli et al., 2017; Zhang
et al., 2020). As companies adopt greener and more resilient inventory practices, the application
of MCABC analysis becomes increasingly imperative, providing a detailed assessment of SC sta-
bility and efficiency (Omran et al., 2022). This development signifies a shift in focus from cost
reduction to the creation of sustainable SCs that balance economic and environmental objec-
tives (He, 2022). The potential of MCABC analysis, compared to traditional inventory analy-
sis, is driven by emerging technologies, such as artificial intelligence (Al) and Internet of Things
(IoT) (O’Donovan et al., 2015). The ability to collect data in real time and to process large
datasets from IoT sources enables managers and analysts to identify vulnerabilities and fluctua-
tions along the SC in advance (Bahrin et al., 2016). To leverage these opportunities, organizations
need to have a mature MCABC inventory analysis as a foundation for their inventory and SC
management.

However, despite decades of research, the real-world adoption of MCABC remains limited. Com-
mercial tools on the market only offer a limited, one-dimensional analysis perspective, such as ABC
or XYZ analysis. Practitioners perceive these models as complex and impractical, lacking clarity
in structure, standardization, and usability (Prockl et al., 2017; An et al., 2019). Existing research
tends to focus on the development and application of isolated algorithms for MCABC analysis,
such as fuzzy logic, weighted linear optimization, scatter search algorithm, or Shannon’s entropy
(Douissa and Jabeur, 2020; Saracoglu, 2022; Tavassoli and Farzipoor Saen, 2022), without provid-
ing a consolidated framework to compare, classify, or guide their use in different business contexts.
There is an absence of unifying theoretical models that describe the structure and logic of MCABC
analyses. As a result, practitioners are limited on how they can identify stable and recurring configu-
rations to guide MCABC applications based on their data availability, strategic goals, and resource
constraints. Consequently, the extant body of knowledge on MCABC is characterized by fragmen-
tation, method-centricity, and a lack of integration with practical decision-making and strategic SC
goals. Given these considerations, there is a need for research that explores how to elevate MCABC
inventory analyses from a theoretically deduced tool to a practical asset within the SC, given recent
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global challenges to the SC. This paper addresses these research needs with the research questions
(RQs):

RQI1. Which elements of the MCABC analyses are important for specification?
RQ2. Which mature M CABC inventory analyses configurations exist?

To address the RQs, this study develops a structured taxonomy that synthesizes and system-
atizes the key design dimensions of MCABC analyses and identifies archetypes to determine robust
MCABC configurations. These templates enable researchers and organizations to apply MCABC
analyses that align with their strategic goals, data landscape, and maturity level, thus facilitating
real-world adoption. Initially, a case-study company was selected for its inventory analyses setup,
and 15 inventory analysis tools were examined to highlight and further comprehend the research
need. Second, a taxonomy is developed and evaluated using an iterative process following Nick-
erson et al. (2013) and Kundisch et al. (2021). Third, the taxonomy is utilized to classify various
MCABC analysis configurations, and a cluster analysis is conducted to identify archetypes of ma-
ture MCABC configurations. The results and findings are discussed, and implications and recom-
mendations for research and practice are provided. Before concluding, limitations are identified
and an outlook for further research is provided.

2. MCABC analyses

In this section, we discuss MCABC analysis. In Section 2.1, a theoretical background centered
on traditional inventory analysis and its advancement to multi-dimensional inventory analysis is
provided. Then, in Section 2.2, we demonstrate the application of traditional inventory analysis
and its limitations, as well as the challenges of transitioning to MCABC analysis, through the lens
of a case-study company.

2.1. Theoretical background

Inventory comprises SKUs needed for production, that is, raw materials, and work in process; sup-
port activities, that is, maintenance, repair, and operating supplies; and customer service, that is,
finished goods and spare parts (Bozarth and Handfield, 2019). Traditional inventory analysis meth-
ods like ABC (categorizing SKUs based on their value and quantity) and XYZ (dividing SKUs
according to consumption regularity) analyses offer a simplified one-dimensional view on inven-
tory (Tavassoli and Farzipoor Saen, 2022). However, this simplicity does not capture the complex
nature of current inventory challenges in dynamic environments, where factors such as demand
variability, lead time, and environmental impact are increasingly crucial (Singh and Verma, 2018;
see Table 1). MCABC analyses extend the traditional one-dimensional methods by incorporat-
ing multiple evaluation criteria to balance demand fluctuations, hedge against inflation or sudden
price surges, enhance flexibility in planning, sustain business agility, mitigate supply disruptions
(e.g., weather or customs delays), and capitalize on volume discounts (Rezaei and Dowlatshahi,
2010; Kache and Seuring, 2017). Environmental performance is also improved by reducing storage
requirements and material waste (Hu et al., 2017; Liu and Ma, 2019). This approach assesses SKUs
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Table 1

Comparison of inventory analyses based on Tavassoli and Farzipoor Saen (2022) and Saragoclu (2022)

Dimension Traditional inventory analysis Multi-criteria ABC analysis

Classification x1-, x2-, x3 items A-, B-, C items

Number of criteria 1 criterion >1 criteria

Complexity Low High

Cost Less More

Advantage Easy to use Complex relationships
Quick results Advanced decision-making

Disadvantages Can lead to poor classifications Can be extensive and laborious

Data requirements Low High

Implementation effort Low High

based on various factors such as cost, demand variability, and environmental impact (Liu and Ma,
2019) to define optimal order quantities per item class, required inventory levels, safety stock levels,
and recommendations for frequency of inventory audits and checks (Tiwari et al., 2018; Saracoglu,
2022). The main objective is to carefully manage the critical items (A-items) in order to avoid wast-
ing resources on the less critical items (C-items; Kaabi et al., 2018).

2.2. Inventory analysis in practice—Case Study Part 1

During a period of six months, we accompanied the development and implementation of an in-
ventory management analysis. The company under study is an engineering and production com-
pany headquartered in Germany. With approximately 4000 employees worldwide, it is considered
a medium-sized company. The company operates 15 assembly plants and warehouses, located in
countries such as Germany, Italy, the United States, China, and India, with a total of approxi-
mately 30,000 unique SKUs (products, semi-finished goods, and production materials). The com-
pany utilizes an enterprise resource planning (ERP) system for planning, managing, and analysing
its inventory. Due to global disruptions and poor inventory management, the case-study company’s
inventory has become imbalanced. “We have excessively high inventories, which limit our liquidity
and generate high holding costs that threaten our profits and the competitiveness of the business”
(Global Head of Procurement). In addition to overstocked warehouses, the company is also expe-
riencing problems with critical SKUs: “We have a shortage of critical materials, which is causing
production delays and poor OTD (on-time delivery) to our customers” (Global Head of Processes
and IT). Significantly reducing overall inventory levels while increasing resilience and critical com-
ponent inventories is the primary focus of the company. Several unstructured interviews were con-
ducted with various employees of the case-study company, considering the guidelines provided by
Yin (2009). These employees had different roles, including executive positions, SC managers, and
analysts from the business and IT departments. Based on data from an ERP system, first an ABC-
XYZ analysis was conducted per material group and storage facility and aggregated across all
locations. Two key criteria, that is, annual material consumption value and fluctuation in material
consumption, were applied. These criteria were selected to represent both the financial impact and
the predictability of material consumption (see Fig. 1).
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Fig. 1. Example extract of ABC-XYZ analyses results.

Annual material consumption value is defined as the cumulative product of the quantity of
the material consumed and its unit price over the past 12 completed months. Let ¢; be the total
quantity of material i consumed in the last 12 months, and p; be the average unit price. Then, the
annual consumption value; is = ¢; X p;.

Fluctuation in material consumption is measured by the coefficient of variation (CV) of monthly
usage over the same period, serving as a proxy for demand volatility. Let x;, x»,..., x| be the
monthly consumption quantities of material i. Let X ; and o; be the mean and standard deviation
of these quantities, respectively. Then, the coefficient of variation; is = :.

Based on the discovery that out of 620 SKUs of one specific materlal group, 16.4% of the SKUs
are responsible for the majority of material consumption (Classes A and B, see Fig. 1), the company
needs to include further criteria regarding risk assessment, transforming the current ABC-XYZ
analysis into a MCABC analysis. Resilience level of main SKUs must be increased and excessive
inventories reduced (Global Head of Procurement, Global Head of Processes and Information
Technology (IT)). The long-term goal of the company is to provide a centralized, functional and
filterable classification report on their inventory to improve their SC strategic and operational deci-
sion making while ensuring a high level of resilience and sustainability under cost constraints. This
will serve as the basis for deciding on the optimal replenishment policy and consequently automate
and improve the procurement process for key SKUs.

Transitioning to the practical use of MCABC analyses, however, has proven to be challenging for
our company, as SC managers find MCABC analyses difficult to understand and implement (An
et al., 2019). Although there are many different types of MCABC analyses (Douissa and Jabeur,
2020; Saracoglu, 2022), the implementation of MCABC models for commercial use is significantly
overdue. An extensive search for commercial MCABC analysis tools on the Google search en-
gine and an overview of inventory management software on the marketplace overview of Capterra
(2024) yielded no results. Only individual criteria or ABC-XYZ inventory analysis tools are avail-
able as software tools (see Appendix Table A7). Traditional single-criterion inventory analysis tools,
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such as ABC analysis, are the current state of the market, although the development of various
MCABC models for different use cases has been advanced in research over the last two decades.
These findings highlight the need for research to explain which elements of MCABC analysis are
important for differentiation and what mature configurations of analysis models exist to enable SC
managers to adopt MCABC analysis in practice.

3. Taxonomy development

In this section, we describe the taxonomy development process. Section 3.1 provides a theoreti-
cal description of our research design, that is, taxonomy development and cluster analysis. Then,
Section 3.2 describes the dataset extraction from the literature review. Section 3.3 illustrates the
taxonomy development process that comprises five iterations. Section 3.4 evaluates and adjusts the
taxonomy based on a focus group discussion (FGD). Section 3.5 presents the eight dimensions and
25 characteristics of the final taxonomy for MCABC analyses.

3.1. Research design and research methods

Taxonomies, as systems for classifying phenomena by dimensions and characteristics, en-
able researchers to structure and analyse complex domains by organizing knowledge
(Kundisch et al.,, 2021; Nickerson et al., 2013). Given the broad spectrum of MCABC
analyses in research, we catalogue and systematize characteristic structural elements to improve
our overall knowledge. Accordingly, the development of a taxonomy is appropriate to advance our
ability to distinguish between different MCABC analyses. The design of our taxonomy is based
on the methodology for the development of a taxonomy created by Nickerson et al. (2013) and
advanced by Kundisch et al. (2021). Kundisch et al. (2021) extended Nickerson et al. (2013), most
notably regarding the specification of the phenomenon and the target group, that is, the defini-
tion of the meta-characteristic, as on how to evaluate the final taxonomy. The term “taxonomy”
is defined as “a set of n dimensions D; (i = 1, ..., n) each consisting of k; (k; > 2) mutually ex-
clusive and collectively exhaustive characteristics [...].” (Nickerson et al., 2013, p. 340). Taxonomy
development is an iterative process based on theoretical concepts (conceptual-to-empirical) and/or
empirical data (empirical-to-conceptual), focusing on a specific area and objective of interest, de-
fined by a meta-characteristic. According to the taxonomy development process, the dimensions
identified by the iterations contain exclusive and collectively exhaustive characteristics. “Exclusive”
means that no object has two characteristics within a dimension, while “collectively exhaustive”
means that each object has at least one characteristic in each dimension (Nickerson et al., 2013).
These two attributes condition that each object has exactly one characteristic in each dimension of
the taxonomy. After each iteration, a decision is made whether another iteration is needed based on
objective and subjective end conditions (see Table 2). Evaluation and refinement are essential steps
in the development process (Kundisch et al., 2021).

A cluster analysis further quantifies observations by classifying objects into sets based on sim-
ilarities or differences, starting with the selection of criteria from previous research and practice
(Balijepally et al., 2011). Appropriate empirical measure of similarity between the clustered objects,
that is, correlation, association, or distance measures, must then be selected, and an algorithm ap-
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Table 2
Summary of fulfilled end conditions per iteration based on Kundisch et al. (2021)

Iteration
1.Con.* 2. Emp* 3.Emp* 4.Emp* 5. Emp.* Ending conditions

. . . . Concise
. . Robust
. Comprehensive
. . . . . Extendible
. . Explanatory
. All objects or a representative sample of objects have
been examined
. . . . No object was merged with a similar object or split into
multiple objects in the last iteration
. . . . At least one object is classified under every characteristic
of every dimension
. No new dimensions or characteristics were added in the
last iteration
. . . No dimensions or characteristics were merged or split in
the last iteration
. . . . . Every dimension is unique and not repeated (i.e., there is
no dimension duplication)
. . . Every characteristic is unique within its dimension (i.e.,
there is no characteristic duplication within a
dimension)
. . . . Each cell (combination of characteristics) is unique and

is not repeated (i.e., there is no cell duplication)

Note: * Con. = Conceptual-to-Empirical; Emp.* = Empirical-to-Conceptual®

propriate to the data and context must be determined (Balijepally et al., 2011). To find the ideal
number of clusters, a triangulation of different methods is recommended. This involves combining
the approaches of calculating the mathematical ideal number of cluster solutions using different
methods, determining a complete set of cluster solutions, for example, by using a hierarchical clus-
ter method, and applying the domain knowledge of the researchers (Passlick et al., 2020). Ensuring
the reliability and efficiency of the clusters involves comparing algorithm results and conducting
field studies (Balijepally et al., 2011). We use a cluster analysis to identify mature MCABC analyses
archetypes.

3.2. Dataset extraction from literature search

Following Kundisch et al. (2021), we base our meta-characteristic on the purpose of the taxonomy
in line with our RQ. We specify the phenomenon as insufficient structured knowledge in practice
for comparing, using, and optimizing MCABC analyses, that is, insufficient detailed information
about which dimensions and characteristics distinguish MCABC analyses. Our target audience
is researchers and SC managers who want to establish efficient and effective, that is, mature, in-
ventory management. Therefore, we define our meta-characteristic as follows: the deduction of

© 2025 The Author(s).
International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation
of Operational Research Societies.

85U8017 SUOWILLIOD @A 11D 3ol dde 8L Aq peueob 8 Sapoie YO ‘8sh JO 3| 10y AeIq18UlUO AB]IM UO (SUORIPUOD-PUR-SWBIAL0O" A3 1M AeIq U1 [UO//SdNL) SUORIPUOD pUe SWe | 8u) 89S *[5202/80/S0] Uo AriqiTauliu AB]IM * PiT 3N BI8USZeISY - BUZINIO Sen T Aq £800. J0N/TTTT 0T/I0p/W00 48| 1M Alelq Ul |uo//Sdiy WOy papeo|umod ‘0 ‘Se6ES.YT



8 L. Griitzner and M. H. Breitner / Intl. Trans. in Op. Res. 0 (2025) 1-40

MCABC analysis dimensions and characteristics that differentiate configurations of MCABC anal-
yses within inventory and management. The data basis for our taxonomy development is a dataset
of 108 scientific articles on MCABC analyses in inventory management. To build our database, we
conducted a systematic literature review following Webster and Watson (2002), Watson and Web-
ster (2020), and vom Brocke et al. (2015). Our literature search was structured according to our
RQs and focused on applications of MCABC analyses in inventory management since 2010. This
resulted in the search string: (“multi-criteria” OR “multi criteria” OR “multicriteria”’) AND (“abc
analysis” OR “abc decision”) AND (“green” OR “sustainable” OR “sustainability”’) AND (“ma-
terials management” OR “inventory management” OR “inventory classification”). Five databases
were searched from October to December 2023 to identify publications from established journals
and conferences in operations research and other relevant fields. After three screening stages, in
which we examined the total number of hits, relevance by title, relevance by abstract, and deleted
duplicates, we collected 94 papers. Using forward search, backward search, frequent author search,
and similarity search of the most relevant papers (Google Scholar), we completed our dataset by
identifying 16 additional papers, resulting in a total of 108 relevant papers. We categorized the
identified literature into single application-oriented case studies (108) and review papers (5); for a
complete reference list, see Appendix Table AS.

3.3. Taxonomy iterations

3.3.1. Iteration

We employ a conceptual-empirical, to determine the initial dimensions and characteristic, and dis-
card possible dimensions that do not match the meta characteristics. Papers identified from the
literature search that provide surveys of MCABC analyses in inventory management were used.
Kabir and Sumi (2013) list 21 articles by mathematical model approach applied, for example, ar-
tificial neural networks (ANNSs) or nonlinear programming, and input criteria used, for example,
annual dollar usage or average costs. Hu et al. (2017) provide an overview of classification criteria,
mathematical modeling approach, and generated output, for example, classification or ranking,
based on 33 articles. Douissa and Jabeur (2020) examined 83 articles and classified them into eight
categories. A distinction is made according to the classification approach, that is, the mathematical
approach used, the associated target challenge, for example, whether a classification or a sorting is
to be optimized, and the number of evaluation functions used to construct and evaluate the ABC
optimization. The number of the used datasets and whether, after the ABC optimization, a follow-
ing inventory cost function analysis is accomplished form further categories. The used input criteria
are divided after type, the value process, that is, whether and how criteria are weighted, and the com-
pensation level, that is, whether criteria can compensate each other. Tavassoli and Farzipoor Saen
(2022) categorize 15 papers into five categories: mathematical model formulation, target variable
to be optimized, whether one or more input criteria were used, type of criteria, and whether there
is a positive or negative relation between the target variable to be optimized and the input criteria
used. Saracoglu (2022) outlines 20 articles classified into four categories: mathematical modeling
approach used, objective, that is, what is calculated or optimized, input criteria used, and whether
a subsequent benchmark was performed. This exploration resulted in the following dimensions:
analysis method, decision problem, optimization target, criteria weighting, level of compensation,
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value type of criteria, and criteria. After our first iteration, one subjective and two objective end
conditions of the taxonomy development process were met. Our current taxonomy is extendible,
that is, new dimensions or characteristics can be added, no objects have been merged or split, and
each dimension is unique (Nickerson et al., 2013). Four subjective and six objective end conditions
of our taxonomy development were not fulfilled (see Table 2).

3.3.2. Iteration

Subsequent iterations adopted an empirical-to-conceptual approach, analyzing the remaining 103
MCABC analysis case studies in four batches of (25, 25, 25, 28) papers. The first randomly selected
batch of papers was examined, and applicable characteristics to our initial dimensions were identi-
fied and merged. For instance, within the dimension analysis method, approaches such as common
weight linear optimization (e.g., Hatefi and Torabi, 2015), modified data envelopment analysis (e.g.,
Hatefi et al., 2014), and mixed integer linear programming (e.g., Millstein et al., 2014) were com-
bined to linear optimization. Various machine learning and Al approaches such as particle swarm
optimization (e.g., Selvaraju and Murugesan, 2022), ANN (e.g., Kumawat and Samad, 2018), or
decision trees and random forests methods (e.g., Lolli et al., 2017) were combined into the Al+
characteristic. In the dimension criteria weighting, three different characteristics, that is, objective,
subjective, and none, were identified, which are coherent with the results obtained by Douissa and
Jabeur (2020). The end conditions of the taxonomy were not reached due to the new characteristics.

3.3.3. Iteration

The next random sample of 25 papers was examined to check whether the dimensions and charac-
teristics identified were stable enough, that is, sufficient number, and chosen meaningfully. In this
iteration, new characteristics such as the mixed fuzzy criteria type (e.g., Cebi and Kahraman, 2012)
or a non-balancing compensation approach of the criteria (e.g., Suryaputri et al., 2022) were identi-
fied. The linear optimization analysis method was combined with non-linear optimization (e.g., Lin
and Chang, 2020) and distance-based approaches (e.g., Fu et al., 2016) to mathematical program-
ming to ensure consistency with other higher-level analysis methods such as Al or multi-attribute
decision-making (MADM) methods. Due to the high number and variance of combinations of
different input criteria, we split the dimension into two new dimensions: number of criteria and
criteria categories. It was noticeable that many criteria used different terms but had the same def-
inition, for example, flexibility (e.g., Kar and Jha, 2022) and substitutability (e.g., Tavassoli and
Farzipoor Saen, 2022). Several different definitions for the criterion criticality factor (e.g., Hu et al.
2017), also referenced as criticality (e.g., Gong et al. 2022), exist. The criterion is a composite factor
based on single or multiple aspects such as substitutes, impact, scarcity, or a general combination
of all aspects, used to access the dependency and influence of an item. To solve this challenge, we
compared all further iterations of all criteria (120 in total) and combined criteria with different
names but the same definition. To further reduce the still high number of criteria (85 in total), we
performed an unmoderated hybrid card sorting, that is, we grouped the factors into categories to
group similar factors into meaningful categories (Schmettow and Sommer, 2016). We established
two more levels in our grouping process. The third level combined criteria with the same concept,
for example, number of similar items, substitutability, and critical factor substitute. The three fac-
tors all address whether an item can be replaced by a similar one and where therefore combined
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into a concept (39 in total). At the last level of the hierarchy, the same concepts are combined into
meaningful superordinate concepts, such as the criticality factor, which summarizes all business
risk-related aspects of an item. This allowed us to create a meaningful number (7) of final criteria
categories according to which the various input criteria can be broken into, structured and analyzed
(see Appendix Table A9 for the criteria grouping matrix with example authors and Fig. Al for vi-
sualization of the criteria mapping process). The third iteration resulted in a significant change in
the taxonomy, indicating that the final conditions were not met.

3.3.4. Iteration

25 ABC analysis case-study papers were examined. Some publications did not focus on a single
analysis approach but combined different analysis approaches such as fuzzy multi-criteria methods,
genetic algorithms, and ANN to achieve better optimization results (Mehdizadeh, 2020; de Paula
Vidal et al., 2022; Ghuge et al., 2022). The analysis method hybrid approach was consequently
identified and added to our taxonomy. New characteristics, such as the qualitative value type of
criteria, were identified (e.g., Otay et al., 2018). Adjustments were made to the criteria dimension
to address the persistence of diverse combinations. The dimension was transformed into a two-
dimensional hierarchy to better explain the complexity of the model with different combinations of
input criteria. Each of the possible criteria categories can now be assessed separately. To provide
a representative description of the dimension “number of criteria” and to limit it in a meaningful
way, the individual discrete values were converted into levels, for example, the characteristic of four
criteria was converted into the characteristic of four to six criteria. In the fourth iteration, there were
no significant changes in our taxonomy, but some characteristics were added, and a dimension was
adjusted. Thus, not all end conditions of the taxonomy development process were fulfilled.

3.3.5. Iteration

Thirty-one remaining papers in our dataset were examined. No additional dimensions or char-
acteristics were added or changed during this examination step (saturation). Thus, according to
Nickerson et al. (2013), the five subjective and eight objective ending conditions of our taxonomy
development process were considered fulfilled. Formally, the final taxonomy was the same as the
taxonomy after the fourth iteration step (see Table 2).

3.4. Evaluation

To determine whether our taxonomy is efficient, comprehensive, meaningful, complete, and useful
(Kundisch et al., 2021), we conducted an evaluation considering the “what,” “who,” and “how”
(Pries-Heje et al., 2008), which is an essential part in taxonomy development (Kundisch et al.,
2021). Regarding “what,” the object of evaluation, we decided to evaluate the process of taxonomy
development and our final taxonomy. For the subject of the evaluation “who,” we selected five
experts (see Table 3).

We combined research (Expl, Exp2, Exp3) and practice (Exp4, Exp5) with experience in tax-
onomy development or MCABC analyses to assess our taxonomy’s broad applicability and com-
prehensibility. Regarding “how,” we organized an FGD, providing participants with preparatory
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Table 3
Expert profiles
ID Job description Company description
Exp01 Ph.D. candidate and researcher University
Exp02 Ph.D. candidate and researcher University
Exp03 Post doc and team lead business intelligence Automation
Exp04 Head of global logistics Automation
Exp05 Manager logistics and process management Automation

materials including our RQs, taxonomy, and descriptions of dimensions and characteristics. The
FGD exceeded one hour, with its audio recorded, transcribed, and analyzed according to Nili
et al. (2017). This analysis identified theoretically sensitive data types and combined similar con-
tent, conducting both manifest and latent analyses per section before integrating these insights (see
Appendix Table A10). Our research design was deemed suitable for answering the RQs (Exp0O1,
Exp03). Our underlying dataset was considered as conditionally complete, as this is based on an
extensive literature review, but can be extended by further case studies in the industry (Exp02). The
taxonomy was evaluated against four criteria: completeness, comprehensiveness, meaningfulness,
and consistency, noting its value for further research and practical application (Exp01, Exp04).
Areas for improvement were mentioned within the design of the taxonomy, as well as for the de-
scription of the dimension criterion categories. Meaningful and continuous numbering of the di-
mensions and characteristics allows a better overview (Exp01). Due to the complexity and amount
of information within the dimension criterion types, it was pointed out to explain the iteration pro-
cess in more detail to enhance understanding (Exp05). Other approaches such as the morphological
box (Exp02) and further research potential for archetypes analysis were discussed (Exp04).

3.5. Final taxonomy for MCABC analyses

Following an iterative literature review and an FGD, we developed our taxonomy for MCABC
analyses, to answer our RQI1.: Which elements of MCABC analyses are important for specification?
Our final taxonomy comprises eight dimensions and 25 characteristics, categorizing the MCABC
analysis framework and criteria utilized (see Table 4).

The initial three dimensions outline the analysis framework: D Decision Problem identifies the
objective addressed by the specific ABC inventory analysis (Douissa and Jabeur, 2020), for exam-
ple, Ci, Ranking characteristic indicates that the MCABC analysis places the SKUSs in an order
of priority. D, Optimization Target specifies the decision problem parameter, which is to be mini-
mized, maximized, or optimized (Saracoglu, 2022; Tavassoli and Farzipoor Saen, 2022). D3 Anal-
ysis Method details which mathematical analysis approach is used for the MCABC analysis (Kabir
and Sumi, 2013). The subsequent five dimensions focus on criteria: D4 Criteria Weighting indicates
whether and how the input criteria used are weighted (Douissa and Jabeur, 2020), for example, a
subjective weighting by human experts. Ds Level of Compensation considers whether certain crite-
ria’s poor performance can be offset by others’ high performance (Douissa and Jabeur, 2020). D¢
Number of Criteria (Tavassoli and Farzipoor Saen, 2022) and D7 Value Type of Criteria (Douissa
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Table 4
Final taxonomy

Dimensions

Characteristics

D; Decision Problem

Dz al

D5 Analysis and
Optimization

Method

Dy Criteria Weighting
Ds Level of Compensation
D¢ Number of Criteria

Cy, Classification
C,, Single Score
C;, Mathematical
Programming

C34 Graphical Matrix
Approach

C,, Objective

Cs, Balancing

Cs, 1-3 Criteria

Csq 10+ Criteria

C1, Ranking

C,,, Profit/Cost Value
C;, Artificial
Intelligence+

C;. Hybrid Methods
Cy, Subjective

Cs, No Balancing
Ce, 4-6 Criteria

Cy. Sorting

C,. Cluster

C;, Multi Attribute
Decision Making

C4. None

Cs. 7-9 Criteria

D; Value Type of Criteria C7, Quantitative C7, Qualitative C;. Hybrid
Cy4 Fuzzy Hybrid

Dy Criteria Category Hierarchy 1st level Cg, Cost Hierarchy 2nd level Yes No
Csgp, Demand Yes No
Cy. Profit Yes No
Cgq Procurement Process Yes No
Cs. Inventory Attribute Yes No
Cgr Criticality Factor Yes No
Cs, Unit Property Yes No

and Jabeur, 2020) define the quantity and nature/type of criteria used, respectively. Dg Criteria
Category determines the different types of criteria used in the MCABC analysis (based on Hu et al.
2017; Saracoglu 2022). Different criteria, for example, unit costs, annual dollar sales, and lead time
(Lin and Chang, 2020), were aggregated in eight categories. A precise description and categoriza-
tion of the different criteria (120) and their various combinations are realized by mapping them
onto the three dimensions D¢, D7, and Dg. The final taxonomy is shown in Table 4, and a detailed
definition of each dimension, characteristic, and example authors is given in Appendix Table A6.

4. MCABGC analysis configurations

This section presents MCABC analysis configurations. In Section 4.1, we map the taxonomy to
our dataset. Then, Section 4.2 outlines the application of a cluster analysis, and the six archetypes
derived from it, highlighting their structure, analytical logic, and strategic applicability. Section 4.3
demonstrates the application of an MCABC analysis archetype with a case-study company.

4.1. Mapping of the sample

Next, we applied our taxonomy to our dataset. The collected dataset includes 108 separately an-
alyzed objects, that is, 108 papers on MCABC analysis application-oriented case studies, which
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feature a diverse distribution of characteristics. The dataset classification was initially conducted
by one author, with a second author reclassifying 15% for evaluation. We calculated the average
agreement of the two researchers for all dimensions for every object. Cohens’ (1960) kappa coef-
ficient was 0.903, which corresponds to an “almost perfect” agreement (Landis and Koch, 1977).
Therefore, we assumed no significant bias in our results for the mapping process. The percentage
distribution of all characteristics of each dimension is shown in Table 5 in the second row. In D,
Decision Problem, the majority of cases involve ranking or classification problems, based on either
a single score or cluster assignment (D). D3 Analysis Methods shows relatively evenly distributed
characteristics, except for the graphical matrix approach, possibly due to its limited use for low
number of criteria or a preference of researchers for more holistic and complex methods. Regard-
ing criteria weighting (D4), objective methods are most common (55.6%), with subjective methods
also significant (36.1%). The majority of MCABC analyses feature a balancing level of compensa-
tion (Ds), allowing criteria to compensate for one another without strict boundaries. Distribution
in Dg number of criteria indicates that MCABC analyses typically involve fewer than six different
criteria, likely due to limited publicly available datasets or that many of the possible 85 different
criteria are simply not available or not maintained within the limits of applied business case studies
(Chen, 2012). A 64.8% of the objects has a quantitative value type of criteria and 24.1% a combi-
nation of quantitative and qualitative value types (D7). The Dy criteria categories cost (94.4%) and
procurement process (80.5%) are prevalent, whereas profit-oriented criteria (7.4%), or unit-oriented
indicators (7.4%), are less commonly used.

4.2. Cluster analysis and archetypes of MCABC analyses

To answer our RQ2: Which mature M CABC inventory analyses configurations exist? and to demon-
strate the applicability of the taxonomy, we performed a cluster analysis (Passlick et al., 2020).
The cluster analysis was performed in Python using libraries such as numpy, pandas, scipy, and
sklearn. The selection of relevant criteria (Balijepally et al., 2011) was based on the characteristics
of the final taxonomy. Given the categorical nature of our dataset, we chose the k-modes algorithm
with a simple matching coefficient as the dissimilarity measure, using the Hamming distance to
measure heterogeneity (Aggarwal and Reddy, 2014). Hamming distance refers to the number of
positions where the data exhibit heterogeneity (Aggarwal and Reddy, 2014). First, we use Ward’s
(1963) hierarchical clustering algorithm to compute the differences between all objects without a
predetermined number of clusters to determine a meaningful range for a possible optimal number
of clusters. The linkage criterion used minimizes the variance of the clusters to be merged. One-hot
encoding was used to apply the algorithm to our categorical dataset. Based on the total size of our
dataset, that is, 108 objects, and the branches in the dendrogram, we set the range to 2-8 clusters
in order to avoid an overly granular denomination of clusters with a very small number of objects.
Applying k-modes within this range, we evaluated the ideal number of clusters using 12 different
methods, such as the elbow method (see Appendix Table A1l).

The five different recommended numbers of clusters obtained are also shown as possible cluster
numbers in the Ward dendrogram, confirming their reliability. Figure 2 shows that two or three dif-
ferent clusters can be identified on the top two branches, while six, seven, or eight different clusters
can be found close together on the branches between the variance distances of six and seven. As the
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Fig. 2. Results hierarchical clustering—Ward dendrogram.

algorithms produced different results, we compared the results of the five recommended number
of clusters, incorporating our domain expertise, to determine the most appropriate number of clus-
ters. With a chosen number of two or three cluster groups, the generalization was too extensive. Too
few dimensions and characteristics are differentiated, with a predominant focus on the dimension
criteria category and decision problem. By analyzing the objects in six different groups, we formed
meaningful archetypes. Increasing the number of clusters to seven caused the cluster results to de-
teriorate. We concluded that using six groups was the most reasonable. The six clusters are formed
from randomly selected centroid seeds.

We iterate the centroid seeds 500 times per run of the algorithm to select the best initial values
with the lowest dissimilarity. To ensure the stability of the clusters, we repeat this process 10 times
and compare the clusters formed for similarity by calculating the Jaccard index. The Jaccard index
compares the intersection and union of attributes between pairs of factors and ranges from 0, no
similarity, to 1, perfect similarity (Real and Vargas, 1996). We obtained an average Jaccard index
of 0.728, indicating very good to excellent agreement, with the lowest single value of 0.500 and the
highest value of 0.899 (see Appendix Table A12) and consider our clustering to be stable. Table 5
shows the results of our cluster analysis, illustrating the distribution of characteristics across six
archetypes with a color gradient from white (0%) to dark gray (100%). For example, 93.3% of the
objects in Archetype 1 address C; , ranking as their decision problem.

4.2.1. Archetype 1: AI+-driven complex ranker (n = 15)

This archetype employs Al for ranking, focusing on single-score optimization with subjective, fully
balanced criteria weighting. It uses 4-6 or more mainly quantitative criteria that indicate complex-
ity and expert involvement, enabling organizations to dynamically adjust inventory strategies in
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SCs facing disruptions or changing market conditions. A strong emphasis on criteria from multiple
categories, that is, cost, along with considerable attention to demand, criticality factors and inven-
tory attributes, promotes sustainability by minimizing overstocking, storage space, and waste while
maintaining essential inventory levels. This multifaceted approach improves operational efficiency
and environmental performance by identifying the best and worst SKUs through complex but
comprehensive and multidimensional analysis (e.g., Saracoglu, 2022).

4.2.2. Archetype 2: AI+-driven cluster minimalist (n = 15)

Focused on clustering SKUs with Al, this archetype typically applies objective or no criteria
weighting and uniquely has no criteria compensation. It relies on 1-3 quantitative criteria, stream-
lining the analysis with cost and procurement as the primary factors. This minimalist approach
clusters SK Us without unnecessary complexity, fostering cost efficiency in stable environments (e.g.,
Lopez-Soto et al., 2017).

4.2.3. Archetype 3: fast objective ranker (n = 34)

Utilizing mathematical or hybrid methods for ranking via single-score optimization, this archetype
employs objective criteria weighting and 1-3 quantitative criteria for a data-driven, efficient analy-
sis. Unanimous emphasis on criteria cost and procurement processes reflects a financial and logis-
tical priority, ranking SKU from best to worst (e.g., Karagiannis, 2021).

4.2.4. Archetype 4: balanced MADM ranker (n = 18)

Applying MADM methods, this group utilizes balanced subjective weighting of qualitative and
quantitative criteria in ranking tasks. The use of 4-6 criteria, indicates a nuanced approach under
experts’ supervision, integrating three criteria categories, that is, cost, criticality factor, and procure-
ment process, while ensuring that all used criteria are considered equally important. This archetype
relies on expert-based decision making that dynamically adjusts inventory strategies, balancing fi-
nancial and resilience objectives (e.g., Arikan and Citak, 2017).

4.2.5. Archetype 5: balanced mathematical ranker (n = 16)

Defined by mathematical programming for ranking, this archetype objectively weights 4-6 criteria,
blending quantitative and some hybrid elements. It focuses on cost, procurement, and criticality,
highlighting a balanced approach to trade-offs of cost and resilience in stable environments (e.g.,
Hatefi and Torabi, 2015).

4.2.6. Archetype 6: complex cluster hybrid (n = 10)

With a focus on clustering, this group uses hybrid or Al analysis methods with a subjective weight-
ing of a moderate up to the highest number of criteria. The hybrid nature of the criteria and the
strong emphasis on procurement processes and costs, as well as criticality factors, indicate a highly
subjective multi-faceted approach to analysis under experts’ involvement. This approach supports
the identification of patterns and relationships in inventory data, handling complex but holistic
resilience considerations while being flexible to adapt to new criteria (e.g., Yigit and Esnaf, 2021).
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Fig. 3. Example extract of multi-criteria ABC analyses results.

4.3. MCABC archetypes in practice—Case-Study Part 2

The case-study company was in an urgent situation where it needed to significantly reduce stock
levels as quickly as possible to reduce inventory holding costs and increase liquidity. Shortages for
the most important SKUs must also be avoided. An initial analysis revealed that the availability
and quality of the required inventory data were limited. With the primary objective of achieving
financial savings quickly, subject to limited data availability, we leveraged the six identified mature
archetypes of MCABC analysis and decided to implement Archetype 2 first: Al-driven cluster min-
imalist. This archetype, characterized by its use of objective cost and procurement criteria and a
minimal number of criteria, fits our companies’ current data limitations and objective, allowing for
a fast and resource-light implementation without much expert effort. Based on data from an ERP
system, the ABC-XYZ matrix analysis was transformed into an MCABC analysis (see Fig. 3). A
classification (Cj,) was selected as decision problem based on a cluster analyses (C») using an Al
approach (Cjsp), that is, k-medoids algorithm. In addition to the initial two input criteria, annual
consumption value and CV of usage, lead time was also incorporated, that is, number of criteria is
1-3 criteria (Cg,). Lead time, /;, indicates the average time in days between ordering and receiving
the material i. The affected criteria categories are (Cg,) cost, (Cs.) inventory attribute, and (Cgq)
procurement process. The criteria are quantitative (Cy,), unweighted (Cjy.), and balanced (Cs,).

In our material group case, SKUs were categorized as 3.9% A, 13.4% B, and 82.7% C, with A
and B representing 17.3% of SKUs but 90.6% of total volume. This segmentation showed a notable
decrease in the most critical SKUs (A) from 9% to 3.9%. Using the MCABC analysis configuration:
Al-driven cluster minimalist instead of traditional 1- or 2-dimensional ABC-XYZ analyses offers
a more precise analysis, providing a more nuanced three-class division (see Figs. 2 and 3). Group
A is characterized by a high total number of units, low CV, and low to medium lead time, while
Group C includes all SKUs with at least either low consumption, high CV, or lead time above a
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threshold. The company focuses on reducing excessive inventory levels of C-class SKUSs by severely
limiting the incoming supply of these materials, while all A-class SKUs are regularly monitored in
terms of their inventory levels and planned consumption. In addition, second-source opportunities
are developed for A-class SKUs to reduce dependency and shortages in limited supplier capacity.
“As an engineering and production company, our profitability is directly linked to an efficiently
managed SC. With the new inventory management structures, we were able to get our stock levels
under control again and reduce them to an acceptable level” (Global Head of Processes and IT).
Looking forward, the company wants to transition to Archetype 1, integrating more criteria such as
qualitative criticality factors, that is, substitutability and environmental impact performance scores
(Cgr), as data availability improves. The long-term objective is to enhance delivery reliability, reduce
inventory costs, and minimize environmental impact while bolstering analysis robustness. The tax-
onomy and archetypes have shown practical value, giving the case-study company SC managers
practical insights into relevant characteristics and mature MCABC analysis configurations.

5. Discussion, implications, and recommendations
5.1. Theoretical foundation, taxonomy and dataset insights

Global disruptions and rising sustainability demands have rendered traditional, cost-focused in-
ventory approaches inadequate. Mature inventory management requires adaptive methods that
balance economic performance, environmental impact, and supply continuity (Brandenburg et al.,
2014; Fichtinger et al., 2015; Pourhejazy and Kwon, 2016). MCABC analyses address this need but
remain underutilized in practice due to their perceived complexity and the absence of standardized
frameworks (An et al., 2019). This paper proposes a foundational shift in the conceptualization
of MCABC analyses, moving from fragmented method development to a structured, theoretically
grounded design space (Kundisch et al., 2021). Previous studies primarily regarded MCABC as an
optimization problem or algorithmic enhancement. While these approaches have contributed to our
theoretical understanding, they have often overlooked the need to contextualize design trade-offs
and provide guidance for model selection and real-world implementation.

The taxonomy developed in this study consolidates theoretical knowledge into eight core dimen-
sions and 25 specific characteristics, offering a comprehensive model for describing, comparing,
and specifying MCABC analysis configurations. This formal structure transforms MCABC anal-
yses from a loosely connected set of techniques into a cohesive analytical design space. Based on
the dimensions discovered, we have aggregated, summarized, and extended initial differentiations
of MCABC analyses consisting of either two dimensions (Kabir and Sumi, 2013), three dimen-
sions (Hu et al., 2017; Saracoglu, 2022), seven dimensions (Douissa and Jabeur,2020), or five di-
mensions (Tavassoli and Farzipoor Saen, 2022) on a larger dataset. The taxonomy extends and
structures these earlier typologies (e.g., Douissa and Jabeur, 2020; Tavassoli and Farzipoor Saen,
2022) by integrating the structure of an ABC analysis, that is, what decision problem (D;), which
optimization objective (D;), which type of analysis method (Dj3), the analysis details, that is, how
the analysis is performed (D4 criteria weighting, Ds level of compensation), and which criteria (Dg
number of criteria, D; value type of criteria, and Djg criteria category) into one unified framework.
The taxonomy organizes and reduces the complexity of the diverse elements, enabling a precise
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and standardized description of different possible characteristics and dimensions. It also facilitates
analysis of the influence of certain characteristics in specific configurations. For instance, subjec-
tive weighting of criteria by experts may be particularly relevant when the number of criteria types
is moderate to high, as indicated by Archetypes 1, 4, and 6. This is due to the need to consider
numerous factors when conducting data analysis on more diverse and complex data. The incorpo-
ration of criteria such as criticality and demand has been demonstrated to enhance sustainability
and resiliency strategies (Yigit and Esnaf, 2021; Saracoglu, 2022), supporting companies in not
only reducing direct inventory costs but also developing environmentally friendly, low-disruption
SCs. During the research process, we identified the challenge of the large number of different input
criteria and their inconsistent naming and attempted to standardize them to facilitate comparison
of the various MCABC configurations. The taxonomy simplifies MCABC analyses by providing a
shared language for analysis configuration, reducing complexity and ambiguity. SC managers and
researchers can use it as a glossary of terms (Weking et al., 2020).

The analysis of the dataset (n = 108) revealed prevalent characteristics and their distributions. It
is noteworthy that MCABC analyses typically employ a fractional selection of the identified char-
acteristics as illustrated in Table 5. Purely qualitative datasets (2.8%) or those with an exceptionally
high number of criteria (8.7%) are not frequently utilized. A substantial proportion (92.6%) of
MCABC analyses prioritizes complete balancing of criteria, signifying that substandard perfor-
mance of certain criteria can be counterbalanced by others. Consequently, there are no established
tolerance limits for individual criteria in decision-making scenarios, which can potentially lead to
inaccurate evaluations if individual criteria or specific combinations of criteria fail to meet a prede-
termined baseline quality or become excessively dominant. The increasing use of purely Al-driven
analysis methods (18.5%), such as search, optimization, and classifiers, can have both positive and
negative side effects in terms of efficiency, responsibility, automation, privacy, and ethics. To mit-
igate these potential adverse effects, it is imperative to allocate responsibilities and enhance the
integration of fairness, non-discrimination, accountability, and transparency. This necessitates the
incorporation of concepts related to explainable Al (xAl), data minimization, and the establish-
ment of ethical guidelines (Seppéli et al., 2021). In comparison to previous reviews of MCABC
analyses, our research design, which was based on Nickerson et al. (2013) and Kundisch et al.
(2021), permitted the further application of cluster analysis (Passlick et al., 2023).

5.2. Archetypes as design theory for MCABC analyses

A cluster analysis of 108 MCABC configurations yielded six archetypes, which offer structured con-
figurations that bridge the gap between mathematical maturity and operational applicability. Each
archetype embodies a distinct design logic, characterized by criteria selection, weighting schemes,
and methodological complexity. From a theoretical standpoint, these archetypes formalize re-
curring MCABC configurations, thereby establishing them as observable design patterns. Prior
research in this field has primarily focused on developing isolated algorithms or decision-making
models without synthesizing these into a cohesive design theory (Kabir and Sumi, 2013; Tavassoli
and Farzipoor Saen, 2022). The present study contributes to this field by establishing archetypes
as the conceptual link between design elements, such as criteria diversity, weighting logic, method
type, and an intended strategic function. This enables researchers to theorize about the interaction
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of design elements and to compare configurations across organizational settings. For instance,
Archetypes 1, 4, and 6 underscore subjective weighting and encompass a comprehensive range of
qualitative and quantitative criteria, making them suitable for strategic inventory analysis where
adaptability, sustainability, and expert input are critical (Arikan and Citak, 2017; Saracoglu, 2022).
These archetypes extend beyond a rudimentary cost reduction analysis by encompassing a diverse
set of criteria, including aspects such as criticality (e.g., environmental impact or scarcity), demand
(e.g., rate of demand or demand predictability), or inventory attributes (e.g., frequency of issue or
storage capacity) (see Table 5, Appendix Table A9). In contrast, Archetypes 2, 3, and 5 employ
objective or no weighting, favoring simplicity, speed, and cost-driven analysis. These archetypes
align with contexts in which data are limited, and operational decisions must be rapidly executed
(Lopez-Soto et al., 2017; Karagiannis, 2021).

This paper contributes to the methodological progress of decision support system theory in in-
ventory management by synthesizing taxonomy development (Nickerson et al., 2013) and cluster-
ing (Passlick et al., 2023). The taxonomy and archetypes function not only as classification tools
but also as design artifacts, supporting inventory analysis models that are modular, context-specific,
and automation-ready. This contributes to the development of a praxis-relevant holistic design the-
ory that combines the fragmented knowledge of MCABC analysis, which future research can refine
through longitudinal testing and contextual industry-specific adaptation. The potential of MCABC
analysis relative to traditional inventory analysis is further advanced by emerging technologies, such
as Al and IoT. Real-time data recording and sharing (O’Donovan et al. 2015) connect MCABC
analysis to a variety of real-time data from IoT devices (Bahrin et al., 2016), making it more re-
sponsive and efficient. The ability to process large datasets from IoT sources (Bahrin et al., 2016)
increases the accuracy and efficiency of MCABC, allowing managers and analysts to detect vul-
nerabilities and fluctuations along the SC in advance. This enhancement is contingent upon the
existence of a mature MCABC inventory analysis as a cornerstone of inventory and SC manage-
ment.

5.3. Archetype implications for management

The implementation of Archetype 2 in the case-study company demonstrates how SC managers
can use the six archetypes as templates for designing MCABC analyses tailored to specific busi-
ness environments based on strategic goals, data availability, and resource constraints. This case
study confirms that MCABC analyses, when properly configured, are not inherently too complex
for practical application as often assumed (An et al., 2019). Rather, it is the lack of structured guid-
ance and reference models that hinders adoption. The findings demonstrate the practical utility
of the developed archetypes as a guiding framework for organizations seeking to transition from
simplistic, one-dimensional analyses to MCABC analyses, without overexerting their resources.
Archetypes 1 and 4 offer comprehensive analyses suited for organizations aiming to integrate re-
silience and sustainability into inventory strategy. Archetype 2, Al+-driven cluster minimalist, is
particularly well-suited for rapid cost-driven analysis in data-constrained environments. Archetype
3: fast objective ranker facilitates expeditious prioritization of SKUs through the utilization of
mathematical models, emphasizing cost and procurement considerations. Archetype 5: balanced
mathematical ranker provides a structured middle ground for organizations with reliable quanti-
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tative data but limited qualitative inputs. Archetype 6: complex cluster hybrid is ideal for highly
dynamic, expert-driven environments that require a hybrid and flexible analytical model. Across
all archetypes, cost remains a universal criterion, but the incorporation of demand patterns, criti-
cality factors, and inventory attributes distinguishes holistic configurations from more basic ABC
analysis-oriented models. While environmental and risk criteria are rarely dominant in existing
models (see Table 5), Archetypes 1, 4, and 6 provide the structural capability to integrate them, ad-
dressing a key gap in the theoretical and practical adoption of sustainability-focused inventory anal-
ysis (He, 2022; Hu et al., 2017). The findings of this study lower the barriers to adopting MCABC
analysis by aligning archetypes with organizational constraints and objectives. This allows prac-
titioners to select and apply the most suitable configuration according to their organizational en-
vironment. This structured approach enables companies to progress toward resilient, automated
inventory strategies, bridging the gap between extensive MCABC theory and limited practical
applications.

6. Limitations, further research, and conclusion

This study contributes a structured and theoretically grounded taxonomy and six archetypes for
MCABC analysis in inventory management, but some limitations must be acknowledged. First,
the taxonomy is constructed based on a defined set of meta-characteristics (Kundisch et al., 2021)
specific to MCABC applications. Its validity is constrained to inventory-focused use cases and may
not be directly generalizable to other domains of SC analysis without further adaptation to the con-
text. Second, the empirical dataset consists of 108 MCABC configurations drawn primarily from
the literature and is limited by the scarcity of real-world data from companies. This limits exposure
to real-world applications and may bias the findings toward theoretically oriented models. Some of
the characteristics analyzed, for example, Csp, no balancing (8%), are extremely low in their over-
all distribution here, which may have affected the accuracy of our archetypes. Third, the applied
clustering methodology, although based on established best practice techniques (Balijepally et al.,
2011; Passlick et al., 2020), requires partly subjective decisions regarding the choice of algorithms
and the number of clusters. While robustness checks were applied, alternative clustering methods
could yield slightly different results. Finally, it is important to note that the taxonomy reflects the
current state of MCABC research and may require regular updates to incorporate future develop-
ments in analytical approaches, such as real-time data integration, XAl, and further sustainability
metrics.

Building on these limitations and the findings of this study, several further research directions
(FRDs) emerge. FRDI: archetype deepening and decision support tools. To achieve a more pro-
found understanding of the archetypes’ capabilities, weaknesses, and limitations, further research
should systematically evaluate the six archetypes in varied industrial contexts. This includes bench-
marking archetype performance across sectors, such as manufacturing, healthcare, and retail,
as well as assessing their impact on cost, service level, risk, and sustainability. The development
of decision trees or recommendation systems that support supply chain managers in selecting
the most appropriate archetype based on their data availability, objectives, and organizational
maturity is necessary. FRD2: development of Inventory analysis maturity models. There is a need
to develop maturity models for inventory analysis. These models would empower organizations
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to evaluate their existing capabilities, discern deficiencies in analytical preparedness, and devise
targeted enhancements. They should also help quantify the business value associated with moving
from single-criterion analysis to more complex and holistic MCABC configurations. FRD3:
real-time and Al-integrated MCABC systems. Future research should investigate how MCABC
analysis can be embedded in real-time decision support systems. This includes analysing the IT in-
frastructure and data requirements, as well as the integration of Al and IoT, to support automated
classification, sensitivity testing, and adaptive weighting in dynamic SC environments.

The development of a taxonomy comprising eight core dimensions and 25 characteristics offers
a unified model for structuring, comparing, and designing MCABC configurations. This model
transforms fragmented MCABC analysis knowledge into a systematic design space for inventory
classification. Through the analysis of 108 configurations and the application of cluster analysis,
six archetypes were identified that represent recurring and stable design logics. These archetypes
translate academic knowledge into practical tools, linking analytical logic and data complexity
with strategic objectives and operational constraints. They provide researchers with a basis for
theorizing inventory design trade-offs and offer practitioners implementation-ready templates to
select, adapt, and deploy mature MCABC analysis in alignment with their operational context.
The findings demonstrate the potential of archetypes such as the Al+-driven cluster minimal-
ist (2) for rapid, cost-oriented analysis under data constraints, while more complex archetypes
such as the Al+-driven complex ranker (1) and the balanced MADM ranker (4) support holis-
tic trade-offs between sustainability, resilience, and benefit in inventory strategies. The application
of these archetypes assists organizations in adapting to increasing SC complexity and volatility,
while enhancing their ability to make effective, automated, and sustainability-aligned inventory
decisions (An et al., 2019). This study bridges a long-standing gap between theoretical maturity
and practical implementation. This gap is characterized by a lack of clarity on how to effec-
tively and efficiently configure and apply different MCABC analyses in practice (Tavassoli and
Farzipoor Saen, 2022). By offering a cohesive framework and empirically grounded design pat-
terns, the study addresses this gap. It enables researchers to explore configuration-performance
relationships and provides practitioners with applicable archetypes for mature inventory
analysis.
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Appendix

Table Al
Definition of the found dimensions and characteristics

Characteristic Definition Example author(s)

D, Decision Problem: The decision problem by which the ABC inventory analysis is solved (Douissa and Jabeur, 2020)

C,, Classification Classification by nominal categories Kumawat and Samad
2018

Ci, Ranking Ranking based on an aggregated score Liet al. 2019

Cy. Sorting Sorting by ordinal categories Mohammaditabar
et al. 2012

D, Optimization Target: The objective parameter which is to be minimized, maximized, or optimized (Saracoglu, 2022;
Tavassoli and Farzipoor Saen, 2022)

C,, (Single) Score Aggregated score(s) for each object that serves as the basis for Hatefi and Torabi 2015
evaluation
Cy, Cluster A degree of membership to be determined for each object with Kumawat and Samad
respect to different categories/clusters 2018
C,. Profit/Cost Value Calculation of object inventory cost or potential profit Mohammaditabar
et al. 2012

D3 Analysis and Optimization Method: The model category to which an MCABC analysis approach belongs to (Kabir
and Sumi 2013)

C;, Mathematical Abstract mathematical formulation of decision-making problems Hatefi and Torabi 2015
Programming and its solving, includes linear, nonlinear, and distance-based
mathematical models
C;, Artificial Machine learning and Al techniques such as search processes, Kumawat and Samad
Intelligence+ optimization algorithms, and classifiers, for example, particle 2018
swarm optimization or artificial neural network classifiers
C;. Multi Attribute Evaluation of alternatives based on aggregating multiple criteria Raufet al. 2018
Decision Making values to select the best alternative, for example, analytic
hierarchy process
C34 Graphical Matrix A technique used to visualize the combinations of two or three Suryaputri et al. 2022
Approach criteria
C;. Hybrid Methods A combination of multiple different analysis approaches de Paula Vidal et al.
2022
D4 Criteria Weighting: Indicates whether and how the input criteria used are weighted (Douissa and Jabeur, 2020)
Cy, Objective Weights are taken from statistical models and automatically Hatefi and Torabi 2015
derived from the dataset
Cy;, Subjective Weights are taken from participatory methods. Human decision de Paula Vidal et al.
makers are directly involved in the weighting process 2022
Cy. None No criteria weighting Suryaputri et al. 2022

Ds Level of Compensation: Indicates the level of mutual compensation of the criteria used, that is, whether a poor
performance of some input criteria can be compensated by a high performance of other input criteria (Douissa and
Jabeur, 2020)

Cs, Balancing Criteria can completely compensate each other’s performance Rezaei and

Dowlatshahi 2010

Continued
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Table Al
(Continued)
Characteristic Definition Example author(s)
Cs;, No Balancing Criteria cannot compensate each other’s performance, that is, the =~ Douissa and Jabeur
poor performance on some important criteria cannot be 2020

compensated for by strong performance on others
D¢ Value Type of Criteria: Describes the number of used input criteria (Saracoglu, 2022). Set up in progressive stages

Cg, 1-3 Criteria Number of input criteria is between one to three Zhang et al. 2020
Cgp, 4-6 Criteria Number of input criteria is between four to six Chen 2012

Ce. 7-9 Criteria Number of input criteria is between seven to nine Kartal et al. 2016
Cgq 10+ Criteria Number of input criteria is greater than nine Qaffas et al. 2023a

D Value Type of Criteria: Explains the nature and type of the criteria used in the MCABC analysis (Douissa and
Jabeur, 2020;
Tavassoli and Farzipoor Saen, 2022)

C7, Quantitative Values of criteria are given quantitatively, that is, an exact Ishizaka et al. 2018
numerical value

C7, Qualitative Values of criteria are given as linguistic terms and converted with,  Otay et al. 2018
for example, scales

C;. Hybrid Combination of quantitative and qualitative criteria. Ghuge et al. 2022

C74 Fuzzy Hybrid Values are given quantitatively, but as multiple fuzzy values, that Cebi and Kahraman
is, a degree of membership or weighting of each element 2012

between 0 and 1
Dg Criteria Category: Describes the various different input criteria used in the MCABC analysis. The criteria are
categorized in seven groups (based on Hu et al., 2017; Saracoglu, 2022; Tavassoli and Farzipoor Saen, 2022). The
dimension is a two-level hierarchy, where the presence of a criteria from one of the categories is indicated by yes or no
in the respective category

Cg, Cost Financial amount of various costs or asset values Ishizaka et al. 2018

Cg, Demand Quantitative or financial level and variance of the SKUs Cakmak and Guney
demanded 2023

Cg. Profit Criteria that describe total profit, profit margin, or total sales Jeddou 2014
volume

Cgq Procurement Supplier-dependent variables, for example, lead time or number Chen 2012

Process of available suppliers

Cg. Inventory Attribute  General and SKU specific inventory parameters, for example, Otay et al. 2018
stock size rate

Cg Criticality Factor Criteria that describe the importance, dependency, and Kabir and Sumi 2013
sustainability of the business and production process on
specific SKUs

Cs, Unit Property Material properties of an item, for example, size or shape Qaffas et al. 2023b
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Table A2
Overview of inventory analysis tools

Provider

Type

SAP Inventory Controlling Cockpit

Cloud-based ABC-XYZ-Analysis

AMZScout
Zoho Inventory
Jungle Scout

Cin7
Fishbowl Inventory
Ordoro

Cloud-based ABC-Analysis

Lightspeed SellerApp

Shopventory Linnworks

Veeqo Quickbooks

SAP Inventory Controlling Cockpit On-Premise ABC-XYZ-Analysis
Acumatica SAP Business One On-Premise ABC-Analysis
InFlow Inventory Microsoft Dynamics GP

Sage 100

Table A3

Complete Dataset (n = 108)

Authors with overview and case study

Tavassoli and Saen 2022 Saracoglu 2022 Douissa and Jabeur 2020

Hu et al. 2017

Kabir and Sumi 2013

Authors with case study

Qaffas et al. 2023a

de Paula Vidal et al. 2022
Gong et al. 2022
Karagiannis 2021

Liu and Ma 2019

Kaabi et al. 2018

Kumawat and Samad 2018
Lolli et al. 2017

Kartal et al. 2016

Hatefi et al. 2014
Mohammaditabar et al. 2012
Rezaei and Dowlatshahi 2010

Qaffas et al. 2023b
Ghuge et al. 2022
Kar and Jha 2022
Zhang et al. 2020
An et al. 2019
Otay et al. 2018
Raufet al. 2018
Arikan and Citak 2017
Fuetal. 2016
Jeddou 2014

Chen 2012

Cakmak and Guney 2023
Suryaputri et al. 2022
Yigit and Esnaf 2021

Lin and Chang 2020
Lietal. 2019

Ishizaka et al. 2018

Kaabi and Alsulimani 2018
Lopez-Soto et al. 2017
Hatefi and Torabi 2015
Millstein et al. 2014

Cebi and Kahraman 2012

Authors with Case Study—not directly cited references

Chawla, V., Itika, 1., Singh, P., & Singh, S. (2024). A fuzzy Pythagorean TODIM method for sustainable ABC

analysis in inventory management. Journal of Future Sustainability, 4(2), 85-100.

Khanorkar, Y., & Kane, P. V. (2023). Selective inventory classification using ABC classification, multi-criteria
decision making techniques, and machine learning techniques. Materials Today: Proceedings, 72, 1270-1274.

Rodrigues, M., Sirova, E., & Mugurusi, G. (2022). A supplier selection decision model using multi-criteria decision
analysis in a small manufacturing company. IFAC-PapersOnLine, 55(10), 2773-2778.

KV, S., Pandey, A., & Polasi, S. (2022). A STUDY OF INVENTORY CONTROL TECHNIQUES TO OPTIMISE
REVENUE IN SMALL RETAIL STORES. Journal of Pharmaceutical Negative Results, 13.

Wulansari, D. R., Zagloel, T. Y. M., & Zulkarnain, Z. (2021, May). Development of Spare Part Classification
Methodology Considering Maintainability, Criticality, and Inventory Management Aspects in The Oil Processing
Industry. In Proceedings of the 4th Asia Pacific Conference on Research in Industrial and Systems Engineering (pp.

134-140).
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Vukasovi¢, D., Gligovi¢, D., Terzi¢, S., Stevi¢, Z., & Macura, P. (2021). A novel fuzzy MCDM model for inventory
management in order to increase business efficiency. Technological and economic development of economy, 27(2),
386-401.

Abdolazimi, O., Shishebori, D., Goodarzian, F., Ghasemi, P, & Appolloni, A. (2021). Designing a new
mathematical model based on ABC analysis for inventory control problem: A real case study. RAIRO-operations
research, 55(4), 2309-2335.

Yung, K. L., Ho, G. T. S., Tang, Y. M., & Ip, W. H. (2021). Inventory classification system in space mission
component replenishment using multi-attribute fuzzy ABC classification. Industrial Management & Data
Systems.

Razavi Hajiagha, S. H., Daneshvar, M., & Antucheviciene, J. (2021). A hybrid fuzzy-stochastic multi-criteria ABC
inventory classification using possibilistic chance-constrained programming. Soft Computing, 25(2), 1065-1083.

Karagiannis, G., & Paleologou, S. M. (2021). A regression-based improvement to the multiple criteria ABC
inventory classification analysis. Annals of Operations Research, 306, 369-382.

Pérez Vergara, 1. G., Arias Sanchez, J. A., Poveda-Bautista, R., & Diego-Mas, J. A. (2020). Improving distributed
decision making in inventory management: A combined ABC-AHP approach supported by teamwork.
Complexity, 2020, 1-13.

Tang, H., Zhang, H., Liu, R., & Du, Y. (2020). Integrating multi-index materials classification and inventory control
in discrete manufacturing industry: Using a hybrid ABC-chaos algorithm. IEEE Transactions on Engineering
Management, 69(4), 1276-1293.

Eraslan, E., & Ic, Y. T. (2020). An improved decision support system for ABC inventory classification. Evolving
Systems, 11, 683-696.

Zowid, F. M., Babai, M. Z., Douissa, M. R., & Ducq, Y. (2019). Multi-criteria inventory ABC classification using
Gaussian Mixture Model. IFAC-PapersOnLine, 52(13), 1925-1930.

Umry, T. F,, & Singgih, M. L. (2019). Inventory management and reorder point (ROP) strategy using ABC analysis
methods in textile manufacture. IPTEK Journal of Proceedings Series, (5), 1-7.

Darmanto, E., Subanar, R. W., & Hartati, S. (2019). A new integration of AdaBoost and profile matching algorithm
to improve ABC analysis for drug inventory. Int J Sci Eng Res, 10(2), 779-788.

Kheybari, S., Naji, S. A., Rezaie, F. M., & Salehpour, R. (2019). ABC classification according to Pareto’s principle:
a hybrid methodology. Opsearch, 56, 539-562.

Mallick, B., Das, S., & Sarkar, B. (2019). Application of the modified similarity-based method for multi-criteria
inventory classification. Decision Science Letters, 8(4), 445-470.

Nitkratoke, S., & Aengchuan, P. (2019). FAHP in Multi-Criteria Inventory Classification for Storage Layout. In
International Conference on Advanced Research in Applied Science and Engineering.

Aktepe, A., Turker, A. K., Ersoz, S., Dalgic, A., & Barisci, N. (2018). An inventory classification approach
combining expert systems, clustering, and fuzzy logic with the ABC method, and an application. South african
journal of industrial engineering, 29(1), 49-62.

Isen, E., & Boran, S. (2018). A novel approach based on combining ANFIS, genetic algorithm and fuzzy c-means
methods for multiple criteria inventory classification. Arabian Journal for Science and Engineering, 43,
3229-3239.

Zheng, S., Fu, Y., Lai, K. K., & Liang, L. (2017). An improvement to multiple criteria ABC inventory classification
using Shannon entropy. Journal of Systems Science and Complexity, 30(4), 857-865.

Kumar, A., Karthik, T., & Kumar, D. (2017). Application of multi criteria decision making for inventory
classification. International Journal of Innovative Research and Advanced Studies (IJIRAS), 4(10), 312-317.

Cherif, H., & Ladhari, T. (2017). Multiple criteria inventory classification approach based on differential evolution
and electre iii. In Proceedings of the 16th International Conference on Hybrid Intelligent Systems (HIS 2016) (pp.
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Cherif, H., & Ladhari, T. (2017). A new hybrid multi-criteria ABC inventory classification model based on
differential evolution and Topsis. In Proceedings of the 16th International Conference on Hybrid Intelligent
Systems (HIS 2016) (pp. 78-87).

Baykasoglu, A., Subulan, K., & Karaslan, F. S. (2016). A new fuzzy linear assignment method for multi-attribute
decision making with an application to spare parts inventory classification. Applied soft computing, 42, 1-17.

Kaabi, H., & Jabeur, K. (2016). A new hybrid weighted optimization model for multi criteria ABC inventory
classification. In Proceedings of the Second International Afro-European Conference for Industrial Advancement
AECIA 2015 (pp. 261-270).

Douissa, M. R., & Jabeur, K. (2016). A new model for multi-criteria ABC inventory classification: PROAFTN
method. Procedia Computer Science, 96, 550-559.

Douissa, M. R., & Jabeur, K. (2016). A new multi-criteria ABC inventory classification model based on a simplified
electre 111 method and the continuous variable neighborhood search. In 6th International Conference on
Information Systems, Logistics and Supply Chain, Bordeaux, France.

Cherif, H., & Ladhari, T. (2016). A novel multi-criteria inventory classification approach: artificial bee colony
algorithm with VIKOR method. In Computer and Information Sciences: 31st International Symposium, ISCIS
2016, Krakow, Poland, October 27-28, 2016, Proceedings 31 (pp. 63-71).

Liu, J., Liao, X., Zhao, W., & Yang, N. (2016). A classification approach based on the outranking model for
multiple criteria ABC analysis. Omega, 61, 19-34.

Jatta, J., & Krishnan, K. K. (2016). Multi-criteria inventory classification approach to inventory control based on
maximum value criteria normalisation method: a weightless perspective. International Journal of Supply Chain
and Inventory Management, 1(4), 342-360.

Lopez-Soto, D., Yacout, S., & Angel-Bello, F. (2016). Root cause analysis of familiarity biases in classification of
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Keshavarz Ghorabaee, M., Zavadskas, E. K., Olfat, L., & Turskis, Z. (2015). Multi-criteria inventory classification
using a new method of evaluation based on distance from average solution (EDAS). Informatica, 26(3), 435-451.
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Engineering, 19(2), 239-261.
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Sarmah, S. P., & Moharana, U. C. (2015). Multi-criteria classification of spare parts inventories—a web based
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Park, J. H., Bae, H. R., & Lim, S. M. (2011). Multi-criteria ABC inventory classification using the cross-efficiency

method in DEA. Journal of Korean Institute of Industrial Engineers, 37(4), 358-366.

Cebi, F., Kahraman, C., & Bolat, B. (2010, July). A multiattribute ABC classification model using fuzzy AHP. In

The 40th International Conference on Computers & Indutrial Engineering (pp. 1-6). IEEE.

Hadi-Vencheh, A. (2010). An improvement to multiple criteria ABC inventory classification. European Journal of
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Jiang, R. (2010, August). A mathematically generated criteria weight approach for multi-criterion decision. In 2010
International Conference on Management and Service Science (pp. 1-4). IEEE.

Table A4
Criteria grouping matrix
Superordinate
Criteria Same definition Same concept concept Example author
Annual Budget Annual Budget Annual Cost Cost Ghuge et al. 2022
Annual Cost Annual Cost Annual Cost Cost Baykasoglu et al. 2016
Annual Dollar Usage Annual Cost Annual Cost Cost Chen 2012
Annual Material Costs Annual Material Costs Annual Cost Cost Tang et al. 2020
Annual Use Value Annual Material Costs Annual Cost Cost Jeddou 2014
Average Inventory Average Inventory Average Cost Cost Mallick 2019
Cost Cost
Average Lot Cost Average Lot Cost Average Cost Cost Hadi-Vencheh and
Mohamadghasemi
2011
Average Unit Cost Average Unit Cost Average Cost Cost Zhang et al. 2020
Consumption Value  Consumption Value = Annual Cost Cost Sarmah and Moharana
2015
Annual Consumption Consumption Value  Annual Cost Cost Mallick 2019
Cost
Volatility in Price of ~ Cost Fluctuation Cost Fluctuation Cost Kar and Jha 2022
Material
Current Stock Value  Current Stock Value  Stock Value Cost Ishizaka et al. 2018
Cost of Inventory Inventory Maintenance Cost Cost An et al. 2019
Maintenance Maintenance Cost
Storing Cost Inventory Maintenance Cost Cost Kabir and Akhtar Hasin
Maintenance Cost 2013
Maintenance Cost Maintenance Cost Maintenance Cost Cost Gong et al. 2022
Ordering cost Ordering cost Average Cost Cost Kabir and Akhtar Hasin
2013
Ordering Cost Per Lot Ordering Cost Per Lot Average Cost Cost Lopez-Soto et al. 2016
Price Price Average Cost Cost Kirig 2013
Opportunity Cost Due Shortage Cost Shortage Cost Cost Nitkratoke and
to Lack of Product Aengchuan 2019
Out of Stock Loss Shortage Cost Shortage Cost Cost An et al. 2019
Value
Shortage cost Shortage cost Shortage cost Cost Rezaei and Salimi 2015
Stockout cost Shortage cost Shortage cost Cost Ghuge et al. 2022
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Superordinate
Criteria Same definition Same concept concept Example author
Stock out loss degree  Stock out loss degree ~ Shortage cost Cost Wang and Li 2015
Stock Value Stock Value Stock Value Cost Otay et al. 2018
Unit Cost Unit Cost Unit Cost Cost Isen and Boran 2018
Unit price Unit price Unit Cost Cost Rezaei and Dowlatshahi
2010
Unitary Purchasing  Unitary Purchasing Unit Cost Cost Ishizaka et al. 2018
Cost Cost

Criticality Criticality Factor Criticality Factor Criticality Factor Mahendrawathi et al.

Criticality Factor
Criticality Factor

Importance
Criticality Factor

Impact of Shortage on
Production
Criticality Factor

Dimensional Accuracy
Durability

Shelf Life

Environmental
implication
Inventory Policy

Maintenance

Number of Clients

Number of Similar
Items

Part quality

Complexity of the
Product

Customers specificity

Product Complexity

Reliability

Repair efficiency

Reparability
Risk

Risk Priority Number

Criticality Factor

Criticality Factor
Impact

Criticality Factor
Impact

Criticality Factor
Scarcity/Shortage

Criticality Factor
Scarcity/Shortage

Criticality Factor
Substitute

Dimensional Accuracy

Durability

Durability

Environmental
implication
Inventory Policy

Maintenance

Number of Clients

Number of Similar
Items

Part quality

Product Complexity

Product Complexity
Product Complexity
Reliability
Reparability

Reparability
Risk

Risk Priority Number

Criticality Factor

Criticality Factor
Impact

Criticality Factor
Impact

Criticality Factor
Scarcity/Shortage

Criticality Factor
Scarcity/Shortage

Criticality Factor
Substitute

Quality

Durability

Durability
Sustainability

Criticality Factor
Scarcity/Shortage

Maintenance

Number of Clients

Criticality Factor
Substitute

Quality

Product Complexity

Product Complexity
Product Complexity
Quality
Reparability

Reparability
Criticality Factor

Scarcity/Shortage
Safety

Criticality Factor
Criticality Factor

Criticality Factor
Criticality Factor
Criticality Factor
Criticality Factor

Criticality Factor
Criticality Factor

Criticality Factor
Criticality Factor
Criticality Factor
Criticality Factor
Criticality Factor

Criticality Factor

Criticality Factor
Criticality Factor

Criticality Factor
Criticality Factor
Criticality Factor
Criticality Factor

Criticality Factor
Criticality Factor

Criticality Factor

2011
Chen 2012
Kirig 2013

Mahendrawathi et al.
2011
Shamsaddini et al. 2015

Tang et al. 2020
Arikan and Citak 2017

Ghuge et al. 2022

Rezaei and Dowlatshahi
2010

Kumawat and Samad
2018

Kar and Jha 2022

Cakmak and Guney
2023

Kirig 2013

Jeddou 2014

Darmanto et al. 2019

Rodrigues et al. 2022
Ghuge et al. 2022

Kar and Jha 2022

Ghuge et al. 2022

Ghuge et al. 2022

Cakmak and Guney
2023

Tavassoli and Saen 2022

Kartal et al. 2016

Gong et al. 2022
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Table A4
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Superordinate

Criteria Same definition Same concept concept Example author

Scarcity Scarcity Criticality Factor Criticality Factor Shamsaddini et al. 2015
Scarcity/Shortage

Specialty Specialty Criticality Factor Criticality Factor Aktepe et al. 2018
Scarcity/Shortage

Expiry or Spoilable (Decay Rate) Spoilable (Decay Rate) Criticality Factor Qalffas et al. 2023a

Obsolescence Risk
Perishability Spoilable (Decay Rate) Spoilable (Decay Rate) Criticality Factor Nitkratoke and
Aengchuan 2019

Spoilable (Decay Rate) Spoilable (Decay Rate) Spoilable (Decay Rate) Criticality Factor Shamsaddini et al. 2015

Commonality Substitutability Criticality Factor Criticality Factor Cakmak and Guney
Substitute 2023

Diversity Substitutability Criticality Factor Criticality Factor Darmanto et al. 2019
Substitute

Flexibility Substitutability Criticality Factor Criticality Factor Kar and Jha 2022
Substitute

Substitutability Substitutability Criticality Factor Criticality Factor Cebi and Kahraman
Substitute 2012

Surface Finish Surface Finish Quality Criticality Factor Ghuge et al. 2022

Sustainability Sustainability Sustainability Criticality Factor Rodrigues et al. 2022

Synergy Synergy Synergy Criticality Factor Qaffas et al. 2023a

Annual Demand
Cost of Demand

Annual Number of
Orders

Demand Fluctuation

Demand Rate

Demand Variability
Demand Predictability

Mean Positive
Demand

Number of Null
Demands

Last Year
Consumption

Annual Consumption

Annual Consumption
Rate

Average Stock

Annual Demand
Annual Demand

Annual Number of
Orders

Demand Fluctuation

Demand Fluctuation

Demand Fluctuation
Demand Predictability

Mean Positive
Demand

Number of Null
Demands

Annual Consumption

Annual Consumption

Annual Consumption
Rate

Average Stock

Annual Demand
Annual Demand
Annual Demand

Demand Fluctuation
Demand Fluctuation

Demand Fluctuation
Demand Fluctuation
Average Demand
Average Demand
Consumption

Consumption
Consumption

Stock level

Coeflicient of variation Coefficient of variation Usage level

of usage

of usage

Demand
Demand
Demand

Demand
Demand

Demand
Demand
Demand
Demand
Inventory attribut

Inventory attribut
Inventory attribut

Inventory attribut
Inventory attribut

Rezaei and Dowlatshahi
2010

de Paula Vidal et al.
2022

Jeddou 2014

Kartal et al. 2016

Cakmak and Guney
2023

Cakmak and Guney
2023

Cakmak and Guney
2023

Lolli et al. 2017

Lolli et al. 2017
Munna et al. 2015

Darmanto et al. 2019
Abdolazimi et al. 2021

Kartal et al. 2016
Suryaputri et al. 2022

© 2025 The Author(s).

Continued

International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation
of Operational Research Societies.

85U8017 SUOWILLIOD @A 11D 3ol dde 8L Aq peueob 8 Sapoie YO ‘8sh JO 3| 10y AeIq18UlUO AB]IM UO (SUORIPUOD-PUR-SWBIAL0O" A3 1M AeIq U1 [UO//SdNL) SUORIPUOD pUe SWe | 8u) 89S *[5202/80/S0] Uo AriqiTauliu AB]IM * PiT 3N BI8USZeISY - BUZINIO Sen T Aq £800. J0N/TTTT 0T/I0p/W00 48| 1M Alelq Ul |uo//Sdiy WOy papeo|umod ‘0 ‘Se6ES.YT



L. Griitzner and M. H. Breitner / Intl. Trans. in Op. Res. 0 (2025) 1-40 37
Table A4
(Continued)
Superordinate
Criteria Same definition Same concept concept Example author

Consignment Stock
Consumption Rate
Daily usage
Frequency of issue
Handling Frequency
Last Use Date
Limitations of
Warehouse Space

Storage Space

Prevalence

Rotation

Stock holding time

Storage ability

Aftersales customer
service

Awailability

Buyers dependece on
suppliers

Contract
Manufacturing
Process Duration

Current Item Status

Customer sensitivity
Delivery Cycle Time
Lead Time

Lead Time
Transformed

Purchasing Lead Time

Competition for the
supplier

Number of Available
Suppliers

Number of Suppliers

Order replenishment
frequency

Payment Terms

Procurement process
Replenishment Lead
Time

Consignment Stock
Consumption Rate
Daily usage
Handling Frequency
Handling Frequency
Last Use Date
Limitations of
Warehouse Space

Limitations of
Warehouse Space
Prevalence
Rotation
Stock holding time
Storage ability
Aftersales customer
service
Availability

Buyers dependece on
suppliers

Contract
Manufacturing
Process Duration

Current Item Status

Customer sensitivity
Lead Time
Lead Time

Lead Time

Lead Time
Number of Suppliers

Number of Suppliers

Number of Suppliers

Order replenishment
frequency

Payment Terms

Procurement process
Replenishment Lead
Time

Stock level
Usage level
Usage level
Usage level
Usage level
Usage level
Storage ability

Storage ability

Usage level

Usage level

Usage level

Storage ability

Aftersales customer
service

Availability

Buyers dependece on
suppliers

Lead Time

Availability

Customer sensitivity

Lead Time

Lead Time

Lead Time

Lead Time
Number of Suppliers

Number of Suppliers

Number of Suppliers
Lead Time

Payment Terms
Procurement process

Replenishment Lead
Time

Inventory attribut
Inventory attribut
Inventory attribut
Inventory attribut
Inventory attribut
Inventory attribut
Inventory attribut

Inventory attribut
Inventory attribut
Inventory attribut
Inventory attribut
Inventory attribut
Procurement process
Procurement process

Procurement process

Procurement process

Procurement process
Procurement process
Procurement process
Procurement process

Procurement process

Procurement process
Procurement process

Procurement process

Procurement process
Procurement process

Procurement process

Procurement process
Procurement process

Kartal et al. 2016
Kiyak et al. 2015
Kartal et al. 2016
Ishizaka et al. 2018
Aktepe et al. 2018
Munna et al. 2015
Hadi-Vencheh and
Mohamadghasemi
2011
Otay et al. 2018

Darmanto et al. 2019
Pérez Vergara et al. 2020
Otay et al. 2018

Kirig 2013

Rodrigues et al. 2022

Kabir and Akhtar Hasin
2013
Kar and Jha 2022

Aktepe et al. 2018

Cakmak and Guney
2023

Qalffas et al. 2023a

Rodrigues et al. 2022

Rezaei and Dowlatshahi
2010

Kiyak et al. 2015

Wang and Li 2015
Qaffas et al. 2023a

Yung et al. 2021

Ghuge et al. 2022

Cakmak and Guney
2023

Cebi and Kahraman
2012

Kirig 2013

Lolli et al. 2017

Continued
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Table A4
(Continued)
Superordinate
Criteria Same definition Same concept concept Example author
Percentage Percentage Quantity sold Profit Kar and Jha 2022
Contribution Contribution
Profit Profit Profit Profit Qaffas et al. 2023a
Profit Margin Profit Margin Profit Profit Jeddou 2014
Profit per Unit Profit per Unit Profit Profit Kumawat and Samad
2018
Profit Rate Profit Rate Profit Profit Wang and Li 2015
Quantity sold Quantity sold Quantity sold Profit Kumar et al. 2017
Sales Sales Sales Profit Qaffas et al. 2023a
Selling Volume Selling Volume Sales Profit Nitkratoke and
Aengchuan 2019
Turnover Turnover Profit Profit Liu et al. 2016
Dangerous good Dangerous good Dangerous good Unit characteristic =~ Qaffas et al. 2023a
classification classification classification
Shape of the Shape of the Unit property Unit property Balaji and Kumar 2014
component component
Product Size Unit Size Unit property Unit property Kartal et al. 2016
Unit Size Unit Size Unit property Unit property Kumar et al. 2017
Unit weight Unit weight Unit property Unit property Cakmak and Guney
2023
Table AS
Analysis of the focus group discussion based on Nili et al. (2017)
Added value and
applicability of the Possibilities for Limitation, similar
Research design taxonomy improvement and further research
and methods ~ Taxonomy results o)
3 2
o G Gt
) E o 2 8 o8 § &
5. < ] 9 g% = .9 ! P
cze 82, fzEe 2% Z E EC
$55 952 Tk 2 £ E B8
me 2 A8E <=3 » B A O &8
5 g -
72} 2 8 72} .4 O o Tti
& 2 % £ 8 o S :i‘ ] ,§ w B2 B @
2 & & Z £Ee £ T 3 5§ £ ¢ sE2 EF5ZEE£E 2ES383%2Ew
g2 § £ & SE E 92E 2 & & 25§ 53225x3ET%5%
a2 O O O S0 & ¥83 2 < < £2z EZ85=840<E53€E
© 2025 The Author(s).

International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation
of Operational Research Societies.

85U8017 SUOWILLIOD @A 11D 3ol dde 8L Aq peueob 8 Sapoie YO ‘8sh JO 3| 10y AeIq18UlUO AB]IM UO (SUORIPUOD-PUR-SWBIAL0O" A3 1M AeIq U1 [UO//SdNL) SUORIPUOD pUe SWe | 8u) 89S *[5202/80/S0] Uo AriqiTauliu AB]IM * PiT 3N BI8USZeISY - BUZINIO Sen T Aq £800. J0N/TTTT 0T/I0p/W00 48| 1M Alelq Ul |uo//Sdiy WOy papeo|umod ‘0 ‘Se6ES.YT



L. Griitzner and M. H. Breitner / Intl. Trans. in Op. Res. 0 (2025) 1-40 39

Reference

Table A6
Recommended number of clusters of different methods
Measure by Recommended

number of

clusters

Ball and Hall (1965) 8

Calinski and 2
Harabasz (1974)

Davies and Bouldin 7
(1979)

Dunn (1974) 2

Halkidi et al. (2000) 6

w

Hartigan (1975)
Hubert and Levin 8
(1976)

Krzanowski and Lai 2
(1988)

McClain and Rao 2
(1975)

Milligan (1981) 3

Robert 6
(1953)—Elbow
Method Index

Rousseeuw (1987)— 7
Silhouette
Score

Ball, G. H., & Hall, D. J. 1965. Isodata: A novel method of data analysis and
pattern classification. Menlo Park: Stanford Research Institute.

Calinski, T., & Harabasz, J. 1974. “A dendrite method for cluster analysis”,
Communications in Statistics-theory and Methods, 3.

Davies, D. L., & Bouldin, D. W. 1979. “A cluster separation measure”, I[EEE
Transactions on Pattern Analysis and Machine Intelligence, 2, pp. 224-2217.

Dunn, J. C. 1974. “Well-separated clusters and optimal fuzzy partitions”,
Journal of cybernetics, 4(1), pp. 95-104.

Halkidi, M., Vazirgiannis, M., & Batistakis, Y. 2000. “Quality scheme
assessment in the clustering process”, European Conference on Principles of
Data Mining and Knowledge Discovery, pp. 265-276.

Hartigan, J. A. 1975. Clustering algorithms. New York: Wiley.

Hubert, L. J., & Levin, J. R. 1976. “A general statistical framework for
assessing categorical clustering in free recall”, Psychological Bulletin, 83(6),
pp. 1072-1080.

Krzanowski, W. ., & Lai, Y. T. 1988. “A criterion for determining the
number of groups in a data set using sum-of-squares clustering”,
Biometrics, 44, pp. 23-34.

McClain, J. O., & Rao, V. R. 1975. “Clustisz: A program to test for the
quality of clustering of a set of objects”, Journal of Marketing Research,
pp. 456-460.

Milligan, G. W. (1981). A Monte Carlo study of thirty internal criterion
measures for cluster analysis. Psychometrika, 46(2), 187-199.

Robert L. Thorndike (December 1953). “Who Belongs in the Family?”.
Psychometrika. 18 (4): 267-276.

Rousseeuw, P. J. (1987). Silhouettes: A graphical aid to the interpretation and
validation of cluster analysis. Journal of Computational and Applied
Mathematics, 20, 53-65.

Table A7

Jaccard index per kmodes Run

ID Kmodes Run Jaccard Index

1 -

2 0.899122807017544
3 0.5290986304144198
4 0.5003858024691358
5 0.8319799300191456
6 0.7642600089968511
7 0.8177736006683375
8 0.7898190045248868
9 0.6267216057076738
10 0.6401158675345981
11 0.8833333333333333
Total Average 0.7282610590685926
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Fig. A1. Mapping of criteria.
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