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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and or methodology.

• The House of Resilience conceptualizes logistics resilience as an emergent system
property resulting from interactions among technological, operational, structural, and
strategic layers.

• The FHOR-RAM model operationalizes this architecture through hierarchical fuzzy
inference, representing uncertainty, nonlinear relationships, and interdependencies
among resilience dimensions.

What are the main findings and/or the implications of the main findings?

• The model enables an integrated diagnosis of resilience by identifying how weaknesses
in individual layers constrain the resilience of the entire logistics system.

• Coordinated improvement across multiple resilience layers is more effective than iso-
lated interventions, confirming that digital capabilities should support—not substitute
for—structural, operational, and strategic resilience mechanisms.

Featured Application

The proposed House of Resilience framework combined with the FHOR-RAM model pro-
vides a structured approach for analyzing resilience configurations in logistics and supply
chain systems. The framework can support decision-making by helping organizations
identify potential resilience weaknesses across technological, operational, structural, and
strategic dimensions and explore possible improvement pathways under uncertainty. In
practical applications, the assessment process can be supported by combining available
organizational data sources (e.g., ERP and supplier management systems, operational
performance indicators, risk registers, and expert assessments) with structured linguistic
evaluations of resilience criteria. The resulting resilience profile enables decision-makers to
identify critical capability gaps, prioritize improvement initiatives, and compare alternative
development scenarios before implementing resilience-oriented actions. The approach is
particularly applicable for resilience assessment in procurement systems, supplier risk anal-
ysis, and resilience-oriented planning. In addition, the model may support the evaluation
of hypothetical development scenarios, such as improvements in digital capabilities, sup-
plier diversification, or governance mechanisms, while recognizing that further empirical
studies are required to validate its applicability across different industries and supply chain
configurations.
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Abstract

Contemporary logistics systems operate in increasingly volatile and uncertain environ-
ments, where disruptions and digital transformation jointly shape system performance
and continuity. In this context, resilience has emerged as a critical capability; however,
existing approaches often remain fragmented, representing resilience either as isolated
capabilities or aggregated indicators, while lacking an integrated conceptual architecture
for resilience assessment. This study introduces the House of Resilience (HoR) as a hi-
erarchical conceptual architecture that represents resilience as an emergent multi-layer
system property and operationalizes this concept through the Fuzzy House of Resilience
Assessment Model (FHOR-RAM). The model applies fuzzy logic with linguistic variables,
triangular fuzzy numbers, and a hierarchical Mamdani-type fuzzy inference system to cap-
ture uncertainty in expert assessments and aggregate resilience measures at both layer and
system levels. The proposed framework is illustrated through a real-world procurement
system case study conducted in a manufacturing company operating within a global supply
network. The results indicate a moderate overall resilience level (RHoR = 0.402), with the
weakest performance observed in the structural (R3 = 0.31), strategic (R4 = 0.33), and tech-
nological and risk assessment (R1 = 0.34) layers, while the operational and adaptive layer
achieved a moderate resilience level (R2 = 0.51). The diagnostic analysis identified supplier
dependency, lead-time instability, limited resilience governance, and insufficient digital
capabilities as the principal resilience bottlenecks. Scenario analysis demonstrated that
improvements targeting individual resilience dimensions provide only limited system-level
gains, while coordinated development across multiple resilience layers enables a transition
toward higher resilience levels (RHoR = 0.647). The findings confirm that resilience should
be addressed as a multidimensional and multi-layer system property rather than as an
isolated technological capability. The study demonstrates that fuzzy inference provides
an effective operational mechanism for translating the House of Resilience conceptual
architecture into an interpretable and decision-oriented resilience assessment framework
under uncertainty. The study demonstrates that fuzzy inference provides an effective
operational mechanism for translating the House of Resilience conceptual architecture into
an interpretable and decision-oriented resilience assessment framework under uncertainty.
The case study illustrates how the framework can support structured resilience diagnosis
and identification of potential improvement priorities within a procurement system. How-
ever, broader empirical validation, including multi-company studies and integration with
organizational data sources, remains necessary to further evaluate its transferability and
practical deployment potential.

Keywords: House of Resilience; logistics systems; supply chain resilience; fuzzy logic;
resilience assessment; digital transformation; Industry 5.0; decision support systems;
predictive analytics

1. Introduction
Contemporary logistics systems and supply chains operate in an environment char-

acterized by increasing volatility, uncertainty, and complexity [1]. The globalization of
flows, growing interdependencies within supply networks, dynamic demand fluctua-
tions, and systemic disruptions, such as geopolitical crises, pandemics, and transportation
disturbances, significantly challenge the ability of organizations to maintain operational
continuity. As a result, resilience has become a critical capability in logistics and supply
chain management [2–4].
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In this study, these concepts are considered as related but analytically distinct levels
of resilience analysis. Supply chain resilience refers to the capability of an interconnected
network of organizations, including suppliers, manufacturers, logistics providers, and
customers, to anticipate, absorb, recover from, and adapt to disruptions. Logistics system
resilience focuses on maintaining and adapting material, information, and operational
flows within such networks, whereas procurement resilience represents a functional dimen-
sion associated with supplier-related risks, sourcing continuity, and purchasing processes.
Accordingly, procurement resilience should be viewed as a subsystem-level manifestation
of broader supply chain resilience rather than as an equivalent concept.

Despite the growing body of literature on supply chain resilience, existing approaches
remain fragmented. Resilience is often conceptualized either as a set of operational capabil-
ities (e.g., flexibility, redundancy, responsiveness) or as a general system property, without
a unified framework integrating these dimensions [2,5]. Similarly, existing resilience ma-
turity models provide valuable mechanisms for benchmarking and monitoring resilience
development; however, they commonly represent resilience through predefined capability
dimensions and sequential maturity levels, offering limited explanation of how interactions
among different resilience dimensions contribute to system-level resilience [6,7]. Many
studies focus on isolated aspects such as risk management, inventory strategies, or disrup-
tion mitigation, while relatively limited attention is given to the development of integrated
system architectures that capture the interdependencies between structural, operational,
technological, and strategic elements of resilience [8–10]. These limitations are particularly
relevant when resilience is analyzed across different organizational levels, as mechanisms
supporting resilience at a functional level (e.g., procurement) may contribute differently to
resilience at the broader logistics or supply chain level.

At the same time, the ongoing digital transformation of logistics systems, driven
by technologies such as the Internet of Things, data analytics, and artificial intelligence,
creates new opportunities for enhancing resilience [3,11–13]. Digital technologies enable
real-time visibility, faster decision-making, and predictive capabilities, thereby supporting
proactive disruption management. However, current research lacks comprehensive models
that explicitly link digital capabilities with broader resilience structures in a coherent and
operationalizable manner [14,15]. Therefore, the current research challenge is not only to
identify individual resilience capabilities but also to develop an integrative conceptual
architecture that structures how these capabilities interact and collectively contribute to
system resilience.

In response to these limitations, this study addresses the following research questions:

RQ1: How can resilience in interconnected logistics systems be conceptualized as an
integrated, multi-layer system architecture adaptable across different organizational levels?
RQ2: How can such an architecture be operationalized to represent interactions among resilience
dimensions and enable structured assessment and decision support under uncertainty?
RQ3: What is the role of digital technologies in enhancing resilience across different system
layers?

Existing resilience assessment approaches generally conceptualize resilience either
as an aggregate performance indicator or as a collection of independently assessed capa-
bilities. Although maturity models have improved the systematic evaluation of resilience
development, they typically focus on describing capability levels rather than explaining the
structural mechanisms through which resilience emerges from interactions among multiple
system layers. Consequently, they provide limited conceptual guidance for designing coor-
dinated resilience strategies in complex logistics systems. In contrast, the proposed House
of Resilience conceptualizes resilience as a hierarchical system architecture, in which indi-
vidual resilience mechanisms perform distinct functional roles and interact across multiple
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organizational layers. This conceptualization provides a structured theoretical perspective
for analyzing resilience as an emergent system property resulting from interactions among
interconnected capabilities rather than as a simple aggregation of independent indicators.
Importantly, the framework is designed as an adaptable conceptual architecture, while
its empirical application in this study is demonstrated within a procurement subsystem.
Therefore, the case study illustrates the operational applicability of the framework at the
functional level without claiming direct validation of resilience across an entire supply
chain network.

To answer these questions, the main objective of this study is to develop and oper-
ationalize the House of Resilience (HoR) as a hierarchical conceptual architecture that
integrates existing resilience dimensions and describes how their interactions contribute to
system-level resilience. This architecture is subsequently translated into the FHOR-RAM
model through a hierarchical Mamdani fuzzy inference system, enabling structured re-
silience assessment and supporting decision-making under uncertainty. In practical terms,
the model supports a structured assessment workflow in which organizational information,
operational indicators, and expert-based evaluations are transformed into a resilience pro-
file identifying critical capability gaps and potential improvement priorities. In this context,
fuzzy inference is not applied solely as a mechanism for uncertainty handling, but as a
formal representation approach that captures gradual transitions, nonlinear relationships,
and interdependencies among resilience dimensions.

The main contributions of the study are threefold. First, the study contributes concep-
tually by proposing the House of Resilience (HoR) as a hierarchical conceptual architecture
that integrates individual resilience capabilities into a multi-layer representation of system-
level resilience. Second, the conceptual architecture is operationalized through the Fuzzy
House of Resilience Assessment Model (FHOR-RAM), which translates the conceptual HoR
structure into an interpretable hierarchical fuzzy inference system. Beyond uncertainty
handling, the fuzzy mechanism enables the representation of gradual transitions, nonlinear
relationships, and interaction effects among resilience dimensions, supporting the assess-
ment of resilience from a multi-layer system perspective. Third, the applicability of the
proposed framework is demonstrated through a procurement case study, illustrating how
the general resilience architecture can be operationalized within a specific supply chain
function to support resilience diagnosis, scenario analysis, and improvement planning. The
obtained resilience profile enables the identification of priority areas requiring managerial
attention, while scenario analysis provides a structured mechanism for exploring possible
resilience improvement pathways. The assessment process combines available organiza-
tional information with structured expert evaluations of resilience criteria, allowing the
framework to be applied also in environments where complete quantitative resilience data
are not available.

The remainder of the paper is structured as follows. Section 2 reviews the literature on
supply chain resilience, resilience enablers, and modeling approaches. Section 3 introduces
the concept of the House of Resilience (HoR) as a hierarchical conceptual architecture for
representing resilience as a multi-layer system property. Section 4 presents the application
of the HoR conceptual architecture in a procurement context and discusses its adaptation
to logistics-related decision environments. Section 5 describes the proposed Fuzzy House
of Resilience Assessment Model (FHOR-RAM), including its structure, assessment criteria,
linguistic variables, and fuzzy inference mechanism. Section 6 presents the case study
and demonstrates the application of the proposed model within a procurement system.
Section 7 discusses the findings in relation to existing research, theoretical and managerial
implications, limitations, and future research directions. Finally, Section 8 concludes the
paper and suggests directions for future research.
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2. Literature Review and Theoretical Background
Logistics systems constitute a fundamental component of the global economy, en-

abling the efficient flow of goods between suppliers, manufacturers, distributors, and final
customers. However, the increasing complexity and global interconnectedness of supply
networks significantly amplify their exposure to disruptions arising from natural disasters,
technical failures, geopolitical tensions, and infrastructure constraints. In this context,
resilience has emerged as a critical capability that enables logistics systems to maintain
operational continuity and adapt to unexpected disturbances [16]. At the same time, con-
temporary supply chains increasingly strive to achieve high levels of efficiency, flexibility,
and responsiveness, often resulting in highly optimized and lean operational structures [17].
While such configurations contribute to cost reduction, they also increase the vulnerability
of logistics systems to disruptions in an increasingly dynamic and uncertain economic
environment [18]. This tension between efficiency and resilience has become one of the
central challenges in modern supply chain design, as highly optimized systems tend to
lack buffering capacity and adaptive flexibility under disruption conditions. Consequently,
the concepts of vulnerability and resilience have gained considerable attention over the
past two decades and have become important research topics within the supply chain
management literature [19,20]. Despite the growing volume of research, the literature
remains fragmented across multiple streams, including risk management, operational
flexibility, redundancy strategies, and digital transformation. Existing studies frequently
identify resilience dimensions and capabilities but provide limited explanation of how
these elements interact and contribute to resilience at the organizational or supply chain
level. Similarly, quantitative modeling approaches often evaluate selected resilience aspects
without being embedded within broader conceptual architectures. Consequently, there is a
need for integrated frameworks that not only assess resilience capabilities but also explain
their structural relationships and support operational decision-making under uncertainty.

Conceptual clarification of resilience levels is necessary because the terms supply
chain resilience, logistics system resilience, and procurement resilience refer to related but
distinct analytical perspectives. Supply chain resilience represents the broadest perspective,
referring to the capability of the entire network of interconnected organizations, including
suppliers, manufacturers, logistics service providers, and customers, to anticipate, absorb,
adapt to, and recover from disruptions [21,22]. Logistics system resilience represents a more
specific system-level perspective focused on the continuity and adaptability of material,
information, and resource flows enabled by logistics processes, infrastructure, technologies,
and coordination mechanisms. Procurement resilience constitutes a functional perspective
within logistics and supply systems, concentrating on the ability of sourcing activities to
maintain supply continuity through supplier management, risk identification, information
integration, and adaptive decision-making.

Accordingly, this study distinguishes between the theoretical scope and empirical
application of resilience analysis. The proposed House of Resilience (HoR) conceptual
architecture is developed at the level of logistics system resilience, aiming to represent
the interaction of structural, operational, technological, and strategic mechanisms that
contribute to system-level resilience. Procurement is used as an application domain to
demonstrate how these resilience mechanisms can be identified and assessed within a
specific organizational function. Therefore, the empirical case study does not redefine the
framework as a procurement resilience model, but rather illustrates its applicability in a
procurement context.
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2.1. Resilience in Supply and Logistics Systems

Within the broader field of supply chain resilience research, disruptions are gener-
ally understood as events that interrupt the normal functioning of interconnected supply
networks, affecting material flows, information exchange, financial processes, or opera-
tional performance [22]. However, from the perspective of logistics systems, disruptions
should also be considered in relation to the continuity of physical flows, infrastructure
availability, information visibility, and coordination mechanisms that enable system op-
eration. Consequently, resilience analysis requires consideration of both network-level
dependencies and functional capabilities of specific logistics subsystems. For analytical
purposes, supply chain disruptions can be broadly classified into three categories: natural
disasters, accidental events (such as technical faults or operational failures), and intentional
attacks [23]. Each category is characterized by different mechanisms of occurrence and
therefore requires distinct approaches for estimating its likelihood and potential impact.
However, this traditional classification is increasingly challenged by hybrid and cascading
disruptions (e.g., cyber-physical failures), which combine elements from multiple categories
and propagate across interconnected systems, thereby complicating risk assessment and
resilience planning.

The dynamics of such events can be described using the so-called disruption profile,
which illustrates changes in system performance before, during, and after the occurrence
of a disruption [23]. The dynamics of the system response depend on the nature of the
disruption and, according to the literature, can be described through eight phases [23],
which are presented in Figure 1:

• Preparation. In some situations, organizations are able to anticipate potential disrup-
tions and implement preventive measures that mitigate their impact. Such actions
may include maintaining safety stocks, developing contingency plans, or establishing
alternative sourcing strategies.

• Disruptive Event. This phase corresponds to the occurrence of the disruptive incident,
which may result from natural hazards, operational failures, labor conflicts, or supplier
bankruptcy. The event triggers disturbances that propagate through the supply chain
network.

• First Response. The initial response focuses on stabilizing the situation and limiting
further damage. In supply chains, this phase involves emergency operational adjust-
ments, communication among stakeholders, and coordination of immediate mitigation
actions.

• Initial Impact. The first operational consequences of the disruption begin to appear. De-
pending on the magnitude of the disturbance, the level of redundancy, and the inherent
resilience of the system, the deterioration of performance may occur immediately or
with some delay.

• Full Impact. At this stage, the disruption reaches its maximum operational effect.
System performance indicators, such as production levels, material availability, and
customer service performance, may decline significantly.

• Recovery Preparation. Activities aimed at restoring system functionality are initiated.
These actions may include activating alternative suppliers, reallocating resources, or
adjusting logistics and production plans.

• Recovery. The system gradually restores its operational capacity. Organizations may
increase resource utilization, implement overtime, or mobilize additional supply chain
partners to compensate for lost production or delivery capacity.

• Long-Term Impact. Even after operational recovery, disruptions may generate long-term
consequences, particularly when customer relationships, supplier partnerships, or
market reputation have been negatively affected.
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Supply chain disruptions may originate from different sources, including natural haz-
ards, accidental failures, and intentional disruptions such as cyberattacks or sabotage [23].
These disruption categories differ substantially with respect to predictability and risk es-
timation approaches. Natural hazards can often be analyzed using probabilistic models
based on historical data, whereas accidental failures typically represent low-probability but
high-impact events influenced by human and organizational factors. Intentional disrup-
tions are particularly difficult to assess due to the adaptive behavior of adversaries. This
diversity of disruption types further complicates the development of universal resilience
models, as different categories require distinct analytical and managerial approaches.

Figure 1. The dynamics of the system response. Source: own elaboration based on [24].

Operational uncertainty in logistics processes is frequently analyzed in relation to
deviations from the classical “7R” logistics principle, which assumes that logistics systems
should deliver the right product, in the right quantity and quality, to the right place, at the
right time, for the right customer, and at the right cost [25]. Disruptions may therefore affect
multiple dimensions of logistics system performance, including time, quantity, location,
quality, and cost. As a consequence, such disturbances often lead to a deterioration of key
performance indicators, such as production output, service levels, profitability, or customer
satisfaction, before recovery mechanisms are activated [26].

Importantly, not every disruption results in system failure. The ability of logistics
systems to tolerate disturbances depends strongly on the availability of time redundancy,
which allows the system to absorb temporary disruptions without significantly affect-
ing its operational objectives [27,28]. Systems equipped with sufficient temporal buffers
may therefore maintain operational continuity while corrective actions are implemented.
However, excessive redundancy may lead to inefficiencies and increased operational costs,
highlighting the need for balanced design approaches that integrate efficiency and resilience
considerations.
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Within this context, supply chain resilience is commonly defined as the capability of
a supply chain to withstand disruptions without significantly compromising its ability
to fulfill its operational mission [29]. Although the term supply chain resilience is fre-
quently used as the dominant concept in the literature, the mechanisms through which
resilience emerges may differ depending on the analyzed system level. At the network
level, resilience is primarily associated with inter-organizational relationships, diversifica-
tion, redundancy, and collaboration. At the logistics system level, resilience additionally
depends on operational flexibility, information visibility, technological capabilities, and
adaptive process management. At the functional level, such as procurement, resilience
is reflected through specific managerial practices, including supplier risk management,
sourcing flexibility, and data-supported decision-making.

As resilience has been studied across multiple research domains, definitions differ not
only in their conceptual emphasis but also in the level of analysis to which they are applied.
Table 1, therefore, summarizes representative definitions according to their underlying
system level, highlighting the transition from general system resilience concepts toward
supply chain and logistics-oriented perspectives.

Table 1. Representative definitions of resilience across different system levels and their relevance to
logistics systems.

Author (Year)
Ref. Domain System Level Definition Focus

(Shortened)
Key

Dimension Perspective Limitation

Holling
(1973) [30]

Socio-
ecological
systems

General system
level

Ability to absorb
disturbance and
maintain system

relationships

Absorption,
stability Broad

Limited
operationalization

for
technical/logistics

systems

Bruneau et al.
(2003) [31]

Community/
infrastructure

Infrastructure/
system level

Ability to
mitigate,

withstand, and
recover from

disasters

Resistance,
recovery Both

Focus on extreme
events, less on

operational
continuity

Woods
(2006) [32]

Engineering
systems

Technical
system level

Ability to
recognize, adapt,
and respond to

unexpected
disturbances

Adaptation,
anticipation Broad

High-level
conceptual, limited
measurable criteria

Sutcliffe &
Vogus

(2007) [33]
Organizational Organizational

level

Ability to
maintain positive
adjustment and

emerge
strengthened

Adaptation,
learning Predictive

Strong behavioural
focus, limited
system-level

structure

Ponomarov &
Holcomb

(2009) [22]
Supply chain Supply chain

network level

Capability to
prepare for,

respond to, and
recover from
disruptions

Preparedness,
response,
recovery

Both
Limited integration
with technological

enablers

Hollnagel
(2010) [34]

Safety/resilience
engineering

System level
(socio-technical

systems)

Ability to adjust
functioning

before, during,
and after

disturbances

Adaptation,
continuity Both Abstract; requires

operationalization
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Table 1. Cont.

Author (Year)
Ref. Domain System Level Definition Focus

(Shortened)
Key

Dimension Perspective Limitation

Hosseini
Shekarabi et al.

(2025) [10]

Infrastructure
systems

Infrastructure/
system level

Ability to
withstand and

recover within an
acceptable time

and cost

Robustness,
recovery Both

Focus on
performance

metrics, less on
adaptability

Linkov et al.
(2013) [35]

Systems/
infrastructure System level

Ability to prepare,
absorb, recover,

and adapt to
disruptions

Full resilience
cycle Both

Generic framework,
limited

domain-specific
detail

Hosseini et al.
(2016) [36] Supply chain Supply chain

network level

Ability to reduce
disruption

probability and
recover

performance

Risk +
recovery Both

Emphasis on risk,
less on system

architecture

Yarveisy et al.
(2020) [37]

General
systems System level

Ability to absorb,
operate in

degraded mode,
and recover

Absorption,
recovery Retrospective

Limited emphasis
on proactive
capabilities

The reviewed definitions indicate a clear evolution of the resilience concept from a
focus on stability and recovery (“bounce back”) toward more dynamic perspectives em-
phasizing adaptation, learning, and system transformation (“bounce forward”). However,
despite this conceptual advancement, most definitions remain either domain-specific or
highly abstract, lacking structured representations that integrate multiple system layers. In
particular, limited attention is given to the role of digital technologies and their interaction
with operational and strategic dimensions of resilience. This gap highlights the need for
integrated, multi-layer frameworks capable of structuring interactions among resilience
mechanisms across different system levels.

2.2. Strategies and Enablers of Logistics Resilience

Building resilience in logistics systems requires the coordinated application of multiple
strategic, operational, and technological mechanisms. The literature increasingly emphasizes
that isolated resilience measures are insufficient, and that effective resilience building requires
system-level integration across multiple dimensions of logistics system design and management.
These approaches focus not only on mitigating risks but also on enhancing the ability of logistics
systems to anticipate, absorb, and adapt to disturbances. However, despite the identification of
numerous resilience strategies, existing studies often analyze them in isolation, without explicitly
addressing their interdependencies or their role within a coherent system architecture. This
limitation reduces their applicability in complex, real-world logistics systems. In this context,
several key resilience enablers can be identified, reflecting different dimensions of logistics
system design and management. Among the most commonly discussed strategies for building
resilience in the literature are the following [38–41]:

1. Risk identification and assessment constitute a fundamental prerequisite for resilience
building. Effective resilience management requires a comprehensive understanding of
potential vulnerabilities within the logistics network, including geographic exposure,
geopolitical conditions, natural hazards, supply dependencies, and regulatory con-
straints. Systematic risk assessment enables organizations to identify critical points
of failure, prioritize mitigation actions, and allocate resources in a targeted manner.
Nevertheless, traditional risk assessment approaches are often static and probability-
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based, which limits their applicability in highly dynamic and uncertain environments
characterized by low-probability, high-impact disruptions.

2. Supplier and transportation diversification represents a widely recognized strategy for
reducing disruption exposure. Supply chains relying on single sourcing or limited
transport options are particularly vulnerable to localized disturbances. The adoption
of multi-sourcing strategies and alternative transportation routes reduces depen-
dency on individual nodes and enhances system flexibility. However, diversification
may increase operational complexity and costs, and without proper coordination
mechanisms, it can introduce new inefficiencies and risks.

3. Inventory optimization plays a critical role in balancing efficiency and resilience. While
just-in-time strategies minimize inventory-related costs, they simultaneously reduce
buffering capacity during disruptions. Consequently, resilient logistics systems in-
creasingly incorporate safety stocks, strategic reserves, and dynamic inventory poli-
cies. This highlights a fundamental trade-off between efficiency and resilience, which
remains insufficiently addressed in existing models that typically optimize for one
objective while neglecting the other.

4. Technology integration significantly enhances resilience capabilities by enabling real-time
monitoring, data-driven decision-making, and process automation. Technologies such
as the Internet of Things, blockchain, artificial intelligence, and predictive analytics
improve supply chain visibility and support early detection of disruptions. Despite
their growing importance, digital technologies are often treated as isolated enablers
rather than as integrated elements of resilience architectures. Moreover, digitalization
may introduce new vulnerabilities related to cybersecurity, data quality, interoperability,
and technological dependence. Therefore, its contribution to resilience depends on
appropriate governance and integration with organizational capabilities. At the same
time, digital technologies may also introduce new sources of vulnerability. Increased
dependence on interconnected information systems, cloud services, automated decision
support, and digital communication may expose logistics systems to cybersecurity
threats, data quality problems, system failures, interoperability issues, or algorithmic
errors. Consequently, digitalization should not be viewed as an inherently resilience-
enhancing capability, but rather as an enabler whose contribution depends on the
robustness, reliability, and governance of the underlying digital infrastructure.

5. Collaboration and information sharing among supply chain stakeholders are critical for
coordinated disruption management. Effective communication and data exchange
between suppliers, manufacturers, logistics providers, and institutional actors enable
faster response and more efficient recovery processes. However, collaboration is
frequently constrained by issues such as data ownership, trust, and lack of interoper-
ability between systems, which limit its practical implementation.

6. Supply chain visibility and transparency are essential for enhancing responsiveness and
decision-making under uncertainty. End-to-end visibility enables real-time tracking
of material flows and early identification of bottlenecks. While visibility is widely
recognized as a key enabler, its effectiveness depends strongly on the quality of data
integration and the analytical capabilities available within the system.

7. Resilience planning and workforce development constitute an important organizational
dimension of resilience. The implementation of contingency planning, scenario-based
simulations, and structured training programs enhances preparedness and supports
effective response to disruptions. Nevertheless, human and organizational factors
remain underrepresented in many quantitative resilience models, which tend to focus
primarily on technical and structural aspects.
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8. Sustainable logistics design represents a cross-cutting dimension that influences the
long-term effectiveness of resilience strategies. Sustainability integrates environmen-
tal, social, and economic considerations into logistics decision-making and empha-
sizes resource efficiency, responsible sourcing, reduced environmental impact, and
long-term value creation [42,43]. From a resilience perspective, sustainable prac-
tices contribute to reducing resource dependencies, improving system adaptability,
and strengthening long-term continuity under changing environmental and market
conditions [40]. However, sustainability should not be considered as an isolated
resilience capability. Instead, it interacts with structural, operational, technological,
and strategic resilience mechanisms by shaping how these capabilities are developed
and maintained over time.

The reviewed resilience enablers demonstrate that resilience should not be understood
as a collection of isolated organizational capabilities but rather as a multidimensional
system property emerging from the interaction of complementary resilience mechanisms.
However, existing studies differ considerably in terminology, analytical perspective, and
level of abstraction. Some emphasize network design and redundancy, others focus on
organizational adaptability, while more recent studies highlight the role of digital technolo-
gies or strategic governance. Consequently, resilience is frequently represented as a set of
heterogeneous capabilities rather than as a coherent system architecture explaining how
these capabilities jointly contribute to system-level resilience.

In addition, recent studies increasingly emphasize that resilience should not be consid-
ered solely as the ability to withstand disruptions, but also as a strategic capability contributing
to organizational performance and long-term sustainability. In digitally transformed logistics
systems, resilience capabilities enabled by data visibility, advanced analytics, and intercon-
nected technologies contribute to improved operational efficiency, service continuity, and
adaptive decision-making [44,45]. Furthermore, the integration of sustainability-oriented
strategies with digital transformation and resilience capabilities enables organizations to
achieve balanced economic, environmental, and social outcomes [46,47]. Therefore, resilience
can be interpreted not only as a defensive capability for disruption management but also as a
strategic enabler supporting sustainable organizational performance.

A closer synthesis of the literature indicates that the identified resilience enablers
can be grouped according to their primary functional role within the resilience process
rather than according to their disciplinary origin. First, a substantial body of supply chain
resilience research identifies supplier diversification, inventory buffering, redundancy, alter-
native sourcing, and network configuration as the primary mechanisms that enable systems
to absorb disruptions and maintain continuity of material flows [21,26,48]. Although
these mechanisms are described using different terminology across studies, they all con-
tribute to increasing the structural robustness of supply networks by reducing dependency
on individual resources and enhancing the system’s capacity to withstand disruptions.
Consequently, these mechanisms constitute the structural foundation of resilience.

Second, resilience engineering and organizational resilience literature emphasize adap-
tive response, operational flexibility, learning, monitoring, and workforce preparedness
as the capabilities that determine how effectively organizations respond once disruptions
occur [32,34,49]. Rather than preventing disruptions, these mechanisms enable organiza-
tions to adjust their operations, coordinate recovery activities, and continuously improve
resilience capabilities through organizational learning. Collectively, they represent the
operational and adaptive dimension of resilience.

Third, the rapidly expanding literature on digital supply chains identifies visibility,
sensing, real-time monitoring, predictive analytics, artificial intelligence, and information
integration as the principal mechanisms supporting anticipation and risk awareness [50,51].
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Importantly, digital technologies do not create resilience directly. Rather, they provide
enabling capabilities that strengthen an organization’s ability to detect disruptions, assess
evolving risks, and support timely decision-making. At the same time, digitalization
may also increase system exposure to cyberattacks, data inconsistencies, software failures,
algorithmic bias, and technological dependencies. Consequently, the contribution of digital-
ization to resilience depends not only on the deployment of digital technologies themselves
but also on their secure, reliable, and well-governed implementation. Accordingly, these
mechanisms form the technological and risk assessment dimension of resilience.

Finally, another stream of resilience research highlights the importance of governance,
strategic planning, collaboration, resilience-oriented policies, and long-term organizational
development [49,52]. These mechanisms coordinate resilience activities across organiza-
tional boundaries, align resilience objectives with business strategy, and support long-term
capability development. Consequently, they constitute the strategic dimension of resilience.

The synthesis presented above suggests that the selection of these four dimensions is
not based on the frequency with which individual resilience enablers appear in the litera-
ture, but rather on their distinct functional roles within the resilience process. Structural
mechanisms provide the physical basis for disruption absorption, operational mechanisms
determine adaptive response, technological mechanisms enable anticipation and risk aware-
ness, whereas strategic mechanisms coordinate long-term resilience development. Together,
these complementary functions explain how resilience emerges as a system-level property
rather than as a set of independent organizational capabilities.

This functional synthesis also provides the theoretical rationale for the conceptual
architecture proposed in this study. Although existing studies consistently recognize these
resilience mechanisms, they rarely organize them into a unified hierarchical framework
explaining how different resilience functions interact across organizational levels. Most
approaches continue to analyze resilience enablers individually or through additive ca-
pability lists, without explicitly representing their functional interdependencies. This
limitation motivates the development of the House of Resilience (HoR), in which resilience
is conceptualized as an integrated four-layer architecture composed of technological and
risk assessment, operational and adaptive, structural, and strategic resilience layers. Im-
portantly, although these mechanisms are identified across supply chain, logistics, and
organizational resilience literature, the proposed framework does not attempt to model
the entire supply chain network structure. Instead, it focuses on logistics systems as an
intermediate level of analysis, where technological, operational, structural, and strate-
gic mechanisms interact to determine the resilience of logistics-related activities. Within
this architecture, the technological layer should therefore be interpreted as an enabling
layer rather than as resilience itself. It provides the information-processing and sensing
capabilities upon which the remaining resilience layers operate.

The resulting functional classification of resilience enablers is summarized in Table 2,
which served as the theoretical basis for defining the four layers of the proposed House of
Resilience framework.

Overall, the reviewed strategies indicate that resilience should be understood not
as a collection of independent capabilities, but as an emergent system property resulting
from interactions among structural, operational, technological, strategic, and sustainability-
related mechanisms. Structural mechanisms, including redundancy, diversification, and
buffering capacity, provide the foundation for maintaining continuity. Operational and
adaptive mechanisms determine the ability of logistics systems to respond and adjust
under disruption conditions. Technological and risk-assessment mechanisms support
visibility, anticipation, and informed decision-making, while strategic mechanisms enable
long-term governance and transformation. Sustainability represents a transversal principle
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influencing all these dimensions by ensuring that resilience-building decisions remain
environmentally responsible, socially viable, and economically sustainable over time.

Table 2. Key resilience enablers in logistics systems and their limitations.

Resilience Enabler
Primary Contribution to

Logistics System
Resilience

Theoretical Role Assigned HoR Layer

Risk identification and
assessment Anticipation

Supports risk awareness
and proactive

decision-making

Technological and risk
assessment

Technology integration
(IoT, AI, analytics) Visibility and sensing

Enables monitoring,
prediction, and

information integration

Technological and risk
assessment

Supply chain visibility and
transparency Situational awareness

Supports early disruption
detection and response

coordination

Technological and risk
assessment

Workforce development
and resilience planning Adaptation

Strengthens operational
flexibility, learning, and

recovery capability
Operational and adaptive

Collaboration and
information sharing Operational coordination

Facilitates coordinated
response across supply

chain actors

Operational and
adaptive/Strategic

Supplier and
transportation
diversification

Robustness
Reduces dependency and

improves disruption
absorption

Structural

Inventory optimization
and buffering Absorption capacity

Provides redundancy and
continuity during

disruptions
Structural

Sustainable logistics design
and resilience governance

Long-term resilience
development

Supports strategic
alignment, resource
sustainability, and

resilience governance

Strategic (with cross-layer
influence)

Although existing studies increasingly recognize the relationship between resilience
and sustainability, these concepts are often investigated through partially separated research
streams. Consequently, limited attention has been given to frameworks that explain how
sustainability considerations interact with different resilience mechanisms within a unified
system architecture. This limitation further supports the need for an integrated framework
capable of representing resilience as a multi-layer construct while acknowledging sustain-
ability as a cross-layer design principle. This functional classification provides the theoretical
foundation for the House of Resilience framework proposed in the following section.

2.3. Modeling Approaches for Supply Chain Resilience

In parallel with conceptual research, supply chain resilience has been widely investi-
gated through quantitative modeling approaches aimed at analyzing disruption dynamics
and evaluating resilience strategies. Logistics system resilience modeling typically involves
the application of mathematical models, simulation techniques, and analytical frameworks
that capture the complex interactions and uncertainties inherent in supply networks.

It should be noted that resilience modeling approaches differ depending on the level
of analysis considered. While supply chain resilience refers to the capability of intercon-
nected networks, logistics system resilience focuses on the continuity and adaptability of
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logistics processes within a defined system boundary. Procurement resilience represents a
functional perspective related to sourcing continuity and supplier-related risks. Therefore,
procurement resilience is considered in this study as an application domain rather than an
independent resilience level. Similarly, digital resilience should not be interpreted as an
independent system level, but rather as an enabling capability that strengthens visibility,
anticipation, coordination, and decision-making across different resilience layers.

Despite the rapid development of modeling approaches, there is still no consensus on
a unified modeling paradigm capable of capturing both the structural and dynamic aspects
of resilience in logistics systems. Existing approaches often focus on selected dimensions of
resilience, while providing a limited explanation of how technological, operational, struc-
tural, and strategic capabilities interact within a unified system perspective. This limitation
is particularly evident in resilience maturity models, where assessment is commonly struc-
tured around predefined capability levels rather than around the structural relationships
among resilience dimensions [6,53]. Several review studies summarize the evolution of this
research field. For example, the authors in [54] analyzed nearly 150 publications addressing
supply chain disruptions in the operations research and management science literature.
Other studies review optimization-based approaches to supply chain resilience [55], quan-
titative resilience modeling techniques [56], sustainability-related resilience modeling [57],
and resilience modeling in transportation systems [58,59]. Additional reviews focus on re-
silience in small and medium-sized enterprises [60] and complex engineering systems [61].
These reviews collectively indicate a growing methodological diversity; however, they
also highlight fragmentation across modeling approaches and limited integration between
different analytical paradigms.

Among the most frequently applied modeling approaches are agent-based mod-
eling (ABM), discrete-event simulation (DES), system dynamics modeling (SDM), and
optimization-based methods. Agent-based modeling enables the simulation of interactions
among supply chain actors and allows researchers to analyze the propagation of disrup-
tions and emergent system behaviors [62–65]. Its strength lies in capturing decentralized
decision-making and heterogeneity of agents; however, ABM models are often computa-
tionally intensive and require detailed parameterization, which limits their applicability in
large-scale industrial settings.

Discrete-event simulation provides a detailed representation of logistics processes and
allows the evaluation of operational scenarios such as production scheduling, transporta-
tion routing, or inventory management [66,67]. While DES offers high granularity and
process-level accuracy, it is typically limited to operational analysis and does not explicitly
capture strategic or structural dimensions of resilience.

System dynamics modeling focuses on feedback loops and nonlinear interactions
within supply chain systems, providing insights into long-term system stability and re-
silience [68–70]. However, SDM models often rely on aggregated representations of systems,
which may oversimplify operational details and limit their applicability in decision-making
at the tactical level.

Optimization models, including linear and integer programming approaches, are
commonly applied to identify resource allocation strategies that balance efficiency with
resilience objectives [71–74]. These approaches are effective in identifying optimal solu-
tions under predefined constraints, but they typically assume deterministic or simplified
uncertainty structures, which may not adequately reflect real-world disruption dynamics.

In addition to the above approaches, recent studies increasingly explore data-driven and
machine learning methods for resilience assessment and prediction. While these approaches
enable advanced pattern recognition and predictive capabilities, they often require large datasets
and may lack interpretability, which limits their transparency in decision-support contexts.
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These modeling approaches support a wide range of applications, including risk
identification and mitigation, decision support through scenario analysis, and continuous
system improvement through iterative learning processes. Within this context, resilience
engineering emphasizes the design of systems capable of absorbing disturbances and
adapting to unexpected events rather than attempting to eliminate all sources of risk [75–77].
Designing flexible logistics networks characterized by supplier diversification, redundant
transport routes, and adaptive decision-making structures is therefore considered a key
principle of resilient system design [78–80]. However, despite these advances, existing
modeling approaches exhibit several common limitations: (i) they typically focus on single
modeling paradigms without integrating multiple perspectives, (ii) they rarely capture the
interdependencies between structural, operational, technological, and strategic dimensions
of resilience, and (iii) they often lack mechanisms for handling uncertainty in expert-based
assessments in a transparent and interpretable manner.

Furthermore, limited attention is given to frameworks that combine conceptual system
architectures with formalized assessment models, which restricts the practical applicability
of resilience modeling in decision-making processes.

In this context, it is also worth noting that several structured modeling concepts
based on “house-type” representations have been successfully applied in engineering and
management, such as the House of Quality (see e.g., [81–83]), the Toyota Production System
House (see e.g., [84,85]), and the House of Risk (see e.g., [86–88]). These approaches provide
intuitive visualization of relationships between system components and support structured
decision-making. However, their application in the context of resilience remains limited,
particularly with respect to integrating multiple system layers and enabling quantitative
assessment under uncertainty. This observation motivates the exploration of extended
frameworks, such as the House of Resilience proposed in this study.

To provide a structured comparison of the main modeling approaches discussed in
the literature, Table 3 summarizes their key characteristics, strengths, and limitations, as
well as the main research gaps associated with each method.

Table 3. Comparison of modeling approaches for supply chain resilience.

Method Approach
Description Ex. Refs. Strengths Limitations

Limitation Relevant
to the Research

Problem Addressed

Agent-Based
Modeling

(ABM)

Simulation approach
representing supply
chain entities (e.g.,

suppliers,
manufacturers,
distributors) as

autonomous agents
interacting within a

system

[62–65]

Enables modeling of
decentralized

decision-making and
heterogeneous actors;
captures interaction
effects and emergent

system behavior;
useful for analyzing

disruption
propagation

High computational
complexity; requires

detailed
parameterization
and calibration;

difficult to validate
and scale for large

systems

Limited integration
with strategic decision

layers and formal
system architectures;

rarely linked with
multi-criteria
assessment
frameworks

Discrete-Event
Simulation

(DES)

Process-oriented
simulation method

representing logistics
operations as

sequences of discrete
events over time
(e.g., production,

transport, inventory
flows)

[66,67]

High level of detail in
representing

operational processes;
supports scenario

analysis and
performance

evaluation; widely
applicable in logistics

and production
systems

Primarily focused on
the operational level;

limited
representation of

strategic and
structural aspects;

model development
can be

time-consuming

Limited representation
of interactions across

multiple resilience
layers (strategic,

technological); limited
ability to incorporate

qualitative or
expert-based inputs
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Table 3. Cont.

Method Approach
Description Ex. Refs. Strengths Limitations

Limitation Relevant
to the Research

Problem Addressed

System
Dynamics
Modeling

(SDM)

Aggregate modelling
approach focusing
on feedback loops,

delays, and
nonlinear

relationships within
complex systems

[68–70]

Effective in analyzing
long-term system

behavior and feedback
effects; supports
understanding of

system stability and
policy impact; suitable
for strategic analysis

Uses aggregated
variables, reducing

granularity; may
oversimplify

operational details;
limited applicability

for detailed
decision-making

Insufficient
representation of

micro-level processes
and operational
decision-making;

limited integration
with real-time data
and technological

enablers

Optimization-
based models
(e.g., Linear

Programming,
Mixed-Integer
Programming)

Mathematical
programming

approaches used to
determine optimal

decisions under
constraints (e.g.,
network design,

inventory, routing)

[71–74]

Provides optimal or
near-optimal solutions;

supports resource
allocation and

trade-off analysis;
well-established in
operations research

Often assumes
deterministic or

simplified
uncertainty; limited

ability to model
dynamic and

adaptive behaviors;
sensitive to model

assumptions

Weak representation of
uncertainty and

disruption dynamics;
limited integration

with behavioral and
adaptive system

properties

Machine
Learning (ML)

and data-driven
approaches

Data-driven
methods that learn

patterns from
historical data to

support prediction,
classification, and
anomaly detection

[56,57,60]

Strong predictive
capabilities; effective
in identifying hidden

patterns and early
signals of disruptions;

supports real-time
decision-making

Requires large
datasets; limited
interpretability

(“black-box”
models); results
depend on data

quality; may lack
causal explanation

Limited transparency
and interpretability for
decision-makers; weak

integration with
conceptual system

models and resilience
architectures

House-type
frameworks

(e.g., House of
Quality, House
of Risk, Toyota

Production
System House)

Structured,
matrix-based
approaches
representing
relationships

between system
elements (e.g.,

requirements, risks,
processes) in a

hierarchical “house”
architecture

[81–88]

Intuitive visualization
of complex

relationships; supports
multi-criteria

decision-making;
facilitates integration

of qualitative and
quantitative factors;

adaptable to different
domains

Primarily static
representations;
limited ability to
model dynamic
system behavior;

often lack formalized
uncertainty

handling; usually
domain-specific

Lack of dynamic
modeling capabilities
and integration with

formal analytical
methods; limited

application to
multi-layer resilience
system design under

uncertainty

2.4. Research Gap

Despite the growing body of literature addressing supply chain, logistics system,
and functional subsystem resilience, several conceptual and methodological gaps remain
regarding the integration of existing resilience capabilities into coherent architectural
representations. Existing studies typically focus either on definitional aspects of resilience,
on specific managerial strategies for disruption mitigation, or on analytical modeling
techniques used to evaluate resilience performance. While these research streams provide
valuable insights, they often remain fragmented and rarely offer integrated perspectives on
resilience system design.

First, from a conceptual perspective, the literature provides limited examples of
frameworks that represent resilience as a multi-layer system architecture. However, many
existing frameworks do not explicitly distinguish whether identified resilience capabili-
ties refer to the entire supply chain network, a specific logistics system, or a functional
subsystem such as procurement. As shown in Sections 2.1 and 2.2, resilience is variously
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interpreted as robustness, flexibility, adaptability, or recovery capability, and is opera-
tionalized through diverse enablers such as diversification, redundancy, collaboration, or
digitalization. However, these elements are typically analyzed in isolation, without an
explicit structure that organizes their functional roles and relationships across different
resilience dimensions, including technological, operational, structural, and strategic aspects.
As a result, existing approaches provide limited support for holistic system design and
cross-layer decision-making. Furthermore, existing resilience maturity models, although
valuable for benchmarking organizational capabilities and monitoring improvement trajec-
tories, often conceptualize resilience as a set of independent dimensions assessed against
predefined maturity levels. Such approaches implicitly assume that resilience can be repre-
sented as an additive progression of capabilities, while providing a limited explanation
of how individual resilience dimensions interact and jointly contribute to system-level
resilience. Consequently, maturity models may indicate the current state of resilience
development but do not fully explain the underlying structural mechanisms through which
resilience emerges within complex logistics systems.

Second, from a methodological perspective, current modeling approaches do not
fully address the multi-dimensional and uncertain nature of resilience. As discussed
in Section 2.3, simulation-based, optimization, and data-driven methods offer valuable
analytical capabilities but tend to focus on selected aspects of system behavior (e.g., process
dynamics, resource allocation, or prediction). These models are rarely integrated with
conceptual architectures and often lack transparent mechanisms for incorporating expert
knowledge and linguistic assessments under uncertainty. Consequently, their applicability
in practical decision-support contexts remains constrained.

Third, although digital technologies are increasingly recognized as key enablers of
resilience, their role is insufficiently integrated within existing frameworks. Current studies
frequently treat technologies such as IoT, artificial intelligence, or data analytics as stan-
dalone tools rather than as components of a broader resilience architecture. This limits the
understanding of how technological capabilities interact with organizational processes,
operational decisions, and strategic planning in shaping system resilience.

Fourth, limited attention has been given to approaches that combine qualitative and
quantitative perspectives in a consistent manner. In particular, there is a lack of models that
simultaneously (i) structure resilience in terms of system architecture, (ii) enable multi-criteria
evaluation across layers, and (iii) handle uncertainty inherent in expert-based assessments.

In this study, the proposed House of Resilience is positioned at the level of logistics
system resilience. The framework is intended to represent resilience mechanisms that oper-
ate within a defined logistics system boundary while acknowledging that such mechanisms
influence and are influenced by broader supply chain relationships. Therefore, HoR does
not aim to replace supply chain resilience concepts but rather provides an architectural rep-
resentation of how resilience capabilities can be structured and assessed within a logistics
system context. The procurement case study represents an application of the framework
within one functional subsystem of a logistics system.

The selection of the four resilience layers was not arbitrary but resulted from the
synthesis of the literature presented in Sections 2.1–2.3. The reviewed studies consistently
identify resilience mechanisms operating at different functional levels of logistics systems.
Some mechanisms primarily enhance technological visibility and risk awareness (e.g., mon-
itoring, predictive analytics, system integration), others improve operational adaptability
(e.g., workforce flexibility, analytical capability, coordination), while another group strength-
ens the structural robustness of the supply network (e.g., supplier diversification, inventory
buffering, lead time stability). Finally, resilience also depends on strategic governance mech-
anisms, including planning, collaboration, and resilience-oriented management. These
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four categories, therefore, represent functionally distinct but complementary resilience
capabilities that jointly determine system-level resilience.

In response to these gaps, this study introduces the House of Resilience (HoR) concept
as a conceptual architectural framework for organizing and integrating existing resilience
capabilities into a coherent multi-layer representation. Unlike conventional maturity mod-
els that primarily organize resilience capabilities along sequential development levels, HoR
provides a complementary architectural perspective in which technological, operational,
structural, and strategic resilience mechanisms are organized according to their functional
roles and relationships within a system.

Compared with existing approaches, the contribution of the proposed framework lies
in: (i) integrating dispersed resilience enablers into a coherent architectural structure, rather
than introducing new resilience dimensions; (ii) linking conceptual representation with a
formalized assessment mechanism; and (iii) explicitly positioning digital capabilities as
cross-layer enablers within a resilience architecture. Importantly, the objective of HoR is
not to introduce new resilience mechanisms but to provide a structured representation
that integrates and organizes existing resilience capabilities identified in previous research.
To synthesize the identified conceptual and methodological gaps and to position the
contribution of this study, Table 4 presents a structured overview linking key limitations in
the existing literature with the proposed research contributions.

Table 4. Identified research gaps in supply chain resilience and the contributions of this study.

Research Gap Description of
Limitation in Literature Ex. Ref. Consequence for

Practice
Contribution of This

Study

Lack of integrated
resilience frameworks

Resilience is analyzed
through isolated
dimensions (e.g.,

flexibility, redundancy,
risk management),

without a unified system
architecture capturing

their interdependencies

[19,20,39–41]

Difficulty in designing
coherent resilience

strategies across system
levels; fragmented
decision-making

Development of the
House of Resilience

(HoR) as a multi-layer
system architecture

integrating structural,
operational and adaptive,

technological and risk
assessment, and strategic

dimensions

Fragmentation of
modeling approaches

Existing models
(simulation, optimization,

ML) focus on selected
aspects of system

behavior and are rarely
combined into unified

frameworks

[54–56]

Limited ability to
support holistic

decision-making; lack of
consistency between
modeling approaches

Proposal of FHOR-RAM,
integrating conceptual

modeling with a formal
assessment approach

Limited integration of
digital technologies

Digital tools (IoT, AI,
analytics) are treated as

standalone enablers
rather than embedded
elements of resilience

architecture

[57–59]

Underutilization of
digital capabilities and a

lack of alignment
between technology and

resilience objectives

Explicit inclusion of a
technological layer

within the HoR
framework

Insufficient handling
of uncertainty

Many models rely on
deterministic

assumptions or require
large datasets, limited

use of expert knowledge,
and linguistic assessment

[56,60,61]

Reduced applicability in
real-world contexts with

incomplete or
uncertain data

Application of fuzzy
logic, linguistic variables,
and rule-based inference
for resilience assessment
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Table 4. Cont.

Research Gap Description of
Limitation in Literature Ex. Ref. Consequence for

Practice
Contribution of This

Study

Lack of integration
between qualitative

and quantitative
approaches

Conceptual frameworks
are often not

operationalized, while
quantitative models lack

interpretability and
structural grounding

[54–56]

Gap between theory and
practice; limited usability

in decision-support
systems

Integration of conceptual
(HoR) and quantitative

(FHOR-RAM)
components into a
unified framework

Limited architectural
integration of

resilience capabilities

Existing frameworks
identify multiple

resilience capabilities but
provide limited guidance
on how these capabilities

can be functionally
organized within a

coherent system
representation

[89–92]

Limited understanding
of how resilience

capabilities interact and
contribute to overall

system resilience; may
lead to fragmented

improvement initiatives
focused on individual
capabilities rather than

holistic resilience
development

Proposal of the House of
Resilience (HoR) as a

multi-layer system
architecture that

organizes existing
resilience capabilities into

interconnected
technological,

operational, structural,
and strategic layers

3. Concept of the House of Resilience
3.1. Theoretical Foundation of the House of Resilience Architecture

Building upon the literature synthesis presented in Section 2, this study proposes
the House of Resilience (HoR) as a hierarchical conceptual architecture representing lo-
gistics system resilience as an emergent system property. The framework is positioned
at the level of a defined logistics system boundary, while recognizing that logistics sys-
tems operate within broader supply chain networks and are influenced by upstream and
downstream relationships. Unlike approaches that treat resilience as a collection of inde-
pendent capabilities or aggregated performance indicators, the HoR framework assumes
that resilience emerges from the interaction of complementary organizational functions
operating at different system levels. The theoretical contribution of the HoR architecture
does not lie in introducing additional resilience dimensions, as the mechanisms represented
by the proposed layers have already been recognized in previous resilience research. In-
stead, the contribution lies in explaining how these heterogeneous mechanisms perform
complementary functions within a resilience system and how their interaction generates
system-level resilience. Existing approaches typically identify resilience capabilities or
maturity dimensions but provide a limited explanation of the functional dependencies be-
tween sensing, adaptation, structural robustness, and strategic transformation capabilities.
The HoR architecture addresses this limitation by positioning resilience mechanisms within
an integrated hierarchical structure in which each layer represents a distinct function in the
resilience-building process.

Following this, the conceptual foundation of the HoR architecture is based on the
functional synthesis of resilience mechanisms identified in the literature. As demonstrated
in Section 2, existing studies describe resilience through diverse mechanisms, including
redundancy, diversification, risk assessment, digital visibility, adaptive response, collabora-
tion, and strategic governance. However, these mechanisms represent different functional
roles within the resilience process and therefore cannot be interpreted as equivalent re-
silience dimensions. Importantly, the HoR framework does not aim to replace the broader
concept of supply chain resilience. Instead, it provides an architectural representation of
how resilience mechanisms can be structured and assessed within a logistics system. In this
perspective, supply chain resilience represents the broader network-level outcome emerg-
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ing from interactions among multiple organizations, whereas logistics system resilience
refers to the capabilities developed within a defined operational system. Procurement
resilience is subsequently treated as a functional application domain representing the
upstream component of logistics system resilience.

Accordingly, the proposed framework organizes resilience mechanisms into four com-
plementary layers: technological and risk assessment, operational and adaptive resilience,
structural resilience, and strategic resilience. These layers were selected based on their
distinct functional contribution to resilience development rather than on the frequency of
their occurrence in previous studies. Together, they represent four fundamental functions
through which defined logistics systems achieve resilience: anticipation, adaptation, ab-
sorption, and long-term transformation. The first function concerns the ability to anticipate
and monitor emerging disturbances. This capability is supported by digital technologies,
information integration, visibility mechanisms, and systematic risk assessment. Therefore,
the technological and risk assessment layer should not be interpreted as resilience itself but
as the enabling layer that provides sensing, visibility, and analytical capabilities required for
resilience to emerge across the remaining layers. Digital technologies enhance the system’s
ability to collect, integrate, and analyze information, while risk assessment transforms
these data into actionable knowledge supporting anticipation and decision-making. Conse-
quently, resilience arises not from digital technologies alone but from their interaction with
operational, structural, and strategic capabilities. At the same time, increasing digitalization
also introduces new forms of vulnerability, including cybersecurity threats, data quality
problems, automation failures, algorithmic bias, and dependence on interconnected digital
infrastructure. These risks reinforce the need to integrate technology and risk assessment
within the same architectural layer.

The second function relates to the ability of the system to respond and adapt when
disruptions occur. Operational flexibility, workforce capabilities, coordination mechanisms,
and organizational learning enable dynamic adjustment of processes under changing
conditions. These mechanisms constitute the operational and adaptive resilience layer.

The third function concerns the structural ability of the system to absorb disruptions
while maintaining continuity of operations. Supplier diversification, redundancy, buffering
capacity, and network configuration represent the structural foundation of resilience by
reducing vulnerability to disruption propagation. In the context of the HoR framework,
these mechanisms are considered within the boundary of the analyzed logistics system,
while acknowledging their dependence on external supply chain relationships.

The fourth function concerns long-term resilience development through strategic align-
ment, governance, planning, and continuous improvement. Strategic resilience ensures
that resilience capabilities are not implemented as isolated operational actions but become
embedded within organizational decision-making and development processes.

Therefore, the HoR framework should be interpreted as a system architecture for
analyzing resilience capabilities within a logistics system rather than as a complete repre-
sentation of resilience across the entire supply chain network. The framework provides a
scalable structure that can be applied at different organizational levels; however, the present
study demonstrates its applicability through a procurement system case study. Accordingly,
procurement resilience is considered a specific manifestation of logistics system resilience,
focusing on supplier-related vulnerabilities, sourcing continuity, and purchasing-related
adaptation mechanisms.

Sustainability is considered in this study as a cross-cutting perspective influencing all
resilience layers rather than as an independent resilience dimension. This perspective is
consistent with the growing recognition that resilient supply chains must simultaneously
address environmental, social, and economic objectives to ensure long-term viability [40].
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Environmental sustainability contributes to resilience by reducing resource dependency,
improving efficiency, and supporting adaptation to resource-related disruptions. Social
sustainability strengthens resilience through workforce capabilities, stakeholder collab-
oration, and responsible governance mechanisms. Economic sustainability ensures that
resilience-enhancing actions remain feasible over time by balancing risk reduction with
operational efficiency and competitiveness.

Consequently, sustainability considerations are embedded within the HoR architecture
as an enabling perspective affecting each resilience layer. At the structural level, sustain-
ability supports resource-efficient network configurations and responsible sourcing. At
the operational level, it promotes efficient processes, adaptive resource utilization, and
continuous improvement. At the technological level, it encourages the development of
digital solutions supporting transparency, monitoring, and sustainable decision-making.
At the strategic level, sustainability becomes an element of governance, long-term planning,
and organizational transformation.

The theoretical justification of these layers is summarized in Table 5.

Table 5. Theoretical derivation of the House of Resilience architecture.

HoR Layer Theoretical
Foundation

Primary Resilience
Function

Representative
Mechanisms

Sustainability
Contribution

Technological and
risk assessment

Digital supply chain
resilience; Industry

4.0/5.0; risk
management

Anticipation,
sensing, and
situational
awareness

Digital technologies,
visibility, monitoring,
predictive analytics,

risk assessment

Supports environmental
monitoring, resource

optimization,
data-driven

sustainability decisions

Operational and
adaptive
resilience

Resilience
engineering;

organizational
resilience

Response,
adaptation, and

learning

Operational
flexibility, workforce

capability,
coordination,

learning mechanisms

Supports efficient
resource utilization,

process improvement,
and socially responsible

operations

Structural
resilience

Supply chain
resilience; robustness

and redundancy
theory

Absorption of
disruptions and

continuity
maintenance

Supplier
diversification,

redundancy,
inventory buffering,

network
configuration

Promotes sustainable
sourcing, reduced
dependency, and

balanced economic-
environmental decisions

Strategic
resilience

Dynamic capabilities;
organizational

resilience

Governance,
transformation, and

long-term
development

Strategic planning,
collaboration,
sustainability,

resilience
governance

Integrates sustainability
objectives into long-term

strategy and
organizational
development

The proposed four-layer architecture should therefore not be interpreted as an ad-
ditional classification of resilience dimensions, but rather as a structured integration of
concepts already established across different research streams. The main contribution of the
HoR concept lies in connecting these previously fragmented perspectives into a coherent
architecture explaining how individual resilience mechanisms collectively generate overall
resilience. However, resilience within the proposed framework is not considered as an
ultimate objective isolated from organizational outcomes. Instead, resilience represents
an enabling capability through which logistics systems maintain operational continuity,
improve adaptability, and achieve sustainable performance under changing environmental
conditions. Consequently, the HoR architecture assumes a sequential relationship in which
resilience capabilities support operational and strategic outcomes, including improved
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reliability, reduced disruption-related losses, enhanced competitiveness, and long-term
sustainability.

This approach is consistent with systems theory, which assumes that complex system
properties emerge from interactions among interconnected elements rather than from iso-
lated component performance. Furthermore, it reflects principles of resilience engineering,
where resilient systems are characterized by their ability to anticipate, monitor, respond,
and learn under uncertainty. Finally, it incorporates the cyber-socio-technical perspective,
emphasizing that contemporary logistics systems emerge from interactions among tech-
nological infrastructures, organizational processes, and human actors. In addition, the
distinction between HoR and established resilience perspectives is further discussed in
Section 7.1.

3.2. Structure of the House of Resilience Framework

Based on the theoretical foundation described above, the House of Resilience frame-
work represents resilience as a hierarchical architecture composed of four interconnected
levers. The structure follows the metaphor of a house, where different components per-
form complementary functions necessary for maintaining system stability and enabling
continuous adaptation.

Based on the theoretical foundations discussed above, resilience is defined in this
study as the ability of a logistics system to anticipate, absorb, adapt, and recover from
disruptions while maintaining operational continuity and supporting long-term system
development. This definition extends beyond traditional “bounce-back” interpretations by
incorporating adaptive and transformative capabilities, enabling the system not only to
restore its performance but also to evolve in response to changing environmental conditions.

To represent the structural and multi-layer nature of resilience, the HoR framework
adopts the “house” metaphor, which is widely used in management and engineering
to model complex systems. A well-known example is the Toyota Production System
(TPS), where the house structure represents the hierarchical and interdependent nature
of lean principles, with the foundation ensuring stability, pillars representing operational
practices, and the roof defining system objectives. Similar approaches are used in quality
management (e.g., House of Quality) and risk management (e.g., House of Risk), where the
house metaphor facilitates the visualization of relationships between system components.

Building on these approaches, the proposed HoR framework extends the house-
type concept by introducing a multi-layer resilience architecture combined with formal
assessment capabilities, addressing the limitations identified in existing literature.

A critical element of the HoR framework is the identification of resilience levers, which
constitute the structural components of the model. These levers should be understood as
operational mechanisms through which the four conceptual resilience layers are developed
within a logistics system. Therefore, the layers define the functional architecture of re-
silience, whereas the levers represent specific organizational and technological capabilities
enabling their implementation. Based on the literature review, seven key levers are defined:
foundational (basic), operational, analytical, human capital, technological, risk assessment,
and strategic. These levers are organized into three hierarchical groups:

(a) foundational levers, forming the structural basis of resilience,
(b) intermediate levers, supporting day-to-day resilience capabilities,
(c) higher-level levers, shaping long-term adaptability and strategic development.

The interactions between these levers contribute to the development of system resilience.
The HoR framework is built upon two foundational layers that ensure system stability:
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• Technological lever—represents the technological infrastructure and digital capabil-
ities that enable information acquisition, integration, communication, and decision
support across the logistics system. Rather than constituting resilience itself, this
lever provides the technological foundation upon which resilience mechanisms oper-
ating in the remaining layers can function effectively. It enables process automation,
connectivity, data exchange, transparency, and adaptive control across the logistics
system. Through technologies such as the Internet of Things (IoT), artificial intel-
ligence (AI), blockchain, cloud platforms, and advanced monitoring systems, this
lever enhances visibility, coordination, and responsiveness, supporting operational,
analytical, and collaborative resilience capabilities. However, these technologies may
simultaneously increase dependence on digital infrastructure and expose the system
to cyber risks, data inconsistencies, interoperability problems, or failures of automated
decision-support mechanisms. Consequently, digital technologies should be under-
stood as resilience enablers whose effectiveness depends on their secure and reliable
governance,

• Risk assessment lever—represents the structural component responsible for identi-
fying and evaluating system vulnerabilities. It includes the systematic identification,
analysis, and assessment of disruption sources, their probabilities, impacts, and poten-
tial cascading effects.

Without systematic risk assessment, resilience-building activities remain reactive and
fragmented, as organizations lack a comprehensive understanding of system vulnerabilities.
At the same time, the effectiveness of risk assessment increasingly depends on technological
capabilities enabling real-time data acquisition and analysis. Conversely, risk assessment
provides the interpretative context necessary to transform data into actionable decision
support. Thus, these two foundational layers are mutually dependent and enable the
effective functioning of the remaining resilience levers. This mutual dependence also
explains why technological capabilities cannot be evaluated independently from risk
assessment. Within the proposed architecture, both mechanisms jointly determine the
quality of information available for resilience-oriented decision-making.

The intermediate levers form the pillars of the House of Resilience, supporting the
system’s ability to maintain operational continuity under disruption conditions [24]:

• Structural lever—defines the structural configuration of the logistics system, including
supplier relationships, contractual arrangements, and the robustness of material flows.
It determines the system’s baseline vulnerability and its ability to maintain continuity.

• Analytical lever—defines the system’s capability to process and interpret data to
support decision-making under uncertainty. It includes predictive models, simula-
tion tools, and analytical methods that enable disruption forecasting and scenario
evaluation.

• Operational lever—represents the system’s ability to monitor, manage, and adapt
operational processes in response to changing conditions. It includes dynamic re-
source allocation, process reconfiguration, and corrective actions supporting real-time
decision-making.

• Human capital lever—captures the system’s ability to develop and utilize workforce
competencies. It includes skills development, adaptability, collaboration, and decision-
making capabilities under uncertainty.

These four levers jointly create a coherent mechanism for shaping resilience at the op-
erational level. Each lever performs a distinct yet complementary role, and their integration
determines the system’s ability to respond, adapt, and maintain continuity. Importantly, the
effectiveness of each lever depends on the maturity of the others, and imbalances between
them may significantly reduce overall system resilience.
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The strategic lever, representing the roof of the house, defines the highest level of the
HoR framework. It provides long-term direction, ensures alignment across all system lay-
ers, and integrates resilience into strategic decision-making. It includes resilience-oriented
planning, sustainable development, innovation, and continuous adaptation to environmen-
tal, technological, and market changes. However, sustainability should not be interpreted
as being limited to the strategic layer only. Similarly, digital capabilities should not be inter-
preted as a separate resilience domain or as an independent source of resilience. Instead,
they constitute enabling mechanisms that support visibility, anticipation, coordination,
and informed decision-making across all resilience layers. Their contribution to resilience,
therefore, depends on how effectively they are integrated with organizational processes,
structural configurations, and strategic governance. At the same time, digitalization intro-
duces additional technological risks that require continuous monitoring and appropriate
governance within the technological and risk assessment layers. Indeed, in this sense,
the strategic lever acts as an integrative mechanism aligning all other levers with broader
organizational objectives.

The overall structure of the HoR framework is presented in Figure 2, illustrating the
relationships between the identified resilience levers and their hierarchical organization.

Figure 2. The House of Resilience concept for logistics systems resilience. Source: own elaboration
based on [24].

4. Application of the HoR Conceptual Architecture in a Procurement
Context
4.1. HoR Structure in Procurement Systems

The procurement function plays a critical role in shaping the resilience of logistics
and supply systems, as it directly influences supplier selection, material availability, and
risk exposure across the supply network. In increasingly volatile and digitally enabled
environments, procurement must evolve from a cost-oriented function toward a resilience-
oriented, data-driven, and strategically aligned process.

In this study, procurement is considered as a focal subsystem within a broader logistics
system rather than as an equivalent representation of the entire supply chain. The unit of
analysis of the empirical application is therefore the procurement system of a focal organi-
zation, including supplier-related processes, sourcing decisions, information flows, and
procurement-related risk management mechanisms. Upstream manufacturing activities,

https://doi.org/10.3390/systems14080920

https://doi.org/10.3390/systems14080920


Systems 2026, 14, 920 25 of 100

downstream distribution networks, and external logistics service providers are outside the
direct empirical scope of the case study. However, since procurement decisions influence
supplier dependency, material availability, and disruption exposure, procurement resilience
represents an important contributing component of broader logistics system resilience.

The House of Resilience (HoR) conceptual architecture provides a structured approach
to analyzing and designing procurement processes by mapping resilience capabilities across
multiple system layers. Within this context, the procurement function is conceptualized
as a multi-layer system, where resilience emerges from the interaction of the four HoR
layers supported by complementary resilience levers, including technological, analytical,
operational, structural, human, and strategic capabilities. The application of the HoR
conceptual architecture to procurement systems enables:

i identification of critical vulnerabilities within the supply base,
ii integration of real-time data and predictive capabilities into decision-making, and
iii alignment of operational activities with long-term resilience and sustainability objectives.

Importantly, the purpose of this application is not to claim that procurement resilience
fully represents supply chain resilience, but rather to demonstrate how the proposed
architecture can be instantiated within a specific functional area that strongly influences
supply network continuity.

Figure 3 illustrates the adaptation of the general HoR architecture to the procurement
subsystem. The figure illustrates procurement-related resilience mechanisms and their
interactions, while recognizing that other supply chain actors may constitute additional
resilience layers outside the scope of this empirical application.

Figure 3. Application of the House of Resilience (HoR) architecture to procurement processes. Source:
own elaboration.

Unlike the classical architectural interpretation of the House of Resilience, the order-
ing of layers in the FHOR-RAM model reflects a functional and information-processing
perspective rather than a purely structural one.
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In this formulation, the technological and risk assessment layer (L1) is positioned as
the entry point of the evaluation process, as it enables system visibility, data acquisition,
and disruption awareness. These capabilities are prerequisites for effective operational
response (L2), structural robustness (L3), and strategic decision-making (L4).

Consequently, the model follows a logic of “sense–respond–structure–govern”, which
is consistent with resilience engineering principles and digital supply chain paradigms
(Section 5).

4.2. Role of Digitalization and Risk Assessment

The effectiveness of procurement resilience is strongly determined by the interaction
between the technological and risk assessment levers, which together form the enabling
foundation for data-driven decision-making. At the procurement level, digital and risk-
assessment capabilities primarily enhance supplier visibility and early disruption detection;
their contribution to overall supply chain resilience depends on interactions with other
supply chain actors and operational processes.

The technological lever represents the digital transformation of procurement processes
through the implementation of technologies such as IoT, cloud computing, artificial intelli-
gence, and blockchain. These technologies enhance procurement-related visibility, enable
real-time data acquisition, and support automation and coordination across supply chain
actors. In particular, digital platforms facilitate information sharing, improve transparency,
and enable faster and more accurate responses to disruptions.

The risk assessment lever provides the analytical foundation for identifying and
evaluating vulnerabilities within procurement systems. It includes the systematic analysis
of disruption sources, probability assessment, impact evaluation, and identification of
cascading effects across the supply network.

Importantly, these two levers are highly interdependent. Technological capabilities
enable continuous data collection and dynamic risk monitoring, while risk assessment
provides the context necessary to interpret data and support decision-making. Without this
integration, procurement resilience remains reactive and fragmented rather than proactive
and systematic.

4.3. Structural and System-Supporting Levers in Procurement

At the core of resilient procurement systems are the structural levers, which define
the robustness of the supply base and the continuity of material flows. These include
supplier diversification, lead time stability, and the availability of critical materials. At
the procurement level, resilience is supported by reduced dependency on single suppliers,
increased sourcing flexibility, and improved visibility of critical materials. Such capabilities
enhance continuity of operations and reduce vulnerability to supply shortages, transporta-
tion delays, and market volatility. At the same time, material quality and availability
considerations influence procurement resilience by affecting operational continuity.

Building upon this structural foundation, the operational, analytical, and human
capital levers act as system-supporting pillars that enable the effective functioning of
procurement processes under uncertainty.

The operational lever focuses on real-time monitoring and adaptive management of
procurement activities, including supplier performance, inventory levels, and logistics
flows. By leveraging real-time data, procurement systems can dynamically adjust sourcing
decisions, reconfigure supply routes, and mitigate disruption impacts.

The analytical lever transforms data into actionable knowledge, supporting decision-
making through predictive analytics, modeling, and forecasting. These capabilities enable
organizations to anticipate disruptions, evaluate alternative sourcing strategies, and opti-
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mize procurement decisions under uncertainty. However, their effectiveness depends on
data availability, quality, and the integration of analytical tools within existing systems.

The human capital lever reflects the importance of workforce capabilities in managing
procurement resilience. It includes competencies related to decision-making under uncer-
tainty, collaboration across supply chain partners, and the ability to effectively use digital
tools. Continuous development of skills and organizational learning processes is essential
to ensure adaptability in dynamic environments.

The integration of these levers ensures that procurement systems are not only struc-
turally robust but also operationally responsive and analytically informed.

4.4. Strategic Integration of Procurement Resilience

The strategic lever represents the highest level of the HoR architecture and ensures the
long-term alignment of procurement processes with organizational objectives and external
environmental conditions.

Resilience-oriented procurement strategies include supplier relationship management,
strategic sourcing, and sustainability-oriented decision-making. In this context, sustainabil-
ity is not considered solely as an environmental objective but as an integrated mechanism
supporting long-term resilience development. Sustainable procurement practices, includ-
ing responsible supplier selection, resource efficiency, circular economy approaches, and
consideration of social criteria, contribute to reducing vulnerability and strengthening
supply continuity. Therefore, within the procurement context, resilience should not be
interpreted as an ultimate objective itself, but as an enabling capability that supports
organizational performance outcomes. Improved procurement resilience can contribute
to reduced disruption-related losses, improved supplier reliability, more stable material
availability, and better allocation of resources, which subsequently supports economic,
environmental, and social sustainability objectives.

Moreover, sustainability considerations interact with all HoR layers within procure-
ment systems. Structural resilience is enhanced through responsible supplier networks and
reduced dependency on vulnerable sources. Operational resilience is supported by efficient
resource utilization and continuous improvement practices. Technological resilience is
strengthened through digital traceability, transparency, and sustainability-oriented ana-
lytics. Strategic resilience incorporates sustainability into governance mechanisms and
long-term procurement planning. This involves not only ensuring supply continuity but
also addressing environmental and social considerations, such as sustainable sourcing,
resource efficiency, and circular economy practices.

Furthermore, strategic resilience requires continuous adaptation through innovation,
benchmarking, and feedback-driven improvement processes. Agile and flexible strategic
planning enables procurement systems to respond to evolving risks, regulatory changes,
and market dynamics while maintaining long-term competitiveness.

4.5. Scope and Applicability of HoR in Procurement

The application of the HoR architecture to procurement systems provides a structured
basis for both analysis and improvement of resilience capabilities. It supports organiza-
tions in identifying weaknesses across procurement-related resilience layers, evaluating
alternative strategies, and designing integrated resilience-oriented procurement processes.

In addition, the HoR architecture can be operationalized through a structured sequence of
resilience improvement activities, encompassing phases such as disruption response, recovery,
stabilization, long-term resilience building, and continuous improvement. Furthermore,
by incorporating sustainability as a cross-layer perspective, the framework supports the
development of resilience strategies that are not only disruption-oriented but also aligned with
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long-term environmental, social, and economic objectives. This phased approach highlights
the need to combine short-term responsiveness with long-term strategic development.

Importantly, the HoR architecture also creates a direct link to quantitative assessment
methods by defining a clear structure of resilience dimensions and criteria. This provides
the foundation for the development of formalized assessment models, such as the Fuzzy
House of Resilience Assessment Model (FHOR-RAM) presented in the next section. Beyond
disruption mitigation, the application of the HoR architecture supports the identification of
resilience improvements that can translate into potential organizational benefits, including
reduced operational losses, improved supply continuity, enhanced supplier performance,
and more sustainable procurement decisions. Therefore, in this study, procurement re-
silience is considered both a capability for managing uncertainty within procurement
processes and a contributor to broader organizational value creation.

5. Fuzzy House of Resilience Assessment Model (FHOR-RAM)
5.1. Model Overview and Conceptual Assumptions

In response to the research gap identified in Section 2.4, particularly the lack of integrated
and operationalizable frameworks for resilience assessment, this study proposes the Fuzzy
House of Resilience Assessment Model (FHOR-RAM). The model extends the House of Re-
silience (HoR) conceptual architecture (Section 3) and its application to procurement processes
(Section 4) into a formalized, semi-quantitative decision-support model.

The FHOR-RAM model is designed to bridge the gap between conceptual resilience
architectures and their structured assessment in logistics systems. While the HoR architec-
ture provides a structured, multi-layer representation of resilience, it does not inherently
support measurement or comparison across systems or scenarios. Therefore, the proposed
model operationalizes HoR by introducing a hierarchical evaluation structure combined
with fuzzy logic to address uncertainty and subjectivity in expert-based assessments.

The model is grounded in three key assumptions. First, resilience is treated as a latent,
multidimensional system property, emerging from the interaction of technological and
risk-assessment, operational, structural, and strategic factors. As highlighted in Section 3,
resilience cannot be attributed to a single component but results from the configuration
and interaction of multiple system layers.

Second, the assessment of resilience inherently involves qualitative and uncertain infor-
mation, particularly in areas such as adaptability, flexibility, or decision-making capability.
Consequently, fuzzy inference is employed not only to represent uncertainty associated with
expert judgments, but also to model the nonlinear and context-dependent relationships be-
tween resilience dimensions. Unlike conventional additive assessment approaches, which
may simplify resilience assessment by aggregating individual capabilities without explicitly
representing their interactions, fuzzy inference enables the representation of conditional inter-
actions between technological, operational, structural, and strategic factors. Therefore, fuzzy
logic serves as a mechanism representing selected characteristics of resilience emergence, such
as nonlinear interactions and interdependencies among resilience dimensions.

Third, resilience assessment should be context-sensitive and hierarchical, reflecting
the layered architecture of the HoR model. Therefore, the FHOR-RAM adopts a multi-level
structure in which resilience performance is evaluated at the level of criteria, layers, and
overall system resilience. The adoption of fuzzy inference in FHOR-RAM is therefore
theoretically motivated by the characteristics of resilience as an emergent system property.
In complex logistics systems, a high level of one resilience capability does not necessarily
compensate for deficiencies in another dimension. For example, advanced digital moni-
toring capabilities may not translate into effective resilience if organizational coordination
or strategic preparedness is insufficient. Fuzzy inference allows such relationships to be
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represented through rule-based mechanisms describing how combinations of conditions
contribute to different resilience outcomes.

Following this, formally, the system is defined as:

S = {L, C, W, F} (1)

where

L denotes the set of resilience layers derived from the HoR structure,
C represents the set of evaluation criteria associated with individual resilience levers within
each layer,
W is the vector of weights reflecting the relative importance of layers or criteria,
F defines the fuzzy membership functions used for linguistic assessment.

The model operates in three main stages:

(i) definition of criteria and linguistic variables,
(ii) fuzzy representation of resilience interactions and aggregation,
(iii) defuzzification and interpretation of results.

Importantly, the FHOR-RAM model is not intended as a purely computational tool,
but rather as a decision-support framework that enables:

• identification of weak points in the resilience structure,
• comparison of resilience profiles under different assessment scenarios,
• evaluation of improvement directions in procurement and logistics systems.

As a result, it provides a theoretical–operational bridge between the conceptualization
of resilience as an emergent system property and its practical evaluation. In practical
applications, the FHOR-RAM model follows a structured assessment procedure in which
input values for individual resilience criteria are obtained from organizational data sources
and expert evaluations. Depending on the availability of quantitative information, the
assessment may integrate operational indicators (e.g., supplier performance measures,
delivery reliability, lead-time variability, digital capability indicators) with qualitative
expert judgments related to organizational capabilities, governance mechanisms, and
adaptive potential. Therefore, the model is designed to accommodate heterogeneous
information sources typically available in logistics and procurement environments.

5.2. Structure of the HoR-Based Resilience Model

The FHOR-RAM model adopts a hierarchical structure directly derived from the
House of Resilience concept (Section 3), ensuring full conceptual consistency between the
theoretical framework and its operationalization. The model reflects the layered architecture
of HoR, capturing the interactions between technological, operational, structural, and
strategic dimensions of resilience.

The set of resilience layers is defined as:

L = {L1, L2, L3, L4} (2)

where

L1—Technological and risk assessment layer (digital integration and system awareness),
L2—Operational and adaptive capabilities layer,
L3—Structural resilience layer (structural robustness of supply and materials),
L4—Strategic resilience layer (long-term coordination and resilience governance).
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This structure reflects the HoR architecture presented in Section 3 and its application
to procurement systems (Section 4), where resilience is built progressively from structural
stability to strategic adaptability.

Taking one step further, each layer is represented by a set of criteria:

Lj =
{

Cj1, Cj2, . . . , Cjn
}

and j = {1, 2, 3, 4} (3)

where n represents the number of selected evaluation criteria for the jth layer.
In the FHOR-RAM operationalization, the resilience levers defined in the HoR ar-

chitecture are translated into measurable assessment criteria. Therefore, levers represent
conceptual capability domains, whereas criteria represent observable attributes used for
evaluation. The selection of evaluation criteria constitutes a critical step in the develop-
ment of the FHOR-RAM model, as it directly influences the validity, interpretability, and
applicability of the assessment results. To ensure methodological rigor and transparency, a
structured multi-stage selection procedure was applied.

The procedure follows a progressive filtering approach, in which an initially broad set
of potential resilience indicators is systematically reduced based on theoretical, structural,
and contextual considerations. This approach ensures that the final criteria set is both
theoretically grounded and aligned with the House of Resilience architecture and its
application to procurement systems.

The selection process consists of three main stages:

1. Literature-based identification of potential criteria,
2. Mapping and structuring according to the HoR framework,
3. Contextual refinement for procurement processes.

As a result, the proposed criteria set is intentionally limited to a manageable number
of indicators per layer to ensure interpretability and applicability in real decision-making
contexts.

Step 1. Literature-based identification of resilience criteria

In the first stage, a broad set of potential resilience indicators was identified based on
a structured review of the literature (Sections 2.1–2.3). The analysis included studies on
supply chain resilience, risk management, digital transformation, and resilience engineer-
ing. The identified criteria reflect key dimensions frequently discussed in the literature,
including:

• structural robustness (e.g., redundancy, diversification),
• operational adaptability (e.g., flexibility, responsiveness),
• analytical capability (e.g., forecasting, simulation),
• technological enablement (e.g., visibility, data integration),
• organizational and human factors (e.g., skills, collaboration),
• strategic and governance aspects (e.g., planning, risk management).

A summary of representative criteria identified in the literature is presented in Table 6.
The analysis presented in Table 6 highlights that resilience-related criteria span mul-

tiple decision levels and functional dimensions. Importantly, many criteria are interde-
pendent and cannot be assigned to a single domain without considering their systemic
role. This observation supports the need for a structured mapping of criteria into the HoR
framework, which is performed in the next stage of the model development process.
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Table 6. Literature-derived resilience evaluation criteria.

Dimension Example Criteria Description Where to Apply
(Decision Level)

HoR Layer
Relevance Key Ref.

Technological

• IoT integration
• cloud platforms
• blockchain
• system

interoperability

Digital infrastructure
enabling data

exchange,
transparency, and

system connectivity

Cross-level (all) L1—
Technological [55,57]

Technological
(Data)

• data availability
• data quality
• system

integration
• digital maturity

Ability to collect,
process, and integrate
data across the supply

chain

Cross-level L1—
Technological [57,93]

Risk-related

• risk
identification

• vulnerability
analysis

• disruption
propagation
analysis

• risk monitoring

Ability to identify,
assess, and

continuously monitor
risks affecting the

system

Strategic/tactical L1—Risk
assessment [94,95]

Operational

• process flexibility
• rerouting

capability
• capacity

reallocation
• lead time

responsiveness

Ability to adapt
operational processes

dynamically in
response to
disruptions

Operational L2—Operational [40,80]

Operational
(Control)

• real-time
monitoring

• order tracking
• inventory

visibility

Continuous tracking
of system state

enabling fast reaction
to disturbances

Operational L1/L2 (interface) [66,67]

Analytical

• demand
forecasting

• predictive
analytics

• scenario analysis
• simulation

modeling

Ability to anticipate
disruptions and

evaluate alternative
decisions using

data-driven tools

Tactical/strategic L2—Operational [54,56]

Analytical
(Decision
support)

• optimization
models

• decision-support
systems

• risk-based
planning tools

Structured support for
selecting optimal

actions under
constraints and

uncertainty

Tactical/strategic L2—Operational [71,72]

Human
(Capabilities)

• workforce skills
• training
• adaptability
• decision-making

competence

Ability of employees
to respond effectively
under uncertainty and
changing conditions

Operational/
strategic L2—Operational [60,61]
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Table 6. Cont.

Dimension Example Criteria Description Where to Apply
(Decision Level)

HoR Layer
Relevance Key Ref.

Human (Col-
laboration)

• communication
effectiveness

• cross-functional
coordination

• stakeholder
collaboration

Ability to coordinate
actions across

organizational and
supply chain
boundaries

Tactical/strategic L2/L4 [96,97]

Structural
(Materials &

products)

• material
substitutability

• product
standardization

• safety stock
• inventory buffers

Ability to maintain
production continuity

through material
flexibility and

buffering mechanisms

Operational/
tactical L3—Structural [26,98]

Structural
(Supply base)

• supplier
diversification

• multi-sourcing
• geographic

dispersion
• supplier

redundancy

Ability to reduce
dependency on single
suppliers and ensure
continuity of supply
through alternative

sourcing options

Strategic/tactical L3—Structura [99,100]

Strategic

• resilience
planning

• strategic
sourcing

• long-term
partnerships

• diversification
strategy

Long-term orientation
toward resilience

through planning and
network design

Strategic L4—Strategic [78,79]

Strategic
(Governance)

• risk management
maturity

• policies
• resilience culture
• performance

monitoring

Organizational
structures and

policies supporting
resilience over time

Strategic L4—Strategic [20,29]

Sustainability-
related

• sustainable
sourcing

• resource
efficiency

• circular economy
practices

Integration of
environmental and

social aspects
supporting long-term

resilience

Strategic L4—Strategic [57,101]

Step 2. Mapping to the HoR structure

In the second stage, the identified criteria were mapped into the House of Resilience
framework (Section 3). This step ensures structural consistency between the conceptual
model and its operationalization. Each criterion was assigned to a specific HoR layer based
on its functional role within the system (see Table 6):

• criteria associated with digital technologies and risk awareness were assigned to the
technological and risk assessment layer (L1),

• criteria reflecting operational, analytical, and human capabilities were grouped within
the operational and adaptive capabilities layer (L2),
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• criteria related to supply structure and resource availability were assigned to the
structural layer (L3),

• criteria related to governance and long-term planning were mapped to the strategic
layer (L4).

Step 3. Contextual adaptation to procurement systemse

In the third stage, the criteria set was refined to reflect the specific characteristics of
procurement processes, as discussed in Section 4. This step involved:

• eliminating redundant or overlapping indicators,
• selecting criteria that are measurable and relevant at the procurement level,
• ensuring coverage of key procurement functions (supplier selection, sourcing, order-

ing, delivery, evaluation).

This step effectively transforms a generic resilience indicator set into a domain-specific
evaluation framework tailored to procurement system characteristics.

To further clarify the practical operationalization of the FHOR-RAM framework, the
relationship between the defined resilience layers, example assessment criteria, potential
data sources, and managerial interpretation of results is summarized in Table 7. The
presented examples illustrate how the conceptual dimensions of the HoR architecture
can be translated into an organizational assessment procedure by combining available
quantitative information with structured expert evaluations. The indicated data sources
should not be interpreted as mandatory inputs, but rather as examples of information
categories that may support resilience assessment depending on organizational context,
data availability, and maturity level.

The information presented in Table 7 highlights that FHOR-RAM is designed as
a flexible assessment framework rather than a fixed measurement system requiring a
predefined data infrastructure. In practical applications, organizations may combine
quantitative operational indicators with qualitative expert assessments depending on the
availability and reliability of existing information sources. The role of fuzzy inference is to
integrate these heterogeneous inputs into a consistent resilience profile while preserving
the uncertainty inherent in expert-based evaluations.

Consequently, the resulting resilience scores should be interpreted as diagnostic indicators
supporting managerial decision-making rather than as absolute measures of organizational
resilience. Layer-level results allow decision-makers to identify critical capability gaps, while
the overall resilience profile provides a structured basis for prioritizing improvement initiatives
across technological, operational, structural, and strategic domains.

As a result, based on the three-stage selection procedure, the final set of evaluation
criteria was derived through a systematic narrowing of the initial literature-based pool.
Specifically, from the broad spectrum of resilience indicators identified in Step 1 (Table 6),
only those criteria were retained that simultaneously (i) exhibit strong theoretical grounding
in resilience literature, (ii) ensure structural alignment with the HoR architecture (Step 2),
and (iii) demonstrate direct applicability to procurement processes (Step 3).

An important assumption underlying the proposed model is the relative independence
of evaluation criteria within and across layers. Excessive overlap between criteria may lead
to redundancy and biased aggregation results, particularly in fuzzy inference systems. To
address this issue, the selection process incorporated the following principles:

1. conceptual distinctiveness—each criterion represents a unique aspect of resilience,
2. minimal overlap—criteria with similar functional roles were merged or eliminated

during Step 3,
3. cross-layer separation—criteria were assigned to layers based on their dominant

functional contribution.
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Although complete statistical independence cannot be guaranteed in complex socio-
technical systems, the adopted approach ensures a sufficient level of discriminative power
and avoids major multicollinearity effects.

The adopted filtering process resulted in a parsimonious yet representative set of
criteria for each layer, preserving the multidimensional nature of resilience while ensuring
model interpretability and usability. Importantly, the final selection reflects a balance
between completeness and practical applicability, i.e., avoiding both oversimplification and
excessive model complexity.

Table 7. Examples of data sources and managerial interpretation within the FHOR-RAM framework.

HoR Layer Example Resilience
Criteria Potential Data Sources Assessment Approach Managerial Interpretation

of Results

L1—Technological
and risk assessment

Real-time monitoring
capability, predictive
analytics capability,

system integration, risk
identification capability

ERP/MES/SCM
system records, IT

architecture
documentation, digital
maturity assessments,

monitoring system
reports, expert

evaluation

Combination of
available digital

performance indicators
and expert assessment
of technological and

analytical capabilities

Identification of digital
capability gaps, limitations

in risk visibility, and
opportunities for

improving anticipation and
early-warning mechanisms

L2—Operational
and adaptive
capabilities

Operational flexibility,
analytical capability,

workforce adaptability,
organizational
coordination

Operational
performance indicators,
process documentation,

disruption response
records, employee

assessments, interviews
with operational

managers

Evaluation of adaptive
capacity based on

operational evidence
and organizational

knowledge

Identification of barriers
limiting response speed,

coordination effectiveness,
and adaptive performance

during disruptions

L3—Structural
resilience

Supplier diversification,
lead-time stability,

critical material
availability

Supplier databases,
procurement records,
supplier performance

indicators, delivery
history, inventory

information

Assessment based on
supply continuity

indicators combined
with expert evaluation

of structural
vulnerabilities

Identification of supply
dependency risks, sourcing
weaknesses, and priorities

for supplier network
redesign or buffering

strategies

L4—Strategic
resilience

Resilience governance
maturity,

resilience-oriented
planning, collaboration
and network strategy

Strategic documents,
risk management

procedures,
contingency plans,

management
assessments, partner
collaboration records

Evaluation of the
degree to which

resilience is embedded
in strategic

decision-making and
governance processes

Identification of
governance gaps,

limitations in long-term
preparedness, and areas

requiring strategic
development

Consequently, the criteria assigned to each HoR layer should not be interpreted as
an exhaustive list of all possible resilience determinants, but rather as a core subset of
high-impact indicators that capture the dominant mechanisms of resilience formation
within procurement systems. While the conceptual architecture of the HoR framework
is transferable across different organizational levels, its operationalization requires the
selection of criteria that are appropriate for the analyzed logistics subsystem, industrial
context, and decision level. Accordingly, the proposed set of fourteen criteria represents
one theoretically grounded operationalization of the HoR framework for procurement
processes rather than a universally exhaustive representation of resilience determinants
across all supply chain actors.

The above-presented mapping process ensures that the final criteria set reflects the
hierarchical and multi-layer nature of resilience as conceptualized in the HoR framework.
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The outcome of the above procedure is a structured and reduced set of evaluation
criteria assigned to each HoR layer, as presented below. Each layer-specific subset reflects
a distinct dimension of resilience, corresponding to its functional role within the overall
system architecture.

Layer L1—Technological and risk assessment
This layer represents the system’s ability to monitor, anticipate, and interpret disrup-

tions using digital tools and structured risk analysis.

• C11: Real-time monitoring—refers to the capability of continuously tracking supply
chain operations and system states using digital tools (e.g., IoT, tracking systems),
enabling immediate detection of disruptions,

• C12: Predictive analytics capability—denotes the ability to anticipate future disruptions
and trends using data-driven models, forecasting techniques, and advanced analytics,

• C13: System integration—reflects the level of interoperability between information
systems across the organization and supply chain partners, enabling seamless data
exchange,

• C14: Risk identification and assessment capability—captures the ability to systemati-
cally identify, evaluate, and prioritize risks using structured methodologies,

• C15: Cloud-based infrastructure and data accessibility—refers to the use of cloud
computing solutions enabling scalable, flexible, and real-time access to data and
digital services across the supply network.

This layer reflects the increasing importance of digital transformation and risk aware-
ness in resilience building, as highlighted in Section 2.2. Moreover, these criteria are
grouped within the same layer because they jointly support the system’s capability to sense,
interpret, and anticipate emerging disruptions. Digital technologies provide the infras-
tructure for data acquisition, integration, and real-time visibility, whereas risk assessment
transforms this information into actionable knowledge by identifying vulnerabilities and
evaluating their potential consequences. Together, these capabilities perform the common
resilience function of anticipation and situational awareness, which constitutes the first
layer of the HoR architecture.

Layer L2—Operational and adaptive capabilities layer
This layer captures the system’s ability to respond and adapt dynamically to disruptions.

• C21: Operational flexibility—refers to the ability to adjust operational processes (e.g.,
sourcing, logistics, order fulfillment) in response to disruptions, independently of the
underlying analytical tools,

• C22: Analytical capability—denotes the ability to support decision-making through
data analysis, forecasting, and scenario evaluation, without directly representing
execution capability,

• C23: Workforce adaptability—captures the ability of employees to adjust to changing
conditions, including skills, learning capacity, and decision-making autonomy,

• C24: Organizational coordination and communication—reflects the effectiveness of
information exchange, coordination mechanisms, and collaboration both internally
and with external partners.

The criteria correspond directly to the pillars identified in the HoR framework and
reflect the integration of operational execution, data-driven decision-making, and human
competencies. This layer operationalizes the resilience engineering perspective (respond-
ing, monitoring, learning). Although operational flexibility, analytical capability, workforce
adaptability, and organizational communication represent distinct organizational capabili-
ties, they are grouped within a single layer because they collectively determine the system’s
adaptive response once a disruption has occurred. Analytical capability supports decision-
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making, operational flexibility enables implementation of corrective actions, workforce
adaptability provides execution capacity under changing conditions, and communication
coordinates these activities across organizational boundaries. Their combined function is
therefore adaptation and coordinated response rather than isolated capability development.

Layer L3—Structural resilience (structural robustness)
This layer reflects the ability of the procurement system to ensure continuity of supply

under disruption conditions.

• C31: Supplier diversification—reflects the extent to which sourcing is distributed across
multiple suppliers, reducing dependency risks,

• C32: Lead time stability—denotes the consistency and predictability of supply lead
times under normal and disrupted conditions,

• C33: Critical material availability—captures the ability to ensure continuous access to
key materials necessary for operations.

These criteria are derived from literature emphasizing redundancy, flexibility, and
supply security as key structural enablers of resilience. Supplier diversification reduces
dependency risks, lead time stability reflects process reliability, and material availability
ensures continuity of operations. In addition, these criteria are grouped together because
they collectively determine the system’s inherent capacity to absorb disruptions before
adaptive actions become necessary. Unlike the previous layer, which focuses on dynamic
response, structural resilience reflects the configuration of the procurement system itself,
including supplier network design, material availability, and supply continuity. Together,
these mechanisms define the baseline robustness upon which the remaining resilience
layers operate.

Layer L4—Strategic resilience
This layer captures long-term system orientation and governance mechanisms.

• C41: Resilience governance maturity—reflects the degree of formalization, integra-
tion, and continuous improvement of governance structures supporting resilience,
including policies, decision-making frameworks, accountability mechanisms, and
integration of resilience into organizational management systems,

• C42: Resilience-oriented planning—denotes the extent to which long-term planning
explicitly incorporates resilience considerations, including disruption scenarios, con-
tingency strategies, and proactive design of buffering, redundancy, and risk mitigation
mechanisms across the supply chain,

• C43: Collaboration and network strategy—captures the strategic alignment and depth
of relationships with supply chain partners, including trust, integration, and joint
resilience initiatives.

These criteria are grouped within the strategic layer because they collectively shape
the long-term direction, governance, and continuous development of resilience capabilities.
Rather than supporting day-to-day disruption management, they define how resilience is
embedded in organizational policies, strategic planning, inter-organizational relationships,
and continuous improvement processes. Consequently, this layer provides the governance
mechanisms that align and coordinate the development of all other resilience layers over
time. It should also be noted that, while risk-related aspects are also addressed in the
technological and risk assessment layer (L1), they refer to operational and analytical capa-
bilities (e.g., risk identification and monitoring). In contrast, the strategic layer captures
governance-level mechanisms that define how resilience is embedded in organizational
structures and decision-making processes. The final set of fifteen criteria was not intended
to provide an exhaustive representation of all resilience determinants identified in the
literature. Instead, the selection aimed to identify a parsimonious set of high-impact criteria
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that simultaneously satisfied three conditions: (i) strong theoretical support across multiple
resilience research streams, (ii) clear functional alignment with one of the four HoR lay-
ers, and (iii) direct applicability to procurement processes. Criteria exhibiting substantial
conceptual overlap or representing indirect manifestations of resilience were intentionally
excluded to preserve model interpretability and avoid redundancy.

In the final stage, the relative importance of criteria and layers may be determined
using multi-criteria decision-making methods, such as the Analytic Hierarchy Process (AHP).
This approach enables structured pairwise comparisons and improves the robustness of
the assessment. However, in the present study, equal weighting is adopted as a baseline
assumption, ensuring model simplicity and general applicability. The integration of AHP-
based weighting is proposed as a direction for future research and empirical validation.
However, it should be emphasized that the equal weighting adopted in the present study
refers exclusively to the absence of explicit numerical importance coefficients (e.g., AHP-
derived weights). It does not imply that all criteria or resilience layers exert an identical
influence on the final resilience assessment. Within the proposed FHOR-RAM model, the
substantive influence of individual criteria emerges from the fuzzy rule base, which captures
conditional dependencies, bottleneck effects, and nonlinear interactions among resilience
dimensions. Consequently, the model distinguishes between numerical weighting and rule-
based influence. Whereas weighting specifies the predefined relative importance of individual
criteria, the fuzzy inference mechanism determines their context-dependent contribution to
resilience according to the configuration of other resilience capabilities.

The purpose of defining the set of layers Lj and associated criteria Cji is to enable the
formal assessment of system resilience as a multidimensional and hierarchical construct. In the
proposed framework, resilience is not treated as a directly observable variable but as a latent
property emerging from the combined performance of multiple interrelated system attributes.

Accordingly, the evaluation process is structured as a bottom-up aggregation mecha-
nism, in which individual criteria are first assessed and then progressively aggregated at
the layer level, ultimately leading to the overall resilience score of the system.

The above-defined criteria sets for each layer constitute the input variables of the re-
silience assessment model. Each criterion represents a distinct and operationalizable aspect of
system performance, enabling structured evaluation using expert judgment. In a practical
implementation scenario, the assessment process consists of four sequential activities. First,
the organization defines the assessment scope, including the analyzed logistics subsystem,
organizational level, and relevant stakeholders. Second, data and expert evaluations are
collected for each resilience criterion using available operational records, digital systems,
performance indicators, and structured assessment questionnaires. Third, the collected in-
formation is transformed into linguistic variables and processed through the fuzzy inference
mechanism. Finally, the obtained layer-level and system-level resilience results are interpreted
to identify critical weaknesses and prioritize improvement actions.

In the next step, these criteria are formalized as input variables of the aggregation
model, forming the basis for both layer-level and system-level resilience evaluation.

Formally, let the evaluation of criterion Cji, belonging to layer Lj, be denoted as xji,
where j = 1,2,3,4 represents the layer index and i = 1, 2, . . ., nj denotes the criteria within a
given layer. At the first level of aggregation, the resilience of each layer is determined as a
function of its corresponding criteria:

Rj = f j
(
xj1, xj2, . . . , xjn

)
(4)

where Rj represents the partial resilience score of layer Lj, and fj(·) is an aggregation function
reflecting the contribution of individual criteria.
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At the second level, the overall system resilience is computed as an aggregation of
layer-level resilience scores:

RHoR = g(R1, R2, R3, R4) (5)

where RHoR denotes the overall resilience level of the system, and g(·) represents the aggre-
gation operator combining structural, operational, technological, and strategic dimensions.

In the baseline formulation, both fj(·) and g(·) may be represented using weighted
averaging operators. However, weighted averaging approaches assume linear compen-
sation among resilience dimensions, meaning that deficiencies in one dimension can be
fully offset by strengths in another. Such an assumption may not reflect the behavior of
complex logistics systems, where certain combinations of weaknesses may significantly
reduce overall resilience. Therefore, fuzzy inference is introduced to represent nonlinear
relationships and conditional dependencies among resilience layers. Through rule-based
reasoning, the model captures how specific configurations of capabilities contribute to
different resilience outcomes. This hierarchical aggregation structure ensures that the
model captures the multi-layered nature of resilience while preserving interpretability at
both the criterion and system levels. Moreover, it provides a transparent link between local
system characteristics and the global resilience outcome, enabling targeted identification of
weaknesses and improvement priorities.

This distinction is particularly important for interpreting the proposed model. Al-
though all criteria and layers are initially treated with equal numerical importance, the
final resilience assessment is governed by the expert-defined fuzzy rule base. Therefore,
resilience does not emerge from a weighted linear aggregation but from conditional inter-
actions among resilience dimensions. Certain resilience capabilities may become decisive
under specific configurations (e.g., weak structural resilience limiting overall resilience
despite strong technological capabilities), reflecting bottleneck effects rather than implicit
numerical weighting.

To sum up, the proposed structure ensures that the FHOR-RAM model is not only
theoretically grounded in the HoR concept but also practically applicable for resilience
assessment in procurement and logistics systems. By integrating structural, operational,
technological, and strategic dimensions within a unified framework, the model addresses
the key limitations of existing resilience assessment approaches identified in Section 2.4.

5.3. Linguistic Variables and Membership Functions

In accordance with the hierarchical structure defined in Section 5.2, the evaluation
of each criterion Cji is performed using linguistic variables, reflecting the qualitative,
uncertain, and context-dependent nature of resilience assessment. As resilience is a latent
and multidimensional construct, many of its determinants cannot be measured directly
using precise numerical data. Moreover, resilience-related capabilities often interact in a
nonlinear manner, meaning that their contribution to overall system resilience depends not
only on their individual levels but also on their configuration within the system. Therefore,
linguistic variables and fuzzy representation are adopted not only to capture vagueness and
ambiguity in expert judgments, but also to represent gradual transitions between resilience
states and the context-dependent interpretation of resilience capabilities.

Accordingly, each criterion value is represented as a triangular fuzzy number (TFN):

∼
x ij =

(
aji, bji, cji

)
(6)

where
(
aji, bji, cji

)
∈ [0, 1] denote the lower, modal, and upper bounds of the fuzzy assess-

ment of criterion Cji, respectively.
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The general form of the triangular membership function is [102]:

µ(x) =



0, x ≤ a
x − a
b − a

, a ≤ x ≤ b

c − x
c − b

, b ≤ x ≤ c

0, x ≥ c

(7)

A unified five-level linguistic scale is adopted across all criteria to ensure consistency
and comparability of expert evaluations:

LV = {Very Low, Low, Medium, High, Very High} (8)

Each linguistic term is associated with a predefined TFN defined over the normalized
interval [0, 1], as presented in Table 8.

Table 8. Linguistic scale and corresponding triangular fuzzy numbers (TFNs).

Linguistic Term Abbreviation TFN (a, b, c)

Very Low VL (0.0, 0.0, 0.2)
Low L (0.1, 0.3, 0.5)

Medium M (0.4, 0.6, 0.8)
High H (0.65, 0.85, 1.0)

Very High VH (0.85, 1.0, 1.0)

Importantly, the fuzzy representation prevents an artificial assumption of precise
thresholds between resilience states, reflecting the fact that transitions between different
resilience levels are gradual rather than discrete. The adoption of a normalized scale
facilitates comparability across criteria and supports aggregation at both layer and system
levels, as defined in Section 5.2. Moreover, the use of TFNs ensures computational simplicity
while preserving the ability to model uncertainty in expert judgments. However, to ensure
reproducibility and consistency of the assessment process, it is necessary to explicitly define
the semantic interpretation of each linguistic term for every evaluation criterion. Without
such definitions, linguistic evaluations may be interpreted differently by individual experts,
leading to inconsistencies in the results. Therefore, Table 9 provides a comprehensive
interpretation of all five linguistic levels (VL–VH) for each criterion included in the FHOR-
RAM model.

The structured interpretation of linguistic variables presented in Table 9 ensures a
consistent and transparent evaluation process, reducing subjectivity and enhancing the
reliability of expert assessments. It also enables the model to be applied across different
organizational contexts while maintaining comparability of results. Importantly, the fuzzy
representation of criteria evaluations constitutes the input to the aggregation mechanism
defined in Section 5.2. Specifically, the fuzzy values

∼
x ij are used to compute layer-level

resilience Rj, which are subsequently aggregated into the overall system resilience score
RHoR. Thus, the definition of linguistic variables and membership functions provides a
critical link between qualitative expert knowledge and the quantitative structure of the
FHOR-RAM model, enabling its application as a decision-support tool under conditions
of uncertainty.
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Table 9. Interpretation of linguistic variables for resilience evaluation criteria.

Criterion Very Low (VL) Low (L) Medium (M) High (H) Very High (VH)

C11: Real-time
monitoring

No monitoring
systems; no

digital visibility;
decisions based
on delayed or

absent
information

Fragmented
monitoring;

delayed data;
limited system

coverage; lack of
integration

Partial real-time
visibility
(selected
processes

monitored);
limited

integration

High real-time
tracking across
key processes;

integrated
dashboards; near

real-time data
availability

Full end-to-end
visibility; real-time
data across entire

supply chain; fully
integrated and
synchronized
monitoring

systems

C12: Predictive
analytics
capability

No predictive
tools; no formal

forecasting;
decisions based

on ad hoc
estimates or

intuition

Basic trend
analysis; simple

forecasting
models; low
predictive
accuracy

Moderate
predictive

models; some
forecasting

accuracy; limited
scenario analysis

Advanced
predictive
analytics;

scenario-based
forecasting;

models regularly
used

Fully integrated
predictive and

AI-based analytics;
continuous

learning models;
automated

decision support

C13: System
integration

Completely
isolated systems;

manual data
exchange; no

interoperability

Limited
integration; some
digital interfaces;
significant data

silos remain

Partial
integration; key

systems
connected;
moderate

interoperability

High integration;
most systems
interoperable;
consistent and
reliable data

exchange

Fully integrated
ecosystem;
seamless

interoperability;
real-time data

synchronization
across all partners

C14: Risk
identification

and
assessment

No formal risk
management;

risks recognized
only after
disruption

occurs

Ad hoc or
incomplete risk

analysis; no
structured

methodology

Periodic risk
identification;

basic tools (e.g.,
risk registers)

Systematic risk
assessment;
structured

methods applied
regularly

Continuous,
real-time risk
monitoring;

predictive risk
analytics; full

system awareness

C15:
Cloud-based
infrastructure

and data
accessibility

No cloud
solutions; data
stored locally;

limited
accessibility and

scalability

Limited cloud
usage;

fragmented
solutions;

restricted data
access

Moderate cloud
adoption; key

systems
accessible

remotely; partial
scalability

Advanced cloud
infrastructure;

high data
availability;
scalable and

flexible systems

Fully
cloud-enabled

ecosystem;
real-time global

access; high
scalability;

seamless data
sharing across

network

C21:
Operational

flexibility

Rigid processes;
no adaptability;

fixed sched-
ules/resources;
no contingency

options

Limited
flexibility;

adjustments
possible but slow,

costly, and
reactive

Moderate
flexibility; some

resource
reallocation and

rescheduling
possible

High flexibility;
dynamic

adjustments
possible with

moderate effort

Fully agile system;
real-time

adaptation;
automated or

semi-automated
reconfiguration

C22: Analytical
capability

No analytical
tools; decisions
purely reactive,

experience-
based or

intuitive; no
structured

analysis

Basic descriptive
analytics
(reports,

historical data);
limited decision

support

Standard
forecasting
(time-series,

basic models);
limited scenario

analysis

Advanced
analytics;
scenario

modeling;
decision-support
systems actively

used

Fully integrated
predictive and

prescriptive
analytics;

AI-supported
decision-making

embedded in
processes
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Table 9. Cont.

Criterion Very Low (VL) Low (L) Medium (M) High (H) Very High (VH)

C23: Workforce
adaptability

Low skill level;
no training;
resistance to
change; no
autonomy

Limited skills;
occasional

training; low
adaptability

Moderate skills;
basic cross-

functionality;
some

adaptability

Highly skilled
workforce;
continuous

training; strong
adaptability

Expert-level
workforce;

proactive learning;
high autonomy;
strong resilience

culture

C24: Organiza-
tional

coordination
and communi-

cation

No structured
communication;

siloed operations;
lack of

information
sharing

internally and
externally

Limited
coordination;

informal
communication;

delays in
information flow

Moderate
coordination;

defined
communication
channels; partial
integration with

partners

Strong
coordination;

structured
communication;

efficient
cross-functional

collaboration

Fully integrated
communication

network; real-time
information

sharing; strong
internal and

external alignment

C31: Supplier
diversification

Single supplier;
no alternatives;
dependency >

90%; no
contingency

contracts

Two suppliers
but high

dependency
(>70%); limited

switching
capability

3–4 suppliers;
moderate

diversification
(no single
supplier

dependency);
partial switching

capability

Multiple
suppliers (>4);
geographically

diversified;
moderate
flexibility

Fully diversified
global network; no

critical
dependency (<30%

per supplier);
dynamic sourcing

C32: Lead time
stability

Lead times
highly volatile

(>50% deviation);
unpredictable;

frequent
disruptions

High variability
(30–50%);

frequent delays;
weak control

Moderate
variability
(15–30%);
partially

predictable

Low variability
(<15%); mostly

predictable;
supported by

planning systems

Highly stable
(<5–10%); fully

predictable;
actively controlled

in real time

C33: Critical
material

availability

Frequent
shortages; no

safety stock; high
disruption risk

Occasional
shortages;

limited buffers;
reactive

replenishment

Acceptable
availability;
safety stock

exists but not
optimized

High availability;
proactive
inventory

management;
rare shortages

Fully secured
supply; strategic

reserves;
alternative

materials; zero
disruption risk

C41: Resilience
governance

maturity

No formal
governance; no

policies or
accountability

structures related
to resilience

Basic governance
structures;

limited
formalization;

reactive
approach

Defined
governance

processes; roles
and

responsibilities
partially
assigned

Well-established
governance;

integrated into
management

systems;
proactive
approach

Fully mature
governance

system;
continuous

improvement;
resilience

embedded in
organizational

culture

https://doi.org/10.3390/systems14080920

https://doi.org/10.3390/systems14080920


Systems 2026, 14, 920 42 of 100

Table 9. Cont.

Criterion Very Low (VL) Low (L) Medium (M) High (H) Very High (VH)

C42: Resilience-
oriented
planning

No resilience
planning; no
contingency
strategies; no

consideration of
risk mitigation or

buffering
mechanisms

Basic
contingency

plans; limited
scope; reactive

approach to
disruptions;

minimal
integration with

risk analysis

Moderate
planning; some
scenario-based

approaches;
partial inclusion
of risk mitigation

strategies (e.g.,
limited buffers or

alternatives)

Advanced
planning;
multiple

disruption
scenarios
analyzed;

systematic
integration of

risk mitigation
strategies,
including

redundancy and
buffering
decisions

Fully integrated
resilience

planning; dynamic,
scenario-based,
continuously

updated; proactive
and optimized

design of
buffering,

redundancy, and
mitigation

strategies across
the supply
network

C43:
Collaboration
and network

strategy

No collaboration;
siloed operations;

no partner
integration

Limited
coordination

with key
partners; low

trust level

Moderate
collaboration;

basic
information

sharing

Strong
partnerships;
coordinated

planning and
decision-making

Fully integrated
network; strategic
alliances; shared
platforms; joint

resilience
strategies

5.4. Fuzzy Inference and Rule Base

To operationalize the evaluation framework defined in Sections 5.2 and 5.3, a fuzzy
inference system (FIS) is developed to model the relationships between resilience criteria,
layer-level resilience, and the overall system resilience. In contrast to conventional assess-
ment approaches based on linear aggregation of independent indicators, the fuzzy inference
system enables representation of conditional relationships among resilience dimensions.
Therefore, the FIS is used as a mechanism for translating the systemic interactions assumed
in the HoR architecture into computational rules. The proposed model adopts a Mamdani-
type fuzzy inference system, which is widely used in decision-support applications due to
its interpretability and suitability for expert-based knowledge representation. In the context
of resilience modeling, the advantage of Mamdani inference is not limited to computational
handling of uncertain inputs; it enables the formal representation of qualitative causal
relationships between resilience mechanisms and system-level outcomes. The Mamdani
approach was selected due to its interpretability and suitability for expert-driven systems,
in contrast to Sugeno models, which are more computationally efficient but less transparent.
In addition, the FIS is implemented using the Fuzzy Logic Toolbox in MATLAB, ensuring
computational transparency and reproducibility of results.

5.4.1. Structure of the Fuzzy Inference System

The FHOR-RAM model is structured as a two-level hierarchical fuzzy inference system:

(a) Level 1—Layer-level inference:

• Inputs: criteria Cji within each layer Lj,
• Output: fuzzy resilience score of layer Lj.

(b) Level 2—System-level inference:

• Inputs: fuzzy resilience scores R1, R2, R3, R4 obtained from layers L1, L2, L3, L4,
• Output: overall resilience score RHoR.

This hierarchical structure ensures:
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• modular representation of resilience components,
• reduction of rule-based complexity,
• consistency with the conceptual HoR framework,
• controlled propagation of uncertainty from criteria to system-level assessment,
• representation of emergent resilience formation through progressive aggregation of

interacting system layers.

5.4.2. Mamdani Inference Mechanism

The inference process follows the classical Mamdani approach and consists of four
sequential stages: fuzzification, rule evaluation, aggregation, and defuzzification.

Fuzzification:
Crisp input values corresponding to the evaluation of criteria Cji are transformed into

fuzzy values using the triangular membership functions defined in Section 5.3. For each
input xij, the degree of membership in each linguistic set Ak ∈ LV is calculated as (based on
Equation (7)):

µAk

(
xij

)
∈ [0, 1] (9)

This allows for representing uncertainty and partial belonging of inputs to multiple
linguistic categories. In the context of FHOR-RAM, partial membership also reflects transi-
tional resilience states, where a logistics system may simultaneously exhibit characteristics
of different resilience levels rather than belonging exclusively to one predefined category.

Rule evaluation (implication):
Each rule is activated based on the degree of satisfaction of its antecedents. The firing

strength αr of rule r is computed using:

• the minimum operator for conjunction (AND),
• the maximum operator for disjunction (OR), if applicable:

αr = min
(
µA1 , µA2 , . . . , µAn

)
(10)

The implication is performed by truncating the output membership function:

µ∗
Br
(y) = min(αr, µBr (y)) (11)

Aggregation:
The outputs of all activated rules are combined using the maximum operator:

µout(y) = max
r

µ∗
Br
(y) (12)

This operation ensures that all relevant rules contribute to the final fuzzy output while
preserving the highest degree of membership at each point of the output domain.

Defuzzification:
In the final stage, the aggregated fuzzy output is transformed into a crisp numeri-

cal value representing the resilience level used for interpretation and comparison. The
FHOR-RAM model employs the centroid (center of gravity) method, which is one of the
most widely used defuzzification techniques due to its stability and interpretability. The
defuzzified value R is calculated as:

R =

∫
yµout(y)dy∫
µout(y)dy

(13)

where µout(y) is the aggregated membership function; y represents the output variable.
This method computes the center of gravity of the resulting fuzzy set, providing a

balanced representation of all activated rules and their respective contributions.
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The described mechanism is applied both at the layer level and at the system level,
ensuring consistency of inference across the entire model.

5.4.3. Rule Base Design

In the present study, the fuzzy rule base was developed by the authors as theory-
informed expert knowledge. Rather than eliciting rules from a formal expert panel, the
authors translated the conceptual assumptions of the HoR framework and resilience mech-
anisms reported in the literature into an explicit set of linguistic inference rules. Conse-
quently, the proposed rule base should be interpreted as an initial theoretical operational-
ization of the HoR framework, intended to support conceptual modeling rather than as a
universally validated knowledge base.

The fuzzy rule base constitutes the core of the inference system, as it encodes expert
knowledge about the relationships between individual resilience criteria and the resulting
resilience performance at both the layer and system levels. In this sense, the rule base
does not merely represent uncertainty but formalizes theoretical assumptions regarding
how resilience mechanisms interact. The IF–THEN relationships provide an explicit rep-
resentation of assumed functional relationships among resilience capabilities, including
reinforcing effects, limiting factors, and non-compensatory interactions.

The fuzzy rules were not derived from historical operational data or statistically
learned from empirical observations. Instead, they were developed as theory-informed
expert rules based on three complementary sources: (i) the conceptual assumptions of
the House of Resilience framework, (ii) established resilience engineering principles re-
ported in the literature, and (iii) domain knowledge related to procurement and supply
chain resilience assessment. Therefore, the rule base should be interpreted as an explicit
representation of assumed resilience relationships rather than as an empirically identified
causal model.

The development process consisted of four sequential steps. First, the functional
role of each resilience layer was defined within the HoR architecture. Second, qualitative
relationships between criteria and resilience outcomes were identified based on literature-
derived resilience mechanisms. Third, these relationships were translated into linguistic
IF–THEN rules using the predefined five-level linguistic scale. Finally, the resulting rule sets
were reviewed for logical consistency, monotonic behavior, and coverage of representative
resilience configurations.

Beyond numerical aggregation, the rule base represents the functional relationships
assumed within the HoR framework by defining how combinations of resilience capabilities
contribute to emergent system behavior. In the proposed FHOR-RAM model, the rule base
reflects the causal logic embedded in the House of Resilience (HoR) framework, ensuring
consistency between conceptual assumptions and computational implementation.

The fuzzy rules follow a standard IF–THEN structure:

IF Cji is A1 AND Cji is A2 AND . . . THEN Lj is B

where Cji denotes the i-th criterion within layer Lj; Ai and B ∈ LV are linguistic terms
defined in Section 5.3.

At the system level, an analogous structure is applied:

IF L1 is A1 AND L2 is A2 AND L3 is A3 AND L4 is A4 THEN RHoR is B

This formulation enables a consistent propagation of information from criteria to
layers and from layers to the overall resilience score.
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The rule base is developed based on a set of methodological and domain-specific
assumptions, ensuring both interpretability and logical consistency:

• Theory-informed expert reasoning—rules represent domain-informed assumptions
regarding relationships between resilience capabilities and system outcomes. These
assumptions are derived from resilience literature, the functional logic of the HoR
architecture, and procurement resilience principles.

• Monotonicity assumption—it is assumed that improvements in input criteria should
not lead to a deterioration of resilience. Formally, higher linguistic values of inputs
(e.g., High, Very High) should result in equal or higher output levels.

• Dominance relationships between criteria—certain criteria may exert a stronger in-
fluence on the resulting resilience assessment under specific boundary conditions.
Rather than assigning explicit numerical weights, the FHOR-RAM model captures
such effects through the structure of fuzzy rules. Thus, equal weighting and domi-
nance effects operate at two different methodological levels. Equal weighting concerns
the formal importance assigned to criteria during the aggregation structure, whereas
dominance relationships are implemented within the fuzzy inference rules to represent
context-dependent interactions among resilience capabilities. Such influence does not
represent numerical weighting but emerges from the configuration-dependent behav-
ior of fuzzy rules. Consequently, dominance should not be interpreted as implicit
weighting, but rather as a behavioral property of the inference mechanism consis-
tent with the non-compensatory assumptions of the HoR framework. This approach
reflects the assumption that resilience cannot always be explained by additive com-
pensation mechanisms. In complex logistics systems, the simultaneous presence of
weaknesses in critical dimensions may create systemic vulnerability even when other
capabilities are highly developed. For example, extremely low values of critical crite-
ria (e.g., critical material availability, resilience governance maturity, or cloud-based
infrastructure accessibility) may trigger lower resilience outputs even when other
criteria perform well. This approach reflects the systemic nature of resilience while
maintaining the equal-weight assumption adopted at the aggregation level.

• Non-compensatory logic—the model assumes that extremely low values of critical
criteria cannot be fully compensated by high values of other inputs. At the system
aggregation level, this principle is additionally enforced through dedicated mixed-
condition rules representing configurations with multiple low-performing layers.
These rules ensure that resilience deficiencies occurring simultaneously across several
dimensions of the House of Resilience architecture constrain the final resilience as-
sessment, thereby reducing excessive compensatory effects that may arise from fuzzy
interpolation.

• Consistency with HoR architecture—the rules are aligned with the layered structure
of the model, ensuring that each layer reflects its intended functional role (structural,
operational, technological, strategic).

The number of possible fuzzy rules increases exponentially with the number of input
variables (criteria) and linguistic terms. For a system with five linguistic levels and nj

criteria within layer Lj, the theoretical number of rules is given by:

Nj = 5nj (14)

Based on the structure defined in Section 5.2, the theoretical rule base size for each
layer is presented in Table 10.
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Table 10. Theoretical rule base size.

Layer Number of
Criteria

Theoretical Number
of Rules

L1—Technological & risk assessment 5 55 = 3125
L2—Operational and adaptive capabilities 4 54 = 625
L3—Structural resilience 3 53 = 125
L4—Strategic resilience 3 53 = 125

At the system level, aggregation of the four layers would theoretically require:
54 = 625 rules. Consequently, a fully enumerated rule base would result in over 4500 rules
in total, which is impractical in terms of:

• interpretability,
• computational efficiency,
• expert validation and calibration.

Given the exponential growth of the rule base (Table 10), a full enumeration of all
possible rule combinations is neither practical nor necessary. Therefore, a reduced rule base
is constructed to capture the dominant system behavior while maintaining interpretability
and computational efficiency. The reduction process follows a structured and reproducible
approach.

Instead of generating all possible combinations, the rule base is defined using three
categories of rules:

1. Extreme rules (boundary conditions)
Representing the limits of system behavior:

• all inputs Very Low—output Very Low,
• all inputs Very High—output Very High.

2. Reference rules (balanced scenarios)
Representing typical system states:

• all inputs at the same level (Low, Medium, High),
• consistent performance across criteria.

3. Dominance-based rules (mixed scenarios)
Capturing realistic conditions where:

• one or more criteria significantly influence the output,
• critical weaknesses (e.g., Very Low) dominate the result,
• majority logic applies (e.g., most inputs High—High output).

Following this, the final rule base is obtained by applying the following operational
rules:

• permutation reduction: equivalent combinations of inputs are represented by a single
rule (order of criteria does not matter),

• dominance assumption: critical low-performance criteria (e.g., Very Low) can deter-
mine the output regardless of other inputs,

• monotonicity constraint: increasing input levels should not decrease the output level,
• heuristic grouping: similar input configurations are aggregated using linguistic pat-

terns (e.g., “majority High”).

The reduced rule base was constructed using a transparent rule-selection protocol
rather than subjective elimination of individual combinations. The protocol prioritizes
representative patterns of resilience behavior instead of exhaustive enumeration of all
possible input combinations. As a result of the reduction process, the number of rules is
significantly decreased (Table 11).
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Table 11. Reduced number of rules in the model.

Layer Theoretical Rules Final Rule Base

L1—Technological & risk assessment 3125 48
L2—Operational and adaptive capabilities 625 35
L3—Structural resilience 125 30
L4—Strategic resilience 125 30
System level 625 48

To assess the logical adequacy of the reduced rule base, the rules were designed to
ensure coverage of all major resilience states represented by the linguistic scale. The rule
set includes:

• failure scenarios,
• low-performance scenarios,
• balanced configurations,
• high-performance scenarios,
• excellence scenarios,
• mixed and transitional configurations.

Consequently, every linguistic region of the input space is represented by at least one
rule, while fuzzy interpolation mechanisms ensure smooth transitions between explicitly
defined rules.

The reduced rule base preserves the key nonlinear relationships between criteria while
ensuring high interpretability (limited number of intuitive rules), computational efficiency,
and feasibility of validation, future expert review, and calibration. From a managerial
perspective, this rule-based structure enables decision-makers to understand not only the
final resilience level but also the underlying configurations of capabilities that contribute
to this outcome. Consequently, FHOR-RAM supports diagnostic analysis by indicating
which resilience dimensions represent limiting factors and where improvement actions
may generate the highest system-level benefits.

Due to the use of fuzzy membership functions, the model interpolates between defined
rules, ensuring smooth output transitions across the entire input space despite the reduced
rule set.

Complete rule bases for Layers L1, L2, L4, as well as the full system-level aggregation
rule base, are provided in Appendix A. To illustrate the implementation of the rule reduction
strategy, the structural resilience layer (L3) is selected as an example because it represents
the foundational role of supply continuity within the HoR architecture. Complete rule
bases are provided in Appendix A, whereas Appendix B provides a detailed illustration of
the rule reduction procedure using Layer L3.

To sum up, the methodological contribution of FHOR-RAM does not result from the
standalone application of fuzzy inference, which is a well-established approach in decision-
support systems. Instead, the novelty lies in integrating fuzzy reasoning with a resilience
architecture that explicitly represents resilience as a layered and emergent system property.
Unlike conventional fuzzy assessment models, where criteria are aggregated directly into a
single performance index, FHOR-RAM introduces a hierarchical inference structure reflect-
ing the functional dependencies between technological awareness, operational adaptability,
structural robustness, and strategic governance. Therefore, fuzzy inference serves as a
computational mechanism for operationalizing the theoretical assumptions of the House of
Resilience rather than merely as an aggregation technique.
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5.5. Results Interpretation and Model Applicability

The final output of the FHOR-RAM model is a crisp resilience score RHoR ∈ [0, 1],
obtained through the hierarchical fuzzy inference process described in Section 5.4. This
scalar value represents the aggregated level of resilience of the analyzed procurement
system and reflects the integrated contribution of structural, operational, technological,
and strategic dimensions of resilience. In contrast to single-dimensional performance
indicators, the proposed score captures resilience as a latent, multi-layer system property
emerging from the interaction of heterogeneous system attributes. Importantly, the role
of fuzzy inference in the FHOR-RAM model extends beyond uncertainty representation.
The fuzzy mechanism provides a theoretical means for modeling resilience as an emergent
phenomenon characterized by nonlinear interactions, partial dependencies, and transition
effects among heterogeneous system capabilities. Unlike additive assessment approaches,
where resilience is assumed to result from the direct aggregation of independent indicators,
fuzzy inference allows the representation of situations in which combinations of moderately
developed capabilities may generate higher resilience outcomes, while critical deficiencies
in specific dimensions may significantly constrain the overall system resilience.

5.5.1. Interpretation of Resilience Scores

To ensure interpretability and practical usability of the model in decision-making
contexts, the resulting resilience score is mapped onto a predefined qualitative classification
scale. This transformation from a continuous numerical output into discrete linguistic
categories enables meaningful interpretation by decision-makers and supports comparative
and diagnostic analysis.

The interpretation scale (Table 12) is constructed as a uniform partition of the nor-
malized interval [0, 1], ensuring consistency, transparency, and symmetry of classification
boundaries. The boundaries are not intended to represent empirically validated resilience
thresholds but serve as interpretative categories supporting managerial communication.
Each interval corresponds to a distinct resilience state characterized not only by its numeri-
cal range but also by its underlying system behavior, particularly in terms of vulnerability,
adaptability, and capacity for disruption absorption and recovery.

The proposed classification provides a structured interpretation framework that trans-
lates a continuous fuzzy output into actionable managerial insights. Beyond numerical
classification, the fuzzy representation preserves the gradual and context-dependent na-
ture of resilience transitions. This is theoretically relevant because resilience development
rarely follows discrete capability jumps; instead, organizations typically evolve through
intermediate states where different resilience mechanisms coexist and interact. Importantly,
the boundaries between categories should not be interpreted as rigid thresholds but rather
as soft transitions, consistent with the fuzzy logic foundation of the FHOR-RAM model.
This means that systems located near boundary values (e.g., 0.59 vs. 0.61) may exhibit
overlapping characteristics of adjacent resilience levels.

This approach supports graded decision-making, where improvements in resilience
are interpreted incrementally rather than as abrupt state changes. Such a representation is
particularly relevant for complex socio-technical systems, where resilience evolves continu-
ously rather than discretely.

From a decision-support perspective, the classification enables:

• diagnostic evaluation, by identifying the current resilience state of the system,
• benchmarking, by enabling comparison across systems, suppliers, or organizational

units,
• temporal analysis, by tracking resilience evolution over time,
• target setting, by defining desired resilience levels for strategic planning.
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Table 12. Interpretation of resilience score.

Score Range Resilience Level Interpretation

0.00–0.20 Very Low

The system exhibits critical vulnerability and structural fragility.
Resilience-related mechanisms are either absent or severely underdeveloped.
The system is highly exposed to disruptions and lacks the capability to maintain
continuity of operations under stress conditions. Immediate and fundamental
redesign of structural and operational components is required.

0.20–0.40 Low

The system demonstrates limited resilience, characterized by predominantly
reactive behavior. Basic response mechanisms may exist; however, they are
insufficient to effectively manage disruptions. Recovery is slow and costly, and
the system remains dependent on external stabilization mechanisms. Significant
improvements in redundancy, visibility, and coordination are necessary.

0.40–0.60 Moderate

The system achieves an acceptable but non-robust level of resilience. It indicates
a high capability to maintain operational continuity under moderate
disturbances; however, performance degradation occurs under severe or
compound disruptions. Resilience is largely reactive rather than proactive,
indicating partial development of adaptive and anticipatory capabilities.

0.60–0.80 High

The system demonstrates strong resilience with well-developed adaptive
capabilities. It is able to effectively detect, respond to, and recover from
disruptions with limited performance loss. Proactive mechanisms such as
monitoring, forecasting, and coordination are partially or fully implemented,
enabling controlled system adaptation under uncertainty.

0.80–1.00 Very High

The system is highly resilient, exhibiting advanced levels of adaptability,
anticipation, and strategic alignment. Resilience is embedded across structural,
operational, technological, and governance layers. The system is capable of
maintaining stable performance even under severe and unexpected disruptions,
while continuously improving through learning and feedback mechanisms.

Importantly, due to the hierarchical structure of the FHOR-RAM model, interpretation
can be consistently performed at multiple levels of abstraction:

• criterion level, capturing local system attributes xji,
• layer level, represented by partial resilience scores Rj,
• system level, represented by the overall resilience score RHoR.

This multi-level interpretability constitutes one of the key advantages of the pro-
posed framework, as it enables both global assessment and local diagnosis of resilience
weaknesses within procurement systems. From a managerial perspective, the interpre-
tation of FHOR-RAM outputs follows a diagnosis-to-action logic. The overall resilience
score provides information about the general resilience condition of the analyzed system,
whereas layer- and criterion-level results indicate where improvement actions should be
directed. Therefore, the model does not prescribe a single optimal decision but supports
prioritization of resilience-enhancing interventions, such as supplier diversification, digital
capability development, operational flexibility improvement, or strengthening of resilience
governance mechanisms.

5.5.2. Diagnostic Capabilities of the Model

Beyond providing a single aggregated resilience score RHoR, the FHOR-RAM model
enables a structured and multi-level diagnostic analysis of system resilience. Due to
its hierarchical architecture and bottom-up fuzzy aggregation mechanism, the model
not only quantifies resilience but also preserves information about the contribution of
individual criteria and layers to the final system outcome. From a theoretical perspective,
this mechanism allows resilience to be analyzed as a system configuration rather than as an
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isolated capability score. Therefore, fuzzy inference contributes to the operationalization of
resilience theory by enabling the representation of interaction patterns between resilience
dimensions and by revealing how specific combinations of strengths and weaknesses
influence the overall system state. This feature is particularly important in decision-support
contexts, where understanding why a system exhibits a given resilience level is as critical
as the final assessment itself.

A key diagnostic capability of the model lies in the decomposition of the overall
resilience score into layer-specific outputs R1, R2, R3, R4, which correspond to the techno-
logical and risk assessment layer, operational (pillar) layer, structural layer, and strategic
layer, respectively. This decomposition enables the identification of asymmetries in re-
silience development across different functional domains of the procurement system.

In particular, the FHOR-RAM model supports the identification of three core diagnos-
tic patterns:

(1) Weak layer identification
The model allows for direct detection of structurally weak resilience components. A

significantly lower value of a specific layer score (e.g., R3) indicates a bottleneck in the
corresponding subsystem. For instance, low performance in the structural layer suggests
vulnerabilities related to supplier base robustness, material availability, or lead time stability,
which may critically affect system continuity even if other layers demonstrate satisfactory
performance.

(2) Cross-layer imbalance detection
The hierarchical structure of the model enables the identification of disproportionate

development between resilience dimensions. A typical case involves high technological
capability (e.g., high R1) combined with weak structural resilience (low R3), or strong oper-
ational performance (high R2) without corresponding strategic alignment (low R4). Such
imbalances indicate that resilience is not systemically embedded but rather concentrated in
isolated dimensions, increasing the risk of systemic failure under complex disruptions. This
capability differentiates FHOR-RAM from additive resilience indices, where compensatory
effects may hide critical weaknesses.

(3) Criterion-level sensitivity and criticality analysis
Due to the fuzzy rule-based aggregation mechanism, the model preserves traceability

from system-level output to individual criteria Cji. This allows identification of critical
drivers of reduced resilience, particularly those criteria whose low linguistic evaluations
(e.g., Low or Very Low) propagate through the inference system and noticeably reduce layer-
level outputs. Examples include supplier diversification, critical material availability, or
resilience governance maturity, which may act as structural bottlenecks within the system.

From an interpretative perspective, the diagnostic logic of the model can be summa-
rized through typical decision-relevant patterns:

• A low value of R3 indicates structural fragility, often associated with supplier depen-
dency, insufficient buffering capacity, or limited material availability.

• A low value of R1 reflects insufficient technological and risk awareness capabilities,
such as weak monitoring systems, limited data integration, or inadequate predictive
analytics.

• A mismatch between R2 and R4 (e.g., strong operational performance but weak strate-
gic resilience) indicates operationally efficient but strategically misaligned systems,
where short-term adaptability is not supported by long-term governance mechanisms.

Importantly, the FHOR-RAM model enables not only the identification of weak-
nesses but also their structural localization within the resilience architecture, allowing
decision-makers to distinguish whether observed deficiencies originate from technological
limitations, operational constraints, structural vulnerabilities, or governance deficiencies.
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This diagnostic capability represents a key advantage of the proposed approach com-
pared to traditional resilience assessment methods, which typically focus on aggregated
indices without providing explanatory insight. In contrast, the FHOR-RAM model sup-
ports a diagnosis-to-intervention pathway, enabling targeted improvement actions such
as strengthening supplier networks, enhancing digital integration, improving workforce
adaptability, or reinforcing resilience governance mechanisms.

Consequently, the model transforms resilience assessment from a purely evaluative
procedure into a prescriptive decision-support tool, capable of guiding resilience enhance-
ment strategies in procurement and supply chain systems.

5.5.3. Scenario Analysis and Decision Support

The FHOR-RAM model is inherently designed to support scenario-based analysis,
enabling systematic evaluation of alternative system configurations, policy choices, and
strategic interventions within procurement systems. Due to its fuzzy logic foundation and
hierarchical structure, the model allows decision-makers to explore not only a single static
assessment of resilience, but also the resilient response of the system to changes in key
input conditions.

In this context, scenario analysis is implemented by modifying selected input variables
xji at the criterion level, either in linguistic or crisp form, and observing their propagated
effects on layer-level resilience scores Rj and the overall system resilience RHoR. This bottom-
up propagation mechanism enables explicit tracing of how localized changes influence
system-wide resilience outcomes.

A key feature of the proposed model is its ability to support what-if analysis, which
allows decision-makers to evaluate the impact of hypothetical improvements or deteri-
orations in specific resilience components. Such scenario-based reasoning represents an
extension of traditional resilience assessment approaches, which usually evaluate resilience
as a static level. Through fuzzy inference, the FHOR-RAM model enables exploration
of nonlinear resilience responses, where identical improvements in individual capabili-
ties may lead to different system-level effects depending on the existing configuration of
other resilience layers. For example, increasing supplier diversification (C31), improving
predictive analytics capability (C12), or enhancing resilience governance maturity (C41)
can be directly translated into updated fuzzy inputs, resulting in recalculated resilience
scores. This enables structured evaluation of improvement strategies before their actual
implementation.

Beyond standard what-if analysis, the FHOR-RAM model supports sensitivity-
oriented reasoning, enabling identification of criteria with potentially strong influence
within the fuzzy rule structure. Due to the fuzzy rule-based aggregation mechanism, small
changes in critical inputs, particularly those associated with structural or governance layers,
may lead to non-linear changes in layer-level and system-level outputs. This property
enables decision-makers to identify sensitivity hotspots, i.e., criteria that exert dispro-
portionate influence on overall resilience. Such information is particularly valuable for
prioritization of improvement actions under resource constraints.

The model further enables decision path analysis, where alternative strategic interven-
tions can be compared in terms of their expected impact on resilience evolution. Instead of
evaluating isolated changes, decision-makers can construct and compare multiple improve-
ment trajectories, such as:

• technology-driven pathway (strengthening L1 through digitalization and analytics),
• structure-driven pathway (enhancing L3 via supplier diversification and buffering),
• governance-driven pathway (reinforcing L4 through planning and policy integration),
• balanced resilience development strategy across all layers.
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This capability is particularly relevant in procurement systems, where resilience im-
provements are typically constrained by budget, time, and organizational capacity. The
FHOR-RAM model allows explicit comparison of trade-offs between competing investment
priorities, such as digital transformation versus workforce development or operational
flexibility versus supply base diversification.

Importantly, the scenario analysis framework is not limited to deterministic evaluation
but is consistent with the fuzzy logic structure of the model. This means that uncertainty
in input assessments is preserved throughout the analysis, allowing decision-makers to
evaluate the robustness of outcomes under imprecise or incomplete information. As a
result, scenario outputs should be interpreted as resilience ranges or tendencies, rather
than fixed deterministic values.

From a managerial perspective, the scenario-based functionality of the FHOR-RAM
model supports three key decision-making objectives:

• ex-ante evaluation, enabling assessment of planned interventions before implementation,
• comparative analysis, supporting selection among alternative procurement strategies,
• robustness assessment, identifying solutions that maintain acceptable resilience under

varying conditions.

Consequently, the model functions not only as a diagnostic tool but also as a prescrip-
tive decision-support system, enabling proactive resilience design in procurement and
supply chain systems operating under uncertainty.

5.5.4. Practical Applicability in Procurement Systems

The FHOR-RAM model is designed as a decision-support framework for resilience-
oriented procurement management across a wide range of organizational contexts. Its
primary objective is to bridge the gap between conceptual resilience models and opera-
tional decision-making tools applicable in real procurement environments characterized by
uncertainty, incomplete data, and heterogeneous information sources.

A key strength of the proposed approach lies in its ability to integrate both qualitative
expert knowledge and limited quantitative data within a unified fuzzy inference structure.
Unlike purely data-driven models that require large historical datasets or machine learning
calibration, the FHOR-RAM framework operates effectively under conditions of data scarcity,
making it particularly suitable for real-world procurement systems where complete datasets
are often unavailable or fragmented across organizational units and supply chain partners.

From a methodological perspective, the model is conceptually compatible with digital
twin and expert-based environments, where procurement managers, logistics specialists,
and supply chain analysts provide linguistic assessments of system performance. These
assessments are directly translated into fuzzy inputs, enabling structured yet flexible
evaluation without requiring precise numerical measurements. This feature significantly
reduces implementation barriers in practice.

The modular architecture of the model, aligned with the House of Resilience (HoR)
structure, ensures direct compatibility with core procurement functions, including supplier
selection, sourcing strategy design, order management, and delivery performance mon-
itoring. Each resilience layer (L1–L4) can be interpreted as a distinct analytical module,
enabling partial or full adoption of the model depending on organizational maturity and
available data infrastructure.

Importantly, the FHOR-RAM model demonstrates strong potential for integration
with digital decision-support systems (DSS). Due to its rule-based structure and explicit
input–output mapping, the model can be embedded into procurement analytics platforms
as an interpretative layer supporting managerial decision-making. This enables automated
or semi-automated resilience assessment within existing procurement information systems
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(e.g., ERP or supply chain management platforms), enhancing situational awareness and
supporting evidence-based decisions.

Furthermore, the model is conceptually compatible with digital twin environments,
particularly in the context of supply chain and procurement digitalization. Within a digital
twin framework, real-time or periodically updated system data can be mapped onto the
FHOR-RAM structure to continuously evaluate resilience levels under evolving operational
conditions. This enables dynamic monitoring of procurement resilience and supports
proactive identification of emerging vulnerabilities.

From an applicability perspective, the model is suitable for both large-scale industrial
systems and small and medium-sized enterprises (SMEs). In the case of SMEs, where data
availability and analytical resources are typically limited, the low data requirement and
reliance on expert judgment represent a significant advantage. The model enables SMEs to
perform structured resilience assessments without the need for advanced infrastructure,
advanced analytics teams, or high-frequency data collection systems.

The FHOR-RAM framework can be applied across multiple organizational and sectoral
contexts, including:

• manufacturing companies with complex supplier networks,
• logistics service providers operating in dynamic environments,
• procurement coordination units managing multi-tier supply chains,
• public procurement systems requiring transparency and risk awareness.

Typical application scenarios include:

• structured resilience assessment and auditing of procurement systems,
• evaluation and benchmarking of supplier network robustness,
• support for digital transformation initiatives in procurement and logistics,
• integration of sustainability objectives with resilience-oriented decision-making,
• assessment of procurement system readiness for disruption-prone environments.

From an implementation perspective, the application of FHOR-RAM can be organized
as a structured managerial assessment process consisting of four main steps. First, the
organization defines the assessment scope by identifying the analyzed logistics subsys-
tem, organizational level, and relevant resilience objectives. Second, input information
for individual resilience criteria is collected from available organizational sources, includ-
ing operational records, supplier performance data, enterprise information systems, risk
assessment reports, strategic documents, and structured expert evaluations. Third, the
collected information is transformed into linguistic assessments and processed through
the fuzzy inference mechanism to obtain criterion-, layer-, and system-level resilience
outputs. Finally, the results are interpreted to identify resilience bottlenecks and prioritize
improvement actions. This procedure enables the model to be applied even in situations
where complete quantitative datasets are unavailable, as qualitative managerial knowledge
can be incorporated through the fuzzy assessment mechanism.

Overall, the practical value of the FHOR-RAM model lies in its ability to transform
abstract resilience concepts into a structured and adaptable decision-support framework
that can be progressively implemented within organizational resilience assessment pro-
cesses. By combining fuzzy logic, hierarchical system representation, and expert-driven
evaluation, the model provides a scalable framework that can be adapted to different levels
of organizational maturity and digital readiness.

To sum up, the FHOR-RAM model provides a complete and operationalized frame-
work for resilience assessment in procurement systems, integrating hierarchical system
decomposition, fuzzy logic-based evaluation, and multi-level interpretability. The pro-
posed structure enables not only the quantification of resilience at the system level, but also
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its decomposition into interpretable layer- and criterion-level insights, thereby supporting
both diagnostic and decision-support functions. In addition, the model demonstrates
strong applicability in scenario-based analysis and practical procurement environments
characterized by uncertainty and limited data availability. By combining theoretical con-
sistency with computational implementability, the FHOR-RAM framework establishes a
structured bridge between conceptual resilience models and real-world decision-making
needs in procurement and supply chain systems. Therefore, the main methodological
contribution of the FHOR-RAM is not the use of fuzzy logic itself, but the integration of
fuzzy reasoning with a theoretically grounded resilience architecture that preserves the
hierarchical and emergent nature of resilience while enabling operational assessment and
decision support.

As a result, in the following section, the proposed model is applied to a real-world
case study in order to demonstrate its practical applicability, demonstrate its interpretative
capabilities, and illustrate its usefulness in evaluating procurement system resilience under
realistic operational conditions.

6. Case Study
The purpose of the case study is not to provide comprehensive empirical validation of

the proposed FHOR-RAM model, but rather to demonstrate its applicability and illustrate
how the conceptual HoR architecture can be operationalized in a real procurement context.
Indeed, the case study focuses on demonstrating three main functionalities of the FHOR-
RAM model: (i) transformation of heterogeneous procurement information into structured
resilience assessments, (ii) identification of resilience strengths and bottlenecks at layer
and criterion levels, and (iii) evaluation of the overall resilience state using the hierarchical
fuzzy inference mechanism.

The practical implementation of FHOR-RAM followed a structured assessment proce-
dure. First, the organizational scope of the analysis was defined as the procurement subsystem
responsible for supplier management, sourcing continuity, and material availability. Second,
the selected resilience criteria were evaluated using linguistic variables corresponding to the
FHOR-RAM input scale. Third, the obtained assessments were processed through the hierar-
chical fuzzy inference mechanism to calculate criterion-level, layer-level, and overall resilience
scores. Finally, the results were interpreted from a managerial perspective by identifying
resilience bottlenecks and defining potential improvement directions.

6.1. Case Study Context and System Description

The analyzed case study concerns a company operating in the pneumatic components
industry, engaged in both the production of pneumatic systems and the distribution of com-
plementary finished goods. The procurement system under investigation is characterized
by a dual sourcing structure, comprising (i) procurement of finished commercial products
and (ii) procurement of raw materials and components used in manufacturing processes.
This configuration makes the system representative of hybrid procurement environments
combining production-oriented and trading-oriented supply flows.

From a supply base perspective, finished goods are predominantly sourced from
European suppliers, mainly located in France and Germany. For most product categories,
the company operates with a limited supplier base, typically involving one or two suppliers
per product group, with deliveries organized in regular and stable replenishment cycles. In
contrast, production materials are sourced globally, with suppliers located both in Europe
and China, introducing higher exposure to geographical and logistical variability. Although
supplier redundancy is limited for selected categories, the organization maintains partial
flexibility through alternative sourcing options for specific material groups.
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The procurement and logistics processes are supported by an integrated digital infras-
tructure. Purchasing activities are managed within an Enterprise Resource Planning (ERP)
system, while warehouse operations are coordinated through a Warehouse Management Sys-
tem (WMS) fully integrated with the ERP environment. Additionally, a Business Intelligence
(BI) system is used for operational reporting and analytical purposes. For more advanced
analyses, the IT department develops dedicated spreadsheet-based tools, which rely on data
exported from the ERP system. Due to system performance constraints, data extraction is
performed exclusively during off-peak hours, typically at night, which introduces a temporal
delay in analytical availability and limits real-time decision support capabilities.

The warehouse system is highly automated, with approximately 75% of material han-
dling operations executed using an Automated Storage and Retrieval System (AS/RS). The
remaining processes are carried out in conventional warehouse zones using pallet trucks
and manual handling. Product and material identification is based on barcode technology,
enabling standardized and automated tracking of material flows across warehouse operations.

From a risk management perspective, the organization does not implement a formal-
ized procurement risk management framework. Risk assessment activities are conducted
selectively, primarily for critical materials, and are limited to the supplier selection stage.
There is no comprehensive, system-wide approach to resilience assessment or continuous
risk monitoring across the procurement process. Although supplier relationships are char-
acterized by long-term and collaborative arrangements, they do not include real-time data
exchange or integrated risk monitoring mechanisms within the supply network.

The company processes several hundred purchase orders per month and maintains
inventory levels of critical materials sufficient to ensure production continuity for sev-
eral weeks. Despite this buffering capacity, the system remains exposed to disruptions
associated with global supply chain dynamics, including lead time variability, component
availability constraints, and fluctuations in international transport costs.

Based on the identified characteristics, the system can be considered an appropriate
case for illustrating the FHOR-RAM application in environments characterized by het-
erogeneous digital maturity and incomplete resilience-related information. This makes
it a relevant case for illustrating the application of the FHOR-RAM model under realistic
industrial conditions characterized by uncertainty, partial data availability, and heteroge-
neous digital maturity. However, the case study is not intended to demonstrate a fully
operational deployment of FHOR-RAM within an organizational IT environment. Instead,
it represents an initial application illustrating how existing organizational information,
expert knowledge, and qualitative assessments can be structured within the proposed
resilience assessment architecture. For the purpose of the FHOR-RAM application, the
assessment inputs were derived from multiple organizational information sources reflect-
ing the heterogeneous nature of resilience-related data. These included available ERP and
WMS information, supplier performance records, procurement documentation, internal
risk-related information, operational observations, and structured expert evaluations pro-
vided by representatives involved in procurement and logistics activities. The collected
information was not used as a statistical validation dataset, but as a contextual basis for
expert-informed linguistic evaluation. Due to the absence of a fully formalized resilience
monitoring system within the organization, expert-based linguistic assessments were used
to complement available quantitative information. This approach reflects realistic indus-
trial conditions, where resilience assessment frequently requires integration of incomplete
operational data and managerial knowledge.
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6.2. Mapping of FHOR-RAM Structure to the Case Study

In order to operationalize the FHOR-RAM model in the analyzed procurement sys-
tem, a structured mapping procedure was performed to align the conceptual framework
(Section 5) with the empirical characteristics of the case study. This step ensures consistency
between the theoretical House of Resilience (HoR) structure and its practical application,
enabling a direct translation of system attributes into model input variables.

In the present case study, a baseline configuration with equal weighting is adopted
for both criteria and layers. This implies that all criteria within a given layer are assumed
to contribute equally to the layer-level resilience score, while all layers are treated as
equally important at the system-level aggregation stage. This assumption is consistent
with the exploratory nature of the study and ensures structural neutrality of the evaluation
process in the absence of expert-derived preference information. Therefore, no additional
preference weights were introduced in the empirical demonstration, and all criteria and
layers were treated symmetrically within the fuzzy aggregation structure.

The mapping process involved assigning each evaluation criterion Cji to the corre-
sponding resilience layer Lj, based on its functional role within the procurement and
logistics system. The assignment reflects the logical structure of the HoR model, distin-
guishing between technological and risk-related capabilities (L1), operational and adaptive
capabilities (L2), structural resilience (L3), and strategic governance mechanisms (L4). This
mapping procedure is fully consistent with the theoretical structure defined in Section 5,
particularly the hierarchical system formulation (Equation (1)), the four-layer HoR architec-
ture (Section 5.2), and the literature-derived criteria set presented in Table 6.

Layer L1—Technological and risk assessment layer
This layer captures the system’s digital maturity, risk awareness, and ability to process

and utilize information for decision-making. Based on the case study characteristics, the
following mapping was established:

• C11—Real-time monitoring capability:
Limited real-time visibility due to reliance on ERP-based reporting and delayed data
extraction processes (night-time exports), indicating restricted continuous monitoring
capability.

• C12—Predictive analytics capability:
Moderate analytical support provided by BI tools, complemented by spreadsheet-
based ad hoc analyses, with limited predictive or real-time forecasting functionality.

• C13—System integration:
Partial integration between ERP, WMS, and BI systems, ensuring basic interoperability
but lacking full real-time synchronization across all decision layers.

• C14—Risk identification and assessment capability:
Informal and partial risk assessment practices are limited primarily to critical materials
and supplier selection stages, without continuous risk monitoring mechanisms.

• C15—Cloud-based infrastructure and data accessibility:
Conventional on-premise ERP/WMS architecture with restricted real-time accessibility
and limited scalability of analytical data processing.

Layer L2—Operational and adaptive capabilities layer
This layer reflects the system’s ability to respond to disruptions through operational

flexibility, analytical support, and human adaptability.
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• C21—Operational flexibility:
Moderate flexibility supported by structured procurement and warehouse processes,
but constrained by ERP-based procedural rigidity and global supply dependencies.

• C22—Analytical capability:
Intermediate level of analytical support combining BI tools and spreadsheet-based
decision models; however, decision-making remains partially reactive due to delayed
data availability.

• C23—Workforce adaptability:
Relatively high operational adaptability, supported by experienced personnel manag-
ing both automated and manual warehouse operations within a hybrid environment.

• C24—Organizational coordination and communication:
Moderate coordination is enabled by integrated ERP–WMS systems, although cross-
functional and cross-organizational information exchange remains limited, particularly
in supplier collaboration.

Layer L3—Structural resilience layer
This layer reflects the robustness and continuity of supply within the procurement

system.

• C31—Supplier diversification:
Limited diversification for finished goods (1–2 suppliers per category), with partial
diversification for raw materials sourced globally, indicating moderate dependency risk.

• C32—Lead time stability:
Significant variability due to global sourcing (especially from China), exposure to
transport disruptions, and fluctuating international logistics conditions.

• C33—Critical material availability:
Moderate buffering through safety stocks ensures several weeks of production conti-
nuity; however, vulnerability remains for globally sourced components with unstable
supply conditions.

Layer L4—Strategic resilience layer
This layer captures governance mechanisms, long-term planning, and collaboration

strategies.

• C41—Resilience governance maturity:
Low maturity level, characterized by the absence of formalized procurement re-
silience frameworks and limited integration of risk management into strategic decision-
making.

• C42—Resilience-oriented planning:
Basic planning practices focused on operational continuity, without structured scenario
planning or systematic integration of disruption resilience strategies.

• C43—Collaboration and network strategy:
Long-term supplier relationships exist; however, collaboration is predominantly trans-
actional and does not include real-time data exchange or joint risk monitoring mecha-
nisms.

The assignment of criteria to specific layers is not arbitrary, but follows a functional
decomposition of resilience mechanisms as defined in the HoR framework, ensuring
conceptual validity and structural alignment between the model and the empirical system.

The presented mapping translates the empirical characteristics of the procurement
system into the formal structure of the FHOR-RAM model, ensuring full alignment between
real-world system attributes and theoretical resilience constructs. Each criterion was
assigned based on its dominant functional relevance and in accordance with the hierarchical
HoR structure, preserving consistency with the aggregation logic defined in Section 5.
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This mapping constitutes the foundational step for subsequent fuzzy evaluation
(Section 6.3), enabling the transformation of qualitative system characteristics into struc-
tured inputs for resilience assessment at both layer and system levels.

6.3. Fuzzy Assessment of the Baseline Scenario

Following the mapping of the FHOR-RAM structure to the analyzed procurement
system (Section 6.2), a fuzzy evaluation of the baseline scenario was conducted. The
assessment process follows the hierarchical inference mechanism defined in Section 5.4,
where linguistic evaluations of individual criteria are transformed into triangular fuzzy
numbers (TFNs) and subsequently aggregated at the layer and system levels.

6.3.1. Linguistic Evaluation and Fuzzification of Criteria

Following the mapping procedure presented in Section 6.2, each criterion was eval-
uated using the five-level linguistic scale defined in Section 5.3. The assigned linguistic
values reflect the characteristics of the analyzed procurement system and were derived di-
rectly from the qualitative assessment of technological, operational, structural, and strategic
capabilities discussed in the previous section.

The linguistic assessments were assigned through a structured qualitative assessment
performed by the authors based on the available organizational information and predefined
criterion descriptions. The assessment process was not intended to represent an indepen-
dent statistical validation of the framework, but rather a methodological demonstration of
the applicability of the FHOR-RAM model in a real organizational context. Each criterion
was evaluated by comparing the available case information with the operational definitions
of the resilience criteria provided in Section 5.2.

To improve transparency and reproducibility, each linguistic evaluation was accompa-
nied by a qualitative justification describing the specific organizational evidence supporting
the assigned level (Table 13). The Low–Medium–High assessments were therefore derived
from predefined criterion descriptions and case-specific observations rather than from
subjective assignment without methodological guidance.

Since the current study represents an initial application of the framework, no formal
aggregation of multiple independent expert opinions was performed. Consequently, the
obtained resilience scores should be interpreted as an illustrative assessment demonstrating
the functioning of the FHOR-RAM mechanism rather than as a statistically validated
measurement of the absolute resilience level of the organization.

Subsequently, the linguistic assessments were transformed into triangular fuzzy num-
bers (TFNs) according to the fuzzification procedure described in Section 5.3, using Equa-
tions (6)–(8) and the membership functions presented in Tables 8 and 9. This transformation
enables the representation of uncertainty and subjectivity inherent in expert-based resilience
assessment while preserving the interpretability of the evaluation process.

Table 13 summarizes the linguistic assessments assigned to individual criteria together
with the qualitative evidence supporting each evaluation. The inclusion of these justi-
fications is intended to improve transparency and enable replication of the assessment
procedure. The corresponding fuzzy representations were automatically generated accord-
ing to the predefined linguistic scale and subsequently used as inputs to the hierarchical
fuzzy aggregation procedure.
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Table 13. Fuzzy assessment of resilience criteria (baseline scenario).

Layer Criterion Linguistic Value Justification

L1 C11 Real-time monitoring Low Limited real-time visibility and delayed
data extraction

L1
C12 Predictive analytics
capability Low Predominantly descriptive rather than

predictive analytics

L1 C13 System integration Medium Partial ERP–WMS–BI integration

L1
C14 Risk identification and
assessment Low Informal risk assessment practices

L1
C15 Cloud infrastructure and
accessibility Low Limited cloud-based data accessibility

L2 C21 Operational flexibility Medium Moderate ability to adjust procurement
and warehouse operations

L2 C22 Analytical capability Medium BI-supported decision-making with
limited advanced analytics

L2 C23 Workforce adaptability High Experienced personnel operating in
hybrid environments

L2 C24 Organizational coordination Medium Internal coordination supported by
integrated systems

L3 C31 Supplier diversification Low Limited supplier base for key product
groups

L3 C32 Lead time stability Low Exposure to variability in global
sourcing

L3 C33 Critical material availability Medium Safety stocks provide temporary
buffering capacity

L4
C41 Resilience governance
maturity Low Absence of formal resilience governance

framework

L4
C42 Resilience-oriented
planning Low Limited use of scenario planning and

resilience strategies

L4
C43 Collaboration and network
strategy Medium Long-term supplier relationships but

limited information sharing

6.3.2. Layer-Level Fuzzy Inference and Aggregation

Following the fuzzification stage presented in Section 6.3.1, the obtained linguistic
assessments were processed using the first level of the hierarchical fuzzy inference system
defined in Section 5.4.1. The fuzzy inference procedure was implemented in MATLAB
R2020b using the Fuzzy Logic Toolbox, consistent with the computational framework
described in Section 5.4. The implementation included fuzzification of input variables,
rule evaluation based on the reduced rule bases presented in Appendix A, aggregation of
activated rules, and centroid-based defuzzification according to Equation (13).

At this stage, individual criteria belonging to each resilience layer were aggregated
to determine the corresponding layer-level resilience scores Rj. The aggregation process
follows the Mamdani inference mechanism described in Section 5.4.2 and consists of four
sequential steps:

• fuzzification of criterion evaluations,
• activation of fuzzy rules,
• aggregation of rule outputs,
• defuzzification using the centroid method.
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For each layer, the relevant subset of the reduced rule base presented in Appendix A
was activated according to the linguistic evaluations obtained in Table 13.

The purpose of this stage is to transform multiple resilience-related criteria into a
single resilience score representing the performance of a given HoR layer.

Layer L1—Technological and risk assessment layer
Layer L1 is evaluated based on five criteria: L1 = {C11, C12, C13, C14, C15} representing

real-time monitoring capability, predictive analytics capability, system integration, risk iden-
tification capability, and cloud-based infrastructure accessibility. Based on the assessment
presented in Table 13, the linguistic configuration of Layer L1 can be summarized as:

(Low, Low, Medium, Low, Low)

This configuration activates several rules from the Layer L1 rule base (Appendix A.2).
This configuration reflects the limited digital maturity of the analyzed procurement system.
While a moderate level of system integration is achieved through the ERP–WMS–BI envi-
ronment, the remaining technological and risk-related capabilities remain underdeveloped.
In particular, the absence of advanced predictive analytics, restricted real-time monitoring,
limited cloud-based accessibility, and only partially formalized risk assessment practices
contribute to a generally low resilience profile within this layer.

Consequently, the activated rule set is concentrated primarily within the low-resilience
region, with partial activation of neighboring Medium-level rules resulting from the
Moderate assessment of system integration (C13). According to the dominance and non-
compensatory principles embedded in the FHOR-RAM rule base (Section 5.4.3), the preva-
lence of low-performing criteria prevents the layer from achieving a moderate resilience
outcome despite the presence of one medium-rated capability.

Application of the Mamdani inference mechanism and centroid defuzzification yields:
R1 = 0.34. According to the interpretation framework presented in Section 5.5.1, this result
corresponds to a Low resilience level.

Layer L2—Operational and adaptive capabilities
Layer L2 is composed of L2 = {C21, C22, C23, C24}. The linguistic assessment obtained

for this layer is:
(Medium, Medium, High, Medium)

The rule activation pattern is dominated by Medium and High resilience rules, partic-
ularly due to the relatively strong workforce adaptability represented by criterion C23.

The resulting defuzzified score equals: R2 = 0.51, indicating Moderate resilience.
Layer L3—Structural resilience layer
Layer L3 consists of L3 = {C31, C32, C33} corresponding to supplier diversification,

lead-time stability, and critical material availability. The assessed linguistic configuration is:

(Low, Low, Medium)

This layer is selected as an illustrative example because its reduced rule base is
presented in Appendix B.

The evaluated input combination activates primarily Rules R13 and R14 together with
neighboring fuzzy rules through partial membership activation. Because two of the three
criteria are assessed as Low, the inference mechanism shifts the output towards the lower
resilience region.

After aggregation and centroid defuzzification, R3 = 0.31, which corresponds to a
Low resilience level. This result indicates that the analyzed procurement system remains
vulnerable to disruptions caused by supplier dependency and lead-time variability.
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Layer L4—Strategic resilience layer
Layer L4 includes: L4 = {C41, C42, C43} representing resilience governance maturity,

resilience-oriented planning, and collaboration strategy. The obtained linguistic profile is:

(Low, Low, Medium)

The absence of formal resilience governance mechanisms and structured resilience
planning causes activation of predominantly Low-resilience rules.

The resulting resilience score equals: R4 = 0.33, which is also classified as Low re-
silience.

Summary of layer-level aggregation
Table 14 presents the final resilience scores obtained for each HoR layer.

Table 14. Final Resilience scores for each HoR layer.

Layer Main Linguistic Pattern Resilience Score Rj Interpretation

L1 L–M–M–L–L 0.34 Low
L2 M–M–H–M 0.51 Moderate
L3 L–L–M 0.31 Low
L4 L–L–M 0.33 Low

All layer-level resilience scores were generated automatically within the MATLAB
R2020b environment using the reduced fuzzy rule bases defined in Appendix A and the
centroid defuzzification procedure described in Section 5.4.2.

The obtained results are consistent with the observed characteristics of the analyzed
procurement system. In particular, the low values of technological, structural, and strategic
layers correspond to identified limitations in digital visibility, supplier diversification,
and formal resilience governance. The results reveal considerable heterogeneity across
the resilience architecture of the analyzed procurement system. The operational and
adaptive capabilities represented by Layer L2 constitute the strongest component of the
system, whereas technological, structural, and strategic dimensions remain significantly
less developed.

This imbalance suggests that although the organization possesses a certain degree of
operational adaptability, its ability to anticipate, absorb, and strategically manage supply
chain disruptions remains limited.

6.3.3. System-Level Fuzzy Aggregation

Following the layer-level assessment, the second stage of the FHOR-RAM hierarchical
inference process was performed to determine the overall resilience level of the analyzed
procurement system. According to the model structure defined in Sections 5.2 and 5.4.1,
the resilience scores obtained for Layers L1–L4 constitute the inputs to the system-level
fuzzy inference system (acc. to Equation (5)). The aggregation was carried out using the
system-level Mamdani fuzzy inference mechanism and the reduced rule base presented
in Appendix A. Consistent with the baseline assumptions adopted in Section 6.2, equal
importance was assigned to all resilience layers. The implementation was performed in
MATLAB R2020b using the Fuzzy Logic Toolbox. The MATLAB implementation used in
this study should be considered a research prototype supporting model demonstration
rather than a final organizational software implementation.

The obtained layer-level resilience profile can be summarized as:

(Low, Moderate, Low, Low)
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indicating that only the operational and adaptive capabilities layer (L2) achieved a moderate
resilience level, while the technological, structural, and strategic layers remained within the
low-resilience region. Consequently, the activated system-level rules were predominantly
associated with low-to-moderate resilience outcomes.

The system-level inference process and the activation of the corresponding fuzzy rules
are illustrated in Figure 4, generated using the Rule Viewer module of MATLAB R2020b
Fuzzy Logic Toolbox. The figure provides a graphical representation of the rule activation
patterns and the resulting aggregated output, thereby enhancing the transparency and
interpretability of the inference process. The visualized inference confirms the contribution
of individual resilience layers to the final resilience assessment and illustrates the non-linear
aggregation mechanism embedded in the FHOR-RAM framework.

After aggregation and centroid defuzzification, the overall resilience score of the
procurement system was obtained as RHoR = 0.402.

The obtained score serves as the baseline resilience assessment and provides the
foundation for the diagnostic analysis presented in the following section. However, the
obtained value should be interpreted as a model-based diagnostic result derived from
structured expert assessment rather than as an empirically measured resilience index. Its
primary purpose is to identify relative strengths and weaknesses within the analyzed
procurement system and demonstrate the decision-support capability of the FHOR-RAM
framework. In addition, the obtained resilience scores should therefore be interpreted as
outputs of a theoretically grounded fuzzy assessment model rather than as statistically
estimated resilience probabilities.

Figure 4. System-level fuzzy inference process and determination of the overall resilience score RHoR

using the MATLAB R2020b Rule Viewer.

6.3.4. Interpretation of Resilience Results

According to the resilience interpretation framework presented in Section 5.5.1
(Table 10), this result corresponds to the Moderate resilience level, representing the transi-
tion between low and moderate resilience performance. This classification indicates that the
procurement system possesses a basic capability to withstand and recover from disruptions;
however, its adaptive, anticipatory, and proactive resilience capacities remain insufficiently
developed.
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The obtained resilience level suggests that the organization is capable of maintaining
operational continuity under routine disturbances and moderate supply chain disruptions.
This capability is primarily supported by existing inventory buffers, long-term supplier
relationships, accumulated operational experience, and relatively strong workforce adapt-
ability. These factors contribute to the system’s ability to absorb short-term disruptions and
restore normal operations without immediate and severe performance degradation.

At the same time, the resilience score indicates that the procurement system remains
vulnerable to more complex, prolonged, or cascading disruption scenarios. Although
several resilience-enabling mechanisms are present, they are not yet sufficiently integrated
across the entire system architecture. Consequently, resilience is achieved largely through
operational adaptation and managerial experience rather than through systematically
embedded technological, structural, and strategic resilience mechanisms.

The position of the obtained score at the lower boundary of the Moderate category is
particularly noteworthy. It suggests that relatively small deteriorations in critical resilience
dimensions could shift the system toward the low-resilience region, whereas targeted im-
provements in selected resilience drivers could substantially increase the overall resilience
level. This observation highlights the importance of examining resilience not only at the
aggregate system level but also through the individual resilience layers that contribute to
the final assessment.

An additional advantage of the FHOR-RAM model is its multi-level interpretability.
Beyond the overall resilience score, resilience can be evaluated at the level of individual cri-
teria and intermediate resilience layers, providing a more detailed understanding of system
strengths and weaknesses. Consequently, the overall result should not be interpreted as an
isolated performance indicator but rather as a synthesis of interconnected technological,
operational, structural, and strategic resilience capabilities. From a managerial perspective,
the obtained resilience score serves as an initial diagnostic indicator rather than a direct
measure requiring immediate comparison against predefined benchmarks. The main value
of the assessment lies in identifying the configuration of resilience capabilities and deter-
mining which dimensions require further development. For the analyzed organization, the
moderate resilience level indicates that improvement initiatives should not focus exclu-
sively on increasing the overall score, but rather on strengthening the weakest layers that
constrain system-level resilience.

Overall, the obtained result indicates that the analyzed procurement system demon-
strates an acceptable level of resilience under current operating conditions, but further
development of resilience-oriented capabilities is required to achieve a more proactive,
adaptive, and strategically embedded resilience profile. The detailed sources of resilience
limitations are examined in the subsequent diagnostic analysis.

6.3.5. Diagnostic Analysis of Resilience Weaknesses

One of the principal advantages of the FHOR-RAM framework is its ability to support
multi-level diagnostic analysis beyond the final resilience score. While the overall resilience
level of the analyzed procurement system was assessed as RHoR = 0.402, the hierarchical
structure of the model enables decomposition of this result into layer-specific resilience
dimensions, facilitating the identification of critical weaknesses and resilience bottlenecks.

The layer-level resilience scores obtained through fuzzy inference are summarized
in Table 14. As shown in Table 14, the analyzed procurement system exhibits an uneven
resilience profile. The highest resilience level was observed in the Operational and adaptive
capabilities layer (L2), which achieved a score of 0.51 and was classified as Moderate
resilience. In contrast, the Technological and Risk Assessment layer (L1), Structural layer

https://doi.org/10.3390/systems14080920

https://doi.org/10.3390/systems14080920


Systems 2026, 14, 920 64 of 100

(L3), and Strategic layer (L4) all remained within the Low resilience category, with scores
ranging from 0.31 to 0.34.

The obtained results indicate that the procurement system possesses relatively strong
operational capabilities but lacks corresponding support from technological, structural,
and governance-related resilience mechanisms. Consequently, resilience is not uniformly
embedded throughout the system but concentrated primarily within operational practices
and workforce adaptability.

Structural Vulnerabilities (L3)

The lowest resilience score was observed for the Structural layer (R3 = 0.31). This result
reflects weaknesses associated with supplier diversification, lead time stability, and critical ma-
terial availability. Although the organization maintains safety stock levels sufficient to support
production continuity for several weeks, the procurement system remains exposed to risks
resulting from global sourcing and limited supplier redundancy. In particular, dependence
on a small number of suppliers for selected product groups and exposure to international
transportation disruptions contribute significantly to reduced structural robustness.

From a resilience perspective, this finding suggests that the system’s capacity to absorb
external supply disruptions remains limited, making structural resilience the primary
bottleneck within the analyzed procurement system.

Technological and Risk-Management Limitations (L1)

The Technological and Risk Assessment layer achieved a resilience score of R1 = 0.34,
corresponding to a Low resilience level. This result is largely associated with limited
real-time visibility, partial integration of information systems, restricted predictive ana-
lytics capability, and the absence of continuous risk monitoring mechanisms. While ERP,
WMS, and Business Intelligence solutions are deployed within the organization, analytical
processes remain predominantly descriptive rather than predictive.

Furthermore, data extraction limitations and reliance on periodic reporting reduce the
organization’s ability to detect emerging disruptions proactively. The low score of this layer
indicates that the procurement system lacks the digital and analytical capabilities necessary
to support resilience-oriented decision-making under rapidly changing supply conditions.

Strategic Resilience Deficiencies (L4)

The strategic layer obtained a resilience score of R4 = 0.33, also classified as Low
resilience. This result reflects the absence of formal resilience governance mechanisms,
limited resilience-oriented planning, and insufficient integration of risk management into
long-term procurement strategy. Although supplier relationships are generally stable and
long-term in nature, collaboration remains primarily transactional and does not include
real-time information sharing or joint risk management initiatives.

The findings suggest that resilience within the organization is managed predominantly
at the operational level rather than through structured strategic governance mechanisms.
Consequently, the system demonstrates limited preparedness for high-impact disruptions
requiring coordinated and long-term response strategies.

Cross-Layer Imbalance Analysis

An important diagnostic insight emerges from the comparison of resilience scores
across layers. The operational and adaptive capabilities layer (R2 = 0.51) substantially
outperforms all remaining layers, indicating that operational flexibility, workforce adapt-
ability, and analytical support constitute relative strengths of the organization. However,
these strengths are not supported by equivalent levels of technological maturity, structural
robustness, or strategic governance.
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This imbalance represents a typical resilience asymmetry frequently observed in
procurement systems, where organizations rely on employee experience and operational
improvisation to compensate for deficiencies in formal resilience mechanisms. While
such an approach may be effective during routine disturbances, its effectiveness decreases
significantly when facing large-scale or prolonged disruptions.

The FHOR-RAM model explicitly reveals this imbalance by preserving layer-level
information throughout the aggregation process, thereby enabling decision-makers to
distinguish between operational resilience and systemic resilience.

Based on the diagnostic results, three primary improvement priorities can be identified:

1. Strengthening structural resilience (L3) through supplier diversification, lead time
stabilization initiatives, and enhanced management of critical materials.

2. Enhancing technological resilience (L1) by implementing real-time monitoring capa-
bilities, predictive analytics tools, improved system integration, and structured risk
assessment mechanisms.

3. Developing strategic resilience (L4) through formal resilience governance frameworks,
scenario-based planning, and collaborative risk management with key suppliers.

From a managerial implementation perspective, the identified priorities can be trans-
lated into specific resilience improvement actions. For example, the low structural resilience
level (L3) suggests the need for supplier portfolio analysis, identification of critical depen-
dencies, and evaluation of alternative sourcing options. The technological limitations
identified within L1 indicate potential benefits from improving data integration, intro-
ducing predictive risk monitoring, and developing more advanced analytical capabilities.
Similarly, the strategic weaknesses represented by L4 suggest the need for formal resilience
governance mechanisms, including disruption scenarios, resilience-oriented procurement
policies, and structured collaboration with critical suppliers. Therefore, the FHOR-RAM
outputs provide not only an assessment of the current resilience configuration but also a
structured basis for prioritizing managerial interventions.

The diagnostic analysis, therefore, demonstrates that the overall resilience score of
0.402 is not primarily constrained by operational capabilities, but rather by deficiencies in
structural, technological, and strategic resilience dimensions. This finding confirms the
value of the FHOR-RAM model as a diagnostic decision-support tool capable of identifying
not only the level of resilience but also the underlying sources of resilience weakness within
procurement systems.

6.3.6. Scenario-Based What-If Analysis of Resilience Improvement Pathways

To further illustrate the decision-support capabilities of the FHOR-RAM model, a
scenario-based what-if analysis was conducted. The objective was not to predict the actual
effects of managerial interventions, but to explore how hypothetical changes in resilience
layer scores may influence the overall resilience assessment and to demonstrate the model’s
capability to compare alternative improvement configurations.

The baseline assessment resulted in an overall resilience score of RHoR = 0.402, which
corresponds to a moderate resilience level according to the interpretation framework
presented in Section 5.5.1. The obtained result indicates that the analyzed procurement
system demonstrates a certain level of resilience capability; however, several areas require
improvement, particularly those related to structural stability, strategic preparedness, and
technological support.

Following the principles outlined in Section 5.5.3, four hypothetical improvement
scenarios were developed. Each scenario represents a realistic managerial intervention
targeting a specific resilience layer or a combination of resilience dimensions. The scenarios
were designed to evaluate whether improvements concentrated in a single capability area
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are sufficient to significantly increase overall resilience or whether balanced development
across multiple layers is required. The scenarios should be interpreted as exploratory
simulations rather than empirically calibrated predictions. The assumed changes in layer
scores represent hypothetical improvement states used to investigate the behavior of the
fuzzy inference model. They do not directly quantify the expected impact of specific
managerial interventions, as establishing such relationships would require longitudinal
empirical data, expert elicitation, or validation across multiple organizational contexts.

Scenario A—Technology-oriented improvement

This scenario focuses on strengthening the technological and risk assessment layer
(L1) through:

• implementation of real-time monitoring capabilities,
• enhanced data integration,
• adoption of predictive analytics tools,
• development of cloud-enabled data accessibility.

The linguistic evaluations represented in the model by increasing the linguistic eval-
uation of criteria C11–C15 by one linguistic level, resulting in a simulated layer resilience
score change from:

R1 = 0.34 → 0.70

while the remaining resilience layers remained unchanged.

Scenario B—Structural resilience enhancement

This scenario targets the structural resilience layer (L3), which represents the founda-
tion of the House of Resilience framework. The assumed improvement actions include:

• supplier diversification initiatives,
• development of alternative sourcing strategies,
• increased buffering of critical materials,
• lead-time stabilization measures.

As a result:
R3 = 0.31 → 0.75

while the remaining layers remained at baseline values.

Scenario C—Strategic resilience development

The third scenario addresses weaknesses related to strategic preparedness and gover-
nance mechanisms. The assumed interventions include:

• implementation of formal resilience policies,
• resilience-oriented planning procedures,
• supplier collaboration programs,
• integration of resilience considerations into strategic procurement decisions.

Consequently:
R4 = 0.33 → 0.85

while other layers remained unchanged.

Scenario D—Balanced resilience development

The final scenario assumes coordinated improvements across multiple resilience di-
mensions. In contrast to the previous scenarios, which focused on individual capabilities,
this scenario represents a balanced resilience architecture involving simultaneous improve-
ments in technological, structural, and strategic capabilities.
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The resulting layer scores were assumed as:

R1 = 0.80, R2 = 0.75, R3 = 0.85, R4 = 0.80

representing a highly developed and balanced resilience configuration.
Table 15 summarizes the resulting resilience scores obtained for each scenario.

Table 15. Scenario analysis results.

Scenario Main Intervention Calculated RHoR Resilience Level

Baseline Current state 0.402 Moderate
A Technological improvement (L1) 0.519 Moderate
B Structural improvement (L3) 0.522 Moderate
C Strategic improvement (L4) 0.500 Moderate

D Balanced multi-layer
improvement 0.647 High

The results indicate that improvements focused exclusively on a single resilience
dimension lead only to moderate increases in overall resilience. Although each individ-
ual intervention improves the targeted resilience capability, the resulting system-level
performance remains within the Moderate resilience category.

Among the single-layer interventions, Scenario B (structural resilience enhancement)
produces the highest increase in overall resilience, raising the RHoR value from 0.402 to
0.522. This observation is consistent with the HoR assumption that structural resilience may
represent an important foundational mechanism within the analyzed configuration. How-
ever, because the scenario values were assumed rather than empirically derived, this result
should be interpreted as an indication of model behavior rather than evidence of causal
dominance. Strengthening supplier networks, reducing dependency on critical sources, and
improving supply continuity mechanisms, therefore, represent highly influential resilience
improvement pathways.

Scenario C demonstrates that strategic capabilities also significantly contribute to
overall resilience. Although governance and planning mechanisms do not directly eliminate
operational disruptions, they enable more effective preparation, coordination, and long-
term adaptation.

Scenario A illustrates that under the assumed configuration of the model, improve-
ments limited to technological capabilities do not fully compensate for weaknesses in
other resilience layers. Despite a substantial increase in technological resilience, the overall
resilience improvement remains constrained by weaknesses in other layers. This confirms
the non-compensatory logic embedded within the FHOR-RAM model, where advanced
technological capabilities cannot fully offset structural or strategic deficiencies.

In contrast, Scenario D demonstrates the strongest improvement potential. By si-
multaneously increasing several resilience dimensions, the system achieves RHoR = 0.647,
corresponding to a high resilience level. This finding confirms the systemic nature of re-
silience represented by the House of Resilience framework, where overall resilience emerges
from interactions among structural, operational, technological, and strategic capabilities
rather than from excellence in a single dimension.

The scenario analysis demonstrates that FHOR-RAM can support exploratory what-if
evaluation and comparison of alternative resilience improvement configurations. How-
ever, the prioritization of actual resilience investments would require additional empirical
information regarding implementation costs, expected improvement magnitudes, and
organizational constraints.
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6.3.7. Managerial Implications and Demonstration of FHOR-RAM Applicability

The conducted case study demonstrates the practical applicability of the proposed
FHOR-RAM framework for resilience assessment in procurement systems operating under
uncertainty and limited data availability. The model was implemented using real organiza-
tional data and expert evaluations, enabling a structured assessment of resilience across
technological, operational, structural, and strategic dimensions.

The obtained results demonstrate that resilience cannot be adequately represented
by a single organizational capability. Instead, the analysis revealed substantial differences
between individual resilience layers, highlighting the multidimensional nature of procure-
ment system resilience. While the operational and adaptive capabilities layer (L2) achieved
a moderate resilience level, the technological (L1), structural (L3), and strategic (L4) layers
exhibited comparatively weaker performance, resulting in an overall resilience score of
RHoR = 0.402.

Beyond the final resilience score, the hierarchical structure of the model provided
valuable diagnostic insights. The decomposition of resilience into layer-level outputs
enabled the identification of critical weaknesses associated with supplier dependency, lead-
time instability, limited digital visibility, and insufficient resilience governance mechanisms.
Consequently, the assessment moved beyond simple measurement and supported the
identification of concrete improvement priorities.

The scenario analysis further demonstrated the usefulness of the model as a decision-
support instrument. By evaluating alternative improvement pathways, the analysis showed
that isolated interventions generate only limited resilience gains, whereas coordinated
improvements across multiple layers lead to substantially higher model-based resilience
scores. This finding supports the central assumption of the House of Resilience framework
that resilience emerges from the interaction of complementary capabilities rather than from
excellence in a single domain.

From a managerial perspective, the proposed framework offers several practical
benefits. First, it enables resilience assessment even in environments characterized by in-
complete or partially qualitative information. Second, it provides a transparent mechanism
for translating expert knowledge into measurable resilience indicators. Third, it supports
prioritization of resilience investments by identifying the most influential resilience di-
mensions and improvement pathways. Finally, its rule-based structure makes it suitable
for integration with procurement decision-support systems and future digital-twin-based
resilience monitoring environments.

Overall, the case study demonstrates the feasibility and operational relevance of the
FHOR-RAM framework. The obtained results illustrate how FHOR-RAM can bridge the
gap between conceptual resilience frameworks and practical decision-support needs in
procurement and supply chain management. However, the presented case study has
several limitations. First, the assessment represents an initial application of the FHOR-
RAM framework and does not constitute empirical validation across multiple organizations.
Second, the linguistic evaluations were derived from structured expert assessment rather
than aggregated expert panels. Third, scenario analysis represents exploratory what-if
evaluation rather than prediction of actual intervention outcomes. Future studies should
focus on multi-case validation, expert-based calibration of rule bases, and integration with
dynamic operational data sources.

7. Discussion
The objective of this study was not only to develop a resilience assessment model but

primarily to address the conceptual fragmentation observed in existing resilience frame-
works, where technological, operational, structural, and strategic capabilities are frequently
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analyzed separately without an explicit representation of their interactions. The proposed
House of Resilience (HoR) framework addresses an identified conceptual limitation of
some existing resilience models, which frequently describe resilience as a collection of inde-
pendent capabilities or aggregated indicators without explicitly explaining how different
resilience mechanisms interact and contribute to the emergence of system-level resilience.
The FHOR-RAM model represents the operational extension of this theoretical architecture
by introducing a hierarchical fuzzy inference mechanism that enables the representation of
nonlinear relationships, interdependencies, and uncertainty inherent in resilience assess-
ment. The proposed FHOR-RAM model addresses the three research questions formulated
in Section 1.

RQ1: How can resilience in interconnected logistics systems be conceptualized as an
integrated, multi-layer system architecture adaptable across different organizational levels?

The results demonstrate that resilience can be represented as a hierarchical system
architecture composed of interdependent resilience dimensions rather than as a single
aggregated capability. The proposed House of Resilience (HoR) framework conceptualizes
resilience through four complementary layers: technological and risk assessment layer (L1),
operational and adaptive resilience (L2), structural resilience (L3), and strategic resilience
(L4). This layered architecture reflects the systemic nature of resilience by recognizing that
different resilience capabilities perform distinct functions within the overall organizational
system or logistics subsystem being analyzed. Structural resilience contributes to continuity
of supply, operational resilience supports adaptive response to disruptions, technological
resilience supports visibility and risk awareness, while strategic resilience ensures long-
term preparedness and governance. The proposed architecture, therefore, complements
existing resilience frameworks by providing an explicit representation of interactions
between resilience dimensions within a unified assessment structure. Importantly, the HoR
architecture is designed as a general conceptual framework that can be adapted to different
organizational levels, including procurement functions, logistics operations, and broader
supply chain contexts. However, the empirical application presented in this study focuses
specifically on a procurement subsystem of a focal organization and should therefore be
interpreted as a demonstration of framework applicability rather than a complete validation
of supply chain-wide resilience. Furthermore, because the assessment inputs were derived
from structured expert judgment based on case-specific evidence, the obtained resilience
scores should be interpreted as diagnostic outputs supporting resilience analysis rather than
as empirically measured resilience levels. Therefore, the novelty of the HoR architecture lies
not in replacing existing resilience dimensions, but in providing an integrative explanation
of their functional interdependencies.

Unlike many existing resilience frameworks, which represent resilience either as a
collection of capabilities or as an aggregated performance indicator, the proposed House
of Resilience introduces a functional architecture in which resilience emerges from the
interaction of complementary organizational layers. Therefore, resilience is not assumed to
be the arithmetic sum of individual capabilities, but rather the outcome of their configura-
tion, interaction, and mutual reinforcement within the system architecture. Consequently,
the conceptual contribution of this study lies in organizing existing resilience dimensions
according to their functional roles and relationships within a coherent system architec-
ture. This architecture provides the conceptual foundation upon which the FHOR-RAM
assessment model is subsequently built.

Consequently, the study provides a conceptual answer to RQ1 by demonstrating
how resilience can be structured as an integrated multi-layer architecture consistent with
systems thinking and resilience engineering principles.
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The proposed conceptualization also clarifies the relationship between resilience, or-
ganizational performance, and sustainability. In this study, resilience is not considered as
an ultimate organizational objective independent from business outcomes, but rather as a
strategic capability that enables organizations to maintain operational continuity, improve
adaptability, and achieve long-term sustainable performance. Enhanced resilience con-
tributes to business performance by reducing disruption-related losses, improving recovery
capabilities, supporting more reliable operations, and enabling faster adaptation to chang-
ing environmental conditions. At the same time, resilience capabilities create synergies with
sustainability objectives by supporting resource efficiency, responsible decision-making,
supply continuity, and long-term value creation. Therefore, resilience and sustainability
are not treated as competing objectives, but as interconnected system properties that jointly
contribute to organizational robustness and sustainable development. Within the HoR
framework, this relationship is reflected particularly through the interaction between struc-
tural, technological, operational, and strategic resilience layers, where improvements in
individual capabilities contribute to broader organizational and sustainability-oriented
outcomes. At the procurement level demonstrated in this study, these benefits are reflected
through improved supplier-related risk management and supply continuity, better visi-
bility of critical dependencies, reduced disruption exposure, and more informed sourcing
decisions. At broader supply chain levels, these effects depend on interactions with other
actors and operational processes.

RQ2: How can such an architecture be operationalized to represent interactions
among resilience dimensions and enable structured assessment and decision support
under uncertainty?

The proposed FHOR-RAM model operationalizes the House of Resilience architecture
through a hierarchical Mamdani fuzzy inference system. The use of fuzzy logic enables the
incorporation of expert knowledge and linguistic assessments while addressing uncertainty,
ambiguity, and incomplete information commonly encountered in complex logistics and
supply chain-related decision contexts. Importantly, fuzzy inference does not constitute the
theoretical contribution itself but serves as the operational mechanism that translates the
conceptual House of Resilience architecture into an interpretable assessment framework.
However, its role extends beyond uncertainty representation. Within FHOR-RAM, fuzzy
inference provides a formal mechanism for representing interactions among resilience
dimensions and examining their contribution to system-level resilience. Importantly, the
nonlinear influence of individual resilience dimensions results from conditional rule-based
reasoning rather than from predefined numerical weights, allowing the model to represent
bottleneck effects and context-dependent resilience interactions.

The model translates qualitative resilience concepts into measurable assessment cri-
teria and integrates them through a structured rule-based inference mechanism. The
hierarchical architecture allows resilience evaluation at multiple levels, from individual
criteria through layer-level resilience scores to the overall resilience assessment (RHoR). This
structure facilitates transparency, interpretability, and traceability of assessment results,
enabling procurement and logistics decision-makers to identify critical weaknesses and
prioritize improvement actions. In practical implementation, the FHOR-RAM assessment
can be supported by heterogeneous organizational data sources, including ERP and WMS
records, supplier performance databases, operational reports, risk management documen-
tation, digital maturity assessments, and structured expert evaluations. The model does
not require a single standardized data infrastructure; instead, it integrates quantitative
information where available with qualitative managerial knowledge, which is particularly
relevant for resilience assessment under uncertainty and incomplete information. The
assessment procedure consists of three practical steps: (i) identification and evaluation
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of resilience criteria based on available organizational evidence, (ii) transformation of
linguistic or numerical inputs into fuzzy variables and aggregation through the hierarchical
inference mechanism, and (iii) interpretation of system- and layer-level outputs to iden-
tify resilience gaps and define improvement priorities. Therefore, FHOR-RAM outputs
should be interpreted as diagnostic decision-support information rather than as absolute
measurements of resilience performance. The scenario analysis presented in this study
should be interpreted as an exploratory what-if application illustrating the behavior of
the FHOR-RAM model rather than as a predictive sensitivity analysis. Future research
should incorporate empirically derived improvement functions, expert-based calibration,
or longitudinal observations to establish stronger links between managerial interventions
and resilience development trajectories.

It should also be emphasized that the fuzzy rule base represents a theory-informed
interpretation of resilience mechanisms rather than an empirically calibrated causal model.
The adopted IF–THEN rules formalize assumptions derived from the conceptual House of
Resilience architecture, resilience engineering literature, and procurement domain knowl-
edge. Consequently, the assessment results should be interpreted as being conditional on
these modeling assumptions. Alternative expert knowledge, sector-specific requirements,
or future empirical evidence may justify modifications of the rule base while preserving
the overall conceptual architecture of the FHOR-RAM framework.

The results, therefore, demonstrate that fuzzy hierarchical modeling provides a prac-
tical mechanism for transforming a conceptual resilience architecture into an operational
decision-support framework. Accordingly, the proposed fuzzy rule base should be inter-
preted as an explicit and transparent modeling hypothesis that formalizes theory-informed
assumptions regarding resilience interactions rather than a universally valid or empirically
calibrated representation of resilience behavior. It formalizes theory-informed assump-
tions regarding resilience interactions and provides an interpretable mechanism for oper-
ationalizing the HoR architecture. However, the practical deployment of FHOR-RAM in
organizational environments requires additional considerations beyond the computational
implementation demonstrated in this study. In particular, maintaining a large fuzzy rule
base, updating membership functions, and ensuring consistency of expert-defined assess-
ments may require dedicated organizational capabilities and domain expertise. Therefore,
the current study demonstrates methodological feasibility rather than a fully operational
enterprise implementation. Nevertheless, the proposed framework provides the essential
methodological structure required for future implementation, as the criteria hierarchy,
assessment logic, data requirements, and interpretation mechanisms are explicitly defined.
Future research should investigate automated rule adaptation, user-friendly interfaces, and
integration mechanisms with existing enterprise information systems.

RQ3: What is the role of digital technologies in enhancing resilience across different
system layers?

The findings indicate that digitalization should not be interpreted as an independent
resilience dimension or as resilience itself. Within the proposed HoR architecture, digital
technologies function as enabling capabilities that strengthen resilience by improving sens-
ing, information processing, visibility, coordination, and decision support across multiple
resilience layers. Accordingly, digitalization represents a cross-layer enabler rather than
a separate category of resilience. Within the proposed framework, digital capabilities are
explicitly represented in Layer L1 as the primary mechanisms supporting sensing, visibility,
data integration, predictive analytics, and risk awareness. However, their influence extends
beyond L1 by enabling operational adaptation, supporting structural coordination, and
informing strategic decision-making across the remaining resilience layers. In this sense,
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digital resilience is not treated as an independent type of resilience, but as an enabling
capability embedded within the technological and risk assessment layer.

However, the model also demonstrates that technological capabilities alone are insuf-
ficient to achieve high resilience. The fuzzy rule base intentionally incorporates limited
compensatory effects and bottleneck-oriented reasoning, showing that advanced techno-
logical infrastructure cannot fully compensate for weaknesses in operational, structural,
or strategic dimensions. This observation is consistent with recent resilience literature
emphasizing that resilience emerges from the interaction of technological, organizational,
and governance capabilities rather than from digitalization alone [103–105].

The proposed conceptualization also recognizes that digitalization may introduce new
sources of vulnerability. Increased reliance on interconnected digital infrastructures may
expose logistics systems to cybersecurity threats, data quality deficiencies, algorithmic bias,
automation failures, and technological dependence. Consequently, digital transformation
should not be viewed as an inherently resilience-enhancing process. Instead, its contribution
to resilience depends on appropriate governance, reliable data management, cybersecurity,
human oversight, and effective integration with organizational and operational capabilities.
This dual role further supports the positioning of digitalization as an enabling capability
whose positive effects depend on the maturity of the broader resilience architecture.

The results, therefore, suggest that digital technologies should be viewed as resilience
enablers that strengthen visibility, anticipation, and decision support capabilities across
the broader resilience architecture while requiring alignment with operational, structural,
and strategic capabilities. Moreover, digital capabilities indirectly support sustainability
objectives by enabling better resource utilization, reducing inefficiencies, improving trans-
parency, and supporting data-driven decisions that balance resilience and environmental
performance [45,47].

An important methodological consideration concerns the derivation and interpretation
of the case-study assessment results. In the present study, the linguistic evaluations assigned
to individual resilience criteria were obtained through structured expert judgment based
on qualitative evidence describing the analyzed procurement system. Therefore, the
fuzzy inference results should not be interpreted as direct measurements of absolute
resilience performance, but rather as model-based diagnostic outputs generated from a
transparent assessment procedure. The purpose of the case application was to demonstrate
the applicability of the FHOR-RAM framework, illustrate the representation of resilience
interactions, and identify relative strengths and weaknesses within the analyzed system.
Future empirical studies should further strengthen the validation of the model through
multi-expert assessments, Delphi-based evaluation procedures, longitudinal observations,
and data-supported resilience indicators.

Overall, the findings indicate that the HoR framework provides a potentially trans-
ferable conceptual architecture, while further empirical studies are required to assess its
applicability across different industries, logistics functions, and supply chain configura-
tions. Therefore, the results should be interpreted as preliminary evidence supporting
the feasibility of the proposed approach rather than as empirical confirmation of the gen-
eral validity or transferability of the framework across different industries and supply
chain configurations. At the same time, the demonstrated application confirms that the
framework can be operationalized within an organizational decision process by linking
resilience criteria with available information sources, expert assessments, and managerial
improvement actions. Importantly, the study also suggests that resilience in the digital era
should not be understood simply as the adoption of advanced digital technologies. Rather,
resilience emerges from the balanced integration of digital, organizational, structural, and
strategic capabilities, while simultaneously managing the new risks introduced by digital
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transformation itself. Future research should further examine the applicability of HoR
across other logistics functions and multi-actor supply chain configurations.

7.1. Comparison with Existing Resilience Assessment Approaches

Before comparing the proposed FHOR-RAM model with existing resilience assessment
approaches, it is important to clarify the conceptual positioning of the underlying House of
Resilience (HoR) architecture (Table 16). The contribution of HoR does not consist in intro-
ducing new resilience capabilities, as the mechanisms represented by its layers have been
extensively discussed within previous research streams. Instead, HoR provides an integra-
tive architectural perspective that structures how heterogeneous resilience mechanisms
perform complementary functions and may jointly contribute to system-level resilience.

In contrast to capability-based resilience frameworks, which typically identify and
evaluate individual resilience attributes, HoR focuses on the functional relationships among
these attributes. Similarly, resilience engineering approaches emphasize the ability to
anticipate, monitor, respond, and learn, while dynamic capability perspectives focus on
adaptation and transformation; however, these approaches do not explicitly organize
technological, operational, structural, and strategic mechanisms into a unified hierarchical
architecture. The HoR framework addresses this gap by representing resilience as an
interaction between functionally distinct layers rather than as an additive aggregation of
independent capabilities.

Table 16. Conceptual positioning of HoR against established resilience perspectives.

Approach Main Contribution Aspects Complemented by HoR

Supply chain resilience
frameworks [21,22,106]

Identification of resilience capabilities
such as redundancy, flexibility,

diversification, and collaboration

Limited explicit representation of how
different capabilities interact and contribute

to system-level resilience

Resilience engineering
[107,108]

Anticipation, monitoring, response, and
learning capabilities

Primarily focused on resilient performance
principles rather than a hierarchical

organizational architecture

Systems
theory/socio-technical

systems [19,62]

Explanation of complex interactions
among technological, organizational,

and human components

Does not provide a resilience-specific
functional architecture

Dynamic capabilities
[52,109]

Adaptation, transformation, and
strategic renewal under changing

environments

Do not explicitly integrate technological
sensing, operational adaptation, and
structural robustness within a unified

resilience architecture

House of Quality/House
of Risk [83,86,87]

Structured mapping of relationships
among system factors

Designed for prioritization and risk
identification rather than modeling

resilience emergence

Resilience maturity models
[91,110]

Benchmarking capability development
levels

Often rely on predefined dimensions and
additive assessment logic

HoR (this study)

Multi-layer conceptual architecture
integrating technological, operational,

structural, and strategic resilience
mechanisms

Provides an architectural representation of
how different resilience functions can be

organized and jointly considered in
system-level assessment

Following the conceptual positioning of HoR, the FHOR-RAM model can be com-
pared with existing resilience assessment approaches, multi-agent and autonomous system
models, multi-criteria decision-making frameworks, and data-driven machine learning
approaches. In contrast to existing studies, FHOR-RAM introduces a unified hierarchical
fuzzy architecture that explicitly captures nonlinear interactions between different resilience
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layers and their underlying capabilities. More importantly, the distinction between HoR
and existing approaches is conceptual rather than purely methodological. Existing re-
silience approaches generally focus on identifying, measuring, or prioritizing resilience
capabilities, whereas HoR first defines the architectural relationships through which these
capabilities interact and subsequently enables their assessment through FHOR-RAM. There-
fore, the primary contribution of the study lies in the HoR architecture, while FHOR-RAM
provides the formal mechanism for its operationalization. To provide a structured and com-
pact comparison with existing resilience assessment approaches, the key methodological
differences are summarized in Table 17.

Table 17. Comparative analysis of FHOR-RAM versus selected resilience assessment approaches.

Study/Approach Resilience
Representation

Nonlinear
Interactions

Uncertainty
Handling Explainability

Decision-
Support

Capability

Key Limitation vs.
FHOR-RAM

Mostafavi
(2017)

[111]—system-
of-systems

Multi-level
infrastructure
architecture

Partial Limited High
Strategic
planning
support

Lacks explicit
operational

resilience potentials
and functional

maturity modeling

Nitsche et al.
(2023) [112]—
multi-agent

systems

Networked
autonomous

decision
systems

Moderate Limited Moderate Scenario-based
support

No structured
maturity

assessment
(operational

integration and
adaptive autonomy

not formalized)

Čižiūnienė et al.
(2026)

[113]—MCDM

Criterion-based
resilience

evaluation
Limited High High Prioritization of

competencies

Linear/additive
aggregation; no

modeling of
interaction effects

Simsek et al.
(2025)

[114]—ML +
MCDM

Data-driven
resilience
scoring

High High Low–Moderate
Predictive
decision
support

Black-box structure;
limited

interpretability and
rule transparency

Wang (2024)
[115]—KPCA

indicator model

Indicator-based
performance

index

High
(statistical) Moderate Low–Moderate Performance

evaluation

Focus on
performance, not

resilience
mechanisms or

causality

FHOR-RAM
(this study)

Hierarchical
4-layer

resilience
architecture

High
(rule-based

fuzzy
inference)

High
(linguistic +

fuzzy
uncertainty)

High
(rule-based

transparency)

Assessment,
diagnosis, and
improvement

planning

Requires expert
knowledge for rule
base design (initial
calibration effort)

System-of-systems approaches, such as those proposed by Mostafavi [111], emphasize
multi-layer infrastructure interdependencies in resilience assessment. However, these
models primarily focus on structural representation of infrastructure networks and do
not explicitly operationalize resilience as a function of interacting maturity dimensions.
In contrast, FHOR-RAM translates system interdependencies into measurable resilience
potentials using fuzzy inference, enabling quantitative evaluation of functional resilience
evolution rather than static structural representation.

Multi-agent and autonomous system-based approaches, such as those discussed by
Nitsche et al. [112], provide valuable insights into decentralized decision-making and
emergent behavior in logistics networks. Nevertheless, these models typically lack an
explicit maturity-based representation of resilience development and do not integrate
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structured assessment of organizational and technological integration levels. FHOR-RAM
complements this gap by embedding autonomy within the maintaining a hierarchical
mapping to functional resilience potentials.

Multi-criteria decision-making approaches, including the one presented in work [113],
offer strong interpretability and robustness in uncertain environments. However, many
conventional MCDM approaches rely on additive aggregation structures, which may
limit their ability to represent nonlinear interactions and bottleneck effects. FHOR-RAM
overcomes this limitation by employing a Mamdani-type fuzzy inference system, which
allows nonlinear rule-based interactions and enables the representation of both reinforcing
effects and bottleneck conditions depending on the defined inference rules.

Machine learning-based and hybrid approaches, such as those given in [114], provide
high predictive performance and scalability but often suffer from limited transparency and
explainability. In contrast, FHOR-RAM maintains full interpretability through explicit lin-
guistic variables, expert-defined rule bases, and transparent fuzzification and defuzzification
processes, making it suitable for decision-support contexts where explainability is essential.

Finally, indicator-based approaches such as [115] rely on dimensionality reduction or
statistical aggregation techniques that primarily capture performance efficiency rather than
resilience as an emergent system property. FHOR-RAM extends beyond performance mea-
surement by operationalizing resilience as a hierarchical construct consisting of structural
enablers, functional resilience capabilities, and system-level assessment outcomes.

More importantly, FHOR-RAM differs from existing approaches not only method-
ologically but also conceptually. Whereas previous studies primarily focus on evaluating
resilience using predefined indicators or capabilities, the proposed framework first defines
resilience as a hierarchical functional architecture and subsequently operationalizes this
architecture through fuzzy inference. This distinction represents the principal conceptual
contribution of the present study, namely the development of an integrative architecture
for organizing resilience mechanisms and their interactions. In this context, fuzzy inference
should be understood not as a replacement for resilience theory, but as a formal model-
ing mechanism that enables the theoretical assumptions of HoR, particularly interaction,
emergence, and non-compensatory effects, to be represented computationally.

7.2. Contributions, Limitations, and Future Research Directions

The primary contribution of this study is conceptual rather than methodological.
Specifically, it introduces the House of Resilience as a hierarchical conceptual architecture
that represents resilience as an emergent multi-layer system property resulting from inter-
actions among interconnected capabilities. In contrast to existing approaches that typically
assess resilience through isolated capabilities or aggregated indicators, the proposed archi-
tecture explicitly defines the functional relationships between technological, operational,
structural, and strategic resilience dimensions.

The FHOR-RAM model constitutes an operationalization of this conceptual architec-
ture by translating the proposed resilience structure into a hierarchical fuzzy inference
framework for structured resilience assessment under uncertainty. Beyond handling un-
certainty, the fuzzy inference mechanism contributes methodologically by enabling the
representation of nonlinear relationships and emergent resilience behavior that cannot be
adequately captured through additive indicator-based approaches. Consequently, fuzzy
inference should be interpreted as the enabling assessment mechanism rather than the
primary scientific contribution of the study.

In contrast to many existing resilience assessment approaches, the framework explic-
itly integrates technological, operational, structural, and strategic dimensions within a
single architecture. Furthermore, it provides a transparent mechanism for translating quali-
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tative expert knowledge into a structured resilience evaluation process, thereby bridging
conceptual resilience theory and practical assessment procedures.

From a managerial perspective, the FHOR-RAM model provides a structured decision-
support methodology for diagnosing potential resilience weaknesses and exploring im-
provement pathways across technological, operational, structural, and strategic domains.
In practical terms, the model supports decision-making by combining organizational data
sources (e.g., operational records, supplier information, digital system assessments, and
expert evaluations) with a transparent fuzzy inference mechanism. The resulting out-
puts enable managers to identify resilience bottlenecks, compare alternative improvement
scenarios, and prioritize interventions such as supplier diversification, digital capability
development, or resilience governance enhancement.

As a result, several limitations should be acknowledged. First, the model relies on
theory-informed expert knowledge in the definition of membership functions and fuzzy
rules. Consequently, the inference results remain conditional on the adopted modeling
assumptions regarding resilience interactions, including the principles of bottleneck effects,
limited compensation, and the treatment of critical weaknesses. Although these assump-
tions are explicitly documented and logically justified, they do not constitute empirically
validated causal relationships. Future studies should therefore investigate systematic expert
elicitation procedures (e.g., Delphi studies), inter-expert agreement, and data-supported
calibration of fuzzy rules to further strengthen the objectivity and reproducibility of the
proposed assessment framework. Moreover, while fuzzy inference enables representa-
tion of complex interactions, the quality of the obtained resilience assessment depends
on the adequacy of the defined rule base. The fuzzy rule base represents theoretically
grounded and expert-informed assumptions rather than empirically learned relationships.
Consequently, although the current formulation ensures transparency and interpretability,
future studies should investigate systematic rule elicitation procedures involving multiple
experts, Delphi-based consensus approaches, or data-driven adaptive fuzzy mechanisms.
Furthermore, maintaining the model in an organizational setting would require procedures
for updating linguistic assessments, membership functions, and fuzzy rules as operational
conditions and resilience requirements evolve. Future research should therefore inves-
tigate adaptive learning mechanisms that combine expert-driven fuzzy modeling with
data-driven calibration. Moreover, future studies should focus on the development of
implementation guidelines defining data collection procedures, organizational roles, and
integration pathways with existing enterprise systems. In addition, although expert-driven
modeling is common in fuzzy systems and resilience assessment, the resulting outputs
remain influenced by subjective judgments. In addition, the current implementation adopts
an equal-weighting assumption for both criteria and resilience layers. Although this as-
sumption ensures methodological transparency and facilitates model interpretation, future
studies could integrate weighting approaches such as the Analytic Hierarchy Process (AHP)
to reflect expert preferences and assess the influence of differentiated importance among
resilience factors.

Second, despite the rule reduction procedure, the fuzzy rule base remains relatively
extensive. While the hierarchical architecture improves interpretability and computational
efficiency, further optimization methods could be explored for larger-scale applications.

Third, the proposed framework was demonstrated through an initial procurement-
oriented case study. Although the case study demonstrates the feasibility of applying the
approach in the investigated context, it does not constitute a full empirical validation of
the model. Therefore, caution should be exercised when generalizing the results to other
industrial sectors or supply chain contexts.
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Fourth, the current model assumes static membership functions and rule structures. In
practice, resilience capabilities evolve over time, suggesting opportunities for developing
adaptive or self-learning fuzzy inference systems.

Furthermore, the scenario-based analyses performed in this study illustrate possible
resilience improvement pathways but do not quantify the actual effects of managerial
interventions. Establishing such relationships requires further empirical validation based
on longitudinal and multi-case studies. Therefore, these analyses should be interpreted as
exploratory what-if simulations demonstrating model behavior rather than as predictions
of organizational performance improvements.

Future research should, therefore, focus on broader empirical studies across multiple
industries and supply chain configurations, comparative benchmarking against alternative
resilience assessment methods, and investigation of implementation aspects related to data
integration, model governance, and adaptive updating mechanisms.

8. Conclusions
This study introduced the House of Resilience (HoR) as a hierarchical conceptual archi-

tecture that represents resilience as an emergent system property adaptable across different
organizational levels. Unlike approaches that assess resilience through isolated capabilities or
aggregated indicators, the proposed architecture explicitly defines functional relationships
among technological and risk assessment, operational and adaptive, structural, and strategic
resilience dimensions. By organizing these interdependent layers within a unified framework,
HoR contributes to a more integrated understanding of resilience mechanisms and their role
in generating system-level resilience. The contribution of HoR does not lie in identifying new
resilience factors, but in providing a functional architecture that explains how established
resilience mechanisms interact and jointly shape resilience outcomes.

The proposed FHOR-RAM model operationalizes this conceptual architecture through
a hierarchical Mamdani fuzzy inference system. Rather than constituting the primary
contribution itself, fuzzy inference serves as the operational mechanism that translates the
theoretical House of Resilience architecture into an interpretable assessment and decision-
support framework for logistics-related contexts. Importantly, fuzzy inference not only
addresses uncertainty associated with expert judgments but also enables the representation
of nonlinear relationships, interaction effects, and non-compensatory resilience mechanisms
assumed by the HoR architecture. A key methodological contribution of the study is there-
fore the development of a hierarchical fuzzy rule-based mechanism that operationalizes
the House of Resilience concept and enables computational representation of the proposed
resilience relationships.

The results indicate that resilience in the digital era should not be interpreted as a direct
consequence of technology adoption alone. While digital technologies significantly enhance
visibility, risk awareness, information processing, and decision support, they function
primarily as enabling capabilities supporting resilience across multiple organizational
layers. At the same time, digital transformation may introduce new vulnerabilities related to
cybersecurity, data quality, technological dependence, or automation failures. Consequently,
high resilience emerges not from digitalization itself but from the balanced integration
of digital, operational, structural, and strategic capabilities supported by appropriate
governance. This finding supports the conceptual premise of the HoR framework that
resilience cannot be adequately represented as an additive accumulation of independent
capabilities. The proposed model, therefore, highlights the importance of adopting a
holistic resilience perspective that extends beyond individual technologies or isolated
organizational functions. Taken together, the findings provide answers to the three research
questions formulated in Section 1. First, resilience can be conceptualized as a multi-layer
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architecture integrating structural, operational, technological, and strategic dimensions
that can be adapted to different organizational levels. Second, this architecture can be
operationalized through a hierarchical fuzzy inference framework that supports resilience
assessment under uncertainty. Third, the findings confirm that digital technologies act as
important resilience enablers, although their effectiveness depends on their integration
with broader organizational and governance capabilities.

The procurement case study demonstrated one specific application of the FHOR-
RAM model within a focal organization’s procurement subsystem. The case study should
therefore be considered an initial illustration of the framework implementation rather
than a comprehensive validation study. Indeed, although the study provides evidence of
the model’s practical feasibility within the investigated procurement context, the results
should be interpreted as a verification of applicability rather than a full empirical validation.
Nevertheless, the case study illustrates that the proposed conceptual architecture can be
consistently translated into an operational assessment procedure capable of supporting
resilience diagnosis and improvement planning in real procurement systems. Accordingly,
the empirical findings should not be generalized directly to complete supply chain net-
works but should be interpreted as evidence supporting the applicability of the proposed
architecture at the procurement level. Consequently, further research is required to assess
the robustness and transferability of the model across different industries, supply chain
structures, and organizational contexts. Since the case assessment was based on structured
expert judgment, future research should also further validate the framework through
independent multi-expert evaluations and empirical resilience measurements.

It should also be emphasized that the proposed set of fifteen assessment criteria
represents a theoretically grounded and context-specific operationalization of the HoR
architecture rather than an exhaustive representation of all possible resilience determinants.
While the four-layer architecture provides a transferable conceptual structure, the selection
and allocation of specific criteria may require adaptation depending on the characteristics
of the analyzed logistics subsystem, industry context, and decision-making level.

Further research is required to validate the framework across different industrial
contexts, investigate alternative weighting approaches (e.g., AHP or fuzzy AHP) for dif-
ferentiating the relative importance of resilience criteria and layers, examine the content
validity of criteria sets across different logistics subsystems, and explore its integration
with advanced decision-support systems, digital twins, and adaptive AI-supported fuzzy
inference mechanisms capable of learning and updating resilience relationships over time.
Furthermore, future studies should investigate the practical deployment aspects of FHOR-
RAM, including scalability, rule base maintenance, user interaction, and integration with
existing organizational information systems.

Overall, the contribution of this study lies in providing a conceptual and methodolog-
ical framework that can support future resilience analysis in different contexts, subject
to further empirical validation. By distinguishing between resilience as a systemic orga-
nizational capability and digitalization as an enabling cross-layer capability, the study
contributes to a more precise conceptual understanding of resilience in digitally trans-
formed logistics systems. At the same time, empirical validation across broader logistics
and supply chain configurations remains an important direction for future research.
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Appendix A. Detailed Fuzzy Rule Bases for FHOR-RAM Model
Appendix A.1. Rule Base Development Principles

The fuzzy rule bases presented in this appendix were developed according to the
principles described in Section 5.4.3. The rule bases presented in this appendix represent
theory-informed expert assumptions regarding the relationships between resilience capabil-
ities and system-level resilience outcomes. They were not derived from statistical learning
or historical performance datasets; instead, they were constructed based on the functional
logic of the House of Resilience framework, established resilience engineering principles,
and procurement resilience mechanisms identified in the literature.

The FHOR-RAM model employs a hierarchical Mamdani fuzzy inference system
in which the relationships between resilience criteria, layer-level resilience, and overall
resilience are represented through expert-defined fuzzy rules. Because the theoretical
number of possible rule combinations grows exponentially with the number of input
variables, a structured rule reduction procedure was adopted.

The objective of the reduction process was to preserve the essential behavioral charac-
teristics of the resilience system while maintaining interpretability, computational efficiency,
and reproducibility.

For a layer containing nj criteria and a linguistic scale consisting of five linguistic
terms (VL, L, M, H, VH), the theoretical number of possible rules is Nj = 5nj. Consequently,
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the theoretical rule space of the FHOR-RAM model exceeds 4500 possible rules (Table 9),
making complete enumeration impractical.

To address this issue, the final rule bases were developed according to five systematic
reduction principles.

Appendix A.1.1. Rule Elicitation and Consistency Assessment

The development of the fuzzy rule base followed a structured elicitation procedure
consisting of four steps, which are defined in Table A1:

(i) identification of the functional role of each resilience layer within the HoR architecture,
(ii) determination of expected relationships between criteria and layer-level resilience

based on literature-derived resilience mechanisms,
(iii) translation of these relationships into linguistic IF–THEN rules using the predefined

five-level linguistic scale,
(iv) consistency assessment of the resulting rule sets with respect to monotonicity, bound-

ary conditions, and non-compensatory assumptions.

To improve methodological transparency, Table A1 summarizes the origin of the
knowledge incorporated into the fuzzy rule base and clarifies the specific role played by
each source during rule development. As shown, the rule base was not derived from
empirical datasets or statistical learning. Instead, it represents a theory-informed synthe-
sis performed by the authors, integrating conceptual assumptions, published resilience
knowledge, and domain expertise into a coherent set of linguistic IF–THEN rules.

Table A1. Sources underlying the development of the fuzzy rule base.

Source of Knowledge Contribution to Rule Development Example of Resulting Modelling
Assumption

House of Resilience (HoR)
conceptual architecture

Defined the functional role of each
resilience layer and the expected

interactions between layers

Structural resilience provides the
foundational conditions supporting
higher-level resilience capabilities

Resilience engineering and supply
chain resilience literature

Identified commonly recognized
resilience mechanisms and expected

relationships between capabilities

Critical weaknesses cannot always be
compensated by strengths in other

resilience dimensions
(non-compensatory behavior)

Procurement and supply chain
domain knowledge

Supported the interpretation of
resilience mechanisms within

procurement decision contexts

Supplier diversification and material
availability strongly influence

structural resilience under disruption
conditions

Authors’ theory-informed synthesis

Translated the conceptual
assumptions into linguistic IF–THEN

fuzzy rules and organized the
reduced rule base

Definition of majority-based,
dominance-based,

boundary-condition, and
limited-compensation rules

The consistency assessment aimed to ensure that higher input capability levels did not
produce lower resilience outputs and that critical weaknesses were appropriately reflected
in the inference mechanism.

Consequently, the proposed fuzzy rule base should be interpreted as an explicit
operationalization of the theoretical assumptions underlying the HoR framework rather
than as a statistically calibrated or universally validated knowledge base. Its primary
purpose is to provide a transparent and reproducible reasoning structure that can be
refined through future expert elicitation procedures or empirical calibration.
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Table A2. Relationship between fuzzy rule design principles and HoR assumptions.

Rule Design Principle Modelling Assumption Relationship with HoR Architecture

Preservation of boundary conditions Extreme system states should lead to
corresponding resilience outcomes

Ensures logical consistency between
very weak/very strong capability

configurations and emergent
resilience levels

Majority-based evaluation Dominant capability patterns
influence the resulting resilience level

Reflects the assumption that
resilience emerges from combined

performance of multiple interacting
capabilities

Dominance of critical weaknesses
Severe deficiencies in critical

dimensions may constrain overall
resilience

Represents the non-compensatory
nature of resilience mechanisms

within the HoR layers

Limited compensation

Strong capabilities may partially
mitigate moderate weaknesses but

cannot eliminate critical
vulnerabilities

Captures interaction effects between
resilience dimensions

Monotonicity constraint Improvement in input capabilities
should not reduce resilience outcome

Maintains logical consistency of the
fuzzy inference mechanism

Appendix A.1.2. Principle 1: Preservation of Boundary Conditions

The first group of rules defines the extreme limits of system behavior and guarantees
logical consistency of the model. For each layer, the following boundary rules are included:

Worst-case rule
IF|all/inputs = VL THEN|output = VL

Best-case rule
IF|all/inputs = VH THEN|output = VH

In addition, homogeneous configurations for the intermediate linguistic levels are
included:

(L, L, L, . . .) → L

(M, M, M, . . .) → M

(H, H, H, . . .) → H

These rules establish the fundamental behavior of the inference system and ensure
that identical input assessments produce identical output assessments.

Appendix A.1.3. Principle 2: Majority-Based Evaluation

The second group of rules reflects the assumption that resilience is primarily deter-
mined by the dominant performance level among the criteria.

For example:
IF|majority/of/inputs = H THEN/output = H

and
IF|majority/of/inputs = M THEN|output = M

This principle captures typical real-world situations where resilience emerges from the
overall condition of the system rather than from a single criterion. Representative examples
are presented in Table A3.
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Table A3. The exemplary rules configuration for Principle 2.

Input Configuration Output

H–H–M H
H–M–H H
M–M–H M
M–H–M M

Appendix A.1.4. Principle 3: Dominance of Critical Weaknesses

The FHOR-RAM model adopts a partially non-compensatory resilience logic. This
assumption reflects the observation that severe weaknesses in critical resilience dimensions
may substantially degrade overall resilience, even when other dimensions perform well.
Therefore, dedicated rules are introduced to penalize configurations containing very low
assessments.

Examples include:

IF|Ci = VL AND|Ck ≤ L AND THEN|output ≤ L

Typical examples are given in the table below.

Table A4. The exemplary rules configuration for Principle 3.

Configuration Output

VL–VL–H VL
VL–L–H L
VL–M–H L
VL–H–H M

This mechanism prevents unrealistic full compensation of critical vulnerabilities.

Appendix A.1.5. Principle 4: Limited Compensation

Although the model follows a predominantly non-compensatory logic, limited com-
pensation is permitted for intermediate conditions.

For example:
(M, M, H) → M

rather than
(M, M, H) → H

Similarly:
(VH, M, M) → H

instead of
VH

This principle reflects the practical reality that strong performance in one area may
improve resilience, but cannot fully offset weaknesses in other important dimensions.

Appendix A.1.6. Principle 5: Elimination of Redundant Permutations

Many input combinations differ only in the ordering of criteria while representing
identical logical situations. For example: (H, M, M), (M, H, M), (M, M, H) all represent the
same majority-based scenario. Rather than defining separate rules for each permutation, a
single representative rule is retained.
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This procedure substantially reduces the size of the rule base while preserving the
semantic meaning of the inference process.

The resulting rule bases preserve the key nonlinear relationships between resilience
dimensions while remaining sufficiently compact for expert validation and practical im-
plementation. Furthermore, owing to the use of overlapping fuzzy membership functions
and Mamdani inference, the model is capable of interpolating between explicitly defined
rules, ensuring smooth transitions throughout the input space despite the reduced number
of rules.

Appendix A.2. Rule Base for Layer L1—Technological and Risk Assessment Layer

Layer L1 represents the technological and risk-awareness foundation of the procure-
ment resilience system. It captures the organization’s capability to monitor operations,
process information, identify emerging threats, and support decision-making through
digital technologies.

The layer is defined by five criteria:

• C11—Real-time monitoring,
• C12—Predictive analytics capability,
• C13—System integration,
• C14—Risk identification and assessment capability,
• C15—Cloud-based infrastructure and data accessibility.

The output variable is:

• L1—Technological and risk assessment.

For a five-input system using five linguistic terms (VL, L, M, H, VH), the theoretical
rule space consists of NL1 = 55 = 3125 possible combinations. Following the reduction
procedure described in Appendix A.1, the final rule base consists of 45 representative rules
that capture the dominant behavioral patterns of the technological resilience layer.

The rule structure was designed according to five groups of rules:

• boundary-condition rules,
• risk-dominance rules,
• cloud and integration rules,
• balanced operational scenarios,
• high-performance scenarios.

The resulting rule base is summarized in Table A5.

Table A5. Structure of the rule base for Layer L1.

Rule Category Number of Rules Purpose

Boundary rules 5 Definition of extreme system states
Risk-dominance rules 13 Capturing the critical role of risk awareness

Cloud & integration rules 10 Reflecting technological interoperability effects
Balanced scenarios 10 Typical operating conditions

High-performance scenarios 10 Advanced digital resilience configurations
Total 48

Appendix A.2.1. Boundary-Condition Rules for Layer L1

The first group defines the limits of technological resilience performance (Table A6).
These rules establish monotonic behavior and ensure consistency between homogeneous
input and output assessments.
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Table A6. Boundary-condition rules for L1.

Rule ID C11 C12 C13 C14 C15 Output L1

L1-R1 VL VL VL VL VL VL
L1-R2 L L L L L L
L1-R3 M M M M M M
L1-R4 H H H H H H
L1-R5 VH VH VH VH VH VH

Appendix A.2.2. Risk-Dominance Rules for Layer L1

The second group reflects the assumption that technological infrastructure alone is
insufficient if the organization lacks the capability to identify and assess risks. Accordingly,
low values of C14 may significantly reduce overall technological resilience. The set of rules
is given in Table A7.

Table A7. Risk-dominance rules for L1.

Rule ID C11 C12 C13 C14 C15 Output L1

L1-R6 H H H VL H M
L1-R7 VH VH H VL VH M
L1-R8 H VH H L H M
L1-R9 VH H VH L VH M
L1-R10 M M M VH M M
L1-R11 L M M VH M M
L1-R12 M L M VH M M
L1-R13 H M M VH M H
L1-R14 H H M VH M H
L1-R15 VH H H VH H VH
L1-R16 M M L VH L M
L1-R17 L M M VH M M
L1-R18 M L M VH M M

These rules ensure that resilience awareness remains a central component of technolog-
ical resilience and prevent unrealistic overestimation caused solely by digital infrastructure.

Appendix A.2.3. Cloud and Integration Rules for Layer L1

The third group captures the role of digital connectivity, interoperability, and cloud-
enabled information accessibility (Table A8). These rules reflect the increasing importance
of cloud-enabled data availability and system interoperability for achieving supply chain
visibility and resilience.

Table A8. Cloud and integration rules for L1.

Rule ID C11 C12 C13 C14 C15 Output L1

L1-R19 H H VL H H M
L1-R20 H H L H H M
L1-R21 VH H VL VH H M
L1-R22 VH VH L H H H
L1-R23 M M VH M VH H
L1-R24 H M VH H VH H
L1-R25 H H VH H VH H
L1-R26 VH H VH VH VH VH
L1-R27 M H H M VH H
L1-R28 H VH H H VH H
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Appendix A.2.4. Balanced Operational Scenarios for Layer L1

The fourth group represents realistic intermediate configurations typically encoun-
tered in procurement environments (Table A9). These rules implement the majority-based
evaluation principle described in Appendix A.1.

Table A9. Balanced scenarios for L1.

Rule ID C11 C12 C13 C14 C15 Output L1

L1-R29 M M M H M M
L1-R30 M M H M M M
L1-R31 H M M M M M
L1-R32 M H M M M M
L1-R33 M M M M H M
L1-R34 H H M M M H
L1-R35 H M H M M H
L1-R36 M H H M M H
L1-R37 H M M H M H
L1-R38 M H M H M H

Appendix A.2.5. High-Performance Scenarios for Layer L1

The final group represents digitally mature procurement systems exhibiting strong
technological resilience (Table A10).

Table A10. High-performance scenarios for L1.

Rule ID C11 C12 C13 C14 C15 Output L1

L1-R39 VH VH H H H VH
L1-R40 VH H VH H H VH
L1-R41 H VH VH H H VH
L1-R42 VH H H VH H VH
L1-R43 VH H H H VH VH
L1-R44 VH VH VH H H VH
L1-R45 VH VH H VH H VH
L1-R46 VH H VH VH H VH
L1-R47 H VH VH VH H VH
L1-R48 VH VH VH VH H VH

Overall, the proposed rule base reflects the assumption that technological resilience
emerges from the interaction between digital visibility, predictive capability, technological
integration, cloud-enabled information accessibility, and systematic risk awareness. The
rule structure preserves the non-linear and partially non-compensatory nature of resilience
while ensuring interpretability and consistency with the technological foundation layer of
the House of Resilience framework.

Appendix A.3. Rule Base for Layer L2—Operational and Adaptive Capabilities

Layer L2 represents the adaptive capabilities of the procurement system and reflects its
ability to respond, adjust, and recover from disruptions through operational, analytical, human,
and organizational resources. In accordance with the House of Resilience framework, this layer
corresponds to the central pillars supporting resilience performance and operational continuity.

The layer is defined by four criteria:

• C21: Operational flexibility,
• C22: Analytical capability,
• C23: Workforce adaptability,
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• C24: Organizational coordination and communication.

The output variable is:

• L2: Operational and adaptive resilience.

The complete theoretical rule space contains NL2 = 54 = 625 possible combinations.
Following the reduction methodology described in Section 5.4.3, the final rule base consists of
35 representative rules. The selected rules capture the dominant behavioral patterns of the
layer while preserving interpretability and ensuring sufficient coverage of the input space.

The rule structure reflects four key assumptions:

1. Adaptive resilience is multidimensional and depends simultaneously on operational,
analytical, human, and organizational capabilities.

2. Workforce adaptability (C23) plays a critical role in disruption response because even
advanced analytical tools and flexible processes cannot be effectively utilized without
competent personnel.

3. Organizational coordination and communication (C24) act as an integrating mecha-
nism linking operational and analytical activities.

4. The layer follows a partially compensatory logic, meaning that strong performance
in one dimension may partially offset medium-level deficiencies, but cannot fully
compensate for severe weaknesses.

To ensure transparency, the final rule base is organized into five groups.

Appendix A.3.1. Boundary Rules for Layer L2

Boundary rules define the extreme limits of system behavior and establish direct
correspondence between homogeneous input conditions and resilience outcomes.

Table A11. Boundary rules for Layer L2.

Rule ID C21 C22 C23 C24 Output L2

L2-R1 VL VL VL VL VL
L2-R2 L L L L L
L2-R3 M M M M M
L2-R4 H H H H H
L2-R5 VH VH VH VH VH

Appendix A.3.2. Workforce-Dominance Rules for Layer L2

These rules reflect situations in which workforce adaptability becomes the dominant
determinant of resilience performance. Low workforce adaptability limits the effectiveness
of otherwise capable systems, whereas highly adaptive personnel enhance resilience under
uncertain conditions.

Table A12. Workforce-dominance rules for Layer L2.

Rule ID C21 C22 C23 C24 Output L2

L2-R6 H H VL H M
L2-R7 VH H VL VH M
L2-R8 M M VL M L
L2-R9 H M VL H M

L2-R10 VH VH L VH H
L2-R11 H H L H M
L2-R12 M H VH M H
L2-R13 H M VH H H
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The above rules operationalize the assumption that workforce adaptability acts as a
critical enabler of resilience realization.

Appendix A.3.3. Organizational Coordination and Communication Dominance Rules for
Layer L2

These rules capture situations where resilience performance is constrained by ineffective
communication and coordination mechanisms. Even highly flexible and analytically capable
organizations may struggle to respond effectively when information exchange is inadequate.

Table A13. Coordination-dominance rules for Layer L2.

Rule ID C21 C22 C23 C24 Output L2

L2-R14 H H H VL M
L2-R15 VH VH H VL M
L2-R16 M M M VL L
L2-R17 H M H VL M
L2-R18 VH H VH L H
L2-R19 H H H L M
L2-R20 M H M VH M

These rules emphasize the role of organizational coordination as a resilience integrator
linking operational, analytical, and human capabilities.

Appendix A.3.4. Balanced Operational Scenarios Layer L2

Balanced rules represent realistic situations where performance across criteria is rela-
tively consistent. These configurations constitute the reference states of the system.

Table A14. Balanced scenarios for Layer L2.

Rule ID C21 C22 C23 C24 Output L2

L2-R21 M M H M M
L2-R22 M H M M M
L2-R23 H M M M M
L2-R24 M M M H M
L2-R25 H H M M H
L2-R26 M H H M H
L2-R27 H M H M H

These rules describe gradual transitions between medium and high resilience states.

Appendix A.3.5. High-Performance Resilience Scenarios for Layer L2

The final group represents highly resilient operational configurations characterized by
strong performance across most or all criteria.

Table A15. High-performance scenarios for Layer L2.

Rule ID C21 C22 C23 C24 Output L2

L2-R28 H H H M H
L2-R29 H H M H H
L2-R30 H M H H H
L2-R31 M H H H H
L2-R32 VH H H H VH
L2-R33 H VH H H VH
L2-R34 H H VH H VH
L2-R35 H H H VH VH
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These rules reflect the assumption that resilience reaches the highest level when
operational, analytical, human, and organizational capabilities simultaneously demonstrate
superior performance.

The final Layer L2 rule base consists of 35 rules (Table A16).

Table A16. Final set of rules for Layer L2.

Rule Category Number of Rules

Boundary rules 5
Workforce-dominance rules 8

Coordination-dominance rules 7
Balanced scenarios 7

High-performance scenarios 8
Total 35

The proposed rule base captures the dominant mechanisms governing operational
resilience while maintaining a manageable level of complexity. Together with the fuzzy
interpolation capabilities of the Mamdani inference system, these rules provide continuous
and interpretable resilience assessments across the entire input space.

Appendix A.4. Rule Base for Layer L4—Strategic Resilience

Layer L4 represents the strategic dimension of resilience and reflects the organization’s
ability to institutionalize resilience principles, develop long-term preparedness mechanisms,
and maintain collaborative relationships across the supply network. Unlike the lower
layers, which focus primarily on operational and structural capabilities, L4 captures the
governance mechanisms that enable resilience to be sustained and continuously improved
over time.

The layer is defined by three criteria:

• C41: Resilience governance maturity,
• C42: Resilience-oriented planning,
• C43: Collaboration and network strategy.

The output variable is:

• L4: Strategic resilience.

The complete theoretical rule space contains NL4 = 53 = 125 possible rule combinations.
Following the reduction methodology presented in Section 5.4.3, the final rule base con-
sists of 30 representative rules capturing the dominant strategic resilience patterns while
maintaining transparency and interpretability.

The rule design is based on four strategic assumptions:

1. Resilience governance maturity (C41) provides the institutional foundation for re-
silience management and therefore strongly influences strategic resilience outcomes.

2. Resilience-oriented planning (C42) determines preparedness for future disruptions
through contingency planning, scenario analysis, and long-term resilience invest-
ments.

3. Collaboration and network strategy (C43) reflects the organization’s ability to leverage
external relationships and jointly build resilience across the supply chain.

4. Strategic resilience exhibits a partially non-compensatory character, meaning that
severe deficiencies in governance, planning, or collaboration cannot be fully offset by
excellence in other dimensions.

To improve interpretability, the final rule base is organized into five groups.
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Appendix A.4.1. Boundary Rules for Layer L4

Boundary rules define the lower and upper limits of strategic resilience performance.

Table A17. Boundary rules for Layer L4.

Rule ID C41 C42 C43 Output L4

L4-R1 VL VL VL VL
L4-R2 L L L L
L4-R3 M M M M
L4-R4 H H H H
L4-R5 VH VH VH VH

Appendix A.4.2. Governance-Dominance Rules for Layer L4

These rules reflect the assumption that resilience governance maturity acts as the insti-
tutional backbone of strategic resilience. Weak governance structures limit the effectiveness
of planning and collaboration initiatives.

Table A18. Governance-dominance rules for Layer L4.

Rule ID C41 C42 C43 Output L4

L4-R6 VL H H M
L4-R7 VL VH VH M
L4-R8 VL M M L
L4-R9 L H H M

L4-R10 L VH VH H
L4-R11 H M M M
L4-R12 VH M M H
L4-R13 VH H H VH

The above rules capture the notion that strategic resilience requires institutional
support structures and governance mechanisms to transform plans into effective actions.

Appendix A.4.3. Planning-Dominance Rules for Layer L4

These rules emphasize the importance of resilience-oriented planning in preparing
organizations for future disruptions.

Table A19. Planning-dominance rules for Layer L4.

Rule ID C41 C42 C43 Output L4

L4-R14 H VL H M
L4-R15 VH VL VH M
L4-R16 M VL M L
L4-R17 H L H M
L4-R18 VH L VH H
L4-R19 M H M M
L4-R20 H VH H H

These rules reflect the assumption that resilience planning translates strategic in-
tent into actionable preparedness measures, including contingency planning, disruption
scenarios, and resilience investment priorities.

Appendix A.4.4. Collaboration-Dominance Rules for Layer L4

These rules represent situations in which strategic resilience is influenced by the
quality of relationships within the supply network.
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Table A20. Collaboration-dominance rules for Layer L4.

Rule ID C41 C42 C43 Output L4

L4-R21 H H VL M
L4-R22 VH VH VL M
L4-R23 M M VL L
L4-R24 H H L M
L4-R25 VH VH L H

These rules reflect the premise that resilience increasingly depends on inter-organizational
cooperation, information sharing, trust, and coordinated response mechanisms.

Appendix A.4.5. Strategic Excellence Scenarios for Layer L4

The final group contains configurations representing highly resilient strategic sys-
tems characterized by strong governance, proactive planning, and advanced collaboration
capabilities.

Table A21. Strategic excellence scenarios for Layer L4.

Rule ID C41 C42 C43 Output L4

L4-R26 VH VH H VH
L4-R27 VH H VH VH
L4-R28 H VH VH VH
L4-R29 VH H H VH
L4-R30 H VH H VH

These rules represent organizations that have successfully institutionalized resilience
principles, integrated resilience into strategic planning processes, and established strong
collaborative ecosystems capable of supporting long-term adaptation and recovery.

The final Layer L4 rule base consists of 30 rules, organized into five complementary
categories.

Table A22. Strategic excellence scenarios for Layer L4.

Rule Category Number of Rules

Boundary rules 5
Governance-dominance rules 8

Planning-dominance rules 7
Collaboration-dominance rules 5
Strategic excellence scenarios 5

Total 30

The resulting rule base captures the essential strategic mechanisms governing long-
term resilience while maintaining a manageable level of complexity. Together with the fuzzy
inference mechanism, these rules provide a transparent and reproducible representation of
strategic resilience formation within procurement and supply chain systems.

Appendix A.5. System-Level Aggregation Rule Base

The final stage of the FHOR-RAM model aggregates the resilience scores obtained
for the four House of Resilience layers into a single overall resilience assessment. This
aggregation represents the highest level of the hierarchical fuzzy inference system and
reflects the systemic nature of resilience, where structural, operational, technological, and
strategic capabilities jointly determine the organization’s ability to withstand and recover
from disruptions. The aggregation layer is defined by the following inputs:
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• L1: Technological and risk assessment,
• L2: Operational and adaptive resilience,
• L3: Structural resilience,
• L4: Strategic resilience.

The output variable is:

• RHoR: Overall House of Resilience score.

The complete theoretical rule space contains NRHoR = 54 = 625 possible rule combina-
tions. Following the reduction methodology described in Section 5.4.3, a representative rule
base consisting of 48 rules is employed. The rule base is designed to preserve the funda-
mental assumptions of the House of Resilience framework while ensuring computational
tractability and interpretability.

The aggregation logic is based on four key assumptions:

1. Structural resilience (L3) acts as the foundation of the system and therefore exerts the
strongest influence on overall resilience.

2. Strategic resilience (L4) determines long-term sustainability and preparedness.
3. Technological resilience (L1) enables visibility, risk awareness, and informed decision-

making.
4. High resilience requires balanced development across all layers; severe weaknesses

cannot be fully compensated by strengths elsewhere.

The final rule base is organized into six groups.
To further preserve the non-compensatory nature of resilience and ensure consistency

with the House of Resilience philosophy, additional mixed-condition rules were intro-
duced. These rules capture situations where multiple layers simultaneously exhibit low
resilience levels. In such configurations, the overall resilience assessment is intentionally
constrained, preventing unrealistically high system-level outputs that could otherwise
emerge from compensation effects during fuzzy interpolation. This extension improves
the consistency between layer-level and system-level assessments and strengthens the
diagnostic interpretability of the model.

Appendix A.5.1. Boundary Rules

Boundary rules define the minimum and maximum limits of system resilience.

Table A23. Boundary rules.

Rule ID L1 L2 L3 L4 RHoR

S-R1 VL VL VL VL VL
S-R2 L L L L L
S-R3 M M M M M
S-R4 H H H H H
S-R5 VH VH VH VH VH

Appendix A.5.2. Structural Dominance Rules (L3)

These rules reflect the assumption that structural resilience forms the foundation of the
House of Resilience. Weak structural conditions limit the effectiveness of all other layers.

These rules operationalize the non-compensatory role of structural robustness within
the HoR framework.
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Table A24. Structural dominance rules.

Rule ID L1 L2 L3 L4 RHoR

S-R6 H H VL H M
S-R7 VH VH VL VH M
S-R8 H H L H M
S-R9 VH VH L VH M

S-R10 M M VL M L
S-R11 H M VL H M
S-R12 M H VL H M
S-R13 VH H L H M
S-R14 H VH L VH M
S-R15 VH VH M VH H
S-R16 L M L L L/M
S-R17 L H L L L
S-R18 M M L L M
S-R19 L H L L M

Appendix A.5.3. Strategic Deficiency Rules (L4)

The following rules capture situations where insufficient strategic governance and
planning constrain overall resilience.

Table A25. Strategic deficiency rules.

Rule ID L1 L2 L3 L4 RHoR

S-R20 H H H VL M
S-R21 VH VH VH VL M
S-R22 H H H L M
S-R23 VH VH VH L H
S-R24 M M M VL M
S-R25 L M M L M
S-R26 M H M L M

These rules emphasize the importance of long-term resilience governance and planning.

Appendix A.5.4. Technology Deficiency Rules (L1)

These rules reflect situations where limited digitalization, visibility, and risk awareness
reduce the effectiveness of other resilience capabilities.

Table A26. Technology deficiency rules.

Rule ID L1 L2 L3 L4 RHoR

S-R27 VL H H H M
S-R28 VL VH VH VH M
S-R29 L H H H M
S-R30 L VH VH VH H
S-R31 VL M M M L
S-R32 L M M M M
S-R33 L H M M M

Although technology is not considered foundational, severe technological deficiencies
reduce resilience by limiting visibility and response capabilities.
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Appendix A.5.5. Balanced Resilience Scenarios

Balanced scenarios represent realistic situations in which resilience levels are relatively
consistent across layers.

Table A27. Balanced scenarios.

Rule ID L1 L2 L3 L4 RHoR

S-R34 M M H M M
S-R35 M H M M M
S-R36 H M M M M
S-R37 M M M H M
S-R38 H H M M H
S-R39 H M H M H
S-R40 M H H M H
S-R41 M M H H H
S-R42 H H H M H
S-R43 M H H H H

These rules describe the most common operational states expected in real procurement
systems.

Appendix A.5.6. Excellence Scenarios

The final group represents highly resilient systems exhibiting strong performance
across all House of Resilience layers.

Table A28. Excellence scenarios.

Rule ID L1 L2 L3 L4 RHoR

S-R44 VH VH VH H VH
S-R45 VH VH H VH VH
S-R46 VH H VH VH VH
S-R47 H VH VH VH VH
S-R48 VH VH H H H

These rules represent organizations that simultaneously exhibit strong technological
capabilities, adaptive operational performance, robust structural foundations, and mature
strategic governance.

The final system-level aggregation rule base consists of 48 rules according to Table A29.

Table A29. Rule base configuration for system-level.

Rule Category Number of Rules

Boundary rules 5
Structural dominance rules 14
Strategic deficiency rules 7

Technology deficiency rules 7
Balanced scenarios 10

Excellence scenarios 5
Total 48

The resulting aggregation mechanism preserves the conceptual logic of the House
of Resilience framework while ensuring transparency, reproducibility, and computational
efficiency. Together with the layer-level rule bases, it provides a complete fuzzy inference
structure enabling the assessment of overall procurement resilience through the FHOR-
RAM model.
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Appendix A.6. Reproducibility Statement

The complete fuzzy rule bases reported in this appendix provide a transparent specifi-
cation of the inference logic implemented in the FHOR-RAM model using the MATLAB
Fuzzy Logic Toolbox. Together with:

• the linguistic variables defined in Section 5.3,
• the membership functions,
• the Mamdani inference mechanism,
• and the rule bases presented herein,

The proposed model can be fully reconstructed and replicated by other researchers.

Appendix B. Detailed Rule Base for Layer L3 (Structural Resilience)
Layer L3 represents the foundational resilience of the procurement system and is

defined by three criteria:

• C31: Supplier diversification,
• C32: Lead time stability,
• C33: Critical material availability,

The rule base for this layer is constructed to reflect the non-compensatory nature of
structural resilience, where severe weakness in any critical dimension may significantly
degrade the overall layer performance. At the same time, moderate compensation is
allowed for mid-level conditions.

To ensure both interpretability and sufficient coverage of the input space, a reduced
but explicit rule base consisting of 30 rules (approximately 24% of the theoretical rule space)
is defined (Table A30). This rule base captures:

• extreme conditions (failure/success),
• majority-driven scenarios,
• mixed configurations,
• dominance of critical weaknesses.

The rule design follows four fundamental principles that ensure interpretability, logical
consistency, and behavioral completeness of the fuzzy inference system. First, the principle
of dominance of worst-case conditions assumes that the presence of Very Low (VL) values
across multiple input criteria significantly reduces the overall resilience level, reflecting the
system’s sensitivity to critical weaknesses. Second, the majority-based evaluation principle
ensures that the output resilience level is primarily determined by the dominant linguistic
state among the inputs, supporting a form of consensus-driven inference. Third, the
balanced configurations principle states that homogeneous input conditions (i.e., all inputs
at the same linguistic level) directly map to the corresponding output level, preserving
structural symmetry in the rule base. Finally, the limited compensation principle allows
higher input values to partially offset medium conditions; however, this compensatory
effect is strictly constrained and cannot override the influence of Very Low or strongly
adverse conditions.

The interpretation of the rule structure can be grouped into distinct resilience regions.
Rules R1–R4 define the critical failure zone, where multiple Very Low inputs lead to a Very
Low resilience outcome, capturing severe structural fragility. Rules R5–R11 represent the
low resilience zone, where the presence of at least one Very Low condition combined with
generally weak input states results in an overall low resilience assessment. Rules R12–R18
correspond to the moderate resilience zone, characterized by balanced or mixed Medium
input configurations that yield a medium level of resilience. In contrast, Rules R19–R22
define the high resilience zone, where a majority of High inputs leads to strong structural
robustness. Rules R23–R29 capture the very high resilience zone, in which dominance of
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Very High inputs results in top-level resilience performance. Finally, Rule R30 formalizes a
specific compensation mechanism, whereby a Very High input may partially offset medium-
level conditions; however, this compensatory effect remains limited and does not extend to
low or very low states.

The adoption of a reduced rule base inevitably involves a trade-off between com-
pleteness and model tractability. However, the reduction strategy applied in this study is
designed to minimize information loss by preserving all boundary conditions, representa-
tive intermediate states, and dominant resilience patterns. Since the Mamdani inference
mechanism operates on overlapping fuzzy sets rather than discrete categories, the system
is capable of interpolating between explicitly defined rules. Consequently, input combi-
nations not directly represented in the rule base are evaluated through partial activation
of neighboring rules, producing smooth and continuous output responses. This property
substantially reduces the risk of inference bias associated with rule reduction. Furthermore,
the retained rules were selected to cover the most decision-relevant regions of the input
space, ensuring that the resulting resilience scores remain consistent with the theoretical
assumptions of the HoR framework and established resilience principles.

Table A30. Complete rule base for Layer L3.

Rule ID C31 C32 C33 Output L3 Rule ID C31 C32 C33 Output L3

R1 VL VL VL VL R16 H M M M
R2 VL VL L VL R17 M H M M
R3 VL L VL VL R18 M M H M
R4 L VL VL VL R19 H H M H
R5 VL L L L R20 H M H H
R6 L VL L L R21 M H H H
R7 L L VL L R22 H H H H
R8 L L L L R23 VH H H VH
R9 VL M M L R24 H VH H VH

R10 M VL M L R25 H H VH VH
R11 M M VL L R26 VH VH H VH
R12 L M M M R27 VH H VH VH
R13 M L M M R28 H VH VH VH
R14 M M L M R29 VH VH VH VH
R15 M M M M R30 VH M M H

Overall, the proposed rule base provides effective coverage of the relevant behavioral
space of the system, ensuring smooth transitions between resilience levels while maintain-
ing interpretability and avoiding unnecessary redundancy. Although the rule base does
not explicitly enumerate all possible input combinations, the use of overlapping fuzzy
membership functions and Mamdani inference enables continuous approximation across
the entire input domain.
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64. Bozdoğan, A.; Görkemli Aykut, L.; Demirel, N. An Agent-Based Modeling Framework for the Design of a Dynamic Closed-Loop
Supply Chain Network. Complex Intell. Syst. 2023, 9, 247–265. [CrossRef] [PubMed]

65. van Voorn, G.; Hengeveld, G.; Verhagen, J. An Agent Based Model Representation to Assess Resilience and Efficiency of Food
Supply Chains. PLoS ONE 2020, 15, e0242323. [CrossRef] [PubMed]

66. Hellström, D.; Johnsson, M. Using Discrete Event Simulation in Supply Chain Planning. In Proceedings of the Proc. of 14th Annual
NOFOMA Conference; Lund University: Lund, Sweden, 2002; pp. 1–13.

67. Rana, D.S. Discrete Event Simulation for Logistics and Supply Chain Management. Int. J. Mech. Eng. Technol. 2018, 9, 974–985.
68. Angerhofer, B.J.; Angelides, M.C. System Dynamics Modelling in Supply Chain Management: Research Review. In Proceedings of

the Proc. of the 2000 Winter Simulation Conference; IEEE: New York, NY, USA, 2000; pp. 1347–1350.
69. Bhushi, U.M.; Javalagi, C.M. System Dynamics Application to Supply Chain Management: A Review. IEEE Int. Eng. Manag. Conf.

2004, 3, 1244–1248. [CrossRef]
70. Sarimveis, H.; Patrinos, P.; Tarantilis, C.D.; Kiranoudis, C.T. Dynamic Modeling and Control of Supply Chain Systems: A Review.

Comput. Oper. Res. 2008, 35, 3530–3561. [CrossRef]
71. Lotfi, R.; Mehrjerdi, Y.Z.; Pishvaee, M.S.; Sadeghieh, A.; Weber, G.W. A Robust Optimization Model for Sustainable and Resilient

Closed-Loop Supply Chain Network Design Considering Conditional Value at Risk. Numer. Algebr. Control Optim. 2021, 11, 221–253.
[CrossRef]

72. Wang, N.; Chen, J.; Wang, H. Resilient Supply Chain Optimization Considering Alternative Supplier Selection and Temporary
Distribution Center Location. Mathematics 2023, 11, 3955. [CrossRef]

73. Zamanian, M.R.; Sadeh, E.; Amini Sabegh, Z.; Ehtesham Rasi, R. A Multi-Objective Optimization Model for the Resilience and
Sustainable Supply Chain: A Case Study. Int. J. Supply Oper. Manag. 2020, 7, 51–75. [CrossRef]

74. Zhao, S.; You, F. Resilient Supply Chain Design and Operations with Decision-Dependent Uncertainty Using a Data-Driven
Robust Optimization Approach. AIChE J. 2019, 65, 1006–1021. [CrossRef]

75. Häring, I. Risk Analysis and Management: Engineering Resilience; Springer: Singapore, 2016.
76. Steen, R.; Aven, T. A Risk Perspective Suitable for Resilience Engineering. Saf. Sci. 2011, 49, 292–297. [CrossRef]
77. Heckmann, I.; Comes, T.; Nickel, S. A Critical Review on Supply Chain Risk—Definition, Measure and Modeling. Omega 2015, 52,

119–132. [CrossRef]
78. Carvalho, H.; Barroso, A.P.; MacHado, V.H.; Azevedo, S.; Cruz-Machado, V. Supply Chain Redesign for Resilience Using

Simulation. Comput. Ind. Eng. 2012, 62, 329–341. [CrossRef]
79. Kamalahmadi, M.; Shekarian, M.; Mellat Parast, M. The Impact of Flexibility and Redundancy on Improving Supply Chain

Resilience to Disruptions. Int. J. Prod. Res. 2022, 60, 1992–2020. [CrossRef]
80. Stewart, M.; Ivanov, D. Design Redundancy in Agile and Resilient Humanitarian Supply Chains. Ann. Oper. Res. 2022, 319, 633–659.

[CrossRef]
81. Mao, Q.; Li, N.; Peña-Mora, F. Quality Function Deployment-Based Framework for Improving the Resilience of Critical Infras-

tructure Systems. Int. J. Crit. Infrastruct. Prot. 2019, 26, 100304. [CrossRef]
82. Erdil, A. Development Supply Chain Management In Terms of Quality Function: An Application in the Manufacturing Industry.

Eur. J. Sci. Technol. 2021, 456–465. [CrossRef]
83. Cabral, I.; Duarte, D.; Barroso, A.P.; Leal, R.P. Identifying LARG Relationships in SCM through the House of Quality. In Proceedings

of the 5th European International Conference on Industrial Engineering and Operations Management, Rome, Italy, 26–28 July 2022; IEOM
Society: Southfield, MI, USA, 2023; pp. 1328–1337.

84. De Souza, R.O.; Sá Ribeiro, D.R.; Bonamigo, A.; Forcellini, F.A. Integration of Lean 5.0 Principles with Toyota Kata: Advancement
of Human-Centric and Sustainable Practices in Assembly Line Operations. IFAC-PapersOnLine 2025, 59, 13–18. [CrossRef]

85. Phatale, A. The Evolution and Implementation of the Toyota Production System. Eur. J. Adv. Eng. Technol. 2020, 7, 55–61.
86. Pujawan, I.N.; Geraldin, L.H. House of Risk: A Model for Proactive Supply Chain Risk Management. Bus. Process Manag. J. 2009,

15, 953–967. [CrossRef]

https://doi.org/10.3390/systems14080920

https://doi.org/10.1109/TEM.2020.3016988
https://doi.org/10.1109/ACCESS.2020.2992239
https://doi.org/10.1016/j.sca.2023.100042
https://doi.org/10.1007/s40747-022-00780-z
https://www.ncbi.nlm.nih.gov/pubmed/35789683
https://doi.org/10.1371/journal.pone.0242323
https://www.ncbi.nlm.nih.gov/pubmed/33211734
https://doi.org/10.1109/iemc.2004.1408893
https://doi.org/10.1016/j.cor.2007.01.017
https://doi.org/10.3934/naco.2020023
https://doi.org/10.3390/math11183955
https://doi.org/10.22034/IJSOM.2020.1.4
https://doi.org/10.1002/aic.16513
https://doi.org/10.1016/j.ssci.2010.09.003
https://doi.org/10.1016/j.omega.2014.10.004
https://doi.org/10.1016/j.cie.2011.10.003
https://doi.org/10.1080/00207543.2021.1883759
https://doi.org/10.1007/s10479-019-03507-5
https://doi.org/10.1016/j.ijcip.2019.100304
https://doi.org/10.31590/ejosat.960993
https://doi.org/10.1016/j.ifacol.2025.09.004
https://doi.org/10.1108/14637150911003801
https://doi.org/10.3390/systems14080920


Systems 2026, 14, 920 99 of 100

87. Parenreng, S.M.; Rusman, M.; Nilda; Darmawan, A.; Bakri, I. Nurhidayat The Supply Chain Risk Analysis Using House of Risk
Method: Seaweed Commodity in Jeneponto Case Study. IOP Conf. Ser. Earth Environ. Sci. 2019, 343, 2–8. [CrossRef]

88. Ma, H.L.; Wong, W.H.C. A Fuzzy-Based House of Risk Assessment Method for Manufacturers in Global Supply Chains. Ind.
Manag. Data Syst. 2018, 118, 1463–1476. [CrossRef]

89. Ahmad, R.; Vargo, J.; Pulakanam, V.; Chowdhury, M. A Supply Chain Resilience Maturity Model. In Proceedings of the
13th ANZAM Operations, Supply Chain and Services Management Symposium, Melbourne, Australia, 31 May–2 June 2015.

90. Rashid, A.; Rasheed, R. Supply Chain Cognitive Resilience through AI-Powered Risk Mitigation and Autonomous Resilience.
Supply Chain Manag. 2025, 31, 222–237. [CrossRef]

91. Sincorá, L.A.; de Oliveira, M.P.V.; Zanquetto-Filho, H.; Alvarenga, M.Z. Developing Organizational Resilience from Business
Process Management Maturity. Innov. Manag. Rev. 2023, 20, 147–161. [CrossRef]

92. Noura, E.; Hafida, B.; Salima, E.O.; Salwa, I. The Contribution of the Intelligent Supply Chain to Supply Chain Resilience. In
Proceedings of the 2025 16th International Conference on Logistics and Supply Chain Management (LOGISTIQUA); IEEE: New York, NY,
USA, 2025; pp. 1–9.

93. Pires Ribeiro, J.; Barbosa-Povoa, A. Supply Chain Resilience: Definitions and Quantitative Modelling Approaches—A Literature
Review. Comput. Ind. Eng. 2018, 115, 109–122. [CrossRef]

94. Doz, Y.L.; Kosonen, M. Embedding Strategic Agility. Long Range Plan. 2010, 43, 370–382. [CrossRef]
95. Reimann, F.; Kosmol, T.; Kaufmann, L. Responses to Supplier-Induced Disruptions: A Fuzzy-Set Analysis. J. Supply Chain Manag.

2017, 53, 37–66. [CrossRef]
96. Raju, R.; Lokesh, C.; Joseph, J.; Rajesh Reddy, Y.V.; Pavan Kumar, V.; Durga Prasad, J. The Human-Centric Industry 5.0:

Empowering the Workforce for a Sustainable Future. In Proceedings of the Recent Advances in Industrial and Systems Engineering;
Ponnambalam, S.G., Damodaran, P., Subramanian, N., Paulo Davim, J., Eds.; Springer Nature Singapore: Singapore, 2024;
pp. 117–126.

97. Chen, S.C.; Chen, H.M.; Chen, H.K.; Li, C.L. Multi-Objective Optimization in Industry 5.0: Human-Centric AI Integration for
Sustainable and Intelligent Manufacturing. Processes 2024, 12, 2723. [CrossRef]
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