
 

 

PROCESS MINING-ENABLED DIGITAL TWINS: A SYSTEMATIC 

LITERATURE REVIEW OF TECHNIQUES, SIMULATION METHODS, 

AND SUPPLY CHAIN 5.0 IMPLICATIONS 
 

Sara Antomarioni1,3, Virginia Fani2,4, Laura Lucantoni1, Ilaria Bucci2, Romeo Bandinelli2, Maurizio 

Bevilacqua1 
1Università Politecnica delle Marche, Ancona, Italy (s.antomarioni@univpm.it) 

2University of Florence, Florence, Italy (virginia.fani@unifi.it) 
3eCampus University, Novedrate, Italy 
4Universitas Mercatorum, Rome, Italy 

 

 

 

KEYWORDS 

Digital Twin, Process Mining, Systematic Literature 

Review, Discrete Event Simulation, Supply Chain 5.0, 

Process Discovery, Conformance Checking. 

 

ABSTRACT 

Digital Twins (DTs) enable real-time monitoring and 

adaptive decision-making, yet they are often developed 

through expert-driven approaches that only partially 

reflect real operations. Process Mining (PM) offers an 

alternative by extracting process knowledge from event 

logs, supporting DT creation, validation, and continuous 

updating. Despite growing interest, PM-DT research 

remains fragmented. This Systematic Literature Review 

(2020-2026) examines sectors adopting PM for DTs, the 

PM techniques used, and the modelling approaches 

combined with them. Results show the prevalence of 

generic frameworks, with manufacturing as the most 

mature field; Process Discovery is the dominating 

technique, while Conformance Checking is less explored. 

Discrete Event Simulation is the main modelling 

approach, complemented by Agent-Based Modelling, 

Petri Nets, and System Dynamics. The review also 

focuses on limited supply chain applications and frames 

PM-DT contributions in relation to the pillars of Supply 

Chain 5.0, highlighting directions for future research and 

practical development of data-driven PM-DT integrated 

systems. 

 

INTRODUCTION 

Digital Twins (DTs) are virtual replicas of physical 

systems that enable real-time monitoring, predictive 

analytics, and what-if scenario analysis, synchronizing 

operational data in real time (Tao et al., 2019). DTs 

represent a widespread paradigm since they were 

originally conceived for the aerospace and manufacturing 

industries, but have currently expanded across 

healthcare, logistics, and infrastructure, driven by 

Industry 4.0 adoption and advances in sensing 

technologies and data analytics (Kritzinger et al., 2018). 

A fundamental challenge faced by DTs is maintaining 

alignment between digital models and dynamic 

operational reality (Beerepoot et al., 2023). Traditional 

DT construction relies on manual process mapping, 

expert interviews, and static documentation approaches, 

leaving three main limitations: they are labour-intensive, 

requiring significant expert effort for model construction 

and updates, they capture idealized or normative 

workflows rather than actual operational behaviours, 

missing the variations, exceptions, and workarounds that 

critically affect system performance, and become rapidly 

obsolete as operational conditions evolve, requiring 

costly manual updates to remain relevant (van der Aalst, 

2016; Lugaresi & Matta, 2021a). Hence, continuous data-

driven updates are needed to avoid risking that DTs 

disconnect from real systems (Bozorgi et al., 2020). 

Process Mining (PM) can address these limitations by 

accessing event data automatically recorded in 

operational information systems (e.g., ERP, MES, and 

WMS) to provide evidence-based model generation and 

continuous validation (van der Aalst, 2016): PM operate 

directly on event logs extracting process knowledge 

without requiring predefined models or assumptions and 

relying on three complementary capabilities that form the 

basis of adaptive DTs: (i) Discovery: automatically 

extracts “as-is” process models from event logs, enabling 

rapid generation of unbiased models based on operational 

reality. (ii) Conformance checking: Compares models 

with actual event data to identify deviations, quantify 

model accuracy, and detect anomalies, supporting both 

pre-implementation validation and runtime monitoring. 

(iii) Enhancement: enriches models with performance 

metrics, resource data and contextual information, 

allowing continuous adaptation (Overbeck et al., 2021). 

PM-DT integration also covers different simulation 

paradigms, like Discrete Event Simulation (DES) for 

operational, Petri Nets for formal verification of complex 

process logic, Agent-Based Modelling (ABM) for 

distributed autonomous systems, and System Dynamics 

(SD) for feedback loop analysis. Despite the theoretical 

benefits promised by the PM-DT integration, the 

literature remains fragmented across specific use cases in 

different sectors, like manufacturing (Lugaresi & Matta, 

2021b), healthcare (Lay et al., 2022), logistics (Shams-

Shemirani et al., 2024). In fact, current climate change, 

recent logistical crises, and the geopolitical situation have 
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highlighted the vulnerabilities of globally distributed 

networks (Ivanov & Dolgui, 2021). Hence, a transition 

toward Supply Chain 5.0 (SC5.0), a paradigm developing 

the technological bases typical of Industry 4.0 

prioritizing human-centricity, resilience and 

sustainability, is required. Indeed, the core aspect of 

SC5.0 is represented by a holistic view of the decision-

making processes: decisions are made considering the 

operational excellence for all the actors of the SC but also 

considers the 5.0 pillars as main drivers (Difrancesco & 

Klumpp, 2025). In this context, PM-DT integration 

serves as a strategic tool to support SC resilience, 

sustainability, and human-centricity across all sectors. 

Starting from these key points, this systematic literature 

review (SLR) is guided by three research questions: RQ1: 

Which sectors and application domains leverage PM for 

DT construction?; RQ2: Which PM techniques 

(discovery, conformance checking, enhancement) are 

employed in the DT lifecycle?; RQ3: Which simulation 

and modelling methods are combined with PM in DT 

implementations? Although PM and DT have each been 

individually reviewed in the literature, no prior 

systematic review has jointly mapped PM-DT integration 

across sectors, PM technique utilization, and simulation 

method adoption, nor linked these findings to the 

emerging SC5.0 paradigm. This review, therefore, fills a 

specific and unaddressed gap. The paper proceeds as 

follows: Section 2 details the SLR methodology; Section 

3 presents results (RQ1–RQ3); Section 4 discusses 

general insights and SC5.0 implications and future 

research agenda; Section 5 concludes. 

 

METHODOLOGY 

Research Design: This study adopts an SLR approach to 

synthesise current knowledge on PM integration with DT 

development and simulation methodologies. The 

research approach is articulated in three phases: 

systematic search, structured selection, and thematic 

analysis to address sectoral applications (RQ1), PM 

technique utilization (RQ2), and simulation method 

integration (RQ3). Figure 1 illustrates the screening. 

Search Strategy and Scope: The search is carried out in 

the Scopus database, which was selected as the sole 

source because it offers the most comprehensive 

coverage among abstract-indexing databases for 

engineering, computer science, and management 

literature (Ren et al., 2019). The search query combined 

core concepts to address the intersection of PM 

methodologies with automated digital model generation: 

TITLE-ABS-KEY (("simulation" OR "system 

dynamic*" OR "digital twin" OR "digital model" OR 

"agent based model*") AND "process mining" AND 

(("automatic generat*") OR "concept* model*" OR 

"automatic* discover*" OR "process discover*")). 

The focus is on papers addressing automated or semi-

automated model generation through PM for simulation 

or DT purposes. The search was restricted to publications 

of the last five years, considering the DT concept's 

evolution and industrial adoption acceleration in recent 

years, in parallel with the growing maturity of PM 

techniques and practices, focusing on technical subject 

areas (e.g., Mathematics, Decision Sciences, 

Engineering, and Computer Science). 

Selection Process: Document selection proceeded 

through multi-stage screening: inclusion criteria required 

(1) primary focus on PM techniques applied to simulation 

or DT development (2) peer-reviewed publication in 

journals or conference proceedings ensuring quality 

standards, and (3) English language for consistent 

analysis. Exclusion criteria eliminated: (1) PM papers 

without simulation or DT focus, (2) simulation or DT 

papers without PM integration, (3) position papers, 

editorials, or short abstracts lacking substantive 

methodological or empirical contributions, and (4) 

papers where detailed content analysis was not feasible. 

The initial Scopus returned 97 documents. Abstract 

screening against the inclusion criteria eliminated 23 

contributions, leaving 74 papers for full-text assessment. 

Detailed evaluation of the remaining contributions’ full-

texts, considering the relevance to the research questions, 

led to the selection of 26 papers. To ensure 

methodological transparency, the selection process 

followed a structured screening protocol consistent with 

PRISMA guidelines and checklists (Lima et al., 2025). 

The screening was conducted independently by two 

authors: disagreements were resolved through discussion 

and consensus; papers were assessed for methodological 

clarity, reproducibility of results, and relevance to RQs 

(Elo & Kyngäs, 2008). 

 

RESULTS 

Descriptive Analysis: The systematic search returned 26 

documents published between 2020 and 2026, revealing 

sustained research interest in PM-enabled DT 

development. The temporal distribution shows a peak in 

2022 with 6 selected papers (23%), followed by steady 

production through 2024-2026 (10 papers combined, 

38%), confirming growing interest beyond initial 

methodological explorations. 

Sector Applications (RQ1): The analysis reveals a 

concentration in industrial sectors requiring complex 

process coordination and real-time visibility, with 

significantly different adoption levels across five main 

 
Figure 1 Systematic paper’s selection process 

 



 

 

sectors. Business Process and Cross-Sector Frameworks 

(57%, n=13) dominate the coverage of selected papers, 

providing domain-agnostic methodologies but applicable 

across sectors. This predominance provides a 

fundamental technical infrastructure that enables 

adoption across various sectors and thus potential 

expansion of application areas, it also indicates that most 

current research remains at a conceptual level without 

sector-specific empirical validation. Contribution 

classified in this group include simulation discovery 

work (Camargo et al., 2020; Chapela-Campa & Dumas, 

2022; Camargo et al., 2022), new paradigm exploration 

including SD discovery (Pourbafrani & van Der Aalst, 

2022) and ABM integration (Sulis & Taveter, 2022; 

Sulis, 2023; Bemthuis & Lazarova-Molnar, 2025; Baidya 

& Baidya, 2025) and technical advances in prediction, 

evaluation, and specialized modelling (Brockhoff et al., 

2021; Yoshiro et al., 2024; Kalenkova et al., 2025; 

Bouhidel & Belala, 2023; Nedopetalski & De Freitas, 

2021). The most mature application domain with the 

highest impact in terms of citations is manufacturing and 

industrial production (23%, n=6), which serves as the 

main testing ground where PM-DT methodologies are 

validated and refined. Key applications include 

automated discovery of production systems, which 

reduces modelling time from weeks to hours (Lugaresi & 

Matta, 2021b), event-centric digital models for Industry 

4.0 contexts (Castiglione, 2024), equipment-centric 

reliability assessment integrating sensor data for 

predictive maintenance (Friederich et al., 2023), state-to-

event abstraction solving missing event log problems 

(Mayr et al., 2022), and inter-organizational 

collaboration DTs extending across manufacturing SC 

tiers (Yang et al., 2022), and comprehensive multi-

dimensional DTs automatically extracted via Multi-Flow 

Process Mining for multi-objective optimization of time, 

energy, and waste in manufacturing systems (Khodadadi 

& Lazarova-Molnar, 2026). The construction and 

infrastructure sector (9%, n=2) is an emerging sector that 

demonstrates a high level of innovation in adapting PM-

DT to challenging contexts, beyond manufacturing. 

(Zhang & Lin, 2025) integrate computer vision with PM, 

using cameras mounted on tower cranes to generate event 

logs that enable real-time DES simulation for 

construction planning. (Wang et al., 2024) integrate 

workflow models discovered by PM with BIM geometric 

models, introducing the concept of process twins and 

bridging the gap between traditionally fragmented 

processes and representations of physical space. 

Logistics and SC areas (4%, n=1) appear 

underrepresented despite the urgent resilience needs. 

Shams-Shemirani et al. (2024) demonstrate that PM-

based DES models for cross-docking facilities 

outperform manually constructed models in capturing 

operational variability, leading to superior decisions 

regarding allocation. This single application, while 

successful, highlights an important lack of adaptive 

decision support tools for the SC despite the disruptive 

pressures typical of this sector. Industrial Cyber-Physical 

Systems (4%, n=1) complete the proposed sectoral 

distribution: Vitale et al. (2025) demonstrate PM-DT 

value for safety-critical industrial cyber-physical systems 

that require explainable and trustworthy models using 

discovered process models for both offline fault 

simulation and online anomaly detection with superior 

performance versus black-box approaches. Bemthuis & 

Lazarova-Molnar (2025) systematically review the PM-

ABM integration opportunities for distributed 

autonomous systems, a concept extendable to SCs. 

Process Mining Techniques (RQ2): The use of 

techniques reveals a clear predominance of Discovery as 

a fundamental capability, while Conformance Checking 

and Enhancement show moderate but significant 

adoption with distinct levels of maturity. Process 

Discovery appears in 74% of articles as a universal entry 

point for building PM-DT integrated models. It 

automatically extracts process models from event logs, 

enabling rapid and unbiased generation of models based 

on operational reality. The main applications (Camargo 

et al., 2020; Lugaresi & Matta, 2021b) establish 

methodologies for extracting control flows, resource 

pools, and time distributions from ERP/MES logs. 

Specialized contexts include Mayr et al. (2022)’s state-

to-event abstraction for manufacturing environments 

without native event logs, Pourbafrani & van Der Aalst 

(2022)'s SD discovery that aggregates events to identify 

stock flow structures and feedback loops, and Castiglione 

(2024) and Yang et al. (2022)'s multi-perspective 

discovery that emphasizes organizational, resource, and 

collaboration perspectives in addition to pure control 

flow. These advantages are widely exploited, but some 

challenges remain, including the potential complexity of 

models, dependencies on log quality, and manual 

selection of the level of abstraction. Enhancement shows 

substantial adoption for refining the model beyond the 

initial discovery. Applications range from improving 

simulation accuracy through modelling extraneous 

delays (Chapela-Campa & Dumas, 2022) to enrichment 

that integrates equipment health status and organizational 

structures (Castiglione, 2024; Yang et al., 2022; 

Friederich et al., 2023), improving real-time runtime for 

monitoring and prediction (Vitale et al., 2025; Brockhoff 

et al., 2021), and collaborative human-machine 

improvement that enables the integration of expert 

knowledge (Pourbafrani et al., 2021). Although 52% 

adoption indicates significant industry focus on 

improvement, few articles demonstrate continuous 

improvement cycles that enable truly adaptive “living” 

DTs, suggesting that implementations remain more static 

than the paradigm's potential allows. Conformance 

Checking is the least used fundamental PM technique, 

despite its crucial role in validation and adaptive 

monitoring. Applications have two main purposes: model 

quality assessment through DT-specific conformance 

metrics that evaluate suitability, accuracy, generalization, 

simplicity, and operational relevance (Yoshiro et al., 

2024) and monitoring runtime deviations, which enables 

real-time anomaly detection with explainable results 

superior to black-box statistical approaches (Vitale et al., 

2025). Additional uses include simulation validation 



 

 

(Pourbafrani et al., 2021), multi-agent compliance 

(Baidya & Baidya, 2025), and twin construction 

verification (Wang et al., 2024). The modest adoption 

rate (22%) represents a clear underutilization, 

highlighting the potential for extension in this field. 

Simulation Methods (RQ3): Analysis of simulation 

methods reveals methodological pluralism, with DES 

being the most common, alongside significant adoption 

of Petri nets, ABM, and SD, which serve distinct 

purposes. DES remains the most widespread, but it is far 

from monopolistic. Articles using DES cover 

construction (Zhang & Lin, 2025; Wang et al., 2024) 

manufacturing (Lugaresi & Matta, 2021b; Mayr et al., 

2022; Friederich et al., 2023), business processes 

(Camargo et al., 2020; Pourbafrani et al., 2021), and 

evaluation contexts (Yoshiro et al., 2024). López-Pintado 

et al. (2024) advance this line of work by incorporating 

differentiated resource modelling, discovering individual 

performance profiles and availability calendars from 

logs, and coupling simulation with optimisation to 

explore cost-time trade-offs. Petri nets mainly serve as 

formal intermediate representations that enable 

verification rather than simulation by the end user. 

Castiglione (2024), Friederich et al. (2023) Nedopetalski 

& De Freitas (2021) use Petri nets for the representation 

of production systems, reliability modelling, and hybrid 

resource scenarios. Petri nets enable formal mathematical 

analyses (deadlock detection, reachability verification) 

before implementation, particularly valuable in safety-

critical contexts. Khodadadi & Lazarova-Molnar (2026) 

extend this paradigm by proposing a Multi-Flow Process 

Mining approach that extracts Multidimensional 

Stochastic Petri Nets capturing time, energy, and waste 

dimensions simultaneously, enabling multi-objective 

optimization in smart manufacturing systems. ABM 

represents an emerging interest, as evidenced in 

Bemthuis & Lazarova-Molnar (2025), who examine 

opportunities for PM-ABM integration, while Sulis & 

Taveter (2022) and Sulis (2023) demonstrate agent-based 

business process simulation with environmental 

considerations. Agent-based conceptual thinking also 

appears in Baidya & Baidya (2025) and Bouhidel & 

Belala (2023). Tour et al. (2021) introduce Agent System 

Mining as a framework that combines process mining 

with agent-based modelling to infer Multi-Agent System 

models directly from event data. ABM’s 13% adoption 

represents an initial exploration with significant growth 

potential, particularly for SC applications modelling for 

autonomous supplier-buyer interactions. SD (9%, n=2) 

receives minimal adoption despite its strategic value for 

policy-level modelling. Primary focus is on discovering 

PM-based system dynamics for strategic analysis 

(Pourbafrani & van Der Aalst, 2022) and in industrial 

cyber-physical systems contexts (Vitale et al., 2025). 

Summary of research gaps: The review exposes five 

interrelated gaps that collectively constrain the practical 

impact of PM-DT research. First, SC and logistics 

applications are critically underrepresented, despite the 

domain's urgent need for adaptive decision-support tools 

and its clear compatibility with PM-DT methodologies. 

Second, DT lifecycles remain predominantly static. 

Although PM's Enhancement capability theoretically 

supports continuous model adaptation, few papers 

demonstrate closed-loop discover–conform–enhance 

cycles. Most implementations are "build-once" systems, 

with model updating treated as a future research 

direction. Third, Conformance Checking is structurally 

underutilized, despite being the capability most directly 

relevant to real-time anomaly detection and proactive 

deviation management, functions of high value in 

resilient SC design. Fourth, strategic simulation via 

System Dynamics remains marginal, limiting the ability 

of PM-DT systems to support the feedback-loop analysis 

required by SC5.0 resilience and sustainability planning. 

Fifth, multi-paradigm simulation integration (combining 

DES, SD, and ABM within a unified DT architecture) is 

discussed conceptually but not yet implemented in any 

reviewed paper, leaving a critical methodological gap 

between theoretical proposals and operational systems. 

SC underrepresentation is partly a consequence of the 

static DT lifecycle gap (adaptive tools are harder to 

develop), which in turn reflects the underutilization of 

Conformance Checking. Addressing them requires 

coordinated progress across all three RQ dimensions. 

 

DISCUSSION 

The results from RQ1–RQ3 show that PM–DT performs 

well in manufacturing but remains misaligned with 

SC5.0. The following sections examine how each of the 

three pillars exposes specific gaps and directions for PM-

DT development, as represented in Figure 2.  

Pillar I) Resilience: SC5.0 resilience requires systems 

capable of anticipating, absorbing, and recovering from 

disruptions, overcoming the concept of reaction after 

events (Villar et al., 2023). PM-DT integration embraces 

this proactive approach, but current practice only 

partially exploits its potential. Discovery provides the 

empirical basis that reactive models lack. The cross-

docking application by Shams-Shemirani et al. (2024) 

demonstrates that the models discovered by PM captured 

variability that deterministic manual models did not, 

enabling superior resource allocation decisions. 

Extended to multilevel SC networks, the discovery could 

replace idealized assumptions with empirically grounded 

representations of how SCs behave under normal, and 

disruptions. Conformance checking and, more 

specifically, real-time conformity checking of 

 
Figure 2 PM-DT integration framework for SC5.0). 



 

 

operational events against identified process models 

could serve as a continuous interruption detection 

system. The application by Vitale et al. (2025) 

demonstrates that compliance-based anomaly detection 

provided more timely, accurate, and explainable 

detection than statistical alternatives. For SCs, early 

detection of critical deviations could transform reactive 

crisis management into proactive mitigation, thereby 

serving as a catalyst for SC resilience. Enhancement can 

be seen as a continuous learning approach: in this regard, 

it supports the adaptive resilience required by SC5.0. 

Continuous DT updates, covering supplier reliability, 

delivery distributions, and alternative routing, support 

adaptive resilience by incorporating post-crises learning. 

Pillar II) Sustainability: SC5.0 considers sustainability 

as a fundamental design principle alongside efficiency 

and resilience (Brückner et al., 2025), moving beyond the 

concept of a constraint to be managed. The selected 

literature on PM-DT shows that explicit analysis of 

environmental metrics is only detectable in Sulis (2023). 

PM could radically impact sustainability parameters 

collection SCs: rather than relying on estimates or 

averages of carbon emissions, PM could extract actual 

data from operational event logs on modes of transport 

used, distances, energy consumption patterns, and 

wastes, providing empirically based environmental 

accounting at the process instance level. Current 

combined PM-DT research provides almost no 

foundation for such SC5.0 multi-objective analysis, 

representing an open research frontier. 

Pillar III) Human-Centricity: SC5.0's human-centric 

pillar reframes supply chain management around worker 

well-being, stakeholder transparency, and human-

machine collaboration (Tóth et al., 2023). This dimension 

is absent from current PM-DT research as a direct 

objective. However, PM-DT offers specific capabilities 

relevant to human-centric SC design. For instance, 

Process Discovery could reveal where human decision-

making is concentrated in SC workflows, showing 

bottlenecks or high-cognitive-load nodes where worker 

support tools would be most valuable. Similarly, 

Conformance Checking could monitor both process 

performance and compliance with human-centric 

policies (e.g., working time regulations, ergonomic and 

safety protocols). Enhancement could incorporate worker 

feedback and operational experience as enrichment data, 

creating DTs that learn from human insight rather than 

purely from automated log data. ABM adoption offers 

the most natural fit for human-centric SC simulation: it 

represents SC actors as autonomous agents with 

individual decision-making capabilities, local 

knowledge, and objectives. Enabling domain experts to 

enrich automatically-discovered models with knowledge 

not captured in logs is already explored at a tool-

development level (Pourbafrani et al., 2021), but could 

also be extended in terms of SC implementation since it 

mirrors the 5.0 vision of technology augmenting and 

supporting human capability (Villar et al., 2023).  

Research Agenda for SC5.0-Ready PM-DT Systems: 

The SC5.0 framing suggests research extensions for the 

three pillars, according to RQs’ directions. Regarding 

Resilience, the following areas can be highlighted: (i) 

Multi-tier SC discovery from heterogeneous 

organizational data sources, addressing privacy and 

integration challenges across SC boundaries. (ii) Real-

time conformance architectures for disruption detection, 

developing SC-specific deviation metrics and threshold 

calibration. (iii) Continuous enhancement mechanisms 

that learn from disruption responses and incorporate 

post-crisis operational adaptations. (iv) SD discovery for 

strategic resilience simulation, extending existing 

methodologies with iterative loops along the SC. From a 

Sustainability perspective: (i) PM-based extraction of 

actual environmental metrics from SC event logs, 

replacing estimated or averaged carbon footprint with 

actual process data. (ii) Multi-objective simulation to 

evaluate trade-offs between sustainability, resilience, and 

costs through integrated DES-SD approaches. (iii) 

Conformance monitoring for sustainability compliance. 

(iv) Enhancement incorporating circular economy, 

reverse logistics, and responsible sourcing practices as 

model dimensions. For Human-Centricity: (i) Discovery 

of human decision patterns in SC workflows, identifying 

high-value intervention points for worker support tools. 

(ii) ABM architectures representing SC actors as 

autonomous decision-making agents, with human 

behavioural rules mined from event logs, aimed at 

empowering the operator’s expertise. (iii) Collaborative 

enhancement frameworks combining automated PM 

discovery with knowledge enrichment from human 

experts. (iv) DT transparency and explainability 

requirements for SC operators, ensuring model outputs 

support rather than replace human judgment. From a 

cross-sectoral perspective, research should focus on 

multi-paradigm integration combining DES 

(operational), SD (strategic), and ABM (autonomous 

actors) within unified SC-DT architectures. Moreover 

industry-academia partnerships to translate theoretical 

methodologies into real-world implementations, such as 

standardized SC-DT evaluation frameworks, are 

fundamental.  

Limitations: This SLR acknowledges some constraints: 

the reliance on Scopus as the sole database, the temporal 

restriction from 2020 onwards, and the specific focus on 

PM-DT integration. The SC5.0 framing introduces an 

interpretive lens absent in the analysed papers 

themselves, due to the recent development of the 5.0 

paradigm and its more complex application at the SC 

level compared to the single-firm level. 

 

CONCLUSIONS 

This SLR analysed papers addressing PM integration 

with DT development and simulation, revealing a field 

with strong methodological foundations, selective 

sectoral maturity, and significant research opportunities. 

This review's primary contributions are twofold. First, it 

provides the first comprehensive synthesis of PM-DT 

integration research, systematically mapping sectoral 

applications, PM technique and simulation method 

adoption. Second, it offers novel insights into how PM-



 

 

DT integration could address SC resilience and 

sustainability challenges through Discovery and 

Conformance checking, and Enhancement-driven 

continuous learning from operational experience. The 

proposed research agenda targets the identified gaps and 

carries practical implications for SC managers, 

organisations, and researchers. As complexity, 

uncertainty, and disruptions increase within SCs and 

networks, the need for adaptive decision-support tools 

intensifies and. PM-enabled DTs can be fundamental. 
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