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Abstract
Model-based engineering (MBE) is a powerful paradigm that leverages models as essential pillars of the development process,
enabling teams to clarify requirements, streamline design, specify behavior, and perform rigorous verification and validation
tasks across the entire system life cycle. Digital twins (DTs) represent revolutionary software systems that mirror cyber-
physical, socio-economic, or biological entities, systems, or processes. Built from robust models and data, DTs are deployed
for high-impact applications such as planning, monitoring, control, and optimization of the twinned entity. The model-centric
nature ofDTs has naturally ignited recent exploration into harnessingMBE for the engineering and operation ofDTs.However,
this organic evolution has created a fragmented landscape of (partial) solutions. To confront this challenge, this article presents
a rigorous and systematic literature survey on the field of model-based DT engineering (MBDTE), accompanied by a novel
taxonomy for categorizing MBDTE approaches. We also introduce crisp definitions of both the field of MBDTE and the
models themselves. We conclude by highlighting research gaps and outlining avenues for further exploration.
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1 Introduction

The ever-increasing complexity and connectivity of mod-
ern systems-of-systems creates pressure for increased speed
of development, reduced costs, and improved safety and
sustainability. Digital twins (DTs) describe an emerging
information system construct that has the potential to tackle
these growing concerns. DTs refer to virtual representa-
tions of physical or cyber-physical objects, systems, or
processes [1]. Recently, there has been a notable increase in
attention and utilization of DTs across various industries [2]
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Fig. 1 Concept of a behavior-centric DT after Stary et al. [14] where a
digital execution model controls the behavior of a physical twin

such asmanufacturing [3], healthcare [4], urban planning [5],
and others [6–12]. The primary concept underlying a DT is
to generate a comprehensive and adaptable virtual (digital)
representation of a tangible entity in the real world [13]. This
facilitates enhanced comprehension, observation, and control
of the entity’s behavior [14] as outlined in Fig. 1.

1.1 The digital twin concept

Digital twins (DTs) are developed through the integration of
models anddata derived fromdiverse sources, such as sensors
or other Internet of things (IoT) devices. This integration aims
to construct a dynamic and precise digital representation of
the corresponding real system with the digital representation
undergoing regular updates to accurately reflect real-world
changes. DTs provide a variety of advantages, including
the ability to monitor in real-time, simulate and analyze
data, utilize predictive analytics, enable remote control and
automation, and facilitate life cycle management [3, 15, 16].

A DT consists of (i) models, (ii) data, and (iii) a tangi-
ble entity existing in the real world. According to ISO/IEC
30173:2023 [18], DTs “enable convergence between the
physical and digital states at an appropriate rate of synchro-
nization”. Tao et al. [17] define a five dimensional model
comprising (i) a physical entity, (ii) a virtual entity, (iii) ser-
vices, (iv) data, and (v) connections as depicted in Fig. 2.
Crucially, Tao et al.’s model establishes a DT around a com-
mon data model which allows tailoring the DT towards the
requirements posed by its use cases and applications.

Fig. 2 Five-dimensional DT model, Tao et al. [17]

1.2 Engineering digital twins

Typically, Digital twin engineering (DTE) encompasses vari-
ous stages and factors, which vary depending on the intricacy
and characteristics of the real world entity being replicated
in the virtual realm [19]. Usually, the initial step establishes
a clear set of objectives and determines the scope of the
DT. This process inherently involves identifying the spe-
cific data types and sources that will be utilized by the DT.
The subsequent phase typically focuses on model develop-
ment and management. This entails determining the specific
models that are constructed, the manner in which they are
constructed, and how they are maintained throughout the
lifespan of the real-world entity. This includes updating the
models in accordance with changes in the real-world entity.

Given the available models and data, the coupling of
these two, i.e., the combination of models with data, is the
subsequent and most crucial stage in DTE. Here, coupling
describes the successful resolution of the challenge of inte-
grating models and data [20], which is vital for the dynamic
and accurate virtual representation of the real world entity
by the DT.

During this process of engineering the DT, according to
Bordeleau et al. [21], three main challenges are to be over-
come, viz.

1. the use and integration of a set of heterogeneous mod-
els that are required to address the different aspects and
disciplines of a system,

2. the synchronization of the DT with runtime data, and
3. the co-development and management of the evolution of

DTs by teams of engineers.

Aligning with Bordeleau et al., we also support the notion
that Model-based engineering (MBE) plays a crucial role
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in tackling these challenges and, on a broader scale, in the
development and management of DTs. Specifically, MBE is
beneficial for managing complexity, improving automation,
and allows for the definition of domain- and platform-specific
models [22]. In recent decades,MBEhas experiencednotable
successes in domains such as railway systems, automo-
tive industry, business process engineering, and embedded
systems [23]. These successes have led to the extensive
adoption of MBE, where models are crucial components
in contemporary engineering processes [24]. Therefore, we
wish to explore the utilization of MBE in engineering DTs,
cf. Model-based digital twin engineering (MBDTE).

1.3 Research questions and contributions

To frame a systematic review that outlines the state of
MBDTE, we followed the step-wise process laid out by
Kitchenham and Charters for systematic literature reviews in
software engineering [25]. To this end,we initially articulated
a single, concretemotivation: the absence of a comprehensive
surveying the field, which investigates the use of MBE for
DTE that goes beyond cataloging modeling tools and code
generation practices (cf. Lehner et al [26], Sec. 2.4). This gap
set the overall goal — to map current practice across the full
engineering life cycle — and in addition ensured that every
subsequent decisionwas alignedwith this practical objective.

Next,we formalizedour informationneedwithPICOC[27].
The Population was the body of peer-reviewed DT stud-
ies; the Intervention any engineering method or tool they
employed; there was no formal Comparison because the
review is exploratory; the intended Outcomes were the
dimensions in our taxonomy (Model, Data, Implementation,
Evidence); and the Context allowed any application domain.

With goal and PICOC fixed, two authors independently
brainstormed candidate questions. Multiple drafts emerged,
which we piloted on a seed set of randomly selected papers.
This pilot served as an early feasibility filter: if the liter-
ature did not allow to answer a research question, it was
dropped. This resulted in the seven central research ques-
tions (cf. Tbl. 1).

We then iterated the wording for precision and non-
overlap, replacing vague verbs such as (e.g., “deal with”) by
observable actions (e.g., “specify”, “verify”, or “integrate”),
and refined any question that tried to cover two or more
facets at once into dedicated subquestions. Finally, echoing
Kitchenham’s call for bias control [28, 29], the provisional
list of research questions was validated by three authors that
were not involved in the process of establishing the research
questions. Specifically, they judged each question for clar-
ity, relevance, and feasibility. Their suggestions prompted
only minor tweaks. After this validation, the questions were
frozen before the full search and extraction began. Following
Kitchenham and Charters [25] we finally arrived at a con-

cise set of seven research questions that are both traceable
to the survey’s objectives and answerable with the evidence
reported in the primary studies, minimizing bias and the risk
of empty results.

The evaluation conducted in this study presents an analy-
sis of the current state of MBDTE and serves as a foundation
for addressing the research questions outlined in Tbl. 1. Our
evaluation helps to identify unresolved research challenges
in MBDTE. Specifically, RQ1-5 aim at outlining a compre-
hensive picture of the current state of application of MBE
for DTE. A strong emphasis is put on how this application is
done practically and also howmodels and data are combined
together. The goal of RQ6 and RQ7 is to draw an outlook
on potential future research areas, not only in MBDTE but
also w.r.t. novel challenges posed to MBE in being applied
for DTE. Finally, in the spirit of Paige and Cabot [30] and
the reporting framework of Gil et al. [31], we delineate char-
acteristics of MBDTE that should be reported in scientific
contributions to enhance their value.

The evaluation criteria employed in our study are specif-
ically designed for the assessment of MBDTE, taking into
account the unique characteristics of DTE in conjunction
with MBE. The established criteria were systematically
applied by us to categorize existing approaches in the
MBDTE literature.We conducted a rigorous literature review
to search for and select publications related to MBDTE,
resulting in a total of 47 papers. For each publication,wewere
able to evaluate the introduced MBDTE approach uniquely
according to the defined criteria. This finding strongly sug-
gests the adequacy of the evaluation criteria itself.

We believe that this article is beneficial to both the DT
engineering and larger modeling communities. It uses com-
mon terminology to provide a comprehensive state-of-the-art
review of the field and proposes research challenges and rec-
ommendations to provide a firm foundation for the active
MBDTE research area.

Organization Sec. 2 presents relevant background on
MBE, DTE, andMBDTE, and discusses related work. Sec. 3
defines the evaluation criteria for MBDTE approaches. In
Sec. 4, relevant publications are systematically selected and
evaluated according to the criteria defined in Sec. 3. Sec. 5
presents our results and answers our research questions from
Table 1.We discuss our results and position themwith related
work, and identify open research challenges in MBDTE in
Sec. 6 before concluding in Sec. 7.

2 Model-based digital twin engineering

MBDTE, compared to MBE in general, is a young research
area that emerged substantially in recent years due to the
generally growing demand in DT-based solutions [32, 33].
MBDTE capitalizes on the integration of prominent theoret-
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ical ideas imported from the fields of MBE (cf. Sec. 2.1) and
DTE (cf. Sec. 2.2).

2.1 Model-based engineering

MBE advocates for elevating models, cf. digital models
of a systems’ structure and behavior, to first-class citizens
within the engineering process. We use the term digital
model in a broad sense to include any kind of model that
relies on a formal meta-model or grammar, thereby refer-
ring to formal structural, behavioral, or ontological models
with well-defined semantics. MBE relies on models for the
activities encompassed within engineering processes, such
as requirements engineering, architectural design, behav-
ior specification, and verification and validation [34, 35].
MBE is particularly valuable when developing complex
systems where multiple stakeholders need to collaborate,
requirements must be rigorously traced, and system behav-
ior needs to be verified before implementation [36, 37].MBE
excels in domains such as systems engineering, automotive,
aerospace, and cyber-physical systems, where the cost of
design errors is high and where models can serve as precise
communication artifacts across disciplinary boundaries [38].
While MBE introduces overhead in terms of tool adoption
and modeling effort, this investment is justified when system
complexity, safety requirements, or regulatory constraints
demand systematic traceability and validation throughout the
development life cycle [39].

The Unified Modeling Language (UML) [40] is a widely
used modeling formalism in the field of software engi-
neering. UML encompasses structural diagrams such as
class or component diagrams, and behavioral diagrams
like sequence or activity diagrams. The System Model-
ing Language (SysML) [41] is the predominant modeling
formalismutilized in systems engineering. TheBusiness Pro-
cess Modeling Notation (BPMN) is the established norm for
representing processes visually for the purpose of business
analysis in processmodeling [42]. The FTG+PM framework,
unrelated to systems or business processes, allows for explicit
modeling of model transformations between defined models
using different formalisms [43]. In recent decades, spe-
cialized modeling languages for enterprise modeling, such
as ArchiMate [44, 45] and Extended Enterprise Modeling
Language [46] have been created. However, modeling lan-
guages like UML and SysML are often viewed as overly
sophisticated and unsuitable for certain applications due to
their adaptability and complexity [47, 48]. This perception
has led to the construction of Domainspecific Languages
(DSLs) [49]. The term DSL refers to modeling and pro-
gramming languages tailored to a given domain or problem
space. These languages are characterized by their narrow
emphasis, greater expressiveness, higher-order abstractions,
and constrained scope [49]. DSLs can enhance code ormodel

productivity and comprehensibility in specific issue domains,
but their construction involves careful planning and under-
standing of the domain’s goals and limits [50].

The advantages of MBE include improved communica-
tion and enhanced system comprehension, early identifica-
tion of design problems, increased reusability,more informed
decision-making, automation and code generation, improved
maintenance and evolution, systematic change control, and
integration and interoperability [51]. The widespread accep-
tance of MBE can be attributed to the significant capabilities
of models in capturing various aspects of systems, including
(i) static aspects related to architecture, (ii) dynamic aspects
related to behavior, (iii) (non-) deterministic aspects related
to execution, and (iv) performance-related and quality-
related aspects. MBE also excels at managing complexity,
delivering automation and tailoring engineering processes to
different domains with domain- and platform-specific mod-
eling. Therefore, the utilization of MBE in engineering DTs
is beneficial to develop effective solutions [52].

2.2 Digital twin engineering

DTs describe virtual replicas of physical objects, systems, or
processes that are characterized by [17] (cf. Fig. 2, p. 2)

• a virtual twin, i.e., the assemblage of system, simulation,
optimization, and operatingmodels which together repli-
cate the physical object, system, or process (cf. the real
world entity),

• a physical twin, i.e., the physical object, system, or pro-
cess,

• interchanged data and connections, i.e., bidirectional
communication, or twinning, between the virtual and
physical twins, respectively,

• common data, and
• application services,

and may manifest at three different levels, depending on the
degree of automated interchange of data [53] as illustrated
by Fig. 3.

The primary objective of DTs is to effectively integrate
models and data to establish virtual twins of real-world
entities. These replicas can be utilized for the purpose of
simulating and enhancing production processes [3, 7, 53],
or predictive maintenance. DTs have also been employed to
construct virtual models of patients [4], for maintenance of
dams and decision support in or before a flood event [54],
for simulating urban environments [5], and in replicating
power plants, wind farms, and oil rigs [6]. To comprehen-
sively represent the various aspects of these physical twins,
DTs typically utilizeMulti-paradigmmodeling (MPM) [55].
This involves employing a combination of diverse modeling
formalisms andparadigms to accurately describe the physical
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Fig. 3 Types of DTs given the
automation of data
exchange [53]

entity at the desired level of abstraction using a collaborative
environment for model management [56, 57].

In addition to the essential formal modeling frameworks
used to describe the manifestation of DTs, data serves as
the second crucial foundation of DTs [58]. In particular, the
development and success of DTs heavily rely on the pres-
ence of reliable, high-quality, and continuous data, which is
essential for enabling the mentioned applications. Without
the automatic exchange of data, the resulting virtual replicas
merely represent a digital model as categorized byKritzinger
et al. [53] (cf. Fig. 3).

The availability of high-fidelity models and high-quality
data alongside data analysis and simulation ultimately
enables themost notable characteristic of DTs— their ability
to combine models and data to conceptualize the condition
of the physical entity in real-time, facilitating the monitoring
of performance [59]. This concept bears resemblance to the
paradigm ofmodels@run.time [60], which explores methods
for abstracting the runtime state of a system using models. In
particular, models@run.time aims to improve the flexibility,
adaptability, and efficiency of software systems by employ-
ing models that are updated and utilized during the runtime
of the system. These models then are used to make informed
decisions and guide the runtime behavior of the system, e.g.,
to improve resource management [61], or self-healing and
fault tolerance [62, 63].

These executable models also comprise, among others,
simulation models (cf. Modelica [64]) or agent-based mod-
els [65]. By utilizing various modeling formalisms and
paradigms at different levels of abstraction, such as MPM,
it becomes feasible to monitor the runtime state at multiple
levels of abstraction. However, the data and state informa-
tion thus available can further be utilized to update models
based on runtime data in order to accurately represent the
physical entity. Real-time data is further utilized in behav-
ioral models to facilitate simulations of prospective system
behavior across various conditions [66]. Consequently, this
enables the deduction of optimal control parameters to be
transmitted to the real-world entity.

This combination of models and data inside the DT how-
ever is only possible by choosing the right “enablers” as
argued by Oakes et al. [67]. Enablers are the internal build-
ing blocks that specify howmodels are processed, simulated,
and visualized in the context of the DT. Following Tao et
al.’s model (cf. Fig. 2), the enablers are computational com-
ponents that exist between models, data, and services, thus
utilizing models and data to enable the services provided
by the DT [67]. The selection of enablers thus substantially
affects the DT’s usability and success, and their details in
terms of computation and formalisms are crucial for DTE.

2.3 Model-based digital twin engineering

After our discussion of MBE and DTE, we now introduce
our notion of MBDTE as it emerged out of the combination
of these two fields.

2.3.1 Models in MBDTE

Up to this point, we have used the termmodel rather broadly
in the sense of Stachowiak [68].Hepostulates three important
characteristics for models: the mapping feature (it represents
an original), the reduction feature (it represents not all but
only some properties of the original), and the pragmatics
feature (the purpose a model is used for when replacing the
original). In addition to these characteristics, the models we
can use in DTs need formalized constructs for their represen-
tation, i.e., a modeling language also referred to as modeling
formalism (cf. Mayr and Thalheim [69] for further model
characteristics). Our broad understanding can be attributed
to the polymorphic nature of DTs where models are used
for describing the structure of a DT or its environment, its
behavior, and its data. This usage aligns with our initial vali-
dation study (cf. Sec. 4.2), i.e., the underlyingmodels of aDT
manifest in formats such as system models, physical mod-
els, simulation models, process models, but also statistical or
machine learning (cf. numerical models).
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In our understanding of what a model in MBDTE com-
prises, we follow Combemale et al. [70] who introduce
three types of models in their Models and Data (MODA)
framework and extend it by one additional type, viz. socio-
economic models [71, 72]:

• engineering models pertaining to the definition and rep-
resentation of a specific system [73],

• scientific models that function as a representation of cer-
tain aspects of a phenomenon in the natural world [74],
and

• machine learning models that are generated by autono
mous learning algorithms from sample data (cf. train-
ing data) to make predictions or decisions without being
explicitly programmed to handle a task, and

• socio-economic models that include a mix of models
of human behaviors and scientific models that represent
behaviors emanating from social science theory base.

Following this categorization, we consider models relevant
for our study to emerge from the group of engineering mod-
els, i.e., models used to develop and evolve a system for a
specific purpose, ideally with support for automation [70].

Our study’s understanding of “model” substantially coin-
cides with Boyes and Watson’s dimension of physical entity
models [19], including economic, environmental, functional,
physics, safety, security, and spatial models, with the con-
straints mentioned above. Following Boyes and Watson, this
then also includes, e.g., models of non-engineered systems
(cf. biological models as subcategory of environment mod-
els, process models as a subcategory of functional models,
or organizational models as part of economic models).

. In that sense,models are used for aggregating andmanag-
ing disparate information about a real-world entity, serving as
a technical baseline regarding a real-world entity (cf. Model-
based Systems Engineering [22]). However, it is important
to note that models are inherently approximations, and many
DTs employ multiple models to achieve better fidelity.

Broadly spoken, DTs can use any sort of model that
provides a sufficiently accurate and understandable repre-
sentation of the real world entity along its life cycle [75], and
should be:

• sufficiently structure- and physics-based such that
updating the data-driven updates of models is a mean-
ingful thing to do
• sufficiently grounded in first principles (e.g., physics-
based modeling, system modeling) to provide a sound
and systematic basis for calibration and updating with
operational data
• sufficiently accurate and detailed that updates will be
useful for the application of interest, and

Fig. 4 Model types used along the life cycle

• sufficiently analyzable and executable such that they
allow to make decisions about the application within a
reasonable time.

Fig. 4 provides an overview of the different types of mod-
els as employed along the life cycle of the physical entity.
DTs may accompany the physical twin across multiple life
cycle phases, though in practice most implementations focus
on specific stages such as operation and maintenance. The
conventional life cycle comprises six phases [76]:

• Planning Planning involves setting goals, allocating
resources, assessing risks, and setting timelines, budgets,
and communication techniques. Additionally, it involves
incorporating stakeholders, creating contingency plans,
and documenting the process to ensure project success.
This stage aims to review and organize project parts
before implementation.

• Design Concepts and requirements from the planning
phase are turned into detailed specifications and draw-
ings during the design phase. Prototypes, mock-ups, or
simulations are often used to ensure the final product
or solution meets objectives and requirements. Iterative
improvement, prompted by feedback and testing, is usual
in this stage to achieve the most optimal and streamlined
design.

• Commissioning During commissioning, the DT under-
goes thorough testing, verification, and validation to
guarantee compliance with specifications and proper
operation in its intended environment (cf. acceptance
testing [77]). Upon validation, the system is given to the
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operator or end-users, along with training and documen-
tation for smooth operation.

• Deployment TheDT is operationalizedduring thedeploy-
ment process, including installation, setup, and integra-
tion with existing infrastructure. Testing here ensures
project objectives are met or modifications are made
before full operation (cf. integration or smoke test-
ing [78]).

• OperationDuring the operating phase, theDT is used and
maintained according to established criteria. Monitoring
is ongoing to ensure optimal performance, stability, and
functionality. This stage involves routine maintenance,
problem-solving, and updates to improve efficiency and
address any issues identified during the project’s life
cycle.

• De-commissioning In the decommissioning phase, the
DT is meticulously shut down and removed from ser-
vice. This typically involves discontinuing operations,
repurposing assets, and closing related facilities or infras-
tructure. This phase includes data transfer, archiving, and
transitionmethods for a smooth departure from thework-
ing environment.

When talking about the real entity’s life cycle phases inwhich
a DT eventually is employed, we should be mindful that DTs
are not restricted to a single domain but various domains, all
with their established engineering life cycle and accompany-
ing phases. In an effort to provide a comprehensive overview,
we thus decided to stick with the above decomposition of life
cycle phases following Cao et al. [76]. For example, the sep-
arate design and commissioning phases may be superficial in
the field of systems engineering, however, they are of utmost
relevance in construction engineering, where testing can not
be done continuously but only once a building is complete.
In addition, along the DT’s life cycle we have to distinguish
between the models of the DT and models in the DT, e.g.,
those that describe the DT (e.g., structural or state models)
and those that operate in the DT (e.g., simulation or runtime
models) [52].

2.3.2 A definition of MBDTE

In accordance with our discussion so far, we define models
in MBDTE as follows:

Definition 1 Amodel is a representation of a system, process
or other physical entity (e.g., biological or organizational sys-
tems) of interest, approached from a specific viewpoint (e.g.,
a specific perspective on a system’s aspects, like structure or
behavior) and encompasses characteristics serving a particu-
lar objective. Amodel is inherently an abstraction selectively
emphasizing relevant properties while disregarding irrele-
vant properties, at a predetermined level of precision, and is

formulated using a specific modeling language that defines
the models’s syntax and semantics.

In their survey on DT models, Tao et al. [79] provide
valuable insight into the various characteristics models of a
DT express. By conducting a multi-perspective and a multi-
aspect analysis ofDTmodels, they investigate characteristics
like

• the application domain of DT models,
• the hierarchy of DT models,
• the disciplinary of DT models,
• the dimensionality of DT models,
• the universality DT models,
• the functionality of DT models,

for the former, and characteristics like

• model construction,
• model assembly,
• model fusion,
• model verification,
• model modification, and
• model management

for the latter. This comprehensive list of multi-perspective
and multi-aspect characteristics is essential for the evalua-
tion criteria introduced in Sec. 3 as it is more comprehensive
than the characteristics of models usually treated in the con-
text of MBE (cf., Felderer et al. [80]). Specifically, model
assembly and fusion as well asmodel modification (cf., mod-
els@run.time) are paramountly relevant in the context ofDTs
but rather irrelevant, e.g., in model-based testing. Conse-
quently, our upcoming evaluation criteria will reflect these
aspects (among other, earlier discussed aspects of MBE and
DTE). In that respect, we are not extending Tao’s charac-
teristics but instead integrate these characteristics into our
evaluation criteria alongside criteria motivated from MBE
and DTE (cf. Secs. 2.1 and 2.2).

For the purpose of our study, we thus define MBDTE in
the following way:

Definition 2 MBDTE is the structured utilization of model-
ing techniques to facilitate various activities related to system
requirements elicitation, design, analysis, verification and
validation, deployment, and operation and maintenance of a
DT and its real world entity. MBDTE can be initiated at any
life cycle stage, though it is most commonly applied begin-
ning at design&development.When initiated early,MBDTE
may be sustained throughout subsequent phases including
operation andmaintenance, thoughpartial life cycle coverage
is common in practice.MBDTE involves close collaboration,
and model and data exchange with other often complemen-
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tary disciplines and the integration of reliable system data in
digital format from these disciplines within a DT.

MBDTE is the successful application of techniques and
practices from MBE for the purpose of (i) engineering and
(ii) operatingDTs thereby capitalizing onMBE’s prime qual-
ities, viz. managing complexity, high support for automation,
and domain- and platform-specific modeling. That said,
MBE serves a dual duty in DTE. On the one side, MBE
is applied for the actual engineering of the DT itself, e.g.,
structural and behavioral modeling, and subsequent model
transformations to, for example, generate runtime artifacts
like a data model from the DT’s structural and behavioral
specification. At runtime, e.g., when operating the DT, this
data model then, in conjunction with the behavioral models,
is employed for model-based monitoring and control of the
DT by leveraging concepts frommodels@run.time.MBDTE
thereby further adopts key theoretical concepts from various
disciplines, viz. MBE, LoT, big data, Artificial intelligence
(AI) and data analytics for establishing coherent connections
between the physical and digital realms.Whereas the state of
the art ofLoT, big data,AI anddata analytics has alreadybeen
investigated [81–83], the application of MBE for DTE cur-
rently lacks such a systematic treatment beyond cataloging
modeling tools and code generation practices (cf. Lehner et
al [26]). This is further elaborated on below in our related
work section where aside from discussing studies directly
relevant to the specific topic of our work, viz. the application
of MBE for DTE, we also give an overview of recent meta
reviews on DT. This allows us to draw a broader picture on
DTs, but they are topically less relevant for our work as they
do not touch on MBE and related topics.

2.4 Related work

Awide range of domain-specific surveys have contributed to
mapping the conceptual and technical landscape of DTs. In
manufacturing and industrial systems, recent reviews such
as Semeraro et al. [84] and Baricelli et al. [85] provide
a solid foundation, while others explore DT applications
in intelligent transportation [86], construction and built
environments [87], healthcare [88], and smart energy sys-
tems [89]. These surveys collectively reflect the growing
maturity of the field and highlight recurring dimensions such
as fidelity, synchronization, life cycle integration, and seman-
tic interoperability. In parallel, a small number of recent
broader reviews aims to synthesize cross-domain findings
and investigate DTs at a meta level. Among them, Bühler
et al. [90] offer an umbrella review of 26 earlier survey
papers, identifying recurring topics across various sectors.
Complementing this, Zech et al. [2] present an exploratory
questionnaire aiming at grounding recurring practices, bar-
riers, and desiderata in DTE which in turn were identified by

a meta survey. Collectively, these studies provide a thorough
overview on DTE. Admittedly, there exist many surveys on
DTs, such that covering all those is not the purpose of this
study (and also not feasible). Hence, given the focus of our
work however, viz. classifyingMBDTE approaches, we thus
nowconclude this sectionwith a concise discussion of related
survey-based classification studies that also touch on MBE-
related topics while establishing evaluation criteria similar
to ours.

Dalibor et al. [91] provide a cross-domain mapping study
on digital twins (DTs) in software engineering, focusing on
six questions: DT purposes and users (RQ-1), conceptual
properties (RQ-2), and the processes of engineering, deploy-
ing, operating, and evaluating DTs (RQ-3-6). Their findings,
especially for RQ-3-6, align with our focus on DTE but span
multiple domains rather than our MBDTE approach. While
Dalibor et al. discuss models primarily in terms of physical
constraints and appearances, categorizing them as “simula-
tions, physical models, and geometric models,” their results
on DT engineering dimensions complement our work.

In contrast, Gil et al. [92] assess open-source DT frame-
works using criteria based on ISO 23247:2021 [93], eval-
uating fourteen frameworks and a case study to explore
applications, limitations, and model-simulation capabilities.
Oakes et al. later propose a DT reporting framework with
21 characteristics on the capabilities, architecture, and evo-
lution of a DT to ensure that they are systematically reported
in DT experience reports, which often lack detail [31, 94].
Characteristics include the system-under-study,DT services,
life cycle stages, the DT constellation, and the DT twinning
process.

Autiosalo et al. [95] propose FDTF, a framework for defin-
ingDT characteristics in industrial contexts, categorizingDT
implementations, and guiding future applications. Newrzella
et al. [96] suggest a five-dimensional model for DT applica-
tions that highlights both the physical and virtual entities and
user-specific outcomes. Meanwhile, Uhlenkamp et al. [97]
introduce a DT maturity model for Industry 4.0, assess-
ing DTs across their life cycle and identifying potential for
enhancement in new scenarios.

Zambrano et al. [98] present amodularDTplatform aimed
at supporting component reuse in DT applications, catego-
rizing models by metadata such as fidelity and model type.
Lastly, Hakiri et al. [99] survey DTs within IoT, categoriz-
ing DT models into physics-based, analytics-based, visual,
and DES models, and identifying ten standardization efforts,
software frameworks, and related research challenges.

Recently, Lehner et al. presented a systematic map-
ping study on the application of Model-driven engineering
(MDE) techniques to DTs [26]. Their study provides a broad
overview by categorizing existing research based on MDE
techniques such as model-to-model transformation, code
generation, and model interpretation, applied across various
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domains. While their work offers a comprehensive mapping
of current research, it lacks the in-depth analysis and critical
insights into chosen approaches, which our work addresses
by providing a detailed evaluation framework to explore
MBDTE for more thorough investigation.

In synopsis, related works consider models in DTs, but
often do not decompose them beyond assigning them a type.
In contrast, wewish to deeply investigate the use ofmodels in
DTs including the model engineering process itself. Notably,
Lehner et al. [26] primarily investigate the use and appli-
cation of models. In contrast, we develop a framework for
in-depth investigation and consider our contribution orthog-
onal to Lehner et al.

3 Evaluation criteria

This section outlines the evaluation criteria used to sys-
tematically categorize approaches related to MBDTE. The
objective of these evaluation criteria is to analyze and eval-
uate current and prospective methodologies and trends in
the field of MBDTE with a focus on available evidence.
We propose four dimensions: model, data, implementation,
and evidence, where each dimension defines multiple cri-
terion groups along which we assess current approaches in
MBDTE. Criteria are open-valued, as a pre-compilation of
possible values is not feasible due to the fields’s immaturity.
Instead, we aim at capturing typical manifestations with our
evaluation criteria.

3.1 Criteria development

In defining our evaluation criteria forMBDTE,we adhered to
the approach suggested by Usman et al. [100] for construct-
ing taxonomies. Usman et al. propose a systematic approach
consisting of four phases for constructing taxonomies in soft-
ware engineering. These four phases are [100]:

1. Planning which comprises activities for defining the
taxonomy’s context and initial setting, i.e., software
engineering knowledge area, objective, subject matter,
classification structure type, classification procedure type
and sources of information.

2. Identification and extractionwhich comprises activities
for extracting and controlling the terms associated with
the taxonomy.

3. Design and construction which comprises activities
for supporting the identification and description of the
dimensions, and categories and relationships; in addition,
guidelines for using and evolving a taxonomy are pro-
vided.

4. Validation for ensuring that the selected subject matter is
clearly, concisely and thoroughly classified.

After laying the context of our taxonomy (cf. Sec. 2) dur-
ing initial planning, continuing with phase 2, we established
an initial set of criteria along which to classify MBDTE
approaches. Given these, in the third phase we then identi-
fied criteria dimensions and constructed our initial taxonomy
by clustering the criteria along the identified dimensions.
Finally, this taxonomy then was subjected to validation to
assess its internal validity (cf. phase 4, Usman et al. [100]).
To this end, we randomly selected papers during our search
and selection procedure (cf. Sec. 4), specifically among those
that were still included after screening abstracts to avoid
using publications that do not fit the MBDTE context and
setting. We iterated the following three-step protocol twice
to validate our taxonomy:

1. identify proposed criteria in selected papers; if not possi-
ble, propose criteria revision and alignment;

2. identify proposed dimensions in selected papers; if not
possible, propose dimension revision and alignment;

3. discuss and validate the criteria- and dimensions-to-
amend in a plenum meeting to assure a common under-
standing of the final criteria and dimensions.

After the second iteration, no more modifications were
suggested and a collective agreement was reached on the
modified criteria. We will report in Sec. 4.2 which papers
have been selected for this validation study and which mod-
ifications were triggered in our proposed criteria.

To conclude, our classification framework and its compris-
ing evaluation criteriawere obtained through a systematically
conducted process [100], and subsequently were success-
fully applied to all 47 publications selected, which strongly
suggests that it provides a general facility for evaluating and
comparing approaches forMBDTE. In the following,wenow
move to the discussion of our evaluation criteria of our final
taxonomy as applied later on for classifying and evaluating
research in MBDTE (cf. Sec. 4.3).

3.2 Criteria discussion

We have identified four groups of criteria relevant for ana-
lyzing approaches related to MBDTE. Tbl. 2 presents the
complete taxonomy, structured to provide a multi-faceted
view of each MBDTE approach. The table is organized into
four columns: Topic identifies one of the four primary dimen-
sions, which are further refined by sub-groups; Criteria lists
the specific characteristic being evaluated; Description pro-
vides a concise definition of that criterion; and the final
column offers a List of Example Characteristics to illus-
trate the types of values encountered in the literature for
each dimension’s sub-groups’ criteria. Together, these ele-
ments form a comprehensive framework for classification.
The four primary dimensions are:
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• Model criteria (cf. Sec. 3.2.1) comprise the specification,
characteristics, and development of models. Together,
these assess the application ofMBE inMBDTE to answer
RQ1 and RQ2.

• Data criteria (cf. Sec. 3.2.2) assess the specification and
integration of data, describing how the data aspect ofDTs
is incorporated in an MBDTE approach to answer RQ3.

• Implementation criteria (cf. Sec. 3.2.3) explore the frame-
works, technologies, languages, and tools employed in
MBDTE to provide valuable insight into the technologi-
cal landscape and answer RQ4.

• Evidence criteria (cf. Sec. 3.2.4) evaluate maturity,
evidence measures and the application/use case of a
MBDTE approach under study. Collectively, evidence
criteria assess the industrial applicability and utility of
MBDTE aswell as the actual state in research and answer
RQ1 and RQ5.

Running Example

To illustrate our subsequent discussion of the proposed evalu-
ation criteria, we now first introduce a short running example
for explaining the rationale behind our decisions.

Our example is the incubator case study [101]. Feng et
al. present a DT for an incubator designed to produce tem-
peh, a traditional fermented soybean product. The incubator
is a simple insulated box equipped with a heating element, a
fan, and temperature sensors. All components interact under
a bang–bang control strategy to maintain an internal temper-
ature of around 37.5◦C. Variations in ambient temperature
or user interactions, such as opening the lid, can disrupt this
system, thereby affecting the fermentation process. Fig. 5
provides both a system overview (cf. Fig. 5a) and a block
diagram (cf. Fig. 5b) of this incubator.

The DT of the incubator is constructed around virtual
models, such as a plant model expressed through differential
equations that capture the thermal dynamics of the system.
This plant model is continuously calibrated against real sen-
sor data to ensure that its simulated behavior closely mirrors
that of the physical incubator. TheDTalsohas a statemachine
as a controller model, algebric equations for a room temper-
ature model, and a hybrid automata for the coupled plant
+ controller + room model. Consequently, the DT not only
enables real-time monitoring and visualization of historical
temperature data but also supports decision-making through
what-if simulations and anomaly detection. These services,
offered within a service-oriented architecture, highlight how
aspects such as model fidelity, data integration, and service
management directly inform the evaluation criteria in our
framework.

For further details on the incubator and its DT, we point
the reader to numerous works discussing it [31, 101–103].

Fig. 5 System (cf. Fig. 5a) and block (cf. Fig. 5b) diagram of the incu-
bator system [102]

3.2.1 Model

Model evaluation criteria providemeans for investigating the
application of MBE for MBDTE. These criteria formally
define the modeling objectives and describe what is mod-
eled in which way: which aspects of the real world entity
are captured, how they are captured, and at which level of
abstraction. In addition, they investigate model development
as well as application specific characteristics of the mod-
els. In the following, the criteria groups specification, model
contents and development are described in more detail.

Specification

The criteria in this group target the specification of mod-
els in terms of their formal and theoretical underpinnings as
well as their manifestation by what they eventually describe.
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In particular, the relevant evaluation criteria are Paradigm,
Formalism, Universality, Level, Probabilistic, Time progress
and Time horizon (cf. Tbl. 2).

In the incubator example, the models emphasize the sys-
tem’s thermal behavior and control rules rather than its
detailed structural attributes. The chosen paradigms of dif-
ferential equations, state machines, and hybrid automata
focus on capturing the incubator’s physics and behavior by
the dynamic temperature evolution affected by the heating
element and user interventions. This approach is domain-
specific, as it targets the thermal characteristics inherent to the
incubator rather than adopting a single modeling paradigm
or formalism for the entire incubator. Consequently, the
incubator’s models are positioned at a conceptual level that
abstracts the control logic and thermal dynamics without
detailing the complete physical implementation. They are
deterministic and follow a fixed bang–bang control strat-
egy, which accounts for time in a continuous fashion while
being dynamic enough to accurately capture state changes
over time.

It is important to recognize that modeling formalisms
exist on a spectrum of formality from informal, to semi-
formal, and formal [104–106]. This distinction is critical
as it directly influences the reliability, reproducibility, and
analytical power of a DT [79]. Informal models (e.g.,
sketches, natural language descriptions) are useful for initial
brainstorming but lack the precision for automation or veri-
fication. Semi-formal models, such as standard UML [107]
or SysML [108], possess a well-defined syntax but may have
ambiguous semantics, making them excellent for design and
communicationbut challenging for rigorous, automated anal-
ysis. Formal models (e.g., Petri Nets, Statecharts with formal
semantics) are defined with mathematical precision in both
syntax and semantics and enable unambiguous interpreta-
tion, formal verification, and proof of correctness. In the
context of MBDTE, the chosen level of formality determines
the degree of trust that can be placed in a DT’s simulations,
predictions, and control actions, thereby making it a crucial
aspect of our evaluation.

Model Contents

Model characteristics focus on the contents of the models
in what they describe, at what level for what purpose. In
addition, this criterion group investigates the correctness of
models. The criteria are Subject, Scope, Verification, Pur-
pose, and Fidelity (cf. Tbl. 2).

In the incubator example, the model contents are designed
to capture the system’s behavioral dynamics. The models
are part of both the DT’s runtime as well as the MBDTE
engineering process. Its scope is defined to encompass the
cyber–physical interactions, viz. the exchange of heat gov-
erned by sensor readings and the actuator’s bang–bang

control strategy. To ensure reliability, the models are func-
tionally verified, ensuring that they accurately depict the
system’s behavior and that the control rules correctly drive
the system’s response. The primary purpose of the models
are twofold: the plant model facilitates simulation for real-
time monitoring, and the coupled model supports decision-
making for control actions such as reconfiguration when the
lid is opened. Finally, a high degree of fidelity is achieved
by using a physics-based plant model which is calibrated to
match experimental data, and a controller model validated by
refinement, which allows for a high-resolution and accurate
exchange of information between the system and its DT.

Development

Finally, model development criteria investigate the tech-
niques applied for maturing models. The criteria in this
group, in particular, investigate the actual application of
methods and techniques from MBE. This group’s criteria
compriseConstruction,Assembly, Fusion,Management, and
Modification (cf. Tbl. 2).

In the incubator example, model construction is done
manually by domain expertswho derive the differential equa-
tions following physical thermal dynamic principles. This
thermal model is placed in a micro-service architecture to
connect itwith services representing configurationof the con-
trol logic, achieving non-hierarchical fusion. The resulting
DT is not managed through a model repository or knowl-
edge graph, though components can be assembled through
a Digital-Twin-as-a-Service platforms [109, 110]. Finally,
when adjustments are required, e.g., recalibrating parame-
ter values or refining control thresholds based on observed
performance, modifications can be made manually with
semi-automated tool support. As well, the self-adaptation
service can automatically adapt the system, when the lid is
opened or when plant dynamics change substantially (e.g.,
an ice bucket is placed inside).

3.2.2 Data

Data criteria provide the tools for inquiring the incorpora-
tion of data during MBDTE, similarily to Combemale et
al.’s earlier investigation of the different roles that data plays
during software construction and operation in the context
of MBE [70]. As argued in Sec. 2, data are the second key
ingredient in DTs and thus merit dedicated investigation in
the context of our evaluation criteria for MBDTE. In partic-
ular, these criteria investigate what kind of data is employed
and how it is eventually integrated with the DT, i.e., uni- or
bidirectional but also the actual coupling with models, DTs’

123



Model-based digital twin engineering: insights, challenges,…

most intriguing feature. In the following, the criteria groups
specification and integration are described in more detail.

Specification

Data specification criteria query all aspects relevant to its
nature, i.e., where it emerges from, how often it is available,
what kind of data it is, and finally, whether it is uni- or multi-
modal. These criteria can be distinguished into Data source,
Data frequency, Data type, and Modality (cf. Tbl. 2).

In the incubator example, data comes from embedded
sensors that continuously monitor parameters such as tem-
perature and CO2 (in newer versions of the incubator). The
data frequency is high, with sensor readings delivered every
second to capture fine-grained variations in the system’s
environment. The data types include real-valued measure-
ments for thermal values, supplemented by binary values for
whether the fan and heater are active. Additionally, the sys-
tem employs a unimodal data approach focusing exclusively
on environmental sensor input, although the framework is
designed with the flexibility to incorporate multi-modal data
as annotations from operator inputs or remote diagnostic
tools.

Integration

Integration criteria are a key aspect in that they investigate a
DTs’ most intriguing feature of data integration. In particu-
lar, these criteria assess the actual type of twin (c.f., Fig. 3,
p. 7) and how data is coupled with the models describing a
DT’s manifestation. Specifically, the criteria in this group are
Direction and Coupling (cf. Tbl. 2).

In the tempeh incubator’s DT, the coupling of data and
models is designed to be bidirectional. Sensor data contin-
uously flows into the model, enabling real-time monitoring
and analysis of the system’s environment. Simultaneously,
the model outputs, which constitute control signal configura-
tion, are transmitted to the actuators to adjust the incubator’s
conditions accordingly. The coupling between models and
data is achieved by “feeding” data as input parameters into
models. This connection is facilitated by the RabbitMQmes-
sage broker.

3.2.3 Implementation

A crucial aspect for the feasibility of MBDTE are neces-
sary technological foundations for DTs to be realized. In
that respect, implementation criteria investigate the current
state-of-the-art regarding this realization. Consequently, this
dimension has a dual purpose as it outlines the most com-
mon — or important, respectively — technologies, and on
the other side, current technological limitations in that spe-
cific aspects of DTs currently lack realization. Such a lack

becomes evident by correlating values from this dimen-
sion with other dimensions, in particular, Characteristics
(c.f. Sec. 3.2.1) and Evidence (c.f. Sec. 3.2.4). The relevant
evaluation criteria are: Framework, Technology and Lan-
guage (see Table 2).

For the incubator example, sensor data is transmitted via
RabbitMQ, . In addition, data is persisted in an InfluxDB
for later analysis. Python is used for the sensor data process-
ing and control logic, while a web-based dashboard provides
real-time visualizations. Models are implemented in Model-
ica or Python. Docker is used to encapsulate and virtualize
the various components.

3.2.4 Evidence

Theefficacy andmaturity ofMBDTE is evaluated through the
use of evidence criteria. These criteria encompass Maturity,
Measures of evidence, the concrete Application/use case of
the engineered DT (cf. Tbl. 2) and the relation to the life
cycle Phase (cf. Fig. 4) of the real world entity. In speculative
approaches, it is worth noting that the evidence criteria can
be considered optional (and thus may not always contain a
value after classification), as certain outcomes may not be
readily attainable through industrial application and study.

The incubator example is a lab prototype and pedagog-
ical tool [103], offering a testable solution for validation
purposes. The system’s maturity is evaluated using both
qualitative assessment such as system responsiveness, and
quantitative measures, including the alignment between
sensor readings andmodel predictions.As a concrete applica-
tion, the DT is utilized for real-time monitoring, control, and
optimization of the incubator’s environment. This approach
is applied throughout the operational phase, where iterative
adjustments are made to ensure optimal performance of the
physical system.

3.3 Relation to existing studies

In light of the related studies discussed earlier (cf. Sec. 2.4),
our criteria differ substantially. They are designed for eval-
uating MBDTE by establishing a holistic framework that
explicitly connects the dimensions of models, data, imple-
mentation, and evidence. This stands in contrast to other
frameworks reviewed in Sec. 2.4. Uhlenkamp et al. [97]
focus on a maturity model with seven dimensions (context,
data, computing, etc.), providing high-level stages of devel-
opment but without in-depth analysis of model construction
or data integration. Gil et al. [92] adopt an ISO-inspired
framework for assessing open-source DT platforms, empha-
sizing system capabilities, architecture, and life cycle, but
do not deeply investigate model-data integration or formal
modeling languages. Autiosalo et al. [95] offer a feature-
based framework that defines DT characteristics, focusing on
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Table 2 Overview of evaluation criteria of our taxonomy for MBDTE. Best viewed on a computer screen

Topic Criteria Description List of Example Characteristics

Model Specification Paradigm Aspect of the physical entity in focus Structure, behavior, function, physics, rules, ...

Formalism Used modeling formalisms/languages UML, SysML, Simulink, DSLs, ...

Universality How general are the models General purpose or domain-specific

Level Level of abstraction Conceptual, implementation, execution, ...

Probabilistic Predictability of outcomes given initial
conditions

Deterministic or stochastic

Time progress Models’ mechanism for advancing time Discrete, continuous

Time horizon Models’ temporal scope and its capacity
for representing change

Static (point in time) or dynamic (state changes)

Model Contents Subject The contextual role of the model within
the whole ecosystem

Describing the DT, runtime environment, the
process, ...

Scope What is modeled, the focus CPS, socio-economic or socio-technical system,
natural system, ...

Verification Are the models verified and validated Syntactic, functional, or semantic correctness

Purpose What is to be achieved with the model(s) Engineering or operating the DT, monitoring,
control, prediction of the physical twin

Fidelity Degree of accuracy and resolution
reflecting the physical twin

Number and accuracy of parameters, level of
abstraction

Model Development Construction Way of creating models Manual, automatically from data, semi-automatic, or
manually from domain knowledge, ...

Assembly If models are hierarchically decomposed,
how are they unified

Connecting mechanisms in modeling languages (i.e.,
associations, links), generation, automatic, manual,
...

Fusion If models are on the same hierarchy, how
are they connected

Connecting mechanisms in modeling languages (i.e.,
imports, links), megamodels, manual connections,
...

Management Storage of models Repository, knowledge base, ...

Modification Change/update mechanism of models Manually, semi-automatic, or completely
autonomous

Data Specification Data Source Origin of the data Sensors, web services, standards, ...

Data Frequency Acquisition interval Per second, minute, hour, ...

Data Type Value domain of the possible values Real-valued, binary, categorical, ...

Modality How many distinct modes of information
are involved

Unimodal or multi-modal

Data Integration Direction Orientation of information flow Data flow into models or data created from models

Coupling Connection of data and models Linked, attached, annotated, ...

Implementa-tion Framework Used frameworks Eclipse BaSyx, Eclipse Hono, ...

Technology Used technologies MQTT, OPC UA, InfluxDB, ...

Language Programming languages Python, Java, C#, ...

Evidence Maturity Readiness level of the DT Conceptual study, lab prototype, used in
production,...

Measures Qualitative or quantitative assessment
criteria

Walk through, case study, testing, ...

Application Concrete application of the DT, what is it
used for

Domain dependent, e.g., identify logistics
bottlenecks, improve air quality, or predict
maintenance, ...

Phase Life cycle phase of the physical twin Planning, design & development, commissioning,
deployment, operation, de-commissioning
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functionalities rather than systematic engineering processes.
Lehner et al. [26] map the application of MDE to DTs, con-
centrating on MDE techniques such as transformations and
code generation, yet lacking our comprehensive evidence
dimension. Hakiri et al. [99] emphasize DT challenges in
networked environments but focus primarily on connectivity
and security aspects rather than structured MBE. Zambrano
et al. [98] propose a component-based approach for DTswith
reusable building blocks but do not systematically assess how
models are developed, verified, or integrated with data.

In contrast, our work uniquely incorporates evaluation cri-
teria that explicitly tie togethermodeling paradigms, levels of
abstraction, model-data integration, and development tech-
niques, thereby offering a more rigorous and systematic lens
for assessing DTE in the context of MBE. Tbl. 3 concisely
correlates our work with related studies (cf. Sec. 2.4) by
highlighting both overlapping elements and distinctive con-
tributions, again exemplified by the incubator example from
Sec. 3.2.

4 Selection and evaluation of publications

This section outlines themethodical process of choosing pub-
lications on MBDTE and categorizing them based on the
previous section’s criteria.We also outline our validation pro-
cedure that we applied to our initial taxonomy (cf. Usman et
al. [100]). The potential risks to the accuracy and reliability of
the selection and classification process are further examined.

4.1 Selection of publications

In developing our search string, we adhered to the guidelines
established byKitchenham et al. [28, 29].We thus performed
iterative refinements of our search string to ensure it captured
a broad spectrum of relevant literature within the domain of
DTE and MBE. This process allowed us to effectively iden-
tify and include studies across multiple databases, ensuring a
thorough and systematic exploration of the existing body of
work. The final search string encompassed a broad range of
terms: ((digital OR virtual) AND (model OR
shadow OR twin OR thread OR replica)) AND
model-(driven OR based) AND (engineering
OR development). Tbl. 4 outlines the search parame-
ters for the various databases used: For every database, we
extracted the maximum allowed amount of papers.

Excluding papers was done in two iterations following
the guidelines established by Kitchenham et al. [28, 29] for
conducting systematic literature reviews to ensure a rigor-
ous and systematic approach in selecting and categorizing
publications on MBDTE. A first prescreening pass excluded
papers that violated any of the following rules:

1. It is peer reviewed.
2. It comprises more than 4 pages.
3. It is written in English.
4. It is not a duplicate, i.e., the paper was found only once,

because of the use of multiple libraries.
5. It is not a survey.
6. The title contains the term model according to our usage,

and/or
7. The title contains the term DT (or a synonym of it,

cf. Appx. A).

After this initial prescreening pass, in a second iteration,
papers are excluded by abstract and content, i.e., if the
abstract does not provide any indication to MBDTE, a paper
is excluded. Finally, if reading is necessary as no exclusion
could be done prior, a paper may finally be excluded by
its content being off-topic for our study. Otherwise, if no
exclusion criterion applies during both iterations, a paper is
included in our evaluation. Fig. 6 outlines this process in
detail.

4.2 Taxonomy validation

Prior to conducting the final classification of papers we
both evaluated our understanding of model and validated
our initial taxonomy following Usman et al. [100]. To this
end, we randomly selected 5% of the papers out of the
439 papers selected for full text reading (cf. Fig. 6) which
amounts to 21 papers [112–132]. Eleven papers were imme-
diately excluded due to falling outside the scope of this
study, cf. MBDTE [122–132]. The remaining ten papers
were included for classification [112–121] and employed
for validating our initial taxonomy. As a consequence of
this validation, we applied one change to the initially pro-
posed taxonomy in that we decided not to further investigate
the underlying implementation mechanics of model-data-
integration (c.f. Integration dimension under Data in Tbl. 2)
as this information was in fact not available from any of the
publications. Also, the current criteria, viz. Direction and
Coupling already catch the models-meet-data aspect with
enough detail to allow for further analysis. Other than that,
we kept our initial proposal resulting in the taxonomy as
outlined in Tab. 2.

As to our understanding of what a model comprises in
MBDTE, our definition (cf. Def. 1) aligns with what is
communicated in literature [112–132] in that - if a paper
is included in our study - the discussed models are readily
captured by our definition (cf. engineering models).

4.3 Evaluation of publications

The chosen 47 publications (cf. Fig. 6) onMBDTEwere cat-
egorized based on the criteria presented in Sec. 3.1 by six
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Table 3 Correlation of our work with related work (cf. Sec. 2.4) with insights from the incubator example [102]

Dimension Our Work Related Work Incubator Example

Model

• Detailed multi-aspect description
(specification,contents, and
development process)

• Broad classification (e.g.,
simulation, physical, geometric)

• Our work: Details that the
incubator’s twin is built manually
using behavior differential equation
models

• Captures structural, temporal,
stochastic and behavioral properties

• Standard MDE techniques without
granular details

• Related work: Would likely label it
as a generic simulation or physical
model

Data

• Specifies data attributes (source,
frequency, type, modality)

• Focuses on connectivity and
standard protocols

• Our work: Explains that continuous
sensor data (e.g., temperature)
updates the DT and drives control
signal configuration

• Emphasizes bidirectional, real-time
synchronization

• Lacks details on data attributes and
coupling mechanisms

• Related work: Would only
acknowledge sensor data in a generic
sense

Implementation

• Details technological landscape
(frameworks, programming
languages, integration challenges)

• Offers a high-level overview of DT
architectures (often ISO-inspired)

• Our work: Explains use of MQTT,
RabbitMQ, Python, and a web
dashboard for in-depth integration

• Specifies choices like Python and
Docker

• Omits detailed implementation
choices

• Related work: Would likely only
provide a general summary

Evidence

• Assesses system maturity (concept,
lab prototype, production)

• Emphasizes broad maturity models
without a systematic evidence
breakdown

• Our work: Identifies clear metrics
(e.g., sensor-model alignment,
system responsiveness) and classifies
the incubator as a lab prototype

• Examines qualitative and
quantitative evidence across life
cycle phases

• Related work: Would offer only a
broad maturity classification

Table 4 Search parameters across different databases

Database Restrictions Years Sorting Results Extracted

IEEE Journals and Conferences 2000-2024 By relevance First 2000 results

ACM Research Articles 2000-2024 By relevance First 1000 results

Elsevier Research Articles 2000-2024 By relevance First 991 results

Springer Articles and Conference Papers 2000-2024 By relevance First 2000 results

Google Scholar (via Harz-
ing’s Publish&Perish [111])

Excluded patents and citations 2000-2024 By relevance First 989 results

Fig. 6 Paper selection procedure
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researchers (the authors of this study) who also performed
the selection process. To achieve this objective, the final set of
publications (cf. Fig. 6) was randomly split into six groups of
equal size for the purpose of extracting and classifying data.
A spreadsheet was created specifically for this purpose. In
addition to bibliographic details such as the title, year, and
publisher, the form includes classification fields for each of
the specified criteria (cf. Sec. 3.1). In regard to the exploratory
aspect of our study, we deliberately avoided imposing any
limitations on the input based on pre-compiled selection lists.
This approach ensures that we investigate known research
in an unbiased manner, without forcing it into a dedicated
drawer. Conversely, our aim is to provide an unfiltered per-
spective on current studies. As a result, every publication
underwent scrutiny from a minimum of three reviewers to
ensure the accuracy of its categorization. In cases where a
particular criterion was not clearly specified or could not
be classified due to limited information in the publication,
we reached a consensus to assign the value ‘not available’
(n.a.) to the field. Issues encountered throughout the classifi-
cation process were noted in an additional comment section.
All six researchers independently assessed the classification
of the selected papers. Additional comments regarding the
categorization of individual documents were also recorded
in the comment field. Ultimately, at a collective session, all
remarks were deliberated and settled among the entire cohort
of six researchers participating in this investigation. During
this session we also aligned the values in the spreadsheet’s
field regarding common typesetting (e.g., all lower or upper-
case, using identical words instead of synonyms, ...) to ease
subsequent analyses. Appx. B provides the list of papers that
were included for our study.

Intended Limitations

Here, we only focus on MBDTE approaches with explicit
models, i.e., machine-processable models. Our understand-
ing ofwhat amodel has to represent in the context ofMBDTE
yields from a preliminary validation study, i.e., prior to eval-
uating any papers we randomly selected 5% of those papers
selected for full text evaluation to infer a proper defini-
tion/usage of model from this set of papers. This validation
studywas conducted by three of the authors and subsequently
evaluated by assessing its consistency in that a majority
agreement has been reached as a consensus among the three
validating authors.

In our evaluation and exclusion of MBDTE approaches
we were liberal towards also including those that only yield
a digital shadow [53]. The rationale is that our validation
study and subsequent discussions revealed that it is often
rather difficult to determine if an approach yields a true DT.
This corresponds to earlier examinations of DT experience
reports [94]. We justify our reasoning by considering Tao et

al.’s service dimension in that if the virtual entity provides
services for controlling or updating the real world entity –
irrespective of being invokedmanually of automatically –we
agree on treating the engineering approach as an MBDTE
approach given that it fulfills the other criteria (cf. Sec. 3).

5 Results

This section presents the classification results of the selected
publications. The complete classification of all 47 papers
using theproposed taxonomy is available for download [133].
In describing our results, we will list up 3-4 example papers
for each category and sub-category even where there are
significantly more papers in a particular category. We have
chosen the example papers at random, the complete list
of papers for each category is available from the aforesaid
supplementary material and in Appx. B. To synthesize our
findings, we performed frequency counts for each category
and conducted cross-tabulations to analyze relationships and
co-occurrences among the different criteria.

For each of the selected papers, it was possible to clas-
sify the coveredMBDTE approach uniquely according to the
defined criteria fromSec. 3.However, in performing our clas-
sification we often perceived a lack of detail in reporting [31]
which for some categories resulted in a lack of evidence to
infer a concrete statement (as will be pointed out during our
upcoming discussions).

As we were able to fully evaluate the majority of selected
publications, this indicates the adequacy of the defined cri-
teria for the classification of MBDTE, thus providing a
framework for understanding, categorizing, assessing, and
comparing MBDTE approaches. Besides a validation of the
proposed criteria, the systematic and comprehensive classi-
fication enables an aggregated view and analysis of the state
of the art of MBDTE.

Figs. 7-9 and 14-16 show the detailed frequency counts
of manifestations of the various dimensions and evaluation
criteria of our taxonomy among the papers selected. Observe
that frequency counts need not always add up to exactly 47
(cf. the number of selected publications) as a paper might
report multiple values for a specific category.

5.1 RQ1:What is the current state of MBE for DTE?

Figs. 7-9 details the frequency count for the evaluation cri-
teria under theModel dimension. The following discussions
of RQ1 and its subquestions refer to these results.

RQ1.1: What is the purpose of using MBE in DTE?

MBE serves a variety of purposes within DTE, most promi-
nently modeling and monitoring.Modeling (16 occurrences;
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Fig. 7 Frequency counts of the criteria below the Model Specification
dimension under the Model dimension as collected during evaluation
of all 47 papers (cf. Sec. 4). Best viewed on a computer screen

e.g., [116, 134, 135]), e.g., the engineering of the DT, is
crucial for developing accurate DTs that can simulate real-
world systems. It involves creating detailed representations
that capture the complexity of physical entities andprocesses.
Monitoring (21 occurrences; e.g., [136–138]), observing and
synchronizing with the real-world entity’s state, is another
key purpose,whereMBE facilitates tracking the performance
and behavior of the DT versus the system in real time. This

allows for ongoing assessments, adjustments, and optimiza-
tions, ensuring that the DT remains an accurate and reliable
reflection of its real world entity.

Additionally, MBE is used for prediction (2 occurrences;
e.g., [112, 139]) and control (11 occurrences; e.g., [115, 118,
140]), though these are less common use cases. Prediction
and control represent runtime capabilities that are enabled by
executable models within the DT. Prediction involves fore-
casting future states or behaviors of the physical twin based
on a model, while control refers to the ability to influence the
physical twin through the DT. Both employ runtime models
(cf. models@run.time [60]) that enable prognostic analysis
(predicting future states based on current observations) and
adaptive control (generating commands to optimize behav-
ior). These purposes illustrate the broad applicability of
MBDTE in enhancing the functionality and value of DTs
(cf. Fig. 8,Purpose). Our results at this point align with those
of Dalibor et al. [91] in that monitoring is among the main
applications for DTs. Specifically, we report 44.69% in our
case vs. 29.95% for Dalibor et al. [91].

Our data reveals a clear hierarchy of adoption maturity.
The dominance of monitoring as a use case demonstrates
that the primary, industry-proven value of a DT today is
in providing enhanced operational awareness, a powerful
but eventually reactive capability. The significantly lower
frequency of proactive applications like control and opti-
mization suggests that the DT’s role as an autonomous agent
is still an emerging practice. This indicates that adoption is
most likely to succeed by first targeting monitoring and diag-
nostics before progressing to more complex scenarios.

RQ1.2: Howwidespread— in terms of domains— is the use
of MBE in DTE?

MBE is becoming a fundamental approach in DTE, par-
ticularly in complex domains like CPS/manufacturing (26
occurrences; e.g., [140–142]). The fact that MBDTE is
frequently applied in such specialized and complex environ-
ments suggests that it is well-suited to handle the challenges
associated with engineering and operating DTs in these con-
texts. However, the distribution across domains is not entirely
even, with some areas like CPS/robotics (3 occurrences;
e.g., [135, 143, 144]) and CPS/building (4 occurrences,
e.g., [145–147]) seeing less frequent use. This uneven dis-
tribution might reflect varying levels of maturity DTE or
suitability of MBE across different industries (cf. Fig. 8,
Scope).

RQ1.3: Does the use of MBE improve DTE and how?

MBEappears to contribute positively toDTE in several areas.
The data shows a strong focus on deterministic models (30
occurrences; e.g., [10, 117, 141, 142]), which are crucial
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for efficient and understandable modeling of DT operations.
These deterministic models allow engineers to create DTs
that behave in a controlled and expected manner, reduc-
ing the likelihood of unforeseen issues. Additionally, the
prevalence of dynamic models (34 occurrences; e.g., [114,
121, 148, 149]) highlights the importance of models that
can adapt and evolve over time, mirroring the changes in
the physical twin they represent. This dynamic capability
is essential for maintaining the relevance and accuracy of
DTs in real-time applications. The use of— as assessed dur-
ing our evaluation— high-fidelity models (36 occurrences;
e.g., [137, 150, 151]) underscores the relevance of MBE due
to its capability of representing systems at different levels of
fidelity (cf. Fig. 7, Probabilities/Time Horizon, and Fig. 8,
Fidelity).

To decide whether a study reported a high-fidelity DT
model, we introduced a three-level coding: High, Medium,
Low, “not available”. We applied this coding consistently
across all 47 primary papers. A paper earned the High label
only when it supplied explicit evidence of accuracy: either
a quantitative claim (e.g., “RMSE ≤ 5% against ground-
truth sensor data”) or a qualitative statement of physics-
or component-level detail that was then validated or veri-
fied against measurements from the real system. Papers that
described a potentially accuratemodel but offered no calibra-
tion or validation data were marked Medium, while purely
conceptual or illustrative descriptions fell into Low. If no
judgementwas possible,we assigned “not available”. In total,
36 studies (see above) meet our operational definition of
high fidelity; however, the review found no empirical analy-
sis linking fidelity levels to improved engineering outcomes,
so the practical value of high fidelity remains unresolved.

The pattern of benefits demonstrates how MBE is cur-
rently leveraged in DTE: its primary contribution is to enable
analysis and simulation, which positions a DT as a passive,
decision-support tool. This indicates that while the benefit of
using MBE to create models for the DT is well-established,
its more advanced potential in providing models required for
autonomous control remains largely unrealized.

RQ1.4: What is the level of maturity of MBE in DTE?

The maturity of MBE application in DTE (cf. Fig. 16)
is predominantly at the prototype stage (32 occurrences;
e.g., [118, 135, 151]), and to a lesser extent at the concept-
study stage (14 occurrences; e.g., [119, 141, 152]). This
distribution suggests that while MBE techniques are actively
being researched and applied in DTE, their deployment in
creating and maintaining DTs remains largely experimen-
tal. The reported prototypes and concept studies typically
serve as proof-of-concepts that demonstrate the feasibility
and potential benefits of applying MBE practices to DT

Fig. 8 Frequency counts of the criteria below the Model Contents
dimension under the Model dimension as collected during evaluation
of all 47 papers (cf. Sec. 4). Best viewed on a computer screen

development rather than representing mature, operational-
ized MBE workflows.

The limited number of mature implementations of MBE-
driven DTs observed in our review suggests a gap between
research on MBE methodologies and their full-scale indus-
trial adoption in DT contexts; however, this may in part
reflect our methodological focus on academic publications
rather than industry reports. While our review indicates that
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MBE approaches for DTE often require further refinement
and validation before widespread deployment in productive
environments, we acknowledge that mature DTs (as opposed
tomatureMBE processes for DTE)may exist in industry set-
tings but employMBE techniques that are not systematically
reported in the academic literature. Examples in manufac-
turing [134, 141, 153] and rail systems [114] show DTs in
applied settings that utilize model-based techniques, though
the sophistication and scalability of the underlyingMBEpro-
cesses remain under-reported.

Critically, the concentration at the prototype stage indi-
cates a significant gap between conceptual feasibility and
production-grade deployment of model-based DTs. This
suggests that current MBDTE methodologies may not yet
adequately address the practical requirements for industrial-
scale deployments, such as scalability, robustness, and main-
tainability, which remain a primary, unresolved challenge for
the field (cf. Sec. 6.3).

RQ1.5: In which domains is MBE most frequently applied
for DTE?

MBDTE has been applied across a variety of domains, with
the most significant usage in CPS/manufacturing (26 occur-
rences; e.g., [115, 139, 154]). This domain benefits greatly
from the detailed and systematic approach that MBE offers,
allowing for the creation of highly accurate and functional
DTs that can simulate complex manufacturing processes. A
reason for this strong adoption most likely can be found in
existing standards that foster adoption of DTs in manufac-
turing [93, 155]. Other domains where MBDTE has been
applied include CPS/building (4 occurrences; e.g., [145–
147]), CPS/robotics (3 occurrences [143, 144, 146]), or
CPS/data center (1 occurrence [148]). The application of
MBDTE in these diverse fields demonstrates its versatility
and adaptability. However, the lower occurrence in certain
domains may indicate either a lesser need for MBE in those
areas or a current lag in adoption and research in DTE
(cf. Fig. 8, Scope). While our data reveals where MBDTE
is most frequently applied, the reviewed literature provides
limited empirical evidence regarding domain-specific ben-
efits or comparative advantage of MBE across domains.
Further research with rigorous evaluation and reporting met-
rics (cf. Gil et al. [31]) is needed to assess whether and how
MBE effectiveness varies by application domain.

To answer RQ1, the current state of MBDTE is char-
acterized by MBE’s diverse use, especially in complex
domains like CPS and manufacturing. The primary pur-
poses of employing MBE in DT development include
creatingmodel artifacts (modeling) and enabling runtime
state synchronization (monitoring).MBE further enables
runtime prediction and control capabilities through exe-
cutable models andmodels@run.time approaches. How-
ever, the maturity of MBDTE implementations remains
largely at the prototype stage, indicating ongoing devel-
opment and experimentation. MBE for DTE is being
applied across various domains, though with varying
degrees of adoption.

5.2 RQ2: How is MBE applied for DTE?

In answering RQ2 we again rely on the data presented in
Figs. 7-9.

RQ2.1: What MBE concepts are used in DTE?

The data suggests that MBDTE relies heavily on concepts
such as high-fidelity modeling (36 occurrences; e.g., [117,
137, 139, 146]) and manual model construction (39 occur-
rences; e.g., [113, 119, 149, 156]). High-fidelity models are
essential for creating detailed and accurate DTs that can reli-
ably replicate the behavior of physical twin. These models
provide a rich source of data and insights, which can be
used for simulation, monitoring, and control. The reliance on
manual construction indicates that the development of these
models is still a labor-intensive process, requiring signifi-
cant expertise and careful attention to detail. This approach,
while thorough, may limit scalability and increase the time
required to develop and deploy DTs. There is also evidence
of some framework support (15 occurrences; e.g., [116, 139,
156, 157]) in model management, which can help streamline
processes and improve efficiency, though this is less common
(cf. Fig. 8, Fidelity, and Fig. 9, Construction).

RQ2.2: What modeling formalism and paradigms are used
in developing DTs?

Modeling formalism here refers to the formal language or
notation used to define and describe models. It also defines
syntax, semantics, and rules for constructing models (e.g.,
UML, SysML, BPMN, or DSLs). The data shows a sig-
nificant use of multi-paradigm approaches (16 occurrences;
e.g., [138, 140, 156, 158]) alongside single-paradigm mod-
els (27 occurrences; e.g., [120, 150, 159, 160], cf. Fig. 7,
Paradigm). Among the 16 studies applying multi-paradigm
modeling, themost common combination is structuremodels
with behavior models, as illustrated by Fig. 10 (9 occur-
rences; e.g, [114, 136, 140]). Structure and environment
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Fig. 9 Frequency counts of the criteria below the Model Development
dimension under the Model dimension as collected during evaluation
of all 47 papers (cf. Sec. 4). Best viewed on a computer screen

models are combined only two times [145, 146], Grimmeisen
et al. [120] even combine structure, environment, and behav-
ior models.

The use of multiple modeling paradigms allows for more
flexible and comprehensive modeling, accommodating the
complexity of different systems and processes. This flexi-
bility is crucial for creating DTs that can accurately reflect
the diverse and interconnected nature of their physical twins
and their environments. However, in some papers, single-
paradigm modeling is applied to capture multiple model
paradigms (e.g., UML in [150, 153], or SysML in [149,

Fig. 10 Modeling formalism by paradigm in MBDTE. Best viewed on
a computer screen

152] for a combination of structure and behavior models).
A more detailed discussion of the concrete technologies,
tools, etc. used to implement models, not the formalisms
or paradigms themselves, is deferred to the answer to RQ4.1
(cf. Sec. 5.4).

The diversity of formalisms highlights a critical trade-
off in DT development. The prevalence of software-centric
formalisms like UML/SysML is suited for describing sys-
tem structure and control logic, but these often lack the
capability to natively simulate complex (physical) dynam-
ics. Conversely, physics-based formalisms offer high-fidelity
simulations but demand specialized expertise and tools.
This opposition implies that no one-size-fits-all modeling
approach currently exists which forces engineering teams to
make significant upfront decisions that might constrain the
DT’s capabilities and determine the required project skill set.

RQ2.3: What is the level of abstraction of models?

The level of functional abstraction for models in MBDTE is
predominantly conceptual (42 occurrences; e.g., [116, 120,
140, 153], cf. Fig. 7, Level). This high level of abstraction
is necessary for dealing with complex systems that require
a broad, system-wide view. Conceptual models (e.g., UML-
or SysML-based [117, 119, 149, 152]) enable engineers to
capture essential aspects of a system without implementa-
tion details, which can be particularly useful during early
design stages (e.g., outlining requirements and architecture).
However, the formalization overhead may not be justified for
all DT systems, particularly simpler or rapidly-evolving pro-
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Fig. 11 Level ofmodel abstraction bymaturity of the study inMBDTE.
Best viewed on a computer screen

totypes. However, the challenge lies in ensuring that these
high-level models remain sufficiently detailed to be useful
for practical application down the engineering chain.

Fig. 11 demonstrates the levels of model abstraction in
relation to the maturity of the study. It shows that conceptual
models are mainly used in concept studies (6 occurrences;
e.g., [136, 152, 161]), sometimes combined with runtime
(6 occurrences; e.g., [137–139]) or simulation (only in
[121]) models. In more mature implementations (prototype),
conceptual models are more often combined with runtime
(14 occurrences; e.g., [157, 162, 163]) or simulation (8
occurences; e.g., [143, 144, 158]) models, or both (3 occur-
rences; [115, 141, 159]).

The predominance of conceptual models creates an
abstraction gap between design-time artifacts and oper-
ational executables. This necessitates manual translation,
which severs the formal link between a system’s design spec-
ification and its operational twin, eventually causing design
models to to degenerate to static documentation rather than
a living component.

RQ2.4: Are models characterized by static or dynamic
properties, and do they exhibit stochastic or deterministic
behavior?

Models in MBDTE are primarily dynamic (34 occurrences;
e.g., [141, 150, 164, 165]) and deterministic (30 occurrences;
e.g., [114, 121, 162, 166], cf. Fig. 7, Probabilities/Time

Fig. 12 Model paradigm by time horizon in MBDTE. Best viewed on
a computer screen

Horizon). Dynamic models are crucial for capturing the
time-dependent behavior of systems, allowing DTs to evolve
alongside their physical twins. This is essential for applica-
tions that require real-timemonitoring and control (e.g., [138,
140, 148]). Deterministic models, on the other hand, pro-
vide predictability and stability, ensuring that the outcomes
of simulations and analyses are consistent and reliable. The
combination of these properties indicates that MBDTEmod-
els are designed to be both responsive and dependable, and
capable of adapting to changes while maintaining a high
degree of accuracy.

In Fig. 12 it is shown that dynamic models are mostly
used for modeling behavior (9 occurrences; e.g., [112, 118,
141]) or a combination of structure, behavior (21 occur-
rences; e.g., studies [114, 117, 152]). Finally, environment
models are underrepresented and mostly unclassified, point-
ing to a potential area for further exploration in MBDTE.

RQ2.5: What do models in a DT represent: the physi-
cal twin, the computational environment/infrastructure, or
both?

RQ2.5 investigates the representational scope of models
within DT systems: whether they primarily capture the
physical twin (its structure, behavior, environment), the com-
putational environment/infrastructure (execution platform,
communication protocols, resource management), or both.
This distinction is important because it reflects differentmod-
eling purposes, e.g., physics-based simulation versus system
architecture and deployment, though in practice these con-
cerns are often intertwined.
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For instance, Chen et al. [151] outlines a four-layer archi-
tecture that demonstrates how models span both concerns:
the model and simulation layer captures the dynamic behav-
ior of the physical system (physics-based models), while the
data layer and application layer implicitly rely on models of
the computational infrastructure (data schemas, service inter-
faces, communication protocols). This structure epitomizes
thatmostDTs employmodels atmultiple levels of abstraction
to represent both the physical twin and the software system
that implements the DT.

In most of the cases, models primarily represent the phys-
ical twin and its behavior: 41 studies (e.g., [151, 153, 156,
167]) employmodels that capture the behavioral, interactive,
and operational characteristics of the physical twin. Three
studies [143, 147, 165] explicitly distinguish between mod-
els of the physical twin itself (component-level structural and
process models) and models of the DT software system (data
schemas, communication protocols, execution environment).
This distribution shows that while most MBDTE research
focuses on modeling the physical twin, the architectural and
infrastructure concerns of the DT system itself receive less
systematic modeling attention.

RQ2.6: What types of systems are modeled in which way,
i.e., what types of models are used for what purpose?

Most studies rely on detailed, simulation-ready models that
capture the underlying physics or system logic in enough
depth to support decision-making and performance optimiza-
tion (e.g., studies [113, 117, 118, 118, 148]). This diversity
in modeling purposes reflects the complexity of the systems
being studied and the need for tailored solutions to address
specific challenges.

Beyond the dominantCPS/manufacturing cluster, smaller
but noteworthy clusters are buildings and infrastructure (4
occurrences; e.g., [145, 146]), robotics (3; e.g., [135, 163]),
aerospace (1; e.g., [149]) and specialized singletons such as
data-center cooling or smart home assets (1 each; e.g., [138,
148]). Nearly all DTs are dynamic (34 occurrences) and oper-
ate in discrete time (32 occurrences; e.g., [136, 141, 148]),
whereas continuous-time (5 occurrences; e.g., [117, 144,
166]) and stochastic (7 occurrences; e.g., [120, 137, 168])
representations remain the exception. This spread highlights
both the field’s manufacturing bias and the emergence of
DTs in energy-intensive or safety-critical domains, as well
as a prevailing preference for analytically grounded, event-
driven models over continuous or probabilistic formulations.

RQ2.7: How is model correctness assured?

Model correctness in MBDTE is rather seldom assured (14
occurrences; e.g., [120, 144, 156, 163], cf. Fig. 8, Verifica-
tion). This process involves careful checking and validation
by experts to ensure that the models accurately represent the

physical twins they are intended to describe. While manual
verification is thorough, it is also time-consuming and may
not be scalable for large or complex systems. The reported
lack of evidence highlights a potential area for improvement,
as more automated and scalable verification methods could
enhance efficiency and reduce the risk of errors.

Recent advances in model checking [169], formal verifi-
cation [170], and AI-assisted verification frameworks [171]
have enabled automated approaches that can systematically
explore large model state spaces and ensure compliance
with formal specifications. These approaches reduce reliance
on expert manual verification while increasing confidence
in correctness and consistency. However, their adoption in
MBDTE contexts remains limited [172], and further integra-
tion into existing toolchains is needed to realize their full
potential. Recently, Munoz et al. [173] and Zech et al. [174]
proposed two novel approaches for assessing the fidelity of
simulations using similarity metrics. Munoz et al. capital-
ize on trace alignment whereas Zech et al. adapt the IoU1

from computer vision to time series data. These approaches
allow to quantify how well a simulation reflects the real sys-
tem, ultimately providing insight into model validity and
correctness in terms of how well real-world properties and
phenomena are captured in model-based abstractions.

Our documented lack of formal verification is a critical
risk indicator as it suggests that many DTs that are described
in the literature may function only reliably under ideal condi-
tions. Yet, their behavior is not guaranteed when faced with
the unexpected or edge-case scenarios which are common in
real-world operations or under what-if simulations. This gap
in assurance impacts the trustworthiness of the DT and lim-
its its use for high-stakes applications such as autonomous
control or safety-critical decision-making.

RQ2.8: How are models developed and managed?

Model development in MBDTE is largely manual (39
occurrences; e.g., [113, 118, 146, 165], cf. Fig. 9, Construc-
tion), with some support from frameworks (15 occurrences;
e.g., [115, 144, 154]). Manual development allows for a
high degree of customization and attention to detail, but
it also requires significant time and expertise. The use of
frameworks can help streamline the development process
and provide tools for managing models more efficiently.
However, the data suggests that framework support is not
yet widespread, indicating that many approaches still rely
heavily on manual ad-hoc solutions and processes. For sure,
another cause could also be that employed frameworks for
now simply are not reported with enough detail.

The modification of models is usually also manual, pro-
vided that the construction is manual, as illustrated by Fig. 13

1 Intersection-over-Union
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Fig. 13 Model construction by modification of models in MBDTE.
Best viewed on a computer screen

(34 occurrences; e.g., [135, 146, 156, 168]). In merely two
cases each, the modification is then done automatic [121,
163], or semi-automatic [151, 175]. With semi-automatic
construction, the model modification is also semi-automatic
in four ([112, 115, 116, 139]), manual in two ([144, 157]),
and automatic in one case ([154]).

The finding that model development is overwhelmingly
manual suggests an implementation bottleneck. Manual
development risks creating tightly-coupled and brittle sys-
tems where the maintenance overhead of managing inter-
model dependencies negates the intended benefits, pointing
to a need for more formalized and automated model develop-
ment techniques. In addition to this, the observed infrequency
of model evolution points to a critical long-term risk: model
drift [176]. Without systematic co-evolution between vir-
tual and physical instances, the DT’s fidelity will degrade
as the physical asset changes [56], which in turn threatens
the long-term validity and reliability of its predictive and
analytical capabilities.Without systematic processes, the DT
risks becoming an outdated digital fossil rather than a living
model, which leads to a gradual erosion of trust and a poor
return on the initial investments.

RQ2.9: How are models combined?

When not manually performed, models in MBDTE are com-
bined most often using modelling language mechanisms,
such as those found in SysML (e.g., [152]), MontiArc
(e.g., [116]), and UML (e.g., [167]). Megamodeling was
also found to be used (e.g., [159]), which involves creating a
model that encompasses and manages multiple sub-models,
allowing for a cohesive and integrated approach to complex
systems [177]. This method could be particularly useful in
MBDTE, where systems often consist of multiple intercon-

nected components that need to be modeled and managed
together.

To answer RQ2, MBDTE is applied using a combina-
tion of high-fidelity, deterministic, and dynamic models
that are primarily developed manually. These models
are deeply integrated into the DTs, serving purposes
such as monitoring, control, and prediction. While the
use of frameworks and advanced modeling techniques
like megamodeling is emerging, much of the work is
still done manually, particularly in the verification and
management of models. This highlights the potential for
further automation and integration of tools to enhance
the efficiency and scalability of MBDTE.

5.3 RQ3: How aremodels and data coupled?

In answering RQ3 which targets the models-meet-data
aspect, we rely on the data presented in Fig. 14. Specifically,
Fig. 14 shows the frequency counts for the criteria under the
Data dimension (cf. Tbl. 2) as collected during our analysis.

RQ3.1: What sources of data and what types of data are
utilized?

The data utilized in DTE comes primarily from sensors
(39 occurrences; e.g., [114, 116, 141, 142]), which provide
real-time, continuous data streams that are essential formain-
taining accurate DTs. This sensor data is typically numeric
(32 occurrences; e.g., [113, 118, 121, 168]), making it well-
suited for quantitative analysis andmodeling. The reliance on
sensor data highlights the importance of real-time informa-
tion in keeping DTs synchronized with their physical twins.
Additionally, the use of numeric data indicates a focus on
measurable and precise inputs, which are critical for accu-
rate simulations and control.

The heavy reliance on structured and numeric sensor data
highlights a critical limitation in the analytical scope ofmany
current DTs. While they excel at processing telemetry and
time-series data, they might struggle to integrate and reason
with unstructured data sources such as maintenance logs,
operator notes, or image data. This creates an observability
gap, as contextual, often human-generated data required for
complex root cause analysis usually lies outside the twin’s
perception, thus substantially limiting its diagnostic capabil-
ities to what can be measured by sensors alone.

RQ3.2: Does data exhibit a uni- or multi-modal nature?

Data used in MBDTE often has a multi-modal nature (36
occurrences; e.g., [119, 120, 138, 153]), meaning that it
includes multiple types of data from various sources. This
multi-modal data can enhance the DT’s richness and accu-
racy by providing amore comprehensive view of the physical
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Fig. 14 Frequency counts for chosen values for the criteria of theData
dimension as collected during evaluation of all 47 papers (cf. Sec. 4).
Best viewed on a computer screen

twin. For example, integrating numeric sensor data with
qualitative inputs or different data streams allows for more
sophisticatedmodeling andbetter decision-making.The abil-
ity to integrate and analyze diverse data types is crucial for
creating DTs that are both accurate and versatile.

RQ3.3: How often are models and data synchronized?

While the exact frequency of synchronization is not detailed
in the provided data, the emphasis on dynamic models (34
occurrences; e.g., [6,10,57,58]) suggests that synchroniza-
tion is likely an ongoing, real-time process. Dynamic models
require continuous updates to reflect changes in the real
world system, meaning that data and models must be reg-
ularly synchronized to maintain accuracy. This continuous
synchronization is essential for applications where real-time
monitoring and control are critical. Synchronization between
models and data in a DT involves two key aspects: updat-
ing the data and updating the models. Data synchronization
ensures that any significant change in the physical twin’s
state is promptly reflected in the DT. Strong emphasis (34
occurrences; e.g., [117, 121, 138, 158]) is observed on real-
time synchronization, though the recommended frequency
of updates largely depends on the nature of the physical sys-
tem and its application domain. For example, Lie et al. [121]
advocate for real-time synchronization in wind turbine struc-
tures to support precise control, while Barat et al. [117, 158]
suggest that daily updates are adequate for tracking customer
numbers in a communications service provider, since these
figures do not fluctuate dramatically within a single day.

Model synchronization, on the other hand, is tied directly
to changes or adaptations within the physical system itself.
Essentially, whenever the physical twin undergoes modifi-
cations, the DT’s model must also be updated to maintain
reliability and accuracy. However, current literature does not
offer concrete examples of adaptivemodel ofDTs that evolve
in tandem with their physical counterparts.

RQ3.4: How are models and data synchronized?

Our data shows that model and data synchronization gen-
erally is achieved, yet with only about 50% supporting syn-
chronization in both directions. As to the concrete techniques
used for achieving this synchronization, linking models and
data (15 occurrences; e.g., [112, 115, 134, 145]) as well as
using data as input parameters for models (15 occurrences;
e.g., [120, 140, 141, 148]) are the prevalent approaches. The
former is often achieved by hybrid modeling (e.g., [112,
115, 134, 145]), model calibration (e.g., [112, 134]), and
data assimilation (e.g., [115, 134]). For the latter, e.g.,
model-to-model transformation [120], or rule-based model
transformation [148] are applied. This suggests that while
there are structured approaches to maintaining alignment
between virtual and physical twins, full resolution of the
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models-meet-data challenge has not yet been achieved. The
prevalent reliance onmanual synchronization activities (e.g.,
linking and tagging; e.g., [115, 116, 118, 164]) may limit
scalability and increase the risk of discrepancies between the
DT and the physical twin, particularly in large or complex
environments.

The reliance on linking and tagging for model-data syn-
chronization suggests that manyDTs operate with significant
latency and function closer to Digital Shadows (cf. Fig. 3)
than real-time counterparts. This gap between envisioned
autonomous data flow and observed methods poses a funda-
mental limitation for applications requiring high-frequency,
closed-loop control.

RQ3.5: Do models only consume data or also emit data,
e.g., control values?

Following on our answer to RQ3.4, models consequently
not only consume data but also emit data, e.g., in the
form of control values (11 occurrences; e.g., [120, 140, 148,
178]) or predictions (2 occurrences [112, 139]) for informed
decision-making. This bidirectional data flow is crucial for
the interactive nature of DTs, where the model can influence
the physical twin through feedback loops. For example, con-
trol values generated by a model can be used to adjust the
operation of the physical twin, ensuring optimal performance
or responding to changes in the environment. This interac-
tive capability renders models a powerful tool for real-time
system management.

The predominant lack of bidirectional data flow means
that most DTs function as advanced, read-only monitoring
systems rather than proactive control agents. This limits a
DT’s role to that of a sophisticated advisor that can flag
problems, but prevents them from acting on those insights
to (autonomously) optimize or correct the physical asset’s
behavior.

To answer RQ3, models and data in MBDTE are closely
integrated, with a strong reliance on real-time sensor
data and multi-modal data sources. Synchronization is
an ongoing process, particularly for dynamicmodels that
require continuous updates. Models in DTE are not only
consumers of data but also emit data, enabling them to
interact with and control real world systems. However,
the reliance onmanual processes for synchronization and
model management suggests opportunities for further
automation and scalability improvements.

Fig. 15 Frequency counts for chosen values for the criteria of the Imple-
mentation dimension as collected during evaluation of all 47 papers
(cf. Sec. 4). Best viewed on a computer screen

5.4 RQ4: How is MBE implemented in DTE,
specifically what frameworks, technologies,
development languages, andmodeling tools are
used?

For answering RQ4, in addition to the data from Figs. 7-9
we additionally consulted the data shown in Fig. 15 which
shows the frequency count of our categories under the Imple-
mentation dimension as collected during our analysis.

The implementation ofMBDTE involves the use of estab-
lished frameworks like UML and tools such as MATLAB.
UML, a standardized modeling language, offers a general-
purpose visual modeling framework for system design,
which is why it appears in nine occurrences across various
studies (e.g., studies [117, 119, 135, 138]). Its application in
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MBDTE reflects a preference for well-structured and widely
understood frameworks capable of supporting complex sys-
tem modeling. On the other hand, MATLAB, mentioned
in two occurrences [144, 148], is a high-level language
and interactive environment predominantly used for numer-
ical computation, visualization, and programming. Its use
suggests that numerical analysis and simulation are cru-
cial components of MBDTE implementations, providing the
computational power necessary for developing and testing
high-fidelity models.

However, the use of such frameworks is not without
challenges. For instance, MATLAB presents integration
challenges with other tools, necessitating the development
of robust communication interfaces to manage data flow
effectively [144]. Additionally, MATLAB’s limitations in
real-time data processing and lack of native multi-threading
hinder efficient communication [144], highlighting the com-
plexity of employing MATLAB for MBDTE in large-scale,
dynamic systems [148].

Similarly, using UML also presents several challenges
related to complexity, integration, and scalability. UML’s
inherent complexity can make managing large systems dif-
ficult, especially when modeling intricate interactions and
dependencies within DTs [119]. Integrating UML models
with other tools and platforms requires additional effort to
ensure compatibility and effective communication between
different system components [135]. Moreover, maintaining
scalability while using UML to model dynamic environ-
ments and synchronize DTs with their physical counterparts
can pose significant challenges, particularly when dealing
with real-time data and interactions [138]. These challenges
underscore the need for careful planning and execution when
employing UML in DT projects [117].

Regarding development languages, our data is somewhat
sparse, with approximately 70% of publications not report-
ing on the used languages. A similar trend is observed in
the reporting of modeling frameworks and technologies,
with 16 and 32 works not specifying these details, respec-
tively. Nonetheless, from the available data, there is a slight
preference for versatile and widely supported development
languages like Python (found in five occurrences, e.g., stud-
ies [112, 141, 162]) and C# (found in two occurrences,
viz. studies [144, 178]). Python is known for its ease of use,
extensive libraries, and cross-domain applicability, making
it a popular choice for developing DTs and related models.
C# is another powerful language often used in environments
requiring integration with legacy technologies or specific
software ecosystems.

The use of specialized tools like SimulIDE [144] and
Eclipse Sirius [157] reflects the need for environments that
support the design, simulation, and management of DTs and
their models. These tools provide essential interfaces and

functionalities to develop, test, and deploy complex models
in an integrated manner.

We also note that well-known DT implementation frame-
works such as Eclipse Ditto and Azure DTs do not appear
in our survey. This may be due to the model-based focus of
our survey. Gil et al. provide a survey of DTs utilizing these
frameworks [92].

The technological fragmentation of DT implementations
is notmerely a tooling issue; it creates amore profound archi-
tectural deficiency. The lack of consensus on frameworks
and languages directly prevents the emergence of a stan-
dardizedmodels and data backbone [56, 179] for structuring
and exchanging DT data. Without a common foundation for
semantic interoperability, DTs are often implemented as iso-
lated data silos, a structure which fundamentally impedes
higher-level applications like the composition of system-of-
systems DTs [180]. From a project management perspec-
tive, this technological fragmentation translates directly into
higher project risk.

To answer RQ4, MBDTE implementations rely on a mix
of traditional frameworks like UML and tools and lan-
guages such as MATLAB and Python. The choice of
languages and tools reflects the need for versatility, com-
putational efficiency, and integration capabilities. This
combination allows engineers to develop and manage
complex models that are essential for DT applications,
though there is room for more standardized and scalable
tooling to support the growing complexity of MBDTE.

5.5 RQ5: in which life cycle phases of a DT is research
located?

For answering our remainingRQs in addition to the data from
Figs. 7–9, 14, and 15, we also rely on the data outlined in
Fig. 16, which shows the frequency count of the categories
under the Evidence dimension in our analysis. Observe that
as to its diverse spread, theApplication criteria is not reported
here but available from the full classification [133].

The research and application of MBDTE is primarily
concentrated in theDesign & Development phase (37 occur-
rences; e.g., [112, 120, 152, 175]), with significant activity
also observed in the Operation phase (36 occurrences;
e.g., [112, 120, 141, 181]). The focus on Design & Devel-
opment highlights the importance of creating accurate and
functional DTs from the outset, with careful attention to
model fidelity, integration, and scalability. This phase is crit-
ical for setting the foundation of the DT, as decisions made
here will impact the DT’s effectiveness and longevity.

The high activity in the operation phase underscores
the ongoing nature of DT management, where continuous
monitoring, control, and updating are required to maintain
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Fig. 16 Frequency counts for chosen values for the criteria of the Evi-
dence dimension and the phases in which a DT is employed as collected
during evaluation of all 47 papers (cf. Sec. 4). Best viewedon a computer
screen

accuracy and relevance. This phase is where the dynamic
nature of DTs comes into play, as they must adapt to changes
in the real world entity and its environment. The presence
of research in these phases indicates that MBDTE is seen as
an ongoing process, essential not just for initial development
but also for the long-term success and utility of DTs.

Our survey reveals a gap in the intermediate life cycle
phases of commissioning and deployment. This oversight
implies a lack of model-driven methodologies for critical
activities like calibration and validation, and represents a sig-
nificant practical barrier to the seamless commissioning and
operationalization of DTs.

5.6 RQ6: what newMBE research challenges are
created by its application in a DT context?

The emergence ofMBDTEhas introduced several newMBE-
related research challenges to be addressed as part of future
research agendas (cf. Sec. 6) for successful advancement,
including:

• Scalability of Model Development and Management:
As DTs become more complex, the manual processes
currently used for model development, verification, and
synchronization may become untenable. Our analysis
revealed that 39 studies (e.g., studies [119, 140, 164,
178]) reported the use of manual model construction
(cf. Fig. 9) — a key hindrance for scalable model devel-
opment andmanagement. The development automated or
semi-automated tools could help manage the complexity
and scale of DTs more effectively.

• Model-Data Synchronization: Ensuring real-time syn-
chronization between models and physical twins is crit-

ical but challenging. Despite a variety of approaches to
model-data synchronization (36 studies, e.g., [120, 121,
134, 136], cf. Fig. 14), real-time synchronization is a
key limitation in efficient model-data synchronization.
Noneof our analyzed studies address the real-time aspect.
Our results suggests that integration of diverse data types
is attempted, robust methods for continuous real-time
synchronization are however needed to maintain model
accuracy and fidelity.

• Integration of Multi-modal Data: The ability to inte-
grate and analyze diverse data types from various sources
is essential for creating accurate and versatile DTs. Our
results confirm this in that multi-modal data integration
is well employed (36 studies, e.g. [134, 139, 142, 150]),
yet there is a lack in reported consistency in data quality
and relevance indicating that additional work is neces-
sary to ensure that integrated data maintains high quality
and supports accurate DT functionality.

• Enhancing Model Fidelity: While high-fidelity models
are already in use, there is still room for improvement,
particularly in terms of balancing model complexity with
simulation efficiency. High-fidelity models are reported
in 36 studies (e.g., studies [149, 150, 159, 168], cf. Fig. 8),
indicating their importance. However, inconsistencies in
how fidelity is achieved and reported suggest that there is
room for improvement. Future research should focus on
optimizing model complexity and simulation efficiency
to enhance fidelity further.

• Verification and Validation: As models become more
complex, ensuring their correctness and reliability through
manual verification processesmay not be sufficient. Only
15 studies (e.g., studies [144, 163, 168, 175], cf. Fig. 8)
mention that they do verification. This highlights a sig-
nificant gap in ensuringmodel correctness and reliability.
Developing automated verification and validation meth-
ods could provide more robust assurances of model
accuracy.

• Framework Support and Standardization: The cur-
rent use of diverse tools and frameworks suggests a need
for more standardized approaches to MBDTE [52]. Our
data shows a wide range of frameworks being used, with
16 different frameworks mentioned (e.g., studies [115,
136, 148, 154], cf. Fig. 15), demonstrating a lack of
standardization. There is thus a clear need for uni-
fied frameworks that can provide comprehensive upport
across the DT life cycle, enhancing interoperability and
adoption across domains.

Sec. 6 more thoroughly discusses future research challenges
with a potential guide for action, aligned with our answers
to RQ6.
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5.7 RQ7: what aspects of MBDTEmerit deeper
investigation andmore thorough reporting in
literature?

Our analysis reveals several areas where current literature
on MBDTE is lacking detail, which suggests opportunities
for deeper investigation and more thorough reporting [31] as
part of future research agendas (cf. Sec. 6). To assess the cur-
rent approaches to MBDTE, the literature needs to provide
more comprehensive case studies, cross-domain compar-
isons, and longitudinal studies. Additionally, there is a need
for standardized evaluation metrics [182], deeper explo-
ration of emerging technology integrations, and a focus on
human factors [158, 183], security, scalability, and interop-
erability. Addressing these gaps will contribute to a more
thorough understanding of the effectiveness and challenges
of MBDTE, ultimately leading to more robust and scalable
solutions. Specifically, following our analysis, we identify
the following suggestions for advancing research inMBDTE:

• Detailed Case Studies and Practical Applications:
While many papers discuss theoretical frameworks and
methodologies, there is a noticeable gap in detailed
case studies that explore practical implementations of
MBDTE. While 35 out of the 47 studies reviewed,
provide a “case study” (e.g., studies [118, 140, 141,
178], (cf. Fig. 15, Measures) for evaluation, our anal-
ysis revealed that these are rather “case” discussions but
lack the rigor and depth classical applied for case studies
to sufficiently study a contemporary phenomenon [184].
This indicates a critical gap in practical application
insights. Actual case studies would provide valuable
insights into the challenges, successes, and lessons
learned from real-world applications.

• Cross-DomainComparisons: The research largely focu
ses on specific domains, but there is a lack of com-
parative studies that analyze how MBDTE is applied
across different fields. Our data shows a strong focus
on specific domains like CPS/manufacturing (26 stud-
ies, e.g. [120, 137, 156, 160], (cf. Fig. 8, Scope), with
significantly fewer studies exploring cross-domain appli-
cations.Understanding howMBDTE techniques differ or
overlap in various sectors could lead to the development
of more versatile and widely applicable methods.

• Longitudinal Studies on MBDTE Maturity: The cur-
rent literature provides snapshots of the state ofMBDTE,
but there is a scarcity of longitudinal studies that track the
evolution of MBDTE. The maturity of MBDTE is pre-
dominantly at the prototype stage (31 studies, e.g. [143,
157, 162, 163], (cf. Fig. 15, Maturity), with limited lon-
gitudinal data on the evolution of these approaches. Such
studies however would offer insights into the maturity of

MBDTE approaches, highlighting trends, advancements,
and areas that require further development.

• ComprehensiveEvaluationMetrics: There is a need for
more comprehensive and standardized metrics to eval-
uate the effectiveness of MBDTE. While some papers
provide qualitative assessments, a rigorous approach
to quantifying the benefits and limitations of MBE
would help in objectively assessing its impact on DTE.
Specifically, 14 papers provide concept studies (e.g.,
studies [119, 121, 136, 142]) and 31 (e.g., studies [143,
157, 162, 163]) offer prototype evaluations. This shows
there is a clear need for standardized, comprehensivemet-
rics to rigorously quantify the impact and limitations of
MBDTE like the recently publishedOverall Digital Twin
Entanglement (ODTE) metric [182].

• Integration of Emerging Technologies: Although there
is some discussion about integrating technologies like
AI, LoT, and machine learning with MBE and especially
DT architectures [116, 185], the exploration of these
integrations in the engineering process is often super-
ficial. Our analysis reveals that so far no efforts have
been undertaken in integrate LoT-based communication
aspects and AI support in the engineering processes in
MBDTE. Deeper investigation into how these technolo-
gies can be effectively combinedwithMBE andMBDTE
to enhance DT capabilities is necessary.

• Human Factors and Usability: The literature tends to
focus heavily on technical aspects, often overlooking
the human factors involved in implementing and using
MBDTE. Our analysis and data reveal a lack of attention
to the skills and training required for effective MBDTE
implementation, which is crucial for broader adoption.
Understanding the usability challenges faced by engi-
neers and operators, as well as the training and skills
required, is crucial for successful adoption.

• Security andEthical Implications: There is limited dis-
cussion on the security and ethical implications of using
MBDTE. Our analysis and data demonstrate a substan-
tially limited discussion on security and ethical issues,
suggesting areas that need more exploration. As DTs
become more integrated into critical infrastructure, it is
essential to explore how MBDTE can address concerns
related to data security, privacy, and ethical decision-
making.

• Scalability and Performance in Large-Scale Systems:
While some papers touch on the scalability of MBE
approaches, there is a lack of in-depth studies on how
MBDTE performs in large-scale, complex systems. Our
data reveals a lack of in-depth, longitudinal studies on
large-scale MBDTE performance. With the increasing
complexity of DTs, research into the scalability of mod-
els and tools, as well as data management, is essential for
expanding MBDTE applicability outside lab conditions.
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Sec. 6 will seize these answers in providing a detailed dis-
cussion on future research challenges with a potential guide
for action.

6 Discussion

This section synthesizes and interprets the results of our
work. We begin by providing a consolidated summary of our
findings in response to the research questions (cf. Sec. 6.1).
We then contextualize these contributions by positioning
them against related work in the field (cf. Sec. 6.2). Building
on this analysis, we identify and elaborate on open research
challenges (cf. Sec. 6.3) and conclude by addressing the
threats to the validity of our study (cf. Sec. 6.4).

6.1 Summary of findings

Our exploration of MBDTE reveals a rapidly evolving field
with significant potential but also notable challenges. The
current state of MBDTE (RQ1) shows that while MBE
is being increasingly adopted across various industries, its
application is not yet widespread. MBE is used primarily to
enhance system design, optimize performance, and support
decision-making processes within digital twins. However,
the maturity of MBDTE practices varies greatly, with more
advanced implementations found in industries like aerospace
and automotive,while other sectors are still in the early stages
of adoption. The benefits of MBDTE, such as improved
reliability, cost efficiency, and predictive maintenance, are
recognized, but the data suggests that these advantages are
not yet fully realized universally.

The purpose of using MBDTE (RQ1.1) is largely driven
by the need for more accurate and dynamic system mod-
els that can adapt to real-time data and changing conditions.
However, the extent ofMBE’s use inDTE (RQ1.2) is still lim-
ited, withmany approaches experimentingwith pilot projects
rather than full-scale implementations. The data also indi-
cates that while MBE does improve DTE in certain areas
(RQ1.3), such as predictive maintenance and system opti-
mization, these improvements are often contingent on the
maturity of the MBE tools and methodologies used. The
maturity of MBDTE (RQ1.4) remains a key challenge, with
significant variability across different sectors and applica-
tions. MBDTE has been applied in a wide range of domains
(RQ1.5), including manufacturing, healthcare, and infras-
tructure, but the depth and sophistication of its use differ
greatly.

When examining how MBE is applied in DTE (RQ2), it
becomes clear that a diverse range of MBE concepts, for-
malisms, and paradigms are employed. The models used
in MBDTE vary significantly in their level of abstraction
(RQ2.3), from high-level conceptual models to detailed,

domain-specific models. These models may exhibit static
or dynamic properties (RQ2.4) and are used to represent
deterministic or stochastic behaviors. Importantly, models
can either be an integral part of the DT or serve as supporting
infrastructure (RQ2.5). The types of systemsmodeled and the
purposes of these models are diverse (RQ2.6), reflecting the
broad applicability ofMBDTE in different industries. Ensur-
ingmodel correctness (RQ2.7) – if done – is mainly achieved
through automated tooling, although this remains an area
needing further research. Models are typically manually
developed and managed (RQ2.8), and there is a perceivable
increased interest in the ways models can be combined –
ideally automatically – to create more comprehensive and
integrated DTs (RQ2.9).

The integration of models and data in MBDTE (RQ3) is
another critical area. The types and sources of data utilized
(RQ3.1) are varied, ranging from sensor data to historical
performance data, and can be uni- or multi-modal in nature
(RQ3.2). Synchronization between models and data (RQ3.3)
is crucial for maintaining the accuracy and relevance of the
DT, with methods ranging from real-time synchronization
to periodic updates (RQ3.4). In some cases, models do not
just consume data but also generate outputs, such as control
signals (RQ3.5), which are then fed back into the physical
twin.

The implementation of MBDTE (RQ4) involves a wide
range of frameworks, technologies, and tools. There is no sin-
gle dominant framework. Instead, a variety of development
languages and modeling tools are used (RQ4.2), reflecting
the diversity of applications and requirements in DTE. The
life cycle phases in whichMBDTE research is located (RQ5)
tend to focus on early-stage development, such as design and
testing, but there is growing tendency in extending MBDTE
practices to the operational and maintenance phases of DTs.

New challenges forMBE in the context of DTE (RQ6) are
emerging as the complexity of DTs increases. These include
the need for better tools for model verification and valida-
tion, improved real-time synchronization techniques, and the
integration of emerging technologies such as AI andmachine
learning. There are also gaps in the current literature (RQ7),
particularly in terms of practical case studies, cross-domain
comparisons, and the development of standardized evalua-
tion metrics.

While the field of MBDTE is advancing, there remain
significant challenges and areas for further research. The
potential benefits of MBDTE are clear, but realizing these
benefits on a broader scale will require continued innovation,
particularly in the areas of tooling, automation, standard-
ization [52], and the integration of emerging technologies.
Addressing these challenges will be crucial for the contin-
ued evolution and success of digital twin engineering.

Finally,we remark that the relatively small number of pub-
lications employing MBE for DT development (47 papers)
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compared to the broader DT literature suggests that MBE
is neither universally adopted nor universally necessary.
Many successful DTs are developed without formal mod-
eling approaches. Our survey focuses specifically on cases
where MBE is applied, and characterizes the benefits and
challenges in those contexts rather than advocating for its
universal adoption.

6.2 Positioning to related work

In what follows, we correlate our observations with earlier
discussed related work (cf. 2.4) to position our contributions
within the broader field of MBDTE.

6.2.1 Convergence of MBE and DTE practices

A key challenge discussed by Dalibor et al. [91] and Gil et
al. [92] is the lack of integration between MBE and DTE
frameworks. Both studies underline the need for a stronger
convergence between the modeling methodologies of MBE
and the dynamic, real-time requirements of DTE.

Our research builds directly on this foundation by also
investigating on Model Fusion and Model Fidelity, two
aspects frequently overlooked in prior works. While Gil et
al. [92] emphasize the need for a standardized framework for
DTs, our findings from Sec. 5 show thatMBDTE approaches
must incorporate more precise and dynamic models to fully
capture the evolving state of physical twins, echoing Dalibor
et al. [91].

6.2.2 Addressing reporting gaps

A recurring challenge, highlighted by Gil et al. [31] and fur-
ther substantiated by Oakes et al. [94], is the pervasive lack
of detailed reporting on pivotal elements such as modeling
structures, model fidelity, and synchronization methods. Our
study echoes these concerns, revealing that a significant por-
tion of the literature falls short in providing comprehensive
documentation of these critical aspects. This gap in reporting
not only obscures the science but also severely undermines
the reproducibility and comparability of research outcomes,
creating significant barriers to progress and innovation in the
field of MBDTE.

Insufficient reporting on key aspects like modeling struc-
tures,model fidelity, or synchronizationmakes it exceedingly
difficult to replicate studies or benchmark them against one
another. Without clear, comprehensive insights, researchers
are left navigating a fog, unable to effectively build on exist-
ing work or adapt methodologies to new contexts. This lack
of clarity ultimately decelerates the pace of advancement in
MBDTE, as novel ideas remain siloed and unvalidated across
studies.

Our approach provides a systematic framework for eval-
uating MBDTE approaches, aiming to dispel this fog. By
offering a detailed taxonomy that encompasses model, data,
implementation, and evidence aspects, we not only enhance
the reporting framework suggested by Gil et al. [31] but
also set a higher standard for transparency and rigor in the
field. This focus on detailed, standardized reporting is not
merely a call for academic thoroughness; it is a critical step
toward ensuring that research in DTs can be reliably repli-
cated and compared, thereby unlocking their full potential
across diverse domains. This emphasis on rigorous reporting
is essential for fostering an environment of collaboration and
innovation, where advancements can be effectively shared
and built upon.

6.2.3 Model fidelity and integration challenges

Another critical aspect is the challenge of combining various
models and maintaining fidelity over time. Dalibor et al. [91]
and Autiosalo et al. [95] examined the limitations in cross-
domain modeling and suggested that many DT solutions
rely heavily on physics-based models without adequately
incorporating real-time analytics for adaptive behavior. Our
findings in Sec. 5 support this claim, as we observed that
most papers (34 out of 47) employed static models, failing
to leverage more dynamic, real-time data coupling methods.

Moreover, Sec. 6 shows that despite the availability
of powerful, general-purpose modeling formalisms (e.g.,
UML), the practical fusion of models with real-time data
– essential for the dynamic nature of digital twins – remains
underdeveloped. Only a handful of publications explored this
critical aspect, confirming the gaps pointed out by Dalibor et
al. [91] regarding the fusion and modification of models in
real-time environments.

6.2.4 Maturity and industrial application

Sec. 5 further reveals that the maturity level of most
MBDTE implementations remains at the prototype stage.
This observation is consistent with the assessments made by
Uhlenkamp et al. [97] in their maturity model for DTs, which
also noted a lack of fully operational DT systems, especially
in cross-domain applications like manufacturing and urban
planning. Our findings highlight that while MBDTE holds
promise for life cycle management and predictive mainte-
nance, real-world applications still lag behind in integrating
models with real-time feedback loops.

In summary, our study not only reaffirms the gaps iden-
tified in existing literature, such as inconsistent reporting
and limited model-data integration but also advances the dis-
cussion by proposing a structured framework for improving
reporting standards in MBDTE. By comparing our results
with the works discussed in Sec. 2.4, it becomes clear that
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while there has been progress in understanding the theoretical
underpinnings of MBDTE, there is a pressing need for more
rigorous reporting and industrial-scale implementations to
fully realize the potential of DTs in various domains.

6.3 Open research challenges

We conclude this section by providing a thorough overview
of future research challenges lying ahead as well as potential
actions to resolve those to successfully advance MBDTE.
Our following discussions further reflect our perspectives on
our answers to RQ6 in Sec. 5.6.
Challenge A: Enhancing Model Integration and Inter-
operability. One of the key challenges in MBDTE is the
integration and interoperability of models across different
tools, platforms, and domains. As DTs grow in complexity,
the need to combine models from various engineering disci-
plines (e.g., mechanical, electrical, software) into a cohesive,
interoperable system becomes critical [52, 54, 185–187].
Current MBDTE approaches often struggle with this due to
the lack of standardized modeling languages and tools that
can seamlessly communicate with each other. This reflects
the findings of RQ6 showing a wide tool heterogeneity (i.e.,
16 different frameworks) and the lack of standardization
(cf. Sec. 5.6), and RQ7 pointing to missing cross-domain
comparisons that would expose interoperability problems
(cf. Sec. 5.7).
Actions: Promoting the development and adoption of stan-
dardized modeling languages and protocols, such as SysML
[188, 189] or Functional Mockup Interface (FMI) [190], or
approaches for meta-data exchange such as the AAS [191,
192], facilitate model exchange and interoperability across
different tools and domains. Developing frameworks that
can automatically integrate heterogeneous models allows to
ensure that these models work together seamlessly within a
DT.These frameworks should focus on resolving compatibil-
ity issues and maintaining consistency across the integrated
models (i.e., see [193–195] for consistency checking and
model linking approaches). Finally, collaboration between
different engineering disciplines should be fostered [52, 196]
to develop unified modeling approaches that can address the
needs of various domains, to ensure thatDTs are truly holistic
representations of complex systems.
Challenge B: Improving Real-TimeModel Updating and
Synchronization. DTs rely on real-time data to accurately
reflect the state of their physical twins. However, maintain-
ing real-time synchronization between models and physical
twins is challenging, particularly when dealing with com-
plex, dynamic environments. While platform-level solutions
especially for data synchronization exist [197–201],MBDTE
research has not systematically addressed mechanisms to
update models in real-time, leading to discrepancies between
the DT and the physical twin. This reflects RQ6, where real-

time synchronization was identified as missing across all
reviewed studies (cf. Sec. 5.6). Moreover, real-time updating
ties to challenge D on scaling and challenge F on integration
of emerging technologies.
Actions: Research should focus on developing algorithms
and methods for real-time model updating that can incor-
porate live data streams into the DT without compromising
model accuracy or performance. This could involve advanced
filtering techniques, real-time data assimilation, and adaptive
modeling approaches. This in turn demands for methods for
improving the flexibility of models so that they can adapt to
changes in the physical twin dynamically. This could include
developing models that are capable of self-updating based
on incoming data or using machine learning techniques to
predict and adjust models for future system changes. Col-
lectively this calls for robust synchronization protocols that
ensure data from various sources is consistently and accu-
rately reflected in the models.
Challenge C: Ensuring Model Accuracy and Validation.
Ensuring the accuracy and validity of models in complex,
evolving DT systems [187, 202–204] is a significant chal-
lenge in MBDTE. As models become more intricate and
data-driven, the potential for errors increases, making it dif-
ficult to maintain high levels of confidence in the DT’s
predictive capabilities. Current validation and verification
techniques may not be sufficient to handle the complex-
ity and dynamic nature of DTs’ models [26, 187, 205]. As
emphasized in answering RQ6, only a small set of studies
reported verification and validation activities (cf. Sec. 5.6)
or evaluate model correctness (see RQ2.7), and answering
RQ7 expresses the need for comprehensive evaluation met-
rics (cf. Sec. 5.7).
Actions: Automated tools that can rigorously verify model
correctness, particularly for large and complex systems are
paramount. These tools should be capable of detecting incon-
sistencies, errors, and potential failures inmodels before they
are deployed. This readily forms a foundation for establish-
ing continuous validation processes that regularly test and
validate models against real-world data, ensuring that the
DT remains accurate over time. This could involve real-time
simulations or digital-physical feedback loops to constantly
assess model correctness and performance. This requires to
expand model-based testing for comprehensive testing of
models under various design and operating scenarios, includ-
ing edge cases and unexpected conditions. This, in turn, will
help identify potential issues that could impact the reliability
of the DT.
Challenge D: Scaling MBE for Large-Scale DTs. As DTs
are applied to increasingly large and complex systems, such
as smart cities or large industrial plants [26, 91, 183, 206],
scaling bothMBE approaches andDT architectures becomes
a critical challenge. Traditional MBE tools and methods
may not be capable of handling the vast amount of data
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and the intricate interactions within these large-scale DTs.
This aligns with RQ6, which identified scalability of model
development and management as a challenge (cf. Sec. 5.6),
and RQ7, which reports that scalability and performance in
large-scale systems are insufficiently addressed in literature
(cf. Sec. 5.7).
Actions: Research should focus on creating scalable mod-
eling techniques that can handle the complexity and size
of large-scale DTs. This could involve modular modeling
approaches, where the system is broken down into smaller,
manageable components that can be modeled and updated
independently but have to be integrated again [185]. In
tandem, high-performance computing resources need to be
leveraged to manage the computational demands of large-
scale DTs during their runtime. Research into parallel pro-
cessing techniques and distributed computing could enable
the real-time analysis and updating of extensive DT models.
Further, integrating cloud computing platforms in model-
based approaches to support the scalability of MBDTE
demands a more thorough investigation. Cloud-based solu-
tions could provide the necessary infrastructure to store,
process, and analyze large amounts of data from complex
systems, ensuring that DTs and their DevOps process remain
responsive and accurate.
Challenge E: Enhancing Usability and Accessibility of
MBE. The complexity of MBE tools can be a barrier to
their widespread adoption in DTE, particularly among non-
experts. Many existing tools require specialized knowledge
and significant expertise to use effectively, limiting their
accessibility to a broader audience [187, 207]. This can hin-
der the integration of MBE into organizations that could
benefit from DTs. This is supported by the findings in RQ7,
showing that human factors and usability are underexplored
aspects in MBDTE research (cf. Sec. 5.7).
Actions: Develop more intuitive tooling for MBDTE that
can be easily used by engineers and other stakeholders
without extensive training.This could involve creating graph-
ical/visual modeling environments [208–211], generation
of visual representations [212–214], low-code development
environments [115, 215–217], or co-creational and collab-
orative modeling approaches [218, 219], or drag-and-drop
interfaces [220] that simplify the building and managing of
models. Alongside improving tool support, comprehensive
training programs and educational resources [221] to help
engineers and managers understand and apply MBDTE are
required. These resources should cover the fundamentals of
MBE and DTE, as well as advanced techniques for model
development and integration, cf. MBDTE. Last but not least,
the development of collaborative platforms that allow multi-
disciplinary teamwork merits substantially more attention
than it receives now [56, 57]. These platforms should support
real-time collaboration, version control, and easy sharing of
models and data across organizations.

Challenge F: Integrating Emerging Technologies with
MBDTE. Integrating emerging technologies such as AI,
LoT, and machine learning into MBDTE offers significant
opportunities for innovation, but it also presents challenges
in terms of compatibility and complexity. Current MBE
frameworksmay not be fully equipped to leverage these tech-
nologies effectively, limiting their potential impact on DTE.
This matches the gaps identified in RQ7, where integration
of emerging technologies such as IoT, machine learning and
AI was noted as largely missing in current research on engi-
neering DTs (cf. Sec. 5.7).
Actions: Hybrid modeling approaches that combine tradi-
tionalMBE techniques with AI andmachine learning require
increased investigation [222, 223]. These approaches could
enable DTs to learn from data, adapt to changes, and opti-
mize their performance over time. In addition, methods to
better integrate LoT devices into MBDTE workflows [224],
allowing real-time data from sensors and other devices to
directly influence model behavior are beneficial. This could
involve creating new protocols for data exchange and pro-
cessing within DT environments. Eventually, development
of AI-driven MBE and MBDTE tools, respectively, that can
automate parts of the model development process, such as
generating models from data or optimizing model param-
eters. These tools could significantly reduce the time and
expertise required to build and maintain complex DTs.
Challenge G: Standardized Reporting for MBDTE
Research.Throughout the course of our study, we frequently
encountered situations where we were unable to effectively
assess key criteria. These criteria include, but are not lim-
ited to, the specific frameworks utilized, the programming
languages employed, the underlying technologies adopted,
as well as critical aspects such as model fusion techniques
and model fidelity. This lack of detailed and standardized
reporting creates significant barriers in the field of MBDTE
research. It not only limits our understanding of existing
methodologies and their implementations but also severely
hinders the reproducibility of results. Reproducibility is a
cornerstone of scientific progress, and without clear docu-
mentation of the approaches taken, future researchers face
considerable challenges when attempting to build on or ver-
ify the work of others. This absence of transparency makes it
difficult to evaluate the robustness, scalability, or applicabil-
ity of a given approach to other contexts. The answers to RQ7
highlighted this challenge by stressing the lack of rigorous
cases studies, standardized evaluation metrics, and longitu-
dinal studies (cf. Sec. 5.7). Moreover current research lacks
to systematically report on areas where MBE can support
DTE. One can find approaches where MBE enhances Real-
TimeMonitoring and Control [118, 134, 140, 148], improves
Predictive Maintenance [137, 139, 153, 162], supports Sys-
tem Optimization [141, 146, 151], fosters Design Flexibility
and Innovation [150, 163, 167], and improves Cost Effi-
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ciency [136, 147, 153], however, evaluations on the effects
of MBE application on industrial KPIs are rarely included.
Actions: We contend that implementing more rigorous and
consistent reporting practices would substantially advance
research within the MBDTE domain. By fostering greater
clarity and transparency, such standards would enable resear
chers to more accurately compare methods, reproduce
results, and accelerate innovation. In turn, this would con-
tribute to the development of more robust and reliable digital
twin technologies, facilitating their broader adoption across
industries. This could be achieved, for example, by consol-
idating Gil et al.’s work with ours. The 21 characteristics
which were reported by Gil et al. [31] and provided tool
support by Fiter et al. [213] provide a top-down, high-level
view on the conceptual structure of a DT. On the contrary,
our taxonomy with its substantially more detailed view pro-
vides the complementary bottom-up view by investigating
implementation aspects of a DTs application.

Addressing the MBE-specific challenges for DTE is cru-
cial for advancing the field of MBDTE. By focusing on
improving model integration, real-time updating, valida-
tion, scalability, usability, and the integration of emerg-
ing technologies, researchers and practitioners can ensure
that MBDTE meets the demands of increasingly com-
plex and dynamic systems. These efforts will enhance
the effectiveness of DTs and broaden their applicability
across diverse industries and use cases. While acknowledg-
ing the challenges and gaps in implementing MBDTE, it
is equally important to highlight the significant potential
and benefits MBDTE. MBDTE revolutionizes the design
and management of complex systems by providing a uni-
fied and integrated engineering workflow that enhances
understanding, collaboration, and communication among
stakeholders [225]. This not only facilitates development
and automation but also optimizes operational efficiency
and streamlines workflows. Furthermore, MBDTE supports
innovation through virtual prototyping and formal valida-
tion and testing, enabling faster and more cost-effective
development cycles. By overcoming these challenges, the
transformative power of MBDTE can be fully realized,
driving advancements across industries and creating new
opportunities for innovation, growth, and success.

6.4 Threats to validity

Naturally, our study - as is the case for any taxonomyproposal
and literature review - is exposed to various threats regarding
its validity and sound conduction. In the followingwe address
these threats and outline how we mitigated them.

6.4.1 Internal validity

Internal validity refers to the level of rigor and correct-
ness in which a review combines and analyzes the research
contained, in order to reach findings that are valid and
dependable. To ensure internal validity, it is necessary to
employ a thorough search strategy, maintain consistency in
data extraction, and conduct a rigorous quality assessment
of the studies that are included. Internal validity threats in
systematic literature reviews encompass selection bias, data
extraction mistakes, and publication bias, all of which have
the potential to distort the review’s conclusions.

Selection Bias

The process of choosing research papers to include in a
review may exhibit bias. Insufficient comprehensiveness or
transparency in the search strategy, inclusion, and exclusion
criteria may result in the omission of relevant research or
the inclusion of irrelevant ones. To effectively handle this
issue, we utilized several digital libraries, implemented a
systematic search-and-exclusion process, employed multi-
ple reviewers, and conducted a control search using Google
Scholar.

Classification Bias

Papers can be misclassified as a result of subjective interpre-
tation of the taxonomy. This occurrence can arise when the
taxonomy lacks clear definition or when the researchers pos-
sess divergent views of the classification criteria. To prevent
this vulnerability, we adhere to established methods while
building our taxonomy (see Sec. 2.3.1 for details) and verify
the classification findings by cross-checking.

Publication Bias

Studies that yield good results are more prone to publica-
tion, resulting in an over-representation of certain findings in
a systematic review. To effectively alleviate selection bias,
it is crucial to ignore the “positiveness” or “negativeness”
of a publication. By relying on multiple reviewers for clas-
sification and cross-checking, selection bias is substantially
attenuated.

6.4.2 External validity

External validity in a review refers to the extent to which
the findings of the review can be applied to wider contexts
beyond the specific studies that were assessed. To achieve
high external validity, it is necessary to include a compre-
hensive and inclusive sample of research that encompasses a
wide range of individuals, settings, and conditions. The pres-
ence of this diversity guarantees that the inferences derived
from the review can be universally applicable and are not
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constrained by particular situations or populations. In addi-
tion, precisely defining the extent and constraints of the
review assists in establishing the parameters within which
the findings can be applied, hence improving the practical
significance and usefulness of the review.

Generalizability

If the scope of the review is too limited or if the taxonomy
utilized is too specific to a particular domain, the conclu-
sions may not be relevant or applicable to other contexts or
domains. To obtain a high level of generalizability, we imple-
mented a thorough and all-encompassing search approach.
We did not limit the application areas and used meticu-
lously established search and exclusion criteria. Finally, we
ensured transparency in reporting our findings. Furthermore,
as a means of verifying our work, we performed a subgroup
analysis using randomly chosen articles from different appli-
cation domains.

Sample Representativeness

If the sample of papers used in the review does not accu-
rately represent the total relevant literature, the findings
may not be applicable to a broader context. In order to
address this potential danger,we implemented a thorough and
all-encompassing search strategy, established precise and cri-
teria for inclusion and exclusion, and performed a subgroup
analysis (cf. Sec. 4.2). Furthermore, our endeavors to reduce
publication bias effectively decrease the risk of erroneous
representation of the sample.

6.4.3 Construct validity

Construct validity in a review refers to the degree to which
the review accurately captures and measures the theoretical
constructs it intends to investigate (cf. RQs, cf. Sec. 1.3).
Achieving high construct validity involves clearly defin-
ing the key concepts and ensuring that the included studies
adequately address these constructs through appropriate
operational definitions and measurements. It also requires
a careful selection of studies that consistently and accurately
measure the constructs of interest. Ensuring construct valid-
ity strengthens the credibility and relevance of the review’s
conclusions by ensuring it genuinely reflects the theoretical
concepts being studied.

Taxonomy Validity

The taxonomy itself may be inherently faulty. If the classifi-
cation of articles fails to accurately represent the dimensions
or categories that are important in the subject, it will result
in a false and misleading classification. To address this issue,
we employ established practices in developing a taxonomy
(cf. Usman et al. [100]).

Misclassification

There is a possibility of ambiguity in the taxonomy, which
can result in inconsistent classification. Divergent interpreta-
tions of taxonomy among researchers may result in disparate
classifications for a given collection of publications. We
resolve these issues by implementing the four-eyes approach,
which requires that a particular activity, such as a deci-
sion, must receive approval from at least two researchers.
By enforcing each publication to be reviewed by at least
two researchers and the final cross-checking of classification
results by all six involved researchers, misclassification is
reduced substantially.

6.4.4 Conclusion validity

Conclusion validity in a review pertains to the extent towhich
the conclusions derived from the synthesis of studies are
believable andwell-founded. To ensure conclusion validity, it
is necessary to perform statistical analysis, thoroughly eval-
uate the quality of the study, and provide clear and open
reporting of the review process. Additionally, it is necessary
to acknowledge and rectify any potential biases and limita-
tions present in both the included papers and the review itself.
High conclusion validity assures that the findings and inter-
pretations are strong, dependable, and accurately represent
the evidence collected from the literature.

Data Extraction Errors

Errors in data extraction from the research can result in inac-
curate conclusions. Ensuring consistency in themethods used
to extract data and verifying the accuracy of the extracted
data are of utmost importance. To mitigate this concern, we
implemented a protocol where each of the 47 publications
included for categorization underwent a rigorous evaluation
process by a minimum of two researchers.

Interpretation Bias

Researchers’ assumptions or previous conceptions can intro-
duce bias when interpreting classified data. By adhering to
the four-eyes principle and engaging in several rounds of
group discussion, we significantly reduce the presence of
interpretation bias to a minimal extent.

Conclusion Validity

The quality robustness of our conclusions is inherently linked
to the quality and depth of the papers included in our survey.
Whilewehavediligently applied specific criteria tofilter pub-
lications, our influence over the inherent quality and detail
of these papers remains limited. A significant concern in this
context is the potential lack of detail in one or more of the
categories we propose, which could result in our survey not
fully capturing the current state of the art in the field.
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6.4.5 Additional threats

Apart from these “usual” threats to validity, our study is sub-
ject to additional threats, as briefly discussed in the following.

Reviewer Expertise

The expertise and familiarity of the reviewerswith the subject
matter can impact the accuracy of the classification. Inexperi-
enced reviewers might misclassify papers. We argue that this
threat is of low relevance because the authors have combined
multi-year experience in working in and the promotion of the
MBE, DTE,MBDTE fields through various initiatives [226–
230].

Inter-rater Reliability

Low inter-rater reliability suggests that different reviewers
may categorize the same papers in varying ways. This dif-
ficulty can be reduced by employing many reviewers and
utilizing techniques to address differences, including the
aforementioned “four-eyes” idea and conducting multiple
rounds of discussion to settle concerns over inter-rater relia-
bility.

Taxonomy Evolution

In the event that the taxonomy undergoes changes during
the review process, it can result in discrepancies in the clas-
sification of papers. We effectively addressed this concern
by implementing Usman et al.’s [100] recommendation and
conducting a validation study of our taxonomy before clas-
sifying any of the ultimately chosen papers (cf. Sec. 3.1).

7 Conclusion

This article has presented a comprehensive and systematic
review of the current landscape of MBDTE, leveraging a
taxonomy-driven analysis of 47 research publications. Our
findings demonstrate that while DTs have gained significant
traction across multiple industries–including manufacturing,
healthcare, and urban planning–the adoption of MBE prin-
ciples for the development and management of DTs remains
in an emergent stage. This is evidenced by a predominance
of prototype-level research and a limited number of fully
operational, real-world implementations.

A central insight from our survey is the persistent gap in
the practical integration of models and data— a defining fea-
ture of DTs. Most reviewed approaches fall short of realizing
continuous, real-time synchronization and high-fidelity cou-
pling between models and data. Although MBDTE shows
promise for advancing complexity management, real-time
monitoring, and predictive maintenance, substantial chal-
lenges remain, particularly regarding model-based monitor-
ing, synchronization mechanisms, and the rigorous valida-
tion of high-fidelity models.

Crucially, our work foregrounds the importance of sys-
tematic and transparent reporting in MBDTE research.
The lack of detailed reporting on key engineering choices
such as update frequency, data-model coupling strategies,
or tool-specific implementations still limits reproducibility,
comparability, and, ultimately, the broader synthesis of best
practices. This shortcoming constrains the ability of practi-
tioners and researchers alike to draw empirically grounded
conclusions that inform evidence-based engineering deci-
sions.

Our proposed taxonomy provides a structured frame-
work for classifying and evaluating methodological and
application-specific aspects in MBDTE research. While we
observed exemplar cases where reporting meets a high bar
for rigor and detail, many publications offer only fragmen-
tary accounts. This variance underscores a critical need:
for MBDTE to mature as both a scientific and engineering
discipline, future research should prioritize comprehensive,
consistent, and context-aware documentation, particularly
when aspects such as update frequency or validation met-
rics are central to the research aim.

Looking ahead, overcoming these challenges, especially
in terms of reporting and integration, will be essential to
extendMBDTE impact and foster its broader industrial adop-
tion. By adopting more rigorous reporting standards and
addressing current gaps in implementation evidence and eval-
uative criteria, theMBDTE community can advance towards
robust, scalable, and trustworthy digital twin technologies
across varied application domains. Our findings, taxonomy,
and recommendations together provide a foundation for
systematic progress and a benchmark for future empirical
research in this fast-evolving field. While our survey demon-
strates the potential of MBE for managing complexity in
DT development, we emphasize that MBE is not universally
required. The decision to adopt model-based approaches
should be grounded in project-specific factors including sys-
tem complexity, safety requirements, team structure, and
available expertise.

Appendix A DT synonyms

• twin
• digital clone
• digital counterpart
• digital replica
• virtual replica
• virtual twin
• cyber twin
• digital copy
• mirror image
• simulated counterpart
• twin model
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• virtual doppelganger
• virtual double
• virtual representation
• cyber replica
• digital doppelganger
• digital double
• holographic duplicate
• mathematical counterpart
• mirror twin
• simulated twin

Appendix B Included papers
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