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Abstract

This paper introduces a human-centred framework to address the interaction and usability chal-
lenges of complex Digital Twin (DT) systems by proposing a new generation of Activity Theory,
named Pyramidal Activity Theory (PAT). Digital twins are virtual representations of physical pro-
cesses, systems, or components that are continuously synchronised with real-world data. Despite
their growing adoption across industries, their graphical representation remains challenging due to
the diversity of application domains, where multiple models—spanning different users, phases, and
scales—are typically distributed across heterogeneous software packages. These complexities often
result in inconsistencies, fragmented workflows, and communication barriers across domains.

The proposed model builds upon the previous generation of activity theory, extending it into a
3D pyramidal structure while excluding motivational factors to focus exclusively on interaction me-
chanics. PAT provides a coherent model for designing unified, user-centred interfaces by capturing
dynamic interactions among the key elements of DT systems—Users, Tools (Models), Live Data,
Interfaces, and Outcomes—and their interrelationships. Two case studies are presented to demon-
strate its applicability. Case Study 1 maps human-system interactions in advanced manufacturing,
clarifying roles and activity flows to make the framework understandable and directly applicable for
practitioners. Case Study 2 validates PAT through an implemented prototype for industrial energy
optimisation.

The proposed model introduces a novel 3D interaction paradigm, providing a scalable and adaptable
framework for digital twin interface design. It improves usability, standardisation, and decision-
making by clarifying stakeholder roles, reducing cognitive load through “black-box” model integra-
tion, and ensuring consistent logic from regional planning to unit-level control. The paper concludes
with future research directions, including usability testing, interface refinement, and alignment with
interoperability and accessibility standards.

Keywords: Digital Twins, Human-Computer Interaction, User-Centred Design, Activity Theory, Inter-
face Design and Industrial Systems

1 Introduction

As industries advance toward digitisation, Digital Twins (DTs) have emerged as powerful tools for
simulating, monitoring, and optimising real-world systems (Giberna et al.,[2025). A Digital Twin contin-
uously synchronises with its physical counterpart using real-time data, enabling dynamic decision-making
across various operational scales. DTs have been successfully implemented in sectors such as manufac-
turing, energy, healthcare, and smart cities, where they contribute to improved efficiency, automation,
and operational reliability, by accurately mirroring real-world behaviour (Adamenko et al., |2020).

As DT adoption expands into more complex and interdisciplinary industrial settings, the demand
for a standardised, model-independent interface is increasing (Soman et al., |2025). User centric DT
interfaces (Barricelli et al., 2019) must be black-box, supporting multi-user collaboration across diverse
domains, while remaining adaptable and scalable (Park & McKilligan, 2018). However, current DT in-
terfaces are often case-specific (Sharma et al., |[2022)) and model-dependent (Juarez et al., 2021, limiting
their usability across applications (Barricelli & Fogli, [2024)). They frequently lack cross-domain inter-
operability, are designed for single-user interactions, and cater to narrowly defined industrial use-cases.
This fragmentation poses significant challenges for engineers, operators, and decision-makers, who must
interact within shared DT environments, as shown in Figure 1.

To address the above challenges and to better understand human-computer interaction (HCI) issues
in these complex systems, this paper draws on traditional Activity Theory (AT) (Nardi, [1998) as a
foundational framework. AT is a socio-cultural model (Vygotsky & Cole, 1978) that emphasises the
relationship between individuals (subjects), the tools they use, the goals they pursue (objects), and
the broader social and organisational context in which activities occur. Over time, AT has evolved
through several generations (Khayyat, 2016)). Building on this foundation, this paper introduces Pyra-
midal Activity Theory (PAT) as a new generation of AT. PAT extends traditional AT by offering a
three-dimensional view that captures the multi-directional interactions among core DT elements: Users
(Subjects), Models (Tools), Live Data, User Interface, and Outcomes (Objects) (Wu et al.,|2021)). Unlike
the fourth generation of AT (Khayyat, 2016|), PAT excludes motivational and emotional factors in order
to focus on the structural dynamics of user-system interactions. As described later in Section 3.1, the
faces of the pyramid represent distinct interaction pathways, forming a comprehensive model designed
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Figure 1: Design and Interaction Challenges with Digital Twins

to guide the development of user-centred, scalable, and model-agnostic interfaces, that ensure alignment
between system behaviour and human decision-making.

In Section 3.2, two conceptual case studies demonstrate the application of the PAT framework in in-
dustrial contexts, addressing both manufacturing operations and energy management. The first example
applies PAT to an advanced manufacturing system, showing how the framework models collaborative hu-
man-machine interactions, dynamic workflows, and proactive decision-making supported by digital twin
systems. The second example focuses on energy optimisation, where a DT integrates multiple simula-
tion models to manage energy usage efficiently. These examples illustrates how PAT structures complex
interaction flows, clarifies user roles, and validates the framework through an implemented prototype,
thereby supporting informed decision-making. Together, the two case studies highlight PAT’s ability
to capture multi-scale interactions and to bridge human expertise with automated processes, ultimately
enhancing efficiency, adaptability, and sustainability across industrial systems.

This research contributes to the field of Human-Computer Interaction (HCI) by providing a struc-
tured and adaptable model for interaction design in DT environments and other complex systems. It
supports enhanced usability, system coherence, and informed decision-making, while enabling human-
centred workflows within increasingly complex industrial ecosystems.

2 Background

2.1 Evolving Digital Twin Design Approaches: From Technology-Driven to
Human-Centred Systems

The Digital Twin (DT) concept, introduced by Grieves et al. (Grieves & Vickers, 2017)), has evolved
into a powerful paradigm for modeling, simulating, and analysing real-world systems. Its applications
now span a variety of domains including manufacturing, construction, aerospace, healthcare, and energy
(Attaran & Celik, 2023; Singh et al.,[2022). DTs have become central to Product Lifecycle Management,
where they enhance product design, support informed decision-making, and enable virtual prototyping
(Lo et al., 2021; Tao et al., [2019).

In recent years, there has been a growing focus on integrating Human-Computer Interaction (HCI)
into DT systems. HCI enhances usability, efficiency, and adaptability by prioritising the user’s role in
interacting with complex digital environments (Barricelli & Fogli, |2024). Building on this, DTs are also
seen as platforms for collaborative design and co-creation, supporting broader stakeholder engagement
across the product development lifecycle (Wagner et al., 2019). In this context, End-User Develop-
ment approaches are becoming increasingly relevant, enabling non-technical users to contribute to DT



customisation and functionality (Batty, 2018).

Despite these advancements, significant challenges persist. These challenges include the lack of inter-
disciplinary collaboration strategies (Barricelli et al., [2019)), insufficient attention to user-centred design
and customisation (Singh et al.,2021)), and the absence of standardised frameworks for integrating DTs
with Product-Service Systems (Donoghue et al., [2018)).

To overcome these barriers, researchers advocate for the development of standardised frameworks,
deeper user involvement, and collaborative design methodologies that support scalable and user-friendly
DT systems (Hananto et al., [2024). Notably, Park and McKilligan (2018]) explored how HCI design
principles intersect with DTs, while Vainionpéé et al. (2022)) highlighted the growing importance of
HCI in shaping DT development and adoption. Reinforcing this perspective, Wu et al. (2021]) proposed
an integrated five-dimensional framework that systematically captures the relationships among physi-
cal and virtual entities, services, data, and their dynamic interconnections, laying the groundwork for
comprehensive and adaptive DT ecosystems.

2.2 Human-Computer Interaction and Digital Twins

The integration of Human-Computer Interaction (HCI) with Digital Twin (DT) technology represents
a transformative shift in how humans interact with digital representations of physical systems. Digital
Twins are no longer confined to being static, data-driven models; they are evolving into interactive,
adaptive, and human-centred platforms that support real-time decision-making. Research by Dingli
and Haddod (2019) and Josifovska et al. (2019)) highlights the development of intelligent interfaces and
multimodal adaptation frameworks, enabling users to interact with DTs more intuitively. The human-
centred perspective is further emphasised by Onan Demirel et al. (2021) and George et al. (2023)), who
underscore the role of ergonomics, user involvement, and sustainability objectives in DT design. Ad-
vanced HCI technologies, as discussed by Lv et al. (2023)) and Yigitbas et al. (2021)), leverage AR/VR,
adaptive systems, and immersive environments to enhance user engagement, creating interfaces that are
both context-aware and responsive to human needs. Furthermore, emerging studies, including Soman
et al. (2025)), introduce the concept of human twin interfaces, where DTs integrate human attributes to
improve system adaptability and performance. Applications in construction (Long et al.,2024; Su et al.,
2023) and product design (Medina & Hernandez, [2025)) reveal that DTs, when coupled with robust HCI
frameworks, enhance collaboration, visualisation, and lifecycle management.
To clarify the evolving landscape of Digital Twin design, the frameworks introduced above are grouped
into five categories: intelligent interfaces, human-centric digital twins, AR/VR and immersive digital
twins, interactive digital twins, and domain-specific applications. Table 1 evaluates each category against
five core capabilities—multi-user, multi-model, multi-domain, multi-scale, and multi-phase (design and
operational). This categorisation reflects the thematic focus of each work and helps position its contribu-
tion within the broader Digital Twin literature. For each capability, Table 1 indicates whether support
is full, partial, or absent.



Table 1: A Comparison of digital twin frameworks showing their level of support for five key capabilities
(® Full support  © Partial support O No support)

Multi Multi Multi Multi Multi

Framework References User Model Domain Scale Phase
Intelligent Interfaces Dingli and Haddod, O [ )] [ ) @) O
Human-Centric Digital Asad et al., 2023 ® o O O o
Twins George et al., 2023

Onan Demirel et al.,

2]

AR/VR & Immersive Lv et al., 2023 ® o O LD D)
DT Yigitbas et al., [2021
Interactive DT Adamenko et al., D) [ D) LD, [ [
2020} Carlin et al.,
2024; Kong et al.,
Domain-Specific Long et al., 2024 O O O O O
Applications Medina and

Hernandez, 2025; Su
et al., |2023

Building on this perspective, Human-Computer Interaction (HCI) plays a critical role in the develop-
ment of Digital Twin (DT) interfaces by ensuring their usability, interactivity, and adaptability. Rather
than functioning solely as real-time data replicas, DTs are increasingly conceptualized as interactive
systems that actively enhance user engagement and support informed decision-making processes (Bar-
ricelli & Fogli, . This shift highlights the necessity of embedding HCI principles into DT design.
Previous studies have introduced methodological frameworks that reinforce this approach, aiming to
strengthen real-time user interaction and data integration within DT systems (Adamenko et al.,
Carlin et al., Kong et al., . Similiarly, the Human-Centric Digital Twin (HCDT) paradigm
emphasises embedding user-centric interactions to improve both usability and decision support (Asad
et al., . Collectively, these developments advocate a transition from passive data representations to
systems that are actively engaging and responsive. To clarify the structural composition of such systems,
Figure 2 presents a Venn diagram that captures the three core components of the Interactive Digital
Twin Framework under consideration here: a User Interface (conceived as a black-box abstraction for
simplified interaction), Live Data (ensuring real-time consistency), and a Simulation Model (providing
domain-flexible modeling capabilities).

User Simulation
Interface Model

Live Data
(Real-time data)

Figure 2: Components of the Interactive Digital Twin Framework



2.3 Activity Theory (AT): Evolution and Limitations

AT originated within psychology, particularly through the work of Soviet psychologists (Leont’ev,
1978; Vygotsky & Cole, [1978]), who conceptualised human cognition as a socially and culturally medi-
ated process. Initially grounded in developmental and educational psychology, AT was later embraced
by the HCI community (Nardi, [1998) as a powerful framework for analysing how users engage with tech-
nology within broader social and organisational contexts. Over time, AT has evolved through multiple
generations (Khayyat, 2016).

The first generation, led by Vygotsky and Cole (1978), emphasised mediated action through tools
and signs but focused primarily on individual cognition, with limited attention to social or collective
activity. The second generation, developed by Leont’ev (1978)), broadened the scope to collective activ-
ity systems, but did not fully address the complexities of multi-user or digital interactions. Engestrom
(2001}, [2014) added elements for example rules, community, and division of labour, to reflect the collective
nature of human activity, yet AT continued to struggle with scaling to complex, interdisciplinary digital
systems. The fourth generation of AT incorporated motivational factors (Khayyat, 2016)), but even these
advances do not fully satisfy the requirements for modelling complex, simulation-based digital environ-
ments. Consequently, AT remains an emerging approach without a widely accepted or standardised
framework for application to complex socio technical systems.

According to Clemmensen et al. (2016), Activity Theory (AT) serves as a structured framework for
analysing and designing user interactions within digital environments. They also noted that “Traditional
AT models have limitations when applied to large-scale, distributed, technology-mediated systems”,
citing frequent difficulties in analysing environments involving multiple actors, tools, and continuous
real-time feedback. Similarly, Spinuzzi and Guile (2019)) conclude that “Even fourth-generation models
struggle to incorporate the full complexity of modern digital systems, especially regarding real-time
data, layered user roles, and dynamic interaction with computational models”. This is also emphasised
in a systematic review by Barricelli and Fogli (2024), who highlight the absence of a standardised, user-
centred framework for digital twins in HCI and emphasise the need for scalable, adaptive models that can
accommodate the increasing complexity of industrial ecosystems. Consequently, AT remains an emerging
approach for complex systems such as digital twins. The following challenges remain unresolved:

e Digital twin ecosystems require seamless and structured integration of multiple models (Sharma
et al., 2022).

e Many DT systems do not fully embrace user-centred design, which effects usability and system
adoption (Barricelli et al., 2019).

e There is a need for consistent and standardised framework for designing digital twin interfaces (So-
man et al., |2025).

e Real-time adaptation based on live sensor data and ongoing system changes is essential for digital
twins (Bilberg & Malik, [2019).

e Existing approaches often lack robust strategies for mediating between users and systems, limiting
usability and interactive decision-making (Barricelli & Fogli, |2024; Mértin et al., |[2019; Spinuzzi &
Guile, [2019).

These limitations highlight the need for a new theoretical framework that is scalable, adaptable, and
explicitly interactive, in order to effectively support Human Computer Interaction (HCI) within digital
twin ecosystems.

3 Methodological Approach

3.1 Conceptual Modeling

This research introduces Pyramidal Activity Theory (PAT) as a conceptual framework for under-
standing interactions within Digital Twin (DT) environments. Building upon the foundations of the
fourth generation of Activity Theory (AT) (Khayyat, |2016) as shown in Figure 3(a), PAT extends the



model into a third dimension and repositions the user at the apex of a triangular pyramid structure,
emphasising a user-centred design approach. Unlike earlier AT models, PAT moves beyond linear rela-
tionships by embedding real-time responsiveness, dynamic roles, and multi-layered system interaction,
within a single unified structure. The model incorporates key elements from the Interactive Digital Twin
Framework, which identifies the User Interface, Live Data, and Simulation Model as core components
as illustrated in Figure 2 and discussed in Section 2.2. By incorporating these elements in a multi-
dimensional framework, PAT facilitates multi-faceted interactions and supports both the design and
operational phases of digital twin systems. The PAT model consists of five key vertices—Subject (User),
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Figure 3: (a) Fourth generation of Activity Theory Model (Khayyat, [2016); (b) Proposed Pyramidal
Model.

User Interface, Tools (Models), Live Data, and Object (Outcomes)- which form five triangular faces,
each representing a distinct interaction pathway essential for Digital Twin (DT) functionality. As shown
in Figure 3(b), these faces support both the design and operational phases of DT systems, enabling a
seamless transition from conceptual planning to real-time deployment. The user remains central in this
structure, positioned at the apex and influenced by rules, division of labour, and the broader stakeholder
community. Motivational factors, level of awareness, and perceived barriers have been excluded in this
model to maintain a focus on interaction mechanics rather than external influences. The User Interface
functions as a mediation layer, simplifying system complexity and allowing intuitive engagement with
the underlying computational models. Simultaneously, Live Data plays a pivotal role in continuously
informing both users and models, supporting real-time responsiveness and system adaptability. The
Object signifies the intended outcomes resulting from this dynamic interaction.

Each of the five faces of the pyramid reveals a unique perspective within the activity system. As
shown in Figure 3(b), Face 1 connects the User, Live Data, and User Interface, highlighting how users
perceive and respond to real-time information. Face 2 illustrates the user’s indirect influence on Out-
comes through engagement with Live Data, emphasising feedback loops and observational learning. Face
3 captures the direct interaction between the User and Tools via the Interface, where system logic is con-
figured and deployed. Face 4 preserves the classic AT triad—User, Tools, and Outcomes—representing
mediated actions aimed at purposeful activity. Finally, Face 5 links Live Data, Tools, and Outcomes,
showcasing the autonomous and computational functions that generate outputs. Together, these faces
form a comprehensive, multidimensional representation of interaction flows within a Digital Twin, sup-
porting continuous optimisation and human-computer collaboration.

3.2 Case Study Application

To demonstrate the practical relevance and versatility of the proposed Pyramidal Activity Theory
(PAT) framework, two case studies are presented. Case Study 1 is a conceptual scenario that explains
and illustrates how PAT works in practice, focusing on its theoretical application in a manufacturing
environment. Case Study 2 applies PAT to clarify and structure decision-making processes for energy



optimization within a manufacturing plant, supporting both strategic planning and operational efficiency
across multiple scales, and guiding the design and development of a fully functional prototype interface.

3.2.1 Case Study 1: Applying PAT to Advanced Manufacturing Systems

Consider an advanced manufacturing facility producing precision automotive components using a
combination of robotic assembly lines, additive manufacturing (3D printing), and real-time quality in-
spection systems. The digital twin in this scenario continuously synchronises with physical machines
and sensors, providing as virtual representation of the production process. Operators, process engineers,
and maintenance staff interact with the DT interface to monitor equipment health, predict failures, and
dynamically adjust production parameters. To systematically analyse the interactions within a digital
twin-enabled manufacturing environment, the core elements can be mapped onto the PAT (Pyramidal
Activity Theory) framework, as illustrated in Figure 4. In this framework, system users oversee produc-
tion, scheduling, and maintenance activities. Their decisions and actions are supported by an integrated
dashboard interface that delivers real-time visualisations of process flows, equipment status, maintenance
forecasts, and operational alerts. Analytical and predictive tools, such as simulation engines, machine
learning algorithms, and optimisation solvers, process incoming information to enhance workflow effi-
ciency and detect anomalies. These digital resources rely on a continuous influx of live data streams
originating from IoT (Internet of things) sensors, automated controllers, and environmental monitoring
systems. This case study helps to understand the dynamic interaction of these elements contributes to
improved product quality, reduced equipment downtime, and optimised throughput of the assembly line.
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Figure 4: Mapping the key elements and interaction pathways of an advanced manufacturing system
within the Pyramidal Activity Theory (PAT) framework.

The PAT model organises the interactions among the elements shown in Figure 4 to facilitate proactive
decision-making and system adaptability. Faces are described here using the Face designations from figure
3b.

e Face 1 (User—Live Data—User Interface): Operators receive instant feedback on machine
performance and can adjust process variables in response to anomalies detected by the digital
twin.



e Face 2 (User—Live Data—Outcome): Process engineers observe the impact of workflow adjust-
ments, such as changes to production speed or tooling configurations, through real-time perfor-
mance metrics and quality outcomes.

e Face 3 (User—User Interface—Tools): Maintenance staff interact with predictive maintenance
models via the interface, scheduling repairs before failures occur, thereby reducing unplanned
downtime.

e Face 4 (User—Tools—Outcome): The collaboration between human expertise and digital tools
drives continuous process optimization, leading to higher product consistency and lower operational
costs.

e Face 5 (Live Data—User Interface-Tools—Outcome): Autonomous digital twin functions,
such as defect detection and automatic process adjustments, operate in the background, further
improving system robustness.

While this case study does not include an implemented prototype, it provides a clear conceptual map of
how PAT can be applied in industrial contexts.

3.2.2 Case Study 2: Applying PAT to Industrial Energy Optimization with Prototype
Implementation

In this case study, the Pyramidal Activity Theory (PAT) framework is applied to guide the develop-
ment of a Digital Twin (DT) prototype for energy optimisation in a medium-scale manufacturing plant.
This moves PAT from a conceptual framework to an operational implementation, with every interface
screen and workflow mapped to PAT’s vertices and faces. The scenario demonstrates how PAT structures
human-system interactions to enable effective industrial energy management.

In this example, the DT monitors, simulates, and optimises energy usage across the plant. It integrates
real-time sensor data, user inputs, predictive models, and external energy pricing to support informed
decision-making and adaptive control. The Subject (User) is an energy systems engineer responsible
for decisions such as balancing demand, reducing peak loads, and integrating renewable sources. The
User Interface provides a real-time dashboard with interactive simulation controls, energy-consumption
trends, and system alerts, mediating between the user and complex system data. The Tools (Models)
include load-forecasting algorithms, optimisation models, and machine-learning components for anomaly
detection. Live Data streams continuously from IoT sensors (e.g., electricity usage, equipment runtime,
temperature). The Object (Outcome) is defined as optimal energy use, cost reduction, and emission
targets. These objectives are realised through interactions that align with PAT’s five faces, illustrated
in Figure 3(b). The corresponding interface screens are presented as screenshots in Appendix A.

e Face 1 (User—Live Data—User Interface): The energy systems engineer interacts with real-
time IoT sensor data e.g. temperature through the interface as shown in Figure Al. They can
also adjust setpoints and trigger optimisation routines based on metrics such as electricity usage
and equipment runtime. For example, they may modify process setpoints or activate load-shifting
routines when peak demand alerts are triggered, directly shaping live plant operations.

e Face 2 (User-Live Data—Outcome): Engineer monitors the effects of the models through
feedback summaries displayed in the flowsheet, as shown in Figure A2. For instance, they can
observe changes in peak load reduction, renewable energy contribution, or cost savings without
directly modifying the backend models.

e Face 3 (User—User Interface—Tools): User configures the compressor model by setting op-
erational parameters to calculate the energy required for its operation, as shown in Figure A3.
Compressor configuration, with unspecified parameters highlighted in red, as shown in Figure
A7. In the same way, other industrial unit models such as turbines, mixers, and heaters can be
configured and digitised within the DT environment, enabling the engineer to explore different
operational scenarios and energy impacts.

e Face 4 (User—Tools—Outcome): User engages with the optimisation and forecasting models
to achieve defined outcomes, such as configuring unit operations (e.g., integrating solar energy)



within the manufacturing plant, as illustrated in Figure A4. For example, the engineer may adjust
turbine efficiency settings, reschedule heater loads, or reconfigure mixer operations to minimise
peak electricity demand and reduce overall energy costs.

e Face 5 (Live Data—User Interface-Tools—Outcome): Live sensor data from the manufactur-
ing plant (e.g., compressor mechanical work) is continuously streamed into the models to calculate
the resulting pressure increase as shown in Figure A5. The interface then visualises outcomes such
as electricity cost, renewable use, and emissions in real time. Machine learning models as shown
in Figure A6 can be integrated for forecasting, anomaly detection, and predictive maintenance,
leveraging historical and live data to support proactive optimisation.

Together, these faces show how PAT structures user—system interactions at different operational levels.
Table 2 maps PAT elements (Activity, Subject, User Interface, Models, Live Data, and Object) across
multiple operational scales in DT environments—{rom regional planning (Figure A9) to unit-level control
(Figure A3).

Table 2: Multiscale structure of PAT Framework
(All referenced figures are in Appendix A)

Scales Activity Subject Ul Live Data Model Object
Regional Long-term Energy - Smart meters Regional Regional energy
Level energy Managers Regional demand  energy balance and
planning and Policy Makers sensors planning policy outcomes
scenario Weather data models
evaluation. Scenario

analysis tools

Industry  Policy Plant - Emission sensors  Industrial Reduce costs
Level enforcement Managers Process-level process and improve
and Energy energy meters optimisation energy
performance Analysts models efficiency of
optimisation. Load industrial
forecasting processes
Unit Real-time Machine - Sensor data Process Energy efficient
Level control and Operators (temperature, control unit operations
fault diagnosis.  Process pressure, flow) models
Supervisors Machine status Fault
Control system detection
feedback systems

This multi-scale mapping as shown in Table 2 demonstrates how the PAT framework can be system-
atically applied across different levels of operation—regional, industry, and unit—within a Digital Twin
environment. By linking each scale to specific Ul screens, data sources, models, and intended outcomes,
the table highlights how PAT supports both high-level strategic planning and detailed real-time opera-
tional control. This ensures that decision-making remains consistent and coherent, regardless of the scale
at which the user interacts with the system, while maintaining a unified, user-centred interface design.

This case study confirms that PAT is not only a conceptual framework but also a practical design
methodology for building Digital Twin interfaces. By mapping user interactions to PAT’s vertices and
faces and aligning them with real prototype screens, the framework ensures that interface design is
theoretically grounded, operationally coherent, and scalable across multiple levels of decision-making.
The integration of live data, predictive models, and user-centred controls demonstrates how PAT can
bridge human expertise with automated system intelligence, enabling smarter decisions, greater flexibility,
and improved energy efficiency.



4 Discussion

The application of the Pyramidal Activity Theory (PAT) framework across the two case studies
demonstrates its adaptability as both a conceptual lens and a practical design methodology for complex
industrial systems.

In Case Study 1, PAT’s multidimensional structure effectively modelled human—system interactions
in an advanced manufacturing context, showing how the integration of live data, user interfaces, and
computational tools can support real-time responsiveness and informed decision-making. This validated
PAT’s role as a conceptual model for structuring digital twin interactions in ways that prioritise usability
and system adaptability.

In Case Study 2, the framework was extended from conceptual mapping to the design of an opera-
tional prototype. Each PAT vertex and face was directly linked to specific digital twin functionalities and
user interface components, showing a clear translation from theory to implementation. This progres-
sion demonstrated PAT’s scalability—from regional-level energy planning to unit-level control-—while
ensuring consistency in decision-making logic across operational contexts.

A comparative review of existing frameworks, summarised in Table 1, highlights the limitations
that PAT overcomes. Previous approaches—such as intelligent interfaces, immersive AR/VR systems,
and domain-specific applications—tend to focus on isolated dimensions, with only partial support for
multi-user, multi-domain, or multi-phase interactions. Similarly, while the Human-Centric Digital Twin
(HCDT) paradigm emphasises usability, it often lacks scalability across different operational levels. By
contrast, PAT consolidates these fragmented perspectives into a single multidimensional framework. Its
integration of Activity Theory principles with digital twin design pathways provides conceptual clarity,
while the prototype implementation demonstrates practical applicability. In this respect, PAT can be
regarded as a more comprehensive and established approach compared with earlier frameworks, bridging
the gap between theoretical models and operational practice.

A key insight from both case studies is that PAT’s structured, multi-scale approach reduces cognitive
load and encourages adoption by enabling “black-box” integration of diverse models. This allows users
to interact meaningfully with the system without requiring deep knowledge of model internals, which is
a critical usability factor in multi-domain industrial environments. Such an approach aligns with current
HCIT priorities of lowering barriers to interaction with complex systems.

Implementing PAT in a fully functional interface requires careful translation of theoretical constructs
into practical Ul components, demanding close collaboration between domain experts and interface
designers. In real-world deployment, additional considerations—including cybersecurity, interoperability
with legacy infrastructures, and training for non-expert operators—will be critical. These issues underline
the importance of iterative refinement and empirical validation to ensure that PAT achieves robustness
and acceptance across diverse industrial contexts.
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5 Conclusion and Future Outlook

This paper has introduced Pyramidal Activity Theory (PAT) as a multidimensional framework for
designing, analysing, and optimising user interactions in digital twin environments. By extending tra-
ditional activity theory into three dimensions, PAT incorporates live data, computational models, and
intuitive interfaces into a structured form that reflects the complexity of modern industrial ecosystems.
Its pyramidal structure clarifies stakeholder roles, enhances usability, and supports continuous system
optimisation.

The two case studies illustrated PAT’s versatility: from modelling collaborative interactions in ad-
vanced manufacturing (Case Study 1) to guiding the design of a fully implemented energy-optimisation
prototype (Case Study 2). Across both contexts, PAT structured complex interaction flows, strengthened
alignment between human decision-making and technical system behaviour, and demonstrated scalability
across multiple operational levels.

When compared with existing frameworks outlined in Section 2, PAT addresses several persistent
limitations. Earlier approaches often provide only partial support for multi-user, multi-domain, or multi-
phase contexts, while others focus narrowly on intelligent interfaces or immersive technologies. PAT, by
contrast, unifies these dimensions within a single, coherent structure. Its integration of Activity Theory
principles with practical design pathways, combined with validation through prototype implementation,
positions it as a more comprehensive and established framework than those previously proposed.

Future research should focus on validating PAT through usability studies in real industrial environ-
ments, refining interface components for greater intuitiveness, and ensuring alignment with interoperabil-
ity and accessibility standards. Beyond digital twins, PAT has the potential to serve as a foundational
framework for other complex socio-technical systems, providing a structured, user-centred approach that
bridges human expertise with automated intelligence.
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Appendix A.

User Interface Screenshots

This appendix provides screenshots referenced in the main body of the paper illustrating the imple-
mentation of PAT’s five interaction faces and their mapping to practical user interface elements within the
digital twin environment. Each screen demonstrates how specific components—User Interface, Models,
Live Data, and Outcomes—are integrated into workflows at different operational levels.

User Roles

526 °

Pump 25

Live Data

User Interface

Figure Al: User interface of the flowsheet editor showing PUMP unit operation setup (Pump 25) with
live data configuration options, where properties such as temperature and pressure can be linked to
external data sources(Face 1).
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Figure A2: The interface dashboard displays live data (temperature, pressure, enthalpy, etc.)

Live Data

Q What do you want

Temperature

User Roles

& Layer: Flowsheet

Vapor Fraction ific Enthalpy  Meolar Specific Entropy

and

their resulting outcomes, enabling users to observe the impact of system stream behaviours (inputs and

outputs) (Face 2).

Models
(Power & Chemical)

Machine Learning

User Interface User Roles
an «x @ £ P ®
 oEaEm

Compressort0

Figure A3: Flowsheet editor allows users to interact with chemical and power system models (e.g.,
compressor’s power load) through the interface (Face 3).
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& Solve completed successfully

Figure A4: Solar unit model is configured and simulated through the interface, where live inputs drive
model execution and users observe the resulting outcomes e.g. solar irradiation profile (Face 4).
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: —®

Outcomes ol

- Live Data

User Interface

Figure A5: Flowsheet integrates multiple models, where the compressor’s power load is supplied by
solar-generated electricity. Live data such as mechanical work is sensed in real time, and the model
computes the resulting pressure increase (Face 5).
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Figure A6: Integration of a machine learning unit in the DT environment, where users can upload
datasets (CSV) or import models for training and predictive analysis.
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Notes

Figure A7: Configuration of the compressor unit in the Digital Twin environment, with unspecified input
parameters highlighted in red (e.g., mechanical work) to indicate missing values.
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User Roles

= o

Figure A8: Industry-level operations group multiple unit operations (e.g., valve and cooler) within the
flowsheet, simplifying complex processes to reduce cognitive load for users.

Figure A9: Regional-level operations consolidate multiple processes into higher-level unit blocks (e.g.,
Industry 1 and Industry 2), providing a streamlined representation of complex systems and reducing
cognitive load for users.
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