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Keywords: In the context of Industry 4.0, several technologies converge to orchestrate improvements in business
Supply chain performance. Among these, Artificial Intelligence and Digital Twins stand out as some of the most promising.
Digital Twin

These two technologies are connected through the concept of intelligent Digital Twins (iDTs), which enhance
standard Digital Twins with intelligent capabilities while keeping humans at the core of the process. One of
the main obstacles to the broad adoption of iDTs in operations and supply chain management is the reliance
on opaque AI models, which often limit trust and acceptability among operations experts and managers. To
address this, it is critical to design iDTs that not only leverage the advanced capabilities of AI but also
provide interpretable and actionable insights to stakeholders. In this paper, we present an action research
in Adige Spa to develop an iDT framework for production scheduling. Our framework integrates interpretable
machine learning techniques, employing evolutionary learning to produce decision trees that are transparent
by design. Additionally, we incorporate Large Language Models to explain decision tree policies in natural
language, enhancing user understanding. The framework also facilitates human interaction, allowing users to
express preferences and guide the tree learning process. Results in a hybrid flow shop setting demonstrate that
the proposed iDT framework delivers interpretable and effective decision-support policies while empowering
users to influence and refine its outcomes, hence bridging the gap between Al-driven insights and real-world
applicability.

Decision-making
Production scheduling
Explainability

Large Language Models

1. Introduction and human-centric decision support in industrial contexts. Neverthe-

less, some organizations have already initiated this implementation

With the advent of Industry 4.0 (14.0), the Digital Twin (DT) concept
has become a cornerstone of modern operations and Supply Chain Man-
agement (SCM) (Brusset et al., 2025). Originally conceived as a digital
representation of a physical entity to enhance prognostics and resource
efficiency (Grieves and Vickers, 2017), DTs now encompass a wide
range of applications, from cloud-based organizational models to dy-
namic process composition (Ivanov et al., 2022). Recent advances have
extended their utility, integrating simulation and Artificial Intelligence
(AD) tools to support real-time decision-making (Sharma et al., 2022;
Brusset et al., 2022). Intelligent DTs (iDTs) have emerged within this
domain, combining human and AI decision-making to address uncer-
tainty, analyze complex systems, and guide stakeholders toward robust
solutions (Zheng et al., 2022; Ivanov, 2023). Yet, much of the literature
continues to treat DTs as primarily technological constructs, focusing
on architectures or data integration, while offering limited insights
into how they can be designed to facilitate actionable, trustworthy,

process (Berti and Finco, 2022). For example, in 2019, DHL, in collab-
oration with its partner company Tetra Pak, introduced a warehouse
DT to optimize logistics operations and better manage inventory and
material flows (Pohl, 2019). This initiative demonstrated the potential
of DT technology to improve operational efficiency, enhance decision-
making, and foster seamless coordination across complex supply chain
networks (Kinra et al., 2020).

Despite the promise of iDTs, their adoption faces notable challenges.
In particular, in the context of SCM, most of the Al implementations
rely on opaque (black-box) machine learning models (Baryannis et al.,
2019), which often leads to resistance from stakeholders who demand
transparency, especially when systems must comply with regulatory
requirements (Commission, 2024) or undergo audits. In the literature,
the gap regarding the role of humans in integrating Al to support
SCM decisions has been widely recognized (Klumpp and Ruiner, 2022).
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Black-box algorithms are, in fact, perceived as difficult to test, validate,
and trust before deployment (Hasija and Esper, 2022a). Consequently,
there is a pressing need for methods that improve transparency and
interpretability in Al-driven decision-making.

Two primary approaches have been explored in this context. The
first approach, often referred to as explainable AI (XAI) (Kosasih et al.,
2024), develops post-hoc explanations for otherwise opaque mod-
els (Barredo Arrieta et al., 2020; Longo et al., 2020). While XAI has
gained popularity, its explanations still operate on inherently opaque
models, which limits the extent to which stakeholders can fully trust
and understand their inner workings (Ramachandram et al., 2025).

The second approach, referred to as interpretable Al (IAI) (Gunning
and Aha, 2019), emphasizes intrinsic transparency (Zhou et al., 2024),
designing models whose structure and reasoning are understandable to
humans without the need for external explanation mechanisms. This
category of methods can be especially valuable in dynamic and uncer-
tain environments, such as SCM, where stakeholders require models
that not only deliver accurate predictions but also justify and defend
their recommendations. In this regard, integrating IAI methods with
DTs offers a compelling opportunity to bridge this gap. A DT frame-
work enhanced with IAI can, in fact, provide real-time simulation,
optimization, and decision support while maintaining transparency and
stakeholder trust.

Given these premises, this study focuses on a specific SCM problem,
namely production scheduling, seeking to address the above-mentioned
gap through the following research question:

How can a simulation—optimization Digital Twin framework, inte-
grated with interpretable AI methodologies, be developed to en-
hance production scheduling under conditions of uncertainty and
variability?

To answer this question, we introduce a simulation—optimization DT
framework that combines IAI methodologies, Large Language Models
(LLMs), and human-AlI interaction. Designed for a real-world sup-
ply chain optimization problem at a global leader in tool machine
manufacturing, the framework leverages simulation to capture sys-
tem stochasticity and IAI to provide transparent, actionable decision
support, aligning with stakeholders’ preferences for robust and in-
terpretable tools. By incorporating an interactive user interface, the
framework not only enables planners to test and evaluate production
scenarios in a virtual environment but also bridges the gap between
Al-driven insights and stakeholder understanding, fostering trust in the
decision-making process. In this way, the DT moves beyond a passive
digital replica toward an active decision-support capability, enabling
planners to test scenarios, interpret Al-driven recommendations, and
align outcomes with organizational priorities.

This study is grounded in action research (Coughlan and Coghlan,
2002; Bhamra et al., 2022; Panchal et al., 2024; Romano and Formen-
tini, 2012), ensuring iterative collaboration with the partner company
to refine the DT framework and enhance its usability. This approach
allows for continuous feedback loops between theory and practice,
addressing the persistent gap between conceptual models of DTs and
their practical deployment in industrial settings (Berti and Finco, 2022).
Furthermore, by experimenting with decision trees and LLMs to deliver
transparent explanations, the framework demonstrates the importance
of explainability and human-centric design as enablers of DT adoption.

Moreover, this study contributes to the literature on DT and pro-
duction economics in different ways. First, at the theoretical level, it
extends the conceptualization of DTs by framing them as human-in-the-
loop (HITL) decision-support systems (Hines et al., 2025) that allow for
combining simulation-optimization with interactive and explainable
Al This perspective moves beyond the dominant technology-centric
view of DTs and emphasizes their role as organizational information
processing capabilities that foster trust, adoption, and alignment with
managerial decision-making. Second, at the methodological level, to
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the best of our knowledge, we are the first to develop and validate
a novel DT framework that integrates IAI methodologies and LLMs
to provide interpretable and user-friendly explanations of Al-driven
recommendations. This integration addresses a critical barrier to the
industrial uptake of advanced analytics, namely the opacity of complex
Al models (Puthanveettil Madathil et al., 2025). Third, at the practical
level, our proposed framework is implemented and refined through
action research (Coughlan and Coghlan, 2002; Bagni et al., 2025) with
a global tool machine manufacturer, offering actionable guidance for
deploying DTs in production scheduling under uncertainty. Together,
these contributions strengthen the bridge between academic research
and industrial practice (Tortorella et al., 2023), positioning DTs as
enablers of the transition from 4.0 to a more human-centric Industry
5.0 (Breque et al., 2021), and directly responding to the open chal-
lenges of theorizing, designing, and implementing DTs in operations
and SCM (Brusset et al., 2025).

The structure of this paper is as follows: Section 2 reviews the
relevant literature on DTs and their integration with Al for produc-
tion scheduling. Section 3 presents the research methodology and
workflow adopted for this study. Section 4 provides details on the
intervention context and the production scheduling problem under
analysis. Section 5 introduces the proposed framework and highlights
its methodological contributions. Section 6 describes the development
process of the framework, followed by an analysis of the results in
Section 7. Section 8 discusses the implications of our findings, offering
insights from both theoretical and managerial perspectives. Finally,
Section 9 concludes the paper and suggests potential directions for
future research.

2. Theoretical background
2.1. Digital twins

DTs have become central to 14.0, providing digital representations
of physical systems that enable monitoring, simulation, and optimiza-
tion (Biesinger et al., 2019; Zheng et al., 2022; Grieves and Vickers,
2017). While DTs were initially applied in domains such as aircraft
prognostics and health management (Gockel et al., 2012; Seshadri and
Krishnamurthy, 2017), they have since expanded across manufacturing
and supply chains (Knapp et al., 2017; Wang et al., 2019; Ding et al.,
2019; Ciano et al., 2021). According to Brusset et al. (2025), DTs in
operations and SCM are characterized by four key features. First, a
DT is a digital representation of physical operations or supply chains.
Second, it relies on sensors and other technologies to connect to the
real world and capture changes in real time. Third, it provides ana-
lytics to support managerial decision-making (Ivanov, 2024). Finally,
it incorporates autonomous procedures to facilitate decision-making in
industrial settings.

Indeed, a growing body of research illustrates DTs’ potential to sup-
port decision-making and improve efficiency, for example, through cat-
egorization frameworks (Kritzinger et al., 2018; Sharma et al., 2022),
integration with AI and big data (Qi and Tao, 2018; Min et al., 2019;
Brusset et al., 2022), and case studies showcasing industrial applica-
tions (West et al., 2021; Onaji et al., 2022).

In supply chains, DTs are increasingly recognized as enablers of
resilience and efficiency, with applications ranging from procurement
and logistics to production planning (Ding, 2019; Semenov et al., 2020;
Lee and Lee, 2021). Several studies confirm a fast-growing interest in
DT-enabled supply chains, identifying key themes such as model design,
integration, and quality control (Bhandal et al., 2022; Lam et al.,
2023; Wang et al., 2024). Yet, despite this momentum, much of the
literature remains conceptual, focusing on architectures or hypothetical
scenarios, while practical implementations remain scarce (Berti and
Finco, 2022). Moreover, many Al-driven approaches rely on opaque
models, limiting adoption by practitioners seeking transparency and
trust (Carter et al., 2023).
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Brusset et al. (2025) emphasizes the need to theorize DT con-
cepts and propose concrete methods and technologies for their design
and implementation in supply chain and production contexts (Berti
and Finco, 2022; Brusset et al., 2022). In particular, open challenges
include clarifying how DTs enable predictive and prescriptive decision-
making (Sharma et al., 2022), how human-machine interaction can
support adoption (Ivanov, 2023; Kinra et al., 2020), and how DTs can
be designed to enhance organizational capabilities.

2.2. Intelligent digital twins for production scheduling

Al has demonstrated significant potential in production scheduling,
enhancing efficiency, adaptability, and responsiveness to dynamic in-
dustrial conditions (Del Gallo et al., 2023; Elbasheer et al., 2022). When
coupled with AL, DT can optimize integrated process and production
planning, as shown in deep RL and multi-agent frameworks applied
in real-world manufacturing (Miiller-Zhang et al., 2023; Bakopoulos
et al,, 2024). iDTs combine real-time system modeling, predictive
and prescriptive analytics, and adaptive decision-making capabilities,
enabling more autonomous and intelligent management of production
and supply chain operations.

However, implementing iDTs remains challenging due to large-scale
data management, integration with legacy systems, and the socio-
technical complexity of industrial environments (Ivanov, 2023). More-
over, the opacity of Al models often limits adoption. HITL mech-
anisms address this by allowing decision-makers to guide, validate,
and refine Al-driven recommendations while providing interpretable
explanations, hence fostering trust and collaboration between humans
and Al (Heydarbakian and Spehri, 2022; Yang, 2018; Mienye and Jere,
2024).

By embedding HITL processes within iDTs, users can actively con-
tribute domain expertise to the Al reasoning loop, improving the rel-
evance, reliability, and robustness of outputs. This combination of
intelligent automation and human oversight creates adaptive, human-
centric tools for production scheduling and SCM (Hines et al., 2025).
With these capabilities, iDTs can thus balance Al-driven analytics with
human intuition, supporting more informed, resilient, and transpar-
ent decision-making, and aligning with Industry 5.0 (Breque et al.,,
2021) principles of collaboration, sustainability, and human-centric
operations.

3. Research methodology

To address the above-mentioned gap, we conducted an interven-
tional study in a machine tool manufacturer. The intervention was
derived from action research (Oliva, 2019) aimed at solving a real com-
pany problem while also contributing to scientific knowledge (Shani
and Coghlan, 2021). The choice of this methodology for our empirical
work has been driven by the possibility of addressing real research
objectives within their natural setting (Schmidberger et al., 2009) while
gathering firsthand information and creating a new workable solution.
Being directly involved in the development of the solution allowed us to
gather more information than the one usually achieved through other
methodologies, such as case studies. Furthermore, we were able to
validate our results in a real-world setting, increasing the validity of the
findings and taking into consideration the criticalities of the industrial
setting. Additionally, the use of action research approach allowed the
company to directly implement the solution, providing practical results
faster.
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3.1. Research setting

The intervention took place in Adige Spa (BLM Group), a com-
pany based in Italy that is the world’s leading manufacturer of high-
precision, high-performance CNC laser cutting, tube bending, and shap-
ing machines. More than half of the components used in the company’s
machines are outsourced, yet the company strives to maintain a lead
time of just three weeks. To achieve this, long-term production schedul-
ing is essential. Currently, production scheduling is predominantly
human-driven, with planners developing schedules based on various
factors, such as the expected machine delivery dates and the anticipated
arrival of outsourced components. Additional considerations, including
the availability of specialized workers and production capacity, are
incorporated to ensure balanced operations and to avoid bottlenecks
or disruptions in the production process.

The research originated as part of a broader strategic digitalization
program undertaken by Adige Spa in 2017. Within this initiative, the
company successfully implemented a Planning Management Assistant
(PMA), which has been in use for over six years. The PMA was designed
to synchronize real-time production with customer orders, ensuring the
alignment between production capacity and specific customer require-
ments. However, the complexity, uncertainty, and interconnectedness
of these factors highlighted the need for a digital solution capable of
managing these elements effectively. First of all, Adige Spa adopts a
multiple-sourcing strategy, which increases the complexity of goods
procurement due to the number of supplier relationships that the
company has to manage. Secondly, suppliers typically have visibility
only on the current orders received by Adige Spa; on the other hand, the
company already knows future demand, but keeps the opportunity to
allocate future orders to their portfolio of suppliers. Adige Spa is aware
of the benefits of information sharing with their suppliers; conversely,
an excess of real-time information exchange may create “nervousness”
in the supplier’s behavior (Danese et al., 2013). In fact, suppliers may
struggle to adapt to sudden shifts in demand, which could affect their
ability to meet production schedules. This emphasizes the need for
better synchronization and collaboration, enabling a more proactive
and responsive SCM process.

A DT emerged as a highly suitable approach, offering a comprehen-
sive digital replica of the production system. This not only enhanced the
production process management but also created momentum to extend
the scope of its application to the entire supply chain. Consequently, a
broader project was launched to develop a supply chain DT. Leveraging
data collected through SAP, the company initiated the development
of a DT of the production process, also including the supply chain,
integrated with an Al-driven demand forecasting system to support
simulations, and the ERP with selected suppliers.

Aligned with the real-time paradigm established through the devel-
opment of the PMA, the DT enables the company to model, simulate,
and optimize operations within a virtual environment, enabling plan-
ners to respond dynamically to changes, such as delays in component
deliveries or fluctuations in demand. Additionally, simulations exe-
cuted through the DT provide the ability to test and evaluate various
production scenarios, analyze system behavior, and proactively identify
potential issues. This facilitates informed, data-driven decision-making
even under conditions of uncertainty.

The visibility of customer orders within Adige Spa can extend up to
six months, especially when orders are placed with a late requested
delivery date. This extended visibility allows for a more informed
approach to production planning, though it also requires careful co-
ordination and flexibility. Production capacity adjustments are made
on a monthly basis, which helps to outline the overall production
schedule. This monthly planning serves as a framework to balance
available resources and demand. However, the production schedule is
continuously revised on a weekly basis to adapt to the pace of produc-
tion and the timely availability of external components. This frequent
revision ensures that the plan remains dynamic and can accommodate
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Fig. 1. Representation of the action research cycle composed of two iterations.

any unforeseen changes in production or supply. In some cases, cus-
tomer orders may be shifted or delayed, or external components may
not arrive on time. When this happens, there is a need for prompt
intervention in the production scheduling to minimize disruptions. This
flexibility is critical to avoid unnecessary storage costs or production
inefficiencies. The ability to quickly adjust the production plan ensures
that the company can remain agile, responding effectively to changes
in both customer demands and supply chain dynamics.

In this context, a DT facilitates a deeper understanding of the
system’s behavior by enabling the visualization of complex interde-
pendencies and bottlenecks. This is particularly critical in manag-
ing outsourced components, where unforeseen disruptions can cascade
through the production schedule. By embedding planners’ expertise
into a DT, the company not only preserves and disseminates this knowl-
edge across the organization but also enhances its planning capabilities
with advanced analytics and Al-driven insights. This ensures continuity
in decision-making, reduces the risk of disruption due to staff turnover,
and fosters organizational resilience. Ultimately, the DT aligns long-
term planning with the agility required in modern manufacturing,
ensuring the company can meet its lead time goals while maintaining
operational efficiency.

The DT infrastructure also enables real-time sharing of production
changes at Adige Spa with its suppliers, allowing them to promptly
adjust their capacity to accommodate unexpected shifts in demand.
This not only benefits Adige Spa by providing a cohesive environ-
ment for monitoring the supply chain’s status, but also incentivizes its
suppliers to share their information, enhancing overall supply chain
synchronization.

3.2. Research process

As illustrated in Fig. 1, the research adopted an iterative cycle com-
prising data collection, design, development, and evaluation. Through-
out this process, the research team contributed with their expertise
in DTs and process optimization, while the company provided critical
insights into the production scheduling process and the domain knowl-
edge required to address the specific scheduling problem. This collab-
orative approach ensured that the developed solution was both tech-
nically robust and aligned with the practical realities and challenges
faced by the organization.

The study spanned six months and was conducted in two iter-
ations. It began with meetings between the research team and key
stakeholders from Adige Spa. Participants included the Operations
Director (OD), who promoted the digitalization initiative; the Chief
Information Officer (CIO), who shared insights into the company’s
data structure and digital architecture; and the production planning
office staff, who provided hands-on insights into the processes and
validated the results. The discussions highlighted the need for a solution
capable of modeling the current state of the supply chain while offering
simulation functionalities to integrate forecasted data (customer orders)
and enhance mid-to-long-term production schedules. Additionally, to
align with Industry 5.0 principles, the OD emphasized incorporating

human-AI interaction, ensuring an HITL approach that complements
decision-making.

Simultaneously, a comprehensive literature review was conducted
to assess the current state-of-the-art in production scheduling. Internal
company documents on existing production scheduling (detailed in
Section 3.1) helped refine the problem model. Furthermore, historical
data related to customer orders, including expected component arrival
dates and delivery timelines, were shared. However, as noted by the
CIO, data availability was limited due to a transition to a new ERP
system in 2021, which hindered the proper migration of all required
information.

To address this limitation, synthetic datasets were generated based
on the structure of the provided data. These datasets were utilized
during the first iteration to assess the potential of the Al solution in en-
hancing production scheduling and to establish a testing environment
for integrating the solution into the DT framework. In the subsequent
phase, the selected algorithms were tested on real-world data to val-
idate their applicability and performance in a practical context. To
further evaluate the results, the research team collaborated with the
production planning office to analyze the system’s effectiveness and
usability. During these discussions, it became evident that improving
the transparency and understandability of the system’s logic was critical
to fostering acceptance and adoption among the staff.

This need led to the second iteration, which focused on enhancing
the interpretability of the system’s recommendations. Decision trees
were integrated for their transparency, and experiments with LLMs ex-
plored user-friendly explanations, bridging Al insights with stakeholder
trust. During this iteration, results were progressively presented to the
planners and the OD to validate their accuracy and gather feedback
for refining the DT recommendations. Once the solution demonstrated
satisfactory performance, discussions with the CIO were initiated to
plan the industrialization of the system and its integration into the
company’s information systems environment.

In line with (Reason and Bradbury, 2001) view that action research
should be assessed based on “quality rather than validity”, our inter-
vention was designed to meet the four criteria outlined in Levin (2003).
First, the research delivered a practical solution that the company has
successfully implemented. Second, the project addressed a real-world
challenge by focusing on improving the production scheduling process
and interpretability. Third, we worked closely with the company’s
team to develop a shared understanding, collaboratively interpreting
information and constructing a unified perspective. Lastly, our active
involvement throughout all stages of the development process un-
derscored the strong partnership between the research team and the
company.

4. Problem description and analysis

In this work, we considered a simplified segment of the supply chain
of the aforementioned manufacturing company. The objective of the
supply chain is to produce and deliver CNC machines for tube pro-
cessing in response to customer demand. The company manufactures
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two series of machines: group,; (comprising four types: m;, m,, ms,my)
and group, (comprising eight types: ms,...,m,), resulting in a total
of twelve configurations. Each machine follows a specific sequence of
production stages (¢, ... ,?;), requiring human resources with different
competencies (r|,r,,r;). These resources are available in sufficient
numbers to work on multiple machines concurrently across 20 assem-
bly areas. Production also depends on two semifinished components,
¢, and ¢,, supplied externally. Completed machines are transported by
trucks to logistics centers, with transportation time being a significant
factor. Efficient scheduling of customer orders and human resource
allocation on a daily basis is critical to optimizing the overall supply
chain. To accurately model the situation in the DT environment and
enable effective simulation, we represented the described manufactur-
ing system as an instance of Hybrid Flow Shop Scheduling (HFS) (Ruiz
and Vazquez-Rodriguez, 2010). The HFS is an operations management
strategy focused on the optimal allocation of resources to tasks (or jobs)
over time, with the goal of achieving specific performance objectives.
In HFS, jobs pass sequentially through multiple production stages,
each with parallel resources available. This configuration reflects real-
world complexities better than traditional flow shop models, where
each production stage is served by a single resource. In our context,
jobs represent customer orders of CNC machines, each defined by a
unique identifier, the machine type (m,), a delivery deadline (dd), and
the arrival dates of components ¢; (d,) and ¢, (d,). In our model,
a single human resource can work on only one machine at a time.
The production of a CNC machine can be started when an assembly
area is available. Each assembly area remains occupied by a job until
its completion, as preemption is not allowed. Given an input list of
customer orders, the objective of the problem is to determine a schedule
that optimizes performance according to a specific metric. Metrics
commonly studied for HFS problems (Li et al., 2011) include the
makespan (i.e., the total time required to complete all jobs), the total
flow time (i.e., the sum of the time each job spends in the system), the
total completion time (i.e., the sum of all job completion times), and
the total tardiness (i.e., the sum of delays beyond job deadlines). This
study focuses on minimizing the makespan, as this metric often reflects
efficiencies across other measures. The HFS problem is known to be
NP-hard, as demonstrated in Gupta (1988). This implies that finding
an optimal solution in polynomial time is infeasible. Using the standard
triplet notation for scheduling problems, as introduced in Graham et al.
(1979), the described problem can be formulated as:

FHk, ((P’})f:l)lelCmax

where FH, represents an HFS with k stages; (Pr,)i;l indicates that
each stage, t = 1,...,1, has r, identical human resources available in
parallel; M; refers to eligibility constraints, such as the requirement
that components ¢; or ¢, must be available before a job can proceed;
Chnax denotes that the objective is to minimize the makespan.

5. Methods

In the first iteration of the employed action research strategy (Fig.
1), we combined the simulation capabilities of a DT with various
optimization methods widely recognized in the literature as state-
of-the-art for process scheduling. These methods included a greedy
heuristic, Optuna (Akiba et al., 2019), a Genetic Algorithm (Forrest,
1996), Ant Colony Optimization (Dorigo et al., 2006), and an RL tech-
nique, namely Proximal Policy Optimization (PPO) (Schulman et al.,
2017). While these algorithms showed promising preliminary results
in tackling the production planning problem of interest within the
simulated environment, their opaque nature led to limited acceptance
among company stakeholders, who were reluctant to trust or deploy
in the field a system whose internal workings were hidden, difficult
to maintain, and debug. Statements such as “I'd like to know why the
system proposes [...]” or “I cannot understand [...]” by the planners and
the OD were quite frequent during the meetings in which the results

International Journal of Production Economics 291 (2026) 109841

of the first iteration were described. This drove the second iteration
of our intervention involving the interpretability of the outputs, which
constitutes the core contribution of this research.

The proposed methodology, called bt (Interactive Evolutionary
Learning Decision Trees), involves three phases:

Phase 1 employs an evolutionary algorithm to construct interpretable
decision-making policies represented as decision trees.

Phase 2 translates these models into natural language descriptions
for enhanced comprehensibility.

Phase 3 incorporates user feedback in an iterative process to refine
and improve the tree-based models based on human preferences. A
visual representation of the framework is provided in Fig. 2.

5.1. Evolutionary learning of interpretable decision trees

Our framework employs a flexible simulation—optimization method-
ology, integrating a simulation module with an evolutionary opti-
mizer to generate interpretable decision-making policies structured as
decision trees (Dhebar et al., 2020).

For the simulation module, we utilize AnyLogic (Company, 2024a),
a widely used simulation tool, to create a DT of the real-world system
of interest, accurately mapping all relevant details. This approach effec-
tively simplifies the process of modeling uncertainty and stochasticity,
which are inherent in industrial scenarios. For instance, in a supply
chain system, transportation times might vary due to factors such as
weather conditions, traffic congestion, or vehicle availability. Similarly,
in a manufacturing context, the production capacity may not be in line
with the requests, or qualified technicians may not be available at the
right time, leading to delays and disruptions in the production process.

For the optimization component, this work builds upon the method
proposed in Custode and lacca (2023), which employs a two-level
optimization scheme, implemented in Python, combining evolution-
ary computation and RL to train interpretable policies represented as
decision trees. Notably, while the original work primarily focused on
well-known yet somehow simplistic RL benchmark tasks from Ope-
nAl (Brockman et al., 2016), it did not explore the application of this
method in real-world deployment scenarios.

For the evolutionary component, the method uses Grammatical Evo-
lution (Ryan et al., 1998) to evolve a population of popg,. candidate
solutions (i.e., decision trees) across Ngen generations. Each solution in
the population represents a candidate policy in the form of a tree and
has a “genotype” (i.e., a numerical representation) encoded as a fixed-
length list of g, integers, where each integer is constrained to the range
[gmin’ gmax]'

The initial population is generated randomly, and the fitness of the
corresponding solutions is evaluated (see below). At each generation,
parent solutions are selected with tournament selection. In this method,
tze Solutions are chosen randomly, and the solution with the best
fitness (i.e., in our case, the lowest makespan) among them is selected
as a parent. These selected parents are then combined using a two-
point crossover operator (O’neill et al., 2003). This operation is applied
to selected parent pairs with a uniform probability c,. After crossover,
mutation is applied to each offspring with a mutation probability m,,.
For each “gene” (i.e., integer value) in a solution x on which mutation
is applied, there is a probability m, that it will be replaced with another
random integer value between g, and g.... The newly generated
offspring solutions replace the current population using a steady-state
selection replacement strategy (Custode and Iacca, 2023), where better
solutions are preserved in the population, ensuring robust candidates
persist across generations.
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* Why did you decide this?
« How can | trust this result?
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Fig. 2. Conceptual comparison between traditional scheduling approaches and the proposed Lot framework. At the top, traditional methods use black-box models,
where the internal workings are opaque to users, making trust, testing, and deployment challenging. Below is our Lot framework, which combines evolutionary
computation and reinforcement learning to train interpretable decision tree policies using DT simulations based on input data. Large Language Models generate
natural language explanations of these policies. Outcomes are presented through an intuitive web application. Users can provide feedback based on the model’s

logic and performance, influencing the next optimization steps.

5.1.1. Fitness evaluation

Fitness evaluation involves translating the individual genotype into
a phenotype (i.e., a decision tree) using production rules defined by a
problem-specific grammar G in Backus—Naur Form (BNF) (McCracken
and Reilly, 2003) as detailed in Custode and Iacca (2023). The resulting
tree consists of internal nodes, which evaluate conditions, and leaf
nodes s, that contain probability distribution functions p; : A — [0, 1].
These functions associate each possible action a € A with a probability
of being selected at leaf node s. Initially, the action probabilities in
the tree’s leaves are assigned randomly. The decision tree serves as
a policy z that interacts with the environment, modeled as a Markov
decision process, over e training episodes. The policy processes a one-
dimensional input feature vector, which encodes the current state of
the decision-making problem. Internal nodes evaluate conditions on
the input features, while the leaf nodes provide the action a € A
to be taken. Actions are selected using an e-greedy strategy, where
the action with the highest probability arg max, p,(a) is selected with
probability 1 — ¢, and a random action is chosen with probability e.
During the interaction with the environment, feedback in the form
of reward r is collected. This reward is the result provided by the
simulation module according to the decision performed by the policy
decision tree x, which, in our case, reflects the obtained makespan (or,
more specifically, its negated value, as the reward is to be maximized).
Throughout the training episodes, the tree’s leaf nodes are updated
using Bellman’s equation for Q-learning (Watkins, 1989):

ps(@) < (1 —a)py(a) + a(r + }'H}lf;lX{ps(a')})

where p,(a) is the probability of the last action « taken at leaf s, « is
the learning rate, y is the discount factor, r is the observed reward, and
a' denotes to the next action. Ultimately, the fitness f of a solution x,
encoding the policy =, is defined as the mean return across e episodes:

1 e
fo=< ; Ri(%)

where R;(r) represents the total reward accumulated during the ith
episode.

The Python-based optimizer and the Anylogic simulation module
are integrated through the open-source package ALPypeOpt (Ecandell,
2024). This package enables the execution of simulations using the

solution (and its corresponding policy) generated by the optimizer and
facilitates the retrieval of corresponding simulation results.

5.2. Natural language explanation

While decision trees are inherently interpretable, as their hierar-
chical structure allows for straightforward tracing of decisions, certain
aspects, specifically related to the domain or company dynamics, may
be unclear to general users interacting with the system. This lack of
clarity can potentially reduce understanding and trust in the model. To
address this challenge and further enhance the interpretability of the
decision trees, we propose generating natural language explanations
that describe the decision-making process. To this end, we follow the
methodology introduced in Ziems et al. (2023) and extended in Serafim
et al. (2024), which utilizes LLMs to generate textual explanations
of decision trees. The interaction with the LLM occurs exclusively
through text, making prompt engineering critical for obtaining high-
quality, coherent explanations. By leveraging well-structured prompts,
we ensure that the generated descriptions are comprehensible and user-
friendly. The key components of the prompt structure are as follows
(see Fig. 3 for a complete example):

Context. The prompt begins by outlining the context in which the
decision-making policy is applied. It describes the features used in
the decision tree, providing a brief explanation of each. Additionally,
it defines the possible outcomes, i.e., the terminal values at the tree’s
leaves, along with their meanings.

Decision tree representation. Since only textual inputs are used, the
decision tree must be converted into a text-based representation.
Previous research (Bhattacharya et al., 2023; Nam et al., 2024) has
shown that LLMs perform well with code-like prompts. To exploit
this, we developed an automated algorithm to transform the tree
structure into a code-like format.

Example. LLMs have demonstrated to give more appropriate responses
when a demonstration is provided (Brown, 2020). To guide the
model’s output, we include a sample decision tree paired with a corre-
sponding explanation. This example helps refine the LLM’s responses
by providing a clear reference for structure and style, improving ho-
mogeneity among the responses, and guiding the explanation toward
a human-understandable description.
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Suppose you have a dataset for production planning with the following features: order ID, machine
type, date of arrival of component cl1, date of arrival of component c2, and date of delivery. The
machine type can be any of the following: mi1, m2, m3, m4, m5, m6, m7, m8, m9, m10, mlil, or mi2.
The model generates a decision, represented as an integer priority level between 1 and 10. These
priority levels indicate increasing urgency, with 1 being the least urgent and 10 being the most
urgent.

if machine type == mi:
priority = 3
ellsel:
if date of arrival of ci1 < 20:
priority = 9
else:
priority = 5

A good explanation of such a decision tree would be: The machine type is the first factor in
determining priority. If the machine type is m1, it generally means the order is not urgent, so
the priority is set to low. If the machine type is different, the next factor is the arrival date
of a specific component. If this date is close, it signals that the order needs to be processed
quickly, resulting in a high priority. If the date is not close, the priority is set to a medium
level.

For the following question, please avoid discussing the underlying decision tree mechanism.
Instead, refer only to the relevant features in natural language, avoiding technical terms. All
features that are part of the decision process should be included in the explanation, but those
not used in the tree should not be mentioned. Additionally, avoid mentioning specific values and
focus on terms like "high," "medium," and "low" to describe priority levels.

Please explain the following decision tree:

...1input decision tree...

‘ For example, a decision tree might look like this:

Fig. 3. Prompt structure constructed following the template outlined in Serafim et al. (2024).

« Instructions. Following effective prompt strategies (Brown, 2020; Ser-
afim et al., 2024; Bubeck et al., 2023), we explicitly specify how the
LLM should structure its response. For instance, we ask it to mention
all features used in the decision tree, avoiding references to features
not present, and refraining from using technical jargon or numerical
values. By adhering to these guidelines, the LLM should generate
more succinct and accessible descriptions.

* Query. Finally, the prompt concludes with a direct request for an
explanation of the decision tree.

As detailed in Section 6, we employ multiple pretrained LLM models
to generate a variety of descriptions. This allows us to emphasize
different noteworthy aspects, providing users with a richer and more
complete explanation.

5.3. Human-driven refinement

Periodically, after a set number of generations in the evolutionary
process, the two best-performing decision trees from the current pop-
ulation are presented to the user together with their natural language
descriptions generated by the LLMs. These results are provided through
an intuitive, user-friendly web interface (Fig. 4). Through the interface,
the domain expert can cast a vote for the decision tree that best aligns
with their preferences. This vote directly influences the next generation
by adjusting the selection pressure during the parent selection process,
increasing the likelihood that the solution representing the chosen tree
will be chosen as a parent for the subsequent generation. As a result,
the algorithm is implicitly guided toward generating decision trees with
structures similar to the one favored by the user. In this way, it is
possible to exploit human knowledge to guide the automated learning
of the algorithm while, at the same time, the domain expert may gain
useful insights by observing the options proposed by the algorithm,
increasing their own knowledge.

This human-Al interaction cycle can be repeated as many times as
necessary, allowing the decision-maker to refine the proposed inter-
pretable policy until they are satisfied with the result. An overview of
the user interaction process is illustrated in Fig. 5.

6. Experimental setup

In this section, we provide an overview of the experimental design
employed to evaluate the proposed framework.

Table 1
Hyperparameter configuration.
Parameter Value Description
g 100 Length of each individual genotype.

Emin 0 Minimum value in genotype.

Zmax 40000 Maximum value in genotype.

pop_size 20 Number of solutions in the population.
cp 0.8 Probability of crossover between solutions.
m_p 0.6 Probability of mutation in a solution.
n_gen 100 Total number of generations.

t_size 2 Tournament size for parent selection.

a 0.001 Learning rate for Bellman’s equation.

y 0.05 Discount factor in Bellman’s equation.

€ 0.05 Exploration rate for e-greedy strategy.

e 5 Number of training episodes.

6.1. Computational setup

In this study, we utilized the free Personal Edition of AnyLogic 8.9.0.
To ensure the solution could be implemented by the company without
requiring specialized hardware, thereby minimizing implementation
costs, the experiments described in this paper were conducted on a
standard Windows 11 laptop. The system was equipped with a 14-core
Intel i7-12700H @ 2.30 GHz and 32 GB of RAM.

6.2. Optimizer and simulation setup

At the core of bt lies the evolutionary learning algorithm de-
scribed in Section 5.1. For the algorithm’s hyperparameters, we em-
ployed empirically validated values tailored to the use case at hand.
Table 1 summarizes the hyperparameter configuration. The evolution-
ary process was run for ng, = 100 generations. User feedback, as
described in Section 5.3, was integrated every 10 generations to guide
optimization.

A key aspect of the algorithm’s setup is the definition of a BNF
grammar, which translates an individual genotype into its correspond-
ing phenotype decision tree. To align with the peculiarities of the
scheduling problem described in Section 4, the grammar G is defined
as follows:

(bt) ::
(ify ::

(if)

if (cond) then (a) else (a) |
if {(cond,q) then (a) else (a)
(a) ::= leaf | (if)
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Decision tree

Tree 1 Tree 2

IF dd < 03/07/2026

| Priority: 8

IFmt =m1

I Priority: 3

Click on your choice to vote.

Vote for Tree 1 Vote for Tree 2

IF d1 < 12/04/2025

IF dd > 11/05/2025
I Priority: 2
I Priority: 5

I Priority: 6

Which decision tree is better?

Natural Language Description

Gpt-40 Llama 3.1 Mistral-large Phi-3-medium-4k-instruct

This decision tree evaluates the urgency of an order based on the delivery timeline
and specific machine type. First, it checks how soon the delivery is expected. If the
delivery is anticipated sooner, it then considers how early the component c; arrives.
If ¢4 arrives much earlier, the order is given a very high priority, suggesting the
order should be completed quickly. If ¢; does not arrive that early, the type of
machine is then assessed. For a certain machine type, the delivery timing is crucial:
if it's relatively close, the order is considered less urgent, and if it's much earlier, it is
given a medium priority. For other machine types, regardless of the delivery time, a
slightly higher priority than medium is assigned. If the delivery is not expected
soon, the order is considered not urgent and is assigned a lower priority.

Fig. 4. A screenshot of the web application featuring a navigation bar on the left, allowing users to access the two decision trees alongside their natural language
descriptions, displayed on the right for each of the four LLMs considered. The interface includes two buttons for users to vote for the decision tree that best
aligns with their preferences.
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Fig. 5. Schematic representation of the user interaction process. At each interaction step, the two best-performing decision trees are presented to the user through
the web application. The user’s vote increases the fitness of the selected tree, thereby raising its probability of being chosen as a parent during tournament selection.
Numerical values shown are illustrative only and do not correspond to actual experimental results.

(cond) ::= (input;) (comparison) (const;) |

(condeq)

(comparison) ::
(consty) ::
(consty) ::
(consty) ::
(constsz) ::

(consty) ::

(input,) (comparison) (consty) |

(inputz) (comparison) (constz) |

(input,) (comparison) (const,)

(inputy) = (consty)
<|>

my | my | ... [my

integer value € [0, max d, ]

integer value € [0, max d,]

integer value € [0, max dd]

integer value € [0, N]

In the grammar, the starting symbol (bt) expands into the (if)
symbol, whose corresponding production rule is used to generate the
internal nodes of the decision tree. These nodes define a condition,
a true branch (evaluated if the condition is true), and a false branch
(evaluated if the condition is false). The condition can be an inequality
comparison ((cond)) or an equality comparison ((cond.)). The result of
evaluating a logical statement ({(a)) expands into either another internal
node or a leaf node. Using this grammar, an individual genotype is
translated into a phenotype decision tree which serves as a policy =
for interacting with the training environment over e episodes. Fig. 6
provides an example of this genotype-to-phenotype translation.

In each episode, the policy is used to schedule N customer orders
for CNC laser-cutting machines. Orders are processed one at a time,
with each order represented as a five-dimensional feature vector. The
features include:
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if <cond> then <a> else <a>

if <inputz> <comparison> <constz2> then <a> else <a>
if <inputz2> > <constz2> then <a> else <a>

if <input2> > 66 then <a> else <a>

if <inputz2> > 66 then leaf else <a>

if <inputz2> > 66 then leaf else leaf

phenotype

Fig. 6. Translation of an individual genotype to a phenotype decision tree using grammar G. Note that with a starting date of July 22, 2024, the value 66
corresponds to September 26, 2024, i.e., 66 days later. Details about the procedure are provided in Custode and Iacca (2023).

inputy, representing the machine type (m,);

input;, representing the arrival date (d,) of component c;

input,, representing the arrival date (d,) of component c,;

inputs, representing the customer delivery date (dd);

input,, representing the number of remaining orders at the time of
processing the current input.

Starting from the root node, the decision tree evaluates order fea-
tures at internal nodes and traverses branches until reaching a leaf. The
machine type feature (inputy) is used in equality comparisons, appear-
ing on the right side of the equality production rule ({cond.q)), while
the other features (const; to const,) are used in inequality comparisons,
appearing on the right side of the inequality production rule ({cond)).
Features input; through input, are compared to constants (const; to
const,) associated to their corresponding dataset’s ranges. For instance,
input; (d,) is compared against values between 0 and the maximum d,
in the dataset. This design choice simplifies the search space, hence
facilitating algorithm convergence toward better solutions. At the last
level of the decision tree, leaf nodes assign priority levels from 1 to 10
to input orders.

At the end of each episode, the policy = assigns a priority level
to each of the N customer orders, reflecting their urgency in the pro-
duction plan. These priority levels are converted into priority numbers
by dividing the range [0, N] into 10 equal intervals and randomly
selecting a value from the corresponding interval for each level. This
approach further reduces the search space and aids convergence. Using
the assigned priority numbers, customer orders are sorted by priority
to generate a permutation. However, this permutation does not include
all design variables required to construct an HFS schedule. Prior stud-
ies (Urlings et al., 2010; Yu et al., 2018) highlight that optimizing all
HFS design variables simultaneously results in an overly large solution
space, making the search inefficient within feasible computational
budgets. To address this, we adopt list scheduling (Oguz and Ercan,
2005; Rashidi et al., 2010; Pan et al., 2017) as a surrogate heuristic
to derive the actual production plan from the priority-sorted order
list. In this approach, assembly areas of the manufacturing floor are
allocated to orders based on their priority as soon as the areas become
available. When an area is freed and orders remain in the queue, the
highest-priority order that has not yet entered production is assigned
to the available space. Similarly, at the start of each production day,
human resources are allocated to the CNC laser-cutting machines to
produce according to their priority. The heuristic processes machines
in descending priority order and checks whether required components
(c; and/or ¢,) are present or not needed, and whether sufficient human

resources are available for the current production stage. If these con-
ditions are met, resources are reserved; otherwise, the heuristic moves
to the next job without delays. Since the objective is to optimize the
makespan, all operations are initiated as early as possible.

The initial probabilities for a leaf node to assign different priority
levels are randomized. As described in Section 5.1, these probabilities
are refined iteratively based on feedback from the environment. The
reward, derived from the makespan achieved at the end of a simulation,
guides this adjustment. The simulation is executed using the DT devel-
oped in AnyLogic, which effectively models the relevant supply chain
segment. This model captures key complexities and peculiarities of the
system, including stochastic elements and uncertainties, hence provid-
ing an accurate representation of the real-world processes. For instance,
transportation times for delivering completed CNC machines to logistics
centers follow probability distributions, reflecting real-world variability
and delays.

To prevent overfitting to input order sequences, the order list is ran-
domly shuffled at the start of each simulated episode. This ensures the
policy depends on actual order features rather than sequence-specific
patterns.

6.3. Baseline (without human-driven refinement)

To assess the quality of ELpT, we compare it with a baseline IAI
approach called evpr. This latter shares the same optimization algorithm
as IELDT, but it excludes user interaction during the optimization process.
Instead, eLpT autonomously performs the two-level optimization scheme
described in Section 5.1, refining an interpretable decision tree policy
based solely on feedback from simulations with the DT. For a fair com-
parison, both methods use identical hyperparameter configurations,
grammar definitions, and computational budgets.

6.4. Large language models

We conducted experiments to evaluate various prompt structures,
iteratively refining them until achieving the final version shown in Fig.
3. The language models utilized in this study are:

+ gpt—-4o0 by OpenAl (OpenAl, 2024)

» meta-llama-3.1-405B-instruct by Meta (Meta, 2024)
« mistral-large-2407 by Mistral Al (A, 2024)

+ phi-3-medium-4k-instruct by Microsoft (Face, 2024)

No fine-tuning or additional modifications were applied to the pre-
trained models. Interactions with the models were conducted through
their respective publicly available APIs.
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6.5. Datasets

The specificity of the scenario under investigation precludes the
availability of benchmark datasets. The proposed methodology was
evaluated using four synthetically generated stochastic datasets (d1-d4)
and validated on a real-world dataset (d5). The real-world dataset (d5)
includes 345 customer orders for m; and ms laser-cutting machines from
2021 to 2024, provided by Adige Spa. These customer orders were
made accessible to the DT through the SAP Manufacturing Integration
and Intelligence (SAP MII) system (Company, 2024b), which provides
an interface between SAP ERP and operational applications. For all
experiments, the number of human resources was fixed as r| = r, =
r; = 5. Dataset d1 contains 100 customer orders with machine types
(m,) randomly assigned. The arrival dates (d;, d,) of components ¢,
and ¢, are random values between 1 and 20 days from the simulation
start. The delivery date (dd) is set to d, plus a random number of days
between 20 and 50, reflecting the company’s lead time. Dataset d2 fol-
lows the same structure as d1, but is restricted to machines belonging
to group,. Dataset d3 also mirrors d1, focusing exclusively on group,
configurations. Dataset d4 includes 100 orders with machine types
(m,) uniformly sampled from all available categories. The considered
production period spans one year and is divided into five periods, each
covering approximately 73 days. Orders are assigned to these periods
randomly, with d;, and d, set within the corresponding period’s day
range, and dd calculated as d; plus a random number of days between
20 and 50.

7. Results

Due to the stochastic nature of the proposed methodology, the
reported results are based on experiments from 10 independent runs
for both ELbT and ELpT.

The plots in Figs. 7 and 8 show the makespan (y-axis) as a result of
the AnyLogic simulation, plotted against the number of evaluations (x-
axis), which represents the number of executions of the DT simulation.
Fig. 7 focuses on the stochastic datasets (d1 to d4), while Fig. 8 reports
the performance observed on the real-world dataset (d5). These results
serve as a measure of production scheduling quality, with the policies
generated by ELDT represented by the green curve and those from erpt
(the baseline without human-driven refinement) by the blue curve.

Fig. 9 displays the best decision tree policies (i.e., those that resulted
in the lowest makespan in the DT simulation) obtained by the two
algorithms across the 10 runs in the case of dataset d5. For the policy
generated by Lot (on the right), we provide the natural language
explanations derived from the four LLMs, which are reported in Table
2.

The obtained results provide evidence of the effectiveness of the
proposed IAI method in addressing the SCM problem under investi-
gation. From prior research, currently under review, we have already
established that ot achieves performance on par with, and in some
cases better than, black-box optimizers such as Optuna (Akiba et al.,
2019), a Genetic Algorithm (Forrest, 1996), Ant Colony Optimiza-
tion (Dorigo et al., 2006), and PPO (Schulman et al., 2017) across
various SCM tasks. These findings challenge the prevailing notion
that there exists a trade-off between interpretability and performance,
suggesting that interpretable decision-tree-based policies can deliver
high performance while offering significant advantages in terms of
understandability and trustworthiness (Zhou et al., 2024; Rudin, 2019).

When comparing eLot with the ELpT variant introduced in this work,
the plots in Fig. 7 and 8 show that bt performs comparably to Lpt
across synthetic (Fig. 7) and real-world (Fig. 8) datasets. However,
by incorporating human feedback into the optimization process, ELDT
demonstrates faster convergence, achieving an up to 21% improve-
ment (in terms of number of evaluations needed to achieve the same
makespan, on average across 10 runs), as well as lower makespan in 3
out of 5 cases (including the real-world one).

10
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To assess the statistical significance of such performance improve-
ment, we conducted a statistical analysis applying the Wilcoxon test
(¢ = 0.05) on the number of evaluations required by iELpt, for each
of the 10 runs on each dataset, to achieve the same solution quality
achieved at convergence (identified as the earliest evaluation step at
which its makespan reaches its lowest value and remains constant) by
eLpt. This analysis reveals that the convergence improvement provided
by iELpT is statistically significant (¢ < 0.05) on two out of five datasets.
While the remaining datasets do not meet the threshold for statistical
significance, the p-values are still relatively small. For instance, on the
real-world dataset d5, the p-value is 0.069.

Overall, these results underscore the importance of human-AI col-
laboration, allowing domain experts to actively (and effectively) guide
the optimization process toward solutions that align more closely with
their expertise, preferences, intuition, and practical considerations.

It is important to emphasize once more that the interpretable na-
ture of the decision tree generated through our framework is key for
enabling effective human-Al interaction. As illustrated in Fig. 9, our
interpretable framework provides transparent and explainable policies,
while demonstrating proficiency in addressing the company’s produc-
tion scheduling challenges. While black-box optimization processes
could in principle incorporate HITL interventions, their opaque internal
workings typically restrict user feedback on the final results and perfor-
mance metrics, rather than the algorithmic logic that achieved them.
In contrast, with 1ELDT, users can trace causal relationships and fully
understand the model’s decision-making logic and performance, which
in turn fosters deeper insight and more meaningful collaboration, and
simplifies deployment through reduced testing and easier debugging.
Beyond prioritizing input orders, the decision tree can also enhance
stakeholder understanding by potentially revealing hidden correlations
and patterns, informing strategic decisions, and deepening insights into
system dynamics. This approach encourages greater adoption of Al
solutions by addressing the barriers posed by the opaque nature of
conventional machine learning and optimization methods, which often
hinder widespread implementation in industrial settings.

Finally, Table 2 highlights the ability of LLMs to generate clear,
concise descriptions of the decision-making process, validating the
prompt-generation strategy detailed in Section 5.2. The iterative di-
alogue facilitated by these models between Al systems and human
experts fosters trust and engagement, refining policies to better align
with human expertise and operational needs.

As a side note, AnyLogic has proven effective for developing the DT
of the manufacturing floor and supply chain. Using the HFS framework,
it enabled us to create detailed simulations of operations with a level of
detail that would be impractical using purely analytical methods or tra-
ditional modeling approaches. Its intuitive graphical interface and 3D
visualization capabilities empowered the company experts to actively
participate in the design and analysis processes, mapping relevant
supply chain details accurately. Additionally, visualizing the proposed
production plans in a virtual environment allowed the stakeholders to
develop an accurate intuition of their impact on the overall supply
chain comprehensively.

8. Discussion

This study underscores the importance of aligning Al technolo-
gies with stakeholder needs, emphasizing transparency, usability, and
human-AI collaboration. Our findings highlight in particular how IAI
and simulation—optimization frameworks can bridge the gap between
theoretical advancements in iDTs and their practical application in
SCM (Hasija and Esper, 2022b). Building upon the results presented
in the previous section, we now discuss the main implications of the
introduced iDT framework in the context of SCM.
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Fig. 7. Makespan (in days) (y-axis) versus simulation runs (x-axis) achieved by the best decision-making policy obtained using eror (blue curve) and iELpt (green
curve) on the stochastic datasets d1 to d4. Vertical dashed lines indicate user interactions during the optimization process, with green dots showing the makespan
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Descriptions generated by the four LLMs for the decision tree produced by bt shown in Fig. 9 (right).

gpt-40. This decision tree evaluates the urgency of an order based on the delivery timeline and specific machine type. First, it checks
how soon the delivery is expected. If the delivery is anticipated sooner, it then considers how early the component ¢, arrives. If ¢,
arrives much earlier, the order is given a very high priority, suggesting the order should be completed quickly. If ¢, does not arrive
that early, the type of machine is then assessed. For a certain machine type, the delivery timing is crucial: if it is relatively close, the
order is considered less urgent, and if it is much earlier, it is given a medium priority. For other machine types, regardless of the
delivery time, a slightly higher priority than medium is assigned. If the delivery is not expected soon, the order is considered not

urgent and is assigned a lower priority.

meta-llama-3.1-405B-instruct. Looking at the priority assignment, it is clear that timing plays a significant role. Orders with an
imminent delivery and early arrival date of component ¢, are considered highly urgent. However, if the arrival date of component ¢, is
not as early, the type of machine comes into play. Machines of a certain type tend to have lower to moderate priority, especially if
their delivery is not as rushed. On the other hand, machines of a different type generally have a moderate priority level. Orders with a

more relaxed delivery timeline are assigned a lower priority.

mistral-large-2407. When planning the production, the date of delivery is the first factor we consider. If the delivery date is relatively
close, we take a closer look at the date of arrival of ¢,. If ¢, is expected to arrive soon, the priority is set high, as both the delivery and
key component arrival are imminent. If the ¢, arrival is not as urgent, we then consider the machine type. For machine type m,, we
further evaluate the delivery date. If the delivery date is quite close, the priority is set low, as there is still some time. However, if the
delivery date is more urgent, the priority is set to a medium level. For other machine types, the priority is set slightly higher than the
medium level, as these types might have different urgency considerations compared to machine type A. If the delivery date is not as
pressing, the priority is set low since there is ample time for production scheduling.

phi-3-medium-4k-instruct. For this decision tree, the order’s priority level depends on a few key details: the delivery date, the
component ¢, arrival date, and the machine type. If the order’s delivery date was relatively recent, the tree then checks how long ago
¢, arrived. If this happened quite a while ago, the tree looks at the machine type to further inform the priority. When the machine type
is m,, it seems like this type of machine does not require immediate attention, provided the delivery date is quite some time in the
past. However, if it is a fairly recent delivery date, then regardless of the machine type, the priority is usually higher. On the other
hand, if the delivery date is older than a month or so, the priority tends to be lower, but it still depends a bit on the machine type and
¢, arrival date. Overall, the delivery date typically has a strong direct impact on determining the order’s priority, but this may be
influenced by the ¢, arrival date and the type of machine being used.

8.1. Performance implications

At this stage, quantitative indicators are still under development
since more time is required to effectively assess the results and pre-
liminary tests are currently underway at Adige Spa. However, it is
possible to provide several qualitative insights and implications that
clearly validate the quality of the proposed approach, while monitoring
the current behavior of the system. The implementation of our iDT
framework supports planners in production scheduling by enabling
them to make informed decisions about the prioritization of orders.
The recommendations generated by the framework take into account
not only the current and past orders but also incorporate data about
the forecasted demand provided by the marketing office, providing a
comprehensive view of the production landscape.

By integrating forecasted order data into the proposed iDT, it may
be possible to complement the framework proposed in Park et al.
(2021). Indeed, our framework enables the simulation of mid-term
supply chain behaviors, empowering planners to prioritize produc-
tion while also having a long-term perspective, allowing for strategic
decision-making. This is particularly valuable as it would allow for
more proactive, rather than reactive, scheduling decisions. For instance,
in addition to considering immediate customer demands, planners can
use our framework to anticipate potential future demand fluctuations.
This foresight can enhance the production scheduling process by en-
abling decision-makers to develop strategies based on projected supply
and demand dynamics. By utilizing simulated scenarios, planners can
assess the outcomes of different actions in various conditions, whether
under high demand, low demand, or other supply chain disruptions.

As confirmed by the OD, in a best-worst case analysis, planners
can use this framework to model and simulate supply chain behaviors
under various demand scenarios. For example, if there is a sudden
surge in demand, the iDT can help planners identify how to adjust
production schedules and resources accordingly to meet these de-
mands, while simultaneously identifying potential bottlenecks or re-
source shortages. Similarly, during periods of low demand, planners can
adjust their operations to minimize idle resources, optimize capacity,
and avoid overproduction. These capabilities enable the adjustment of
production capacity to accommodate fluctuations, reducing the risk of
both underproduction and overproduction, which could lead to costly
inefficiencies (e.g., due to high storage costs) or disruptions.
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Moreover, the insights generated by the proposed iDT framework
can be shared with suppliers, fostering better coordination across the
supply chain. By providing suppliers with access to estimated de-
mand and expected delivery times, the framework can enable suppliers
to plan their production and inventory strategies more effectively.
This improved alignment between the company and its suppliers can
help reduce lead times, minimize disruptions, and optimize inven-
tory management. In particular, sharing forecasted demand data with
suppliers can reduce the likelihood of stockouts or inventory surplus,
contributing to smoother operations and better responsiveness to mar-
ket changes. Furthermore, by promoting the exchange of Al-driven and
DT-enhanced insights along the supply chain, our framework can fa-
cilitate the coordinated use of these technologies across organizational
boundaries. This aligns with the principles highlighted in Klumpp and
Ruiner (2022), advocating for the integration of AI and DT solutions to
achieve holistic and synchronized SCM.

Additionally, this collaborative approach can play a pivotal role in
the development of new supplier contracts or agreements. By incorpo-
rating the data and insights provided by the iDT into contract terms,
both the company and its suppliers can gain greater flexibility in pro-
duction scheduling. This flexibility facilitates better alignment between
the production capacities and the timelines between the two parties,
ensuring a more resilient supply chain. Moreover, this collaboration
can also help avoid the financial consequences of underproduction or
overproduction.

8.2. Performance in case of rescheduling

As seen earlier, our proposed interactive, simulation-based opti-
mization framework, ELpt, produces interpretable scheduling policies
in the form of decision trees. The policy optimization is performed
directly on the actual set of customer orders available at execution
time, combined with the real-time state of the production floor and
supplier ecosystem. By initializing the DT directly from the real system,
we avoid the manual parameter setup typically required in traditional
simulation-based approaches (Wooley et al., 2023). Furthermore, the
resulting policy is robust for scheduling the set of orders, even under
minor deviations. Nonetheless, real-world execution may diverge from
the initially expected conditions during order processing.
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Fig. 10. Computation time (in seconds) for rescheduling as a function of the number of customer orders. Reported values exclude user interaction time to focus

on the computational effort of the optimization process.

To address this, our HITL framework can be rerun on the updated
system state, which essentially includes the current list of customer
orders. This rescheduling operation can be triggered either periodically
(e.g., every one to two weeks) or in response to major disruptions
that affect production plans. This generates a new policy tailored
to the current situation, helping maintain reliability over time. This
approach is particularly suitable for the company under study, which
manufactures CNC laser cutting machines with relatively long lead
times, making online policy adjustments both feasible and effective.
We note that in environments with very short production cycles, where
rescheduling may be needed on an hourly basis, seamless application
of our framework would be more challenging, though this limitation
does not affect our use case.

To provide practitioners with practical evidence, we evaluated the
computational effort required for rescheduling. Testing rescheduling
with real-world production data was not feasible within the scope of
this study, since the company has only recently begun systematic data
collection, and its historical records are limited, heterogeneous, and
insufficient for meaningful analysis. We therefore conducted synthetic
experiments to assess scalability. Fig. 10 reports the computation time
required by our approach as a function of the number of orders to
be scheduled (ranging from 100 to 1000). These experiments reflect a
realistic rescheduling setting, where the decision-maker optimizes the
policy on the current list of active orders, showing how the required
time scales with input size. For clarity, the reported results exclude user
interaction time, which is highly variable and depends on the individual
decision-maker; including it would not allow for a meaningful or
generalizable evaluation. The plot shows that the execution time of the
rescheduling process scales linearly with the number of orders. Even
for long input lists of up to 500 customer orders, the computation time
remains within practical bounds for real-world use. In the case of Adige
Spa, where the number of orders rarely exceeds 400, the approach
proves well-suited to operational needs.

8.3. Reflections on implementation and action research

In collaboration with Adige Spa, a reflection on the overall action
research process was carried out, considering both operational and
managerial perspectives. Three key factors influencing the process were
identified. First, the strong push by the OD toward implementing
new digital technologies played a crucial role. This initiative not only
provided the necessary momentum for the project but also facilitated
the involvement of a diverse range of stakeholders within the company,
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from operational staff to senior managers. This multi-level engage-
ment ensured a comprehensive understanding of the challenges and
opportunities associated with the proposed iDT framework and enabled
access to information and data collection. Second, the need to adapt the
company’s existing technological architecture and data management
processes emerged as a significant factor. The information-intensive
requirements of the iDT framework necessitated the development of
tailored solutions to address data integration and quality. This adap-
tation process was instrumental in aligning the iDT framework with
the company’s digital ecosystem. Third, the emphasis on fostering
human-AI collaboration underscored the importance of creating an in-
terpretable and user-friendly system. By incorporating HITL principles,
the framework not only improved decision-making processes but also
facilitated trust and adoption among staff. This focus on interpretability
ensured that the recommendations provided by the iDT were accessible
and actionable, bridging the gap between advanced Al capabilities and
practical usability.

The implementation into the production environment of the iDT
is still in progress; we are currently planning the next phases of the
process and reflecting on the