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Abstract

INTRODUCTION: In Industry 5.0 manufacturing systems, adaptive decision support is required to handle demand
fluctuations, machine degradation, and operational feasibility constraints under human supervision. However, existing
digital twin and data-driven approaches remain primarily focused on monitoring or forecasting, with limited integration into
decision-oriented production control and feedback adaptation.

OBJECTIVES: This study aims to develop a human-in-the-loop adaptive production decision-support framework that
transforms external demand signals into feasible, risk-aware, and reviewable production actions by integrating demand-
production state fusion, digital twin-based constraints, structured generative decision decoding, and feedback-driven
updates.

METHODS: A constrained decision-making system is constructed using Online Retail IT and AI41 2020 datasets. A unified
state representation is learned by fusing demand indicators with manufacturing digital twin variables. A constraint-guided
policy decoder is designed to generate discrete production actions under feasibility constraints rather than performing
demand forecasting. Human feedback is encoded into subsequent decision states to enable iterative adaptation. The model
is trained via a unified optimization objective balancing demand alignment, risk control, and explanation consistency.
RESULTS: Experimental results on two datasets show that the proposed framework achieves improved demand-production
alignment while consistently reducing manufacturing risk exposure and human override rates compared with forecasting-
based and decision-oriented baselines.

CONCLUSION: The proposed framework demonstrates that integrating digital twin constraints, constrained generative
decision-making, and human feedback enables a shift from demand prediction to feasibility-aware production decision
optimization, improving safety, interpretability, and human acceptability in Industry 5.0 manufacturing systems.

Keywords: industry 5.0, human-machine collaboration, digital twin, generative artificial intelligence, adaptive production decision
support
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1. Introduction Demand fluctuations may require changes in production
priority, capacity allocation, delivery scheduling, or

Industry 5.0 emphasizes human-centred, resilient, and maintenance timing [3,4]. However, such responses cannot
adaptive manufacturing, where production systems must  be determined from demand information alone; feasible
respond to dynamic demand, equipment risk, and human  decisions must also consider machine condition, capacity
decision input while maintaining operational feasibility [1,2].  utilization, quality deviation, failure risk, and expert
judgement. Therefore, this study focuses on adaptive
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production decision support by transforming external demand
changes and manufacturing states into feasible, risk-aware,
and interpretable production suggestions.

Existing studies provide useful foundations. Digital twin
methods support equipment monitoring, simulation, and
manufacturing-state ~ representation [5,6]. Demand
forecasting models predict order trends and variations, while
Generative Al supports industrial recommendation and
explanation. Human-in-the-loop manufacturing studies
emphasize expert supervision. However, these approaches
generally address monitoring, prediction, recommendation,
or review separately rather than integrating demand variation
with feasible production response.

The core gap lies in the lack of a mechanism connecting
demand variation, manufacturing feasibility, constrained
recommendation, and  feedback-based  adjustment.
Forecasting methods identify demand changes but do not
determine whether responses are feasible under capacity or
machine-risk constraints [7]. Digital twins describe
manufacturing states but are often used for monitoring rather
than demand-responsive decision generation [8]. Generative
Al can provide recommendations and explanations, but its
outputs require operational constraints to avoid infeasible
decisions. Human feedback can correct unsuitable
suggestions, but without being incorporated into subsequent
states, such correction remains a one-time adjustment.

To address this gap, this study proposes a human-in-the-
loop adaptive production decision-support framework for
Industry 5.0 manufacturing. External demand signals are
integrated with digital twin states to jointly consider capacity,
machine condition, quality deviation, and failure risk. A
constraint-guided structured policy decoder generates
production suggestions under feasibility constraints, while
review feedback updates subsequent decision states. Here,
generative decision refers to structured generation of
production actions and explanations from fused states rather
than free-form language generation by a large language
model. E-commerce transaction data are used only as external
demand signals rather than the central research object. The
framework is mainly applicable to manufacturing scenarios
with dynamic demand fluctuations, equipment-risk-sensitive
decisions, and human review processes, such as order-driven
and multi-variety small-batch production.

The framework includes three modules. The demand-
production state fusion module connects market demand
indicators with manufacturing feasibility variables. The
structured policy decoder generates production adjustment,
maintenance review, or human confirmation actions. The
human-in-the-loop module records review outcomes,
simulated override events, and revised actions in the
controlled evaluation for later updates.

Different from constrained optimization with manually
designed objectives, the proposed framework learns
structured mappings between heterogeneous states and
feasible actions. Unlike digital twin scheduling methods that
mainly optimize internal processes, digital twin states are
used as feasibility constraints for demand-responsive
decisions. Compared with rule-based and reinforcement
learning methods, the framework avoids fixed rules and

reward-driven exploration through constraint-guided policy
inference and feedback updates. Therefore, the proposed
method serves as a decision-support framework for assisting
production planners rather than replacing fully automated
production-control systems.

The contributions are threefold. First, this study formulates
adaptive production decision support as a demand-production
alignment problem under manufacturing feasibility
constraints. Second, it designs a constraint-guided structured
decision mechanism linking production suggestions with
capacity, risk, delay, and explanation consistency. Third, it
evaluates manufacturing alignment, risk control, and
simulated feasibility-review consistency using demand-
production matching error, risk exposure, and simulated
Human Override Rate (sHOR), with explanation consistency
analyzed as an auxiliary reviewability indicator.

2. Related Works

This section reviews studies related to adaptive production
decision support for Industry 5.0 manufacturing [9]. Existing
research can be grouped into four streams: demand-driven
production planning, digital twin-enabled manufacturing
support, generative Al for industrial recommendation and
explanation, and human-in-the-loop manufacturing decision-
making [10]. These streams provide useful foundations, but
they have not fully connected demand fluctuation,
manufacturing feasibility, risk-aware recommendation, and
feedback-based adjustment into an integrated production
response mechanism [11].

2.1. Demand-Driven Production Planning and
Forecasting

Demand-driven planning methods help enterprises anticipate
market changes and adjust production or inventory decisions
[12]. Traditional statistical models and recent machine
learning methods are widely used to predict order volume,
category-level demand, seasonal variation, and sales trends
[13]. These methods transform historical transaction data into
demand indicators for planning and resource preparation,
while recent models better capture nonlinear demand patterns
and short-term fluctuations [14].

However, demand forecasting mainly provides market-
side prediction rather than manufacturing-side response. A
predicted demand increase does not directly indicate whether
production should be increased, delayed, or reviewed,
because the decision also depends on capacity utilization,
machine condition, tool wear, quality deviation, and failure
risk [15]. This study differs from forecasting-oriented work
by focusing on converting external demand signals into
feasible production adjustment suggestions [16]. The gap is
that demand-driven methods capture market variation but do
not sufficiently model the feasibility mechanism behind
production response.
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2.2. Digital Twin-Enabled Manufacturing State
Representation

Digital twin methods support smart manufacturing by
representing the real-time or near-real-time state of
production systems [17]. Existing studies use digital twins for
equipment monitoring, production simulation, dynamic
scheduling, and process optimization [18,19]. These methods
improve manufacturing-state visibility by linking physical
equipment with virtual representations, helping describe
machine condition, process status, capacity utilization, and
failure risk [17,20]. Recent studies further extend digital
twins toward intelligent decision support by integrating
operational data, predictive analytics, and adaptive
optimization mechanisms, enabling more responsive
manufacturing management [20].

Nevertheless, many digital twin studies mainly emphasize
monitoring, simulation, or internal scheduling support. They
do not always explain how external demand disturbances
should be interpreted with digital twin states to generate
concrete production adjustment suggestions. Related digital
twin scheduling studies provide useful optimization
mechanisms, but they usually treat production objectives and
constraints as internal manufacturing variables [18,19]. This
study differs by using digital twin states as feasibility
constraints within a demand-responsive decision-support
process. The gap is that digital twin methods provide
manufacturing awareness, but the transformation from state

awareness to  demand-responsive and  risk-aware
recommendation remains underdeveloped.
2.3. Generative Al for Industrial

Recommendation and Explanation

Generative Al has been applied to industrial scenarios such
as scenario generation, decision recommendation, knowledge
summarization, and explanation generation [21,22]. Recent
research has explored large-scale generative models for
manufacturing knowledge assistance and human-centered
decision support, demonstrating their potential for
interpreting complex industrial information and generating
actionable suggestions [21,23]. Compared with conventional
predictive models, such models can translate complex
industrial states into readable recommendations and
explanations for human-machine collaborative decision-
making [24,25].

However, generative Al creates a specific risk in
manufacturing applications: a recommendation may be
linguistically plausible but operationally infeasible due to
hallucination, insufficient grounding, or missing operational
constraints [26]. Recent studies have systematically
investigated hallucination and trustworthiness issues in large
language models, emphasizing that generated outputs may
lack factual consistency and reliable grounding even when
they appear fluent and coherent [27]. If generation is not
constrained by capacity, machine risk, maintenance
requirements, and response delay, the model may recommend
production increases simply because demand is rising, even
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when equipment conditions do not support them. To improve
output reliability, recent work has further explored constraint
decoding strategies that control black-box language-model
outputs through predefined constraints rather than
unconstrained generation [28].

This study differs by treating generative decision-making
as a constraint-guided structured policy-decoding process
rather than free-form text generation. Existing generative Al
methods support recommendation and explanation, but their
outputs are not always explicitly restricted by manufacturing
feasibility conditions. The proposed framework addresses
this gap by applying constraint projection to the candidate
action space before final action selection.

24. Human-in-the-Loop
Decision Support

Manufacturing

Human-in-the-loop manufacturing research emphasizes that
expert judgement remains necessary in Industry 5.0 systems
[29]. Recent human-centered Al studies further highlight the
importance of combining automated intelligence with human
oversight to improve trust, accountability, and operational
acceptance in industrial decision-making environments [30].
Human operators can assess contextual risk, correct
unsuitable recommendations, and determine whether
automated suggestions are acceptable in actual production
conditions. These studies prevent decision support from
becoming fully automated and disconnected from operational
knowledge, while also improving trust, interpretability, and
accountability [31].

However, human involvement is often positioned as a
review or supervision step after the system generates a
recommendation. Review feedback may correct the current
output but is not always encoded into the next decision state.
As a result, the system may repeat similar unsuitable
suggestions under similar demand-risk conditions. This study
differs by using review evaluation, override behaviour, and
revised actions as feedback signals for later decision updates.
The gap is that human-in-the-loop methods support
supervision, but they do not always convert expert revision
into an adaptive update mechanism.

2.5. Research Gap

Overall, existing research has advanced demand forecasting,
digital twin modelling, generative Al recommendation, and
human-centred manufacturing decision support. However,
adaptive production response under simultaneous demand
fluctuation and manufacturing-risk constraints remains
insufficiently resolved. Existing methods often predict
demand, represent manufacturing states, generate
explanations, or involve expert review as separate functions.
What is still lacking is a mechanism that can fuse external
demand signals with digital twin production states, generate
constrained and risk-aware production adjustment
suggestions, and update later decisions using review
feedback. This study addresses this gap through a human-in-
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the-loop adaptive production decision-support framework in
which demand sensing is treated as an external disturbance
input, digital twin states define manufacturing feasibility,
generative Al produces constrained recommendations, and
review feedback supports subsequent decision adjustment.

3. Methodology

This section presents the proposed human-in-the-loop
adaptive production decision-support framework for Industry
5.0 manufacturing. The framework formulates adaptive
production decision-making as a constrained policy inference
problem, where external demand variations and digital twin-
based manufacturing states are transformed into feasible,
risk-aware, and interpretable production actions. Unlike
demand forecasting studies that treat future demand as the
final output, this work treats demand variation as an external
disturbance input and focuses on manufacturing-side decision
response under operational constraints.

3.1. Problem Definition

This study formulates the adaptive production decision-
support problem as a constrained sequential decision-making
task in an Industry 5.0 human-machine collaborative
manufacturing environment. The objective is to learn a risk-
aware policy that maps dynamic demand signals and
manufacturing states into feasible production actions under
operational constraints, rather than performing demand
forecasting.

At each decision window t, the system observes a unified
state:

X¢ = (D, My, Cp) 1)
where D; denotes external demand signals, M; represents
digital twin-based manufacturing states, and C; captures
contextual constraints.

Specifically, demand variables D; = [s, g, I't, Cp, Vi]
include sales volume, demand growth rate, return ratio,
category demand intensity, and volatility. Manufacturing
states M; = [m, ug, wy, qg, f;] describe machine condition,
capacity utilization, tool wear, quality deviation, and failure
risk. Contextual constraints C; = [l;, py, iy, hy] include
delivery urgency, order priority, inventory level, and
maintenance threshold.

The system learns a constrained policy:

(aper) ~ mg(a, e | Xy) ()

where a, € A = {A,, ..., Ag} denotes discrete production

actions, including production increase, plan maintenance,

delay, maintenance triggering, and human confirmation, and

e; is the corresponding explanation generated under the same
state evidence.

The feasible decision space is defined as:

A‘{alld = {a € A | ut S Umax' ft S Fmax' Wt S Wmax} (3)

The policy is therefore constrained as:

Ty is optimized over AY2!d @)

Historical human feedback signals further enable adaptive
refinement of the policy across decision windows, supporting

continuous improvement under evolving manufacturing
conditions.

Samples are constructed by aligning Online Retail II
demand data with AI4I 2020 manufacturing-state records
within standardized decision-window indices as a controlled
experimental construction. The two datasets are not collected
from the same manufacturing system: Online Retail II
represents external demand disturbances, while AI41 2020
provides manufacturing-side operational states for evaluating
feasibility-aware decision generation. Therefore, the
alignment does not imply that the observed demand events
and manufacturing states occurred at the same historical time
or within the same enterprise.

Transaction-level demand events are aggregated into
fixed-length decision windows to generate demand
indicators, while AI4I 2020 sensor records are resampled
using a corresponding number of standardized state windows
through window-based aggregation. When the resulting
demand and manufacturing sequences contain different
numbers of windows, linear interpolation is applied to the
manufacturing-state sequence over a normalized relative
index so that the two sequences have the same number of
controlled evaluation samples.

The resulting samples are index-aligned controlled pairs
rather than naturally synchronized demand-manufacturing
observations. The construction is used to test whether the
proposed model can combine an external demand-
disturbance  representation  with  feasibility-related
manufacturing states under controlled conditions; it does not
establish real-world temporal, causal, or operational coupling
between the two datasets.

The decision-window setting is used as an experimental
aggregation unit rather than as evidence of an actual factory
scheduling interval. The exact window length, aggregation
rule, resampling procedure, and number of resulting samples
are reported in Section 4.1.1 to support reproducibility.

3.2. Overall Framework

To address the disconnection between demand variation,
manufacturing-state monitoring, decision recommendation,
and human revision, this study proposes a closed-loop
adaptive decision framework based on digital twin
representation and constrained policy modeling, as illustrated
in Figure 1. The system is formulated as a constrained
sequential decision process governed by a parameterized
policy mg, rather than a direct mapping function.

At each decision step t, demand variables D, ,
manufacturing states M, and contextual constraints C; are
encoded into a unified state representation:

St = F(Dy, My, Cp) (5)

where F(:) integrates market disturbances, machine

condition, capacity utilization, and operational constraints
into a shared latent embedding space.

Based on S;, the system performs constrained policy
inference over a feasibility-aware action space:

ag ~ mg(a | Sy, AP) (6)
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where AY2l4 denotes a dynamically constrained action
space defined under capacity, risk, and maintenance
constraints. The policy is implemented via structured
constrained decoding over discrete production actions.

Human feedback generates a revision signal r,, which

St+1 = 8(Swap 1y) (7N

This forms a closed-loop constrained decision system that

jointly integrates state encoding, policy-based inference, and

feedback-driven adaptation, enabling continuous alignment
between demand variation and manufacturing feasibility.

updates the state transition dynamics:
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Figure 1. Overall closed-loop framework of the proposed human-in-the-loop adaptive production decision-support
system

3.3. Demand-Production State Fusion

The demand-production state fusion module addresses the
gap between market-side demand variation and
manufacturing feasibility assessment by learning a unified
decision representation that jointly encodes heterogeneous
operational factors. Demand forecasting captures external
growth signals but does not explicitly model feasibility under
machine-state constraints. Therefore, this module constructs
a shared latent embedding space for joint decision reasoning.
The input is X; = (Dy, My, C), where Dy, M, and C;
denote demand signals, manufacturing digital twin states, and
contextual constraints, respectively. A unified representation
is obtained through structured projection and nonlinear
interaction modeling:
Zy = ¢([WpDy I WyM, I WeCi] +Db)  (8)
where Wp, Wy, Wy are learnable projection matrices,
[[denotes feature concatenation, bis a bias term, and ¢(-) is a
nonlinear transformation that maps heterogeneous inputs into
a shared decision embedding space.

To explicitly incorporate manufacturing safety constraints,
a risk-aware gating mechanism is introduced:
=201 -pY (€)]
where (O denotes element-wise modulation and P, is a
normalized risk coefficient defined as:
Py = o(af; + Bu + ywy) (10)
with f;, u;, and w, representing failure risk, capacity
utilization, and tool wear, respectively.
Finally, a demand-risk interaction signal is defined as:
Kt = 8t Py (11
which captures the coupling between demand growth and
system degradation, guiding conservative decision tendencies
under high-conflict conditions.

3.4. Constraint-Guided Policy Decoding for
Production Recommendation

The decision module is formulated as a constraint-guided
structured policy decoder rather than an unconstrained text
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generation mechanism. It maps the fused state representation
into a discrete action-explanation pair under explicit
feasibility constraints defined by the digital twin
environment. In this study, generative decision refers to the
structured generation of production actions and associated
explanations from manufacturing states rather than free-form
language generation.

The input consists of the fused state representation Z,
conflict signal k¢, action space A, and constraint set {};. The
constraint set (), is constructed from digital twin-derived
operational conditions, including capacity, equipment risk,
tool degradation, and temporal response constraints. The
decision process is modeled as a conditional policy:

(aper) ~ mo(a, e | Zy, Ky, Q) (12)
where Ty denotes a parameterized structured policy
decoder, implemented as a lightweight neural scoring
function over the fused embedding space, which generates
decisions over a discrete action manifold instead of free-form
text generation. Therefore, the decoder serves as a structured
decision inference module rather than a large language
model-based text generator. The decoder consists of a
lightweight two-layer neural scoring network with a 128-
dimensional hidden embedding space, followed by a softmax
action selection head for constrained policy inference.
To guarantee feasibility, a constraint-induced projection
operator is applied to the action space:

AV = Mg, (A) (13)

where the projection operator Ilg, () eliminates infeasible
actions according to capacity utilization, equipment failure
risk, tool wear, and temporal response constraints derived
from the digital twin system. Specifically, production-
increase actions are restricted when capacity utilization,
failure risk, or tool wear exceed thresholds U,y 4y, Fnax, and
Winax », Wwhile response-infeasible actions are filtered
according to L, gy

The detailed variable definitions, threshold wvalues,
determination criteria, and action-projection rules are
summarized in Table 1. Capacity utilization, failure risk, and
tool wear are represented on a normalized scale of [0,1]. In
the controlled experiments, the thresholds are set to U,,q,=
0.85, Fpax = 0.30, and W, = 0.80, while the maximum
allowable response delay is set to L,,,,= 7 days. These values
are determined using conservative boundaries derived from
the training subset distributions and validated through the

validation subset and remain fixed throughout all experiments.

More specifically, U,,q,defines the upper bound of allowable
capacity utilization, F,,, represents the maximum
acceptable failure-risk level, W,,,, denotes the tool-wear
level beyond which maintenance-related actions should be
considered, and L,,,, specifies the maximum acceptable

response delay.

The projection rules are manually specified by the authors for
the controlled experimental setting. If Uy = U ax, Ft = Fraxs
or W; = Wy,,.x, the production-increase action is removed
from the feasible action set. When F; or W; exceeds its
threshold, maintenance-related or human-confirmation

actions remain available in the feasible action. Actions whose
estimated response delay exceeds L., are also removed.
When multiple constraints are activated simultaneously, the
final feasible action set is obtained by intersecting the action
sets permitted by all activated constraints. If no feasible
action remains, the decision is assigned to human
confirmation. These rules are intended to reduce simulated
feasibility violations in the controlled evaluation but do not
constitute a formal safety guarantee for real manufacturing
deployment.

Table 1. Definition of Digital Twin-Based Constraints

Constrai VariaRange/ Threshol Determinatio Exactprojec

nt ble unit dvalue nbasis tionrule
Training-
subset Remove
distribution  production

Capacity U, [0,1] U=0.85

analysis and increase if
validation-set U; = U,

verification
Training- Remove
subset risk  expansion;
Failure distribution  retain
risk Fo [01] Finn=030 and maintenance/
validation-set human
verification] confirmation
Training-
subset
. Remove
Winax= d.egrgdat.l on expansion
Tool wear W, [0,1] [ & distribution o
0.80 and anq prioritize
validation-set maintenance
verification
Predefined
decision- Remove
Response _ response actions‘
delay . days d;“;’s‘ bogndary exceeding
validated on the delay
validation limit
samples

The policy is therefore evaluated only over the feasible
action set:
Mo(@ | Z, ke, ), a € Ay (14)
The final decision is obtained via constrained decoding:
aj = arg max_my(a | Z, Ky, Q) (15)
aeayalid

The explanation e, is generated as a conditionally coupled
output of the same policy decoder:
e ~ po(e | at, Zy, Ky, Q) (16)
ensuring consistency between the selected action and its
associated rationale. By sharing the same state representation
and constraint information, the action and explanation
outputs remain aligned with the underlying manufacturing
evidence.
This shared-conditioning mechanism enforces semantic
alignment between decision outputs and explanatory
evidence, improving coherence between production
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recommendations and manufacturing-state constraints under
identical decision conditions.

3.5. Training Objective and Strategy

The framework is optimized under a constraint-aware policy
learning objective that jointly models demand-production
alignment, manufacturing risk control, explanation
consistency, and response efficiency. Instead of
independently optimizing heterogeneous losses, the model
learns a unified constrained policy T over structured
decision trajectories.

The optimization objective is formulated as:

L= Eat~n9 [zmatch+)\1zrisk+}\2£exp+}\3%delay] (17)
where g denotes the constrained policy defined over the
feasible action space. Lp.ccn Mmeasures the discrepancy
between demand variation and production response under the
fused state representation. L., penalizes decisions
associated with high failure risk f;, capacity over-utilization
u; , and tool wear w, , reflecting digital-twin-derived
operational constraints. £e,, enforces consistency between
generated explanations and decision evidence, improving
traceability and interpretability. £gejay regularizes response
latency T, to ensure real-time applicability.

The hyperparameters A;,A;,A; control the trade-off
among safety, interpretability, and responsiveness. Higher A;
induces more conservative policies under elevated risk, while
A, and A; improve explanation quality and system
responsiveness, respectively.

Training follows a structured constrained optimization
procedure. First, demand and manufacturing variables are

segmented into standardized index-aligned decision windows.

Second, the fusion and policy modules are jointly optimized
under the unified objective. Third, constrained decoding is
applied over the feasible action space A,,;q to ensure
manufacturability compliance. The model does not rely on
reinforcement learning; instead, it approximates a constrained
policy through end-to-end structured optimization under
feasibility-aware inference.

The policy decoder is trained using a supervised learning
signal constructed from aligned decision tuples (X;, a;, e;),
where the objective includes a negative log-likelihood

prediction.

3.6. Algorithm Flow and Complexity Analysis

The proposed method is formulated as a policy-driven
constrained inference framework rather than stochastic
search or reinforcement learning. The overall process consists
of state encoding, constraint projection, and policy-based
inference under a closed-loop feedback mechanism.

Given input variables D¢, My, C;, the system constructs a
unified state representation:

X¢ = (D, My, C) (18)

The fusion operator maps the input state into a structured

decision embedding and risk signal:

2 EA

(Ze, ) = F(Xy) (19)
A constraint projection operator is then applied to define
the feasible action space:
AP =To, (A) (20)
The constrained policy performs action selection over the
feasible set:
a, = arg max_Py(alZ,x,) (1)
aeA\t/alld

The explanation is generated as a conditional policy:
ec ~ mg(e | ag Z) (22)

Human feedback H; is incorporated to update subsequent
states, forming a closed-loop adaptive decision process.

The computational complexity mainly arises from three
operations: state fusion, constraint projection, and policy
decoding. Assuming | A | an input feature dimension of d, a
hidden representation dimension of h, and an action-space
size of | A |, and K active feasibility constraints, the fusion
module has a computational complexity related to feature
interaction, approximated as 0(d?)0(dh + h?). Constraint
projection requires O(| A )O(K | A 1), and policy decoding
requires O(]| A1 d)O(h | A ]).

Therefore, the total per-window inference complexity is
approximately O(dh + h? + K| A|+h | A1). Because the
action space is fixed and relatively small in the current
implementation, the empirical inference cost is mainly
determined by state fusion and neural action scoring. This
analysis characterizes the implemented model-side
computation and does not by itself establish end-to-end real-
time industrial deployability.

Algorithm 1. Constraint-Guided Adaptive Production
Recommendation

Input: D¢, My, C, A, O

Output: ay, e, X¢41

1: Initialize policy network parameters Tg

2: for each decision window t do

3:  Observe Dy, My, Gy

Construct X; = (D¢, My, Cy)

Compute (Z, k) = F(Xy)

Generate constraint set () from digital twin rules
Compute AY211d = Mg, (A)

for each a € AV do

9: Compute Py(a | Z, k)

10:  end for

11:  Selecta; = arg Max, ¢ pvalia Po(a | Z¢, k)

A A

12:  Generate e, ~ Tig(e | ag, Zt)

13:  Recommend a, for review or simulated feasibility
evaluation

14:  Collect H, review signal H¢

15: Compute L = Liatch + A1Lrisk + Az2Lexp + A3Lgelay
16:  Update 8 « 6 —nVgL

17:  Update X1 = Update(Xy, at, Hy)

18:  Store (Xy ay ey Hy)

19: end for

4. Results and Analysis
4.1. Experimental Setup
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4.1.1. Dataset Setting

To evaluate adaptive production decision support rather
than standalone demand forecasting, this study constructs a
controlled demand-production alignment setting using two
public datasets. Online Retail II represents external demand
disturbances, while AI4I 2020 Predictive Maintenance
represents manufacturing-side states and risk-related
constraints. The two datasets are not collected from the same
manufacturing system: Online Retail II provides market-side
demand variations, while AI41 2020 provides manufacturing
states for feasibility-aware decision evaluation. Therefore,
this setting evaluates the model's ability to process jointly
constructed demand and manufacturing-state representations
and constrained decision generation rather than reproducing
a specific factory environment. The resulting pairs should not
be interpreted as naturally synchronized or causally related
demand-machine observations.

Online Retail IT contains transaction records from a UK-
based online retailer during 2009-2011 [32] and was obtained
from the UCI Machine Learning Repository. It is used to
derive demand features, including sales volume, growth rate,
return-related signals, category intensity, and volatility. The
dataset was originally developed for retail transaction
analysis rather than manufacturing demand-production
coupling; therefore, it is used in this study only as a proxy
source of external demand variation. Missing key identifiers
are removed where necessary, cancelled or negative orders
are used to approximate return-related variables, and
transactions are aggregated by category and time window. A
fixed window length of one week and a stride of one week are
used, producing 118 demand windows. These settings are
experimental aggregation choices and are not derived from a
specific factory production cycle.

AI4I 2020 is a synthetic predictive-maintenance dataset
containing temperature, rotational speed, torque, tool wear,
and failure labels [33] and was obtained from the UCI
Machine Learning Repository. Because it is a synthetic
predictive-maintenance dataset and does not contain
enterprise order, production-scheduling, or planner-feedback
records, it is used only to construct manufacturing-side state
and risk variables in the controlled evaluation. These
variables are used to construct digital twin states, including
machine condition, equipment load, degradation, quality
deviation, and failure risk. Numerical variables are
normalized, failure labels are converted into binary risk
states, and manufacturing records are aggregated into 200
manufacturing-state windows according to their original
record order. Sensor variables are resampled using window
averaging.

Because the datasets do not share timestamps, calendar
periods, production identifiers, or enterprise provenance,
direct temporal matching is not performed. Instead, both
window sequences are mapped to a normalized relative index
u€[0,1] . When N, # N; , the manufacturing-state
sequence is linearly interpolated to N, index positions, after
which demand window i is paired with manufacturing-state
representation i. The interpolation is performed separately
within the training, validation, and test partitions to avoid
information leakage across data splits.

This procedure produces standardized index-aligned
samples for controlled methodological evaluation. However,
it does not reproduce naturally synchronized demand-
manufacturing observations or establish a causal relationship
between demand variation and equipment condition, which
limits direct generalization to real industrial environments.
The constructed sample pairs are divided in an order-
preserving manner into 70% training, 15% validation, and
15% testing subsets. All normalization, resampling, and
interpolation parameters are determined using the training
subset and then applied to the validation and testing subsets
to avoid information leakage.

4.1.2. Baselines

As summarized in Table 2, four forecasting baselines are
selected. ARIMA represents statistical time-series
forecasting [34], LSTM represents deep sequential
forecasting [35], Sparse Transformer with Local and
Seasonal ~ Adaptation  represents  transformer-based
forecasting [36], and the Hybrid Demand Forecasting Model
represents ensemble forecasting [37].

To provide both forecasting-oriented and decision-
oriented references, a rule-based production scheduling
policy [38] and a reinforcement learning (RL) policy [39] are
additionally included. The rule-based method maps demand
and capacity into fixed actions, while the RL policy learns
sequential production decisions under reward constraints.

Table 2. Baseline Methods Used in the Experiments

Type Method Reason
Classical ARIMA Statistical forecasting
Classical LSTM Sequential forecasting

Strong  Sparse Transformer Multivariate forecasting

Hybrid Forecasting .

Strong Model Ensemble forecasting
Decision  Rule-based Policy Heuristic scheduling
Decision RL Policy Learned scheduling

policy

For comparison, forecasting baselines are converted into
production actions using a common mapping procedure. Let
grdenote the demand-change value predicted by a forecasting
baseline for decision window t. A predicted demand increase
above the upper threshold 6, = 0.10 is mapped to the
"increase production" action. A predicted demand change
within the stable interval [§_,§,] ,where 6_= -0.10, is
mapped to "maintain the current production plan." A
predicted demand decrease below §_ is mapped to is mapped
to delay low-priority production.

These forecasting-to-action mapping rules are manually
defined by the authors for the controlled decision-level
comparison and are not derived from an external production-
planning standard. The thresholds are determined using the
10th and 90th percentiles of demand-change distributions in
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the training subset and remain fixed across all forecasting
baselines and test samples.

After the preliminary action is generated, the same
capacity, failure-risk, tool-wear, and response-delay
projection rules described in Section 3.4 are applied. If the
mapped action violates one or more manufacturing
constraints, it is replaced by human confirmation. Therefore,
all forecasting baselines use the same action categories,
threshold values, and feasibility-filtering procedure. The
forecasting conditions, preliminary actions, and constraint-
handling rules are summarized in Table 3.

Table 3. Unified Forecasting-to-Action Mapping Rules
for Forecasting Baselines

" Prelimi o
Forecast condition feliminary Feasibility treatment
action
Increase Project onto the
g: > 6, roduction feasible action set
p defined in Section 3.4
Maintain the Retain unless another
6_.<g; <6, current manufacturing
production plan constraint is triggered
Delay low- Apply the same
g: <6_ priority constraint-projection
production rules
. Mapped action Replace with human
violates one or more — . .
. confirmation action
constraints

Because the forecasting baselines estimate demand
variation rather than directly learning feasibility-aware
actions, they are treated as forecasting-oriented reference
methods rather than architecturally equivalent decision
models.

4.1.3. Implementation Details

All experiments are implemented using Python and PyTorch
on a workstation equipped with an NVIDIA GeForce RTX
4090 GPU, CUDA 11.7, and 64 GB RAM. The batch size is
32, the optimizer is AdamW, the initial learning rate is 1x
107, and the weight decay is 1x107*. The maximum training
epoch is 1000, with early stopping based on validation
DPME. Rolling windows are used to compute demand
growth and volatility. Each experiment is repeated three times
with different random seeds, and results are reported as mean
+ standard deviation.

4.1.4. Evaluation Metrics

Three metrics are used to evaluate demand alignment,
manufacturing safety, and simulated feasibility-review
consistency. Demand-production matching error (DPME)
measures the gap between demand variation and production
response, defined as

DPME = %ZL D, — B I, (23)

where D, and P,denote demand and generated production
signals. Risk Exposure (RE) evaluates whether production-
increase actions are generated under high-risk machine states,
defined as
1 T inc
RE=_ ) _ I(a,=a") I(f > 1), (24)
where f; is failure risk and t¢ is the risk threshold.
Simulated Human Override Rate (sHOR) measures the
proportion of recommendations that are revised or rejected by
an author-defined feasibility-rule-based review procedure,
defined as
1 T review
SHOR = - 2o, I(ag # apP™™™). (25)
Since public datasets provide no real expert intervention
records, sHOR is calculated through an author-defined
feasibility-rule-based simulation rather than real planner or
expert-participant experiments. Each recommendation is
evaluated using predefined feasibility criteria, including
capacity, machine risk, tool degradation, and maintenance
requirements. Recommendations violating these criteria are
modified or rejected and counted as override events. The
review rules are manually defined by the authors for the
controlled experimental setting and are not derived from
observed planner behavior, real expert annotations, or an
external industrial standard. Therefore, sHOR should be
interpreted as a simulated rule-consistency indicator rather
than a direct measure of actual human acceptance. Lower
DPME, RE, and sHOR values indicate better demand-
production alignment, lower risk exposure, and greater
consistency with the predefined feasibility-review rules,
respectively.

4.2. Main Performance Comparison

Table 4 compares the proposed framework with six baselines
on the two datasets, including four forecasting-based methods
and two decision-oriented baselines. The results are reported
as mean + standard deviation over three runs. The
comparison focuses on three metrics: DPME for demand-
production alignment, Risk Exposure for manufacturing
safety, and sHOR for consistency with predefined feasibility-
review rules. To provide a clearer visual comparison, Figure
2 further presents the performance differences among all
methods across the three metrics.
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Table 4. Main Results on Two Datasets (mean + SD, n = 3)

Dataset Method DPME | Risk Exposure | sHOR |
Online Retail II ARIMA 0.173 £0.012 0.168 +0.013 0.259 +0.020
Online Retail II LSTM 0.151+0.010 0.152+0.012 0.227+£0.016
Online Retail II Sparse Transformer 0.139 +0.009 0.144 +0.011 0.212+0.017
Online Retail II Hybrid Ensemble 0.134 +0.008 0.136 £0.010 0.205+£0.016
Online Retail 11 Rule-based Policy 0.163 £0.011 0.160+0.013 0.242 £ 0.019
Online Retail 11 RL Policy 0.146 +0.010 0.147+£0.013 0.219+0.017
Online Retail 1T Proposed 0.128 £ 0.006 0.131+£0.010 0.189+0.014

Al4I 2020 ARIMA 0.166 +0.013 0.182+0.015 0.272 +0.020
Al4I 2020 LSTM 0.148 £ 0.010 0.155+0.013 0.230+0.018
Al41 2020 Sparse Transformer 0.136 = 0.009 0.140+0.012 0.209 £0.016
Al412020 Hybrid Ensemble 0.129 +£ 0.008 0.128 £0.012 0.204 £0.015
Al412020 Rule-based Policy 0.158+0.012 0.163£0.014 0.237 £0.020
Al412020 RL Policy 0.142 £ 0.009 0.144+0.012 0.215+0.017
Al41 2020 Proposed 0.132 +0.007 0.116 £ 0.011 0.193 +£0.015
(a) DPME Comparison (b) Risk Exposure Comparison (c) sHOR Comparison
0201 0201 030
0.28
0.18 018
- 026
g g 016 -
% 0.16 L;% é 024
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Dataset Dataset Dataset

Figure 2. Main Performance Comparison on Online Retail Il and Al4] 2020

(a) DPME comparison; (b) Risk Exposure comparison; (c)sHOR comparison. Lower values indicate better
performance

As shown in Table 3 and Figure 2, the proposed framework
achieves strong performance across both datasets,
particularly in Risk Exposure and Override Rate. On Online
Retail II, the proposed method achieves the lowest DPME
(0.128 + 0.006), indicating improved conversion from
demand variation to feasibility-aware production decisions.
Compared with Hybrid Ensemble, Risk Exposure decreases
from 0.136 to 0.131, and Override Rate decreases from 0.205
to 0.189. On AI41 2020, although Hybrid Ensemble achieves
slightly lower DPME, the proposed framework achieves the
best performance in both Risk Exposure and Override Rate.
This indicates that the method is not purely a forecasting
model, but a constraint-aware decision-making framework
prioritizing lower risk exposure and greater consistency with
predefined feasibility-review rules. The decision-oriented
baselines (rule-based and RL policies) show competitive
performance under certain conditions; however, they do not
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simultaneously optimize demand alignment, manufacturing
risk control, and human-oriented review requirements.
Although Hybrid Ensemble achieves slightly better DPME on
Al4l 2020, this metric only reflects demand-production
matching accuracy. The proposed framework provides
additional advantages in Risk Exposure and Override Rate by
explicitly considering manufacturing constraints and the
author-defined feasibility-review rules.

Overall, results validate that demand-production fusion
improves alignment, digital twin constraints reduce unsafe
actions, and constrained policy decoding with feedback
improves decision reliability. The slight DPME trade-off
reflects a shift from prediction accuracy to safe decision
optimization.
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4.3. Statistical Significance Analysis

To examine whether the observed differences are statistically
reliable, paired t-tests were conducted between the proposed
framework and the strongest baseline under each dataset
setting. Table 5 reports the p-values and 95% confidence
intervals (CI) for the differences between the proposed
framework and the strongest baseline. Since all experiments

were repeated three times, the test was performed on the three
repeated results of each method. The significance level was
set to a=0.05, and 95% confidence intervals were reported for
the performance difference. For all three metrics, lower
values indicate better performance. The strongest baseline is
selected as Hybrid Ensemble because it achieves the best
overall performance among forecasting-based methods,
ensuring a conservative statistical comparison setting.

Table 5. Statistical Significance Compared with the Strongest Baseline

Dataset Metric Strongest Baseline Difference 95% CI p-value
Online Retail 11 DPME | Hybrid Ensemble -0.006 [-0.011,-0.001] 0.032
Online Retail IT Risk Exposure | Hybrid Ensemble -0.006 [-0.012, -0.001] 0.041
Online Retail IT sHOR | Hybrid Ensemble -0.016 [-0.025, -0.006] 0.018

Al41 2020 DPME | Hybrid Ensemble +0.003 [-0.004, 0.010] 0.214
AT41 2020 Risk Exposure | Hybrid Ensemble -0.011 [-0.019, -0.003] 0.041
Al41 2020 sHOR | Hybrid Ensemble -0.011 [-0.020, -0.002] 0.036

As shown in Table 3, the proposed framework achieves
statistically significant improvements on all three metrics for
Online Retail II. On AI41 2020, the improvement in DPME is
not statistically significant because the Hybrid Ensemble
baseline obtains a slightly lower matching error. However,
the proposed framework shows significant reductions in Risk
Exposure and Override Rate. This indicates that its advantage
is concentrated on manufacturing-risk control and review-
based acceptability rather than pure demand-production
matching under all conditions. The confidence intervals for
Risk Exposure and Override Rate are consistently below zero,
suggesting that the reductions are stable across repeated runs.
This result supports the core claim that digital-twin
constraints and constrained policy-based recommendation

can reduce risky production suggestions and improve human-
machine decision acceptability.

4.4. Ablation Study

To verify the contribution of each core mechanism, ablation
experiments were conducted on the two datasets under the
same preprocessing, data split, and training settings. Table 6
reports the results of removing one component at a time. All
results are reported as mean + standard deviation over three
runs. The evaluated variants include removing demand-
production fusion, risk constraint, constrained policy
decoder, and human feedback.

Table 6. Ablation Study Results on Two Datasets (mean + SD, n = 3)

Dataset Variant DPME | Risk Exposure | sHOR |
Online Retail IT Full Proposed 0.128 +0.006 0.131 +0.009 0.188 +0.014
Online Retail 1T w/o Demand-Production Fusion 0.147 + 0.008 0.139+£0.011 0.211+0.016
Online Retail 1T w/o Risk Constraint 0.135 + 0.007 0.153£0.012 0.207 £0.015
Online Retail 1T w/o Constrained Policy Decoder 0.138 =£0.008 0.148 £0.011 0.224 +£0.017
Online Retail II w/o Human Feedback 0.136 + 0.007 0.142 +£0.010 0.246 £0.019

Al41 2020 Full Proposed 0.132 +0.007 0.116 £0.010 0.192+0.014
Al41 2020 w/o Demand-Production Fusion 0.149 = 0.009 0.132+0.011 0.218£0.016
Al41 2020 w/o Risk Constraint 0.138 £ 0.008 0.151£0.013 0.231+0.018
Al41 2020 w/o Constrained Policy Decoder 0.140 + 0.008 0.143 +£0.012 0.238 +£0.019
Al4l 2020 w/0 Human Feedback 0.137 + 0.008 0.136 £ 0.011 0.268 + 0.021

Removing demand-production fusion leads to the largest
degradation in DPME, indicating that demand signals cannot
be effectively mapped into feasible production actions
without manufacturing-state representation. Removing risk
constraint results in the highest Risk Exposure, demonstrating
the necessity of digital twin-based safety constraints for

preventing unsafe production-increase decisions. Removing
structured policy decoding increases Override Rate,
suggesting that unconstrained decision generation reduces
alignment with expert-rule-based review. Removing human
feedback further increases Override Rate, confirming the
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importance of feedback-driven adaptation in reducing
repeated suboptimal decisions.

To evaluate the computational overhead of the constraint-
guided policy decoder, inference latency was measured for all
methods under the hardware and software environment
reported in Section 4.1.3. As shown in Table 7, the proposed
framework introduces additional computation from state
fusion, constraint projection, and policy decoding compared
with lightweight forecasting baselines. However, the average
model-side inference latency is 38.6 + 1.0 ms per decision
window, remaining below 40 ms under the tested
environment.

Latency was measured using a batch size of 1, after 20
warm-up runs, and averaged over 100 repeated forward
passes. GPU synchronization was performed before and after
each measurement to ensure accurate latency recording. The
reported values include model forward inference and action-
space projection but exclude data acquisition, file or database
access, network transmission, preprocessing outside the
model pipeline, platform communication, and operator
interaction. Therefore, the results characterize model-side
computational overhead rather than complete end-to-end
industrial deployment latency.

Table 7. Model-Side Inference Latency and
Additional Operations

Model-side inference

Method latency (ms/decision Addlthnal
. Operations
window) |
ARIMA 124+0.3 Time-serics
forecasting
LSTM 18.7+0.5 Temporal feature
encoding
Sparse 265407 Attentlon—based
Transformer forecasting
Hybrid Multi-model
+
Ensemble 31.2£08 prediction fusion
State fusion +
Proposed constraint
+ L .
Framework 38.6+ 1.0 projection + policy
decoding

4.5. Decision-State Space Visualization

To examine whether the fusion mechanism improves the
separability of different decision patterns in the learned
representation space, fused decision states were projected
into two dimensions using t-SNE. As shown in Figure 3, each
point represents one decision-window sample, grouped as
feasible response, high-risk production pressure, or human-
confirmation case.

®  Feasible response ®  High-risk production pressure ®  Human-confirmation case
(a) Without Demand-Production Fusion (b) Proposed Framework
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Figure 3. Decision-State Space Visualization of Fused Production Decision States. Each point represents a
decision-window sample projected into a two-dimensional representation space, where different groups indicate
different production decision patterns. The figure compares the separability of learned decision states before and

after demand-production fusion. (a) Without demand-production fusion; (b) proposed framework

Figure 3 shows that, without demand-production fusion,

the learned decision representations exhibit greater overlap

between demand-growth samples and high-risk machine-

state samples. In contrast, the proposed framework shows
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clearer separation between feasible responses and high-risk
production pressure. This is consistent with the constraint-
aware fusion mechanism defined in Section 3.3, where the
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manufacturing risk coefficient and demand-risk conflict score
adjust the fused decision representation.

From a manufacturing perspective, this separation means
that the framework better distinguishes "demand growth with
feasible capacity" from "demand growth under unsafe
machine conditions." Human-confirmation samples are
mainly located between feasible and high-risk regions,
suggesting that ambiguous demand-risk conflicts are more
likely assigned to the author-defined feasibility-review
condition. Together with the ablation results in Section 4.4,
Figure 3 provides mechanism-level evidence that demand-
production fusion improves representation separability and
supports more risk-aware production decision support.

I Hybrid Ensemble

(a) Explanation Consistency

I w/o Constrained LLM

(b) Evidence Coverage

4.6. Explanation Consistency and Simulated
Feasibility-Review Analysis

To evaluate whether the generated recommendations are
understandable and traceable and consistent with predefined
feasibility-review rules for human-machine collaborative
manufacturing, this section analyzes explanation consistency,
evidence coverage, and sHORI Unlike attention-based
visualization, this analysis focuses on whether the generated
explanation is supported by demand, capacity, and risk
evidence used in the decision process. Figure 4 compares the
proposed framework with the strongest baseline and two
ablated variants.
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Figure 4. Explanation Consistency, Evidence Coverage, and Simulated Feasibility-Review Comparison. The
figure compares the proposed framework with the strongest baseline and two ablated variants. (a) Explanation
consistency measures agreement between the selected action and its generated rationale; (b) evidence coverage
measures whether demand, capacity, risk, and tool-wear evidence are reflected in the explanation; and (c) sHOR
reports the proportion of recommendations revised or rejected by the author-defined feasibility-review rules.

As shown in Figure 4, the proposed framework achieves
higher explanation consistency and evidence coverage than
the strongest baseline and the ablated variants. This indicates
that the generated explanations are more closely aligned with
the demand, capacity, and risk evidence used for action
selection. In manufacturing terms, the system does not only
state what action should be taken, but also provides traceable
reasons, such as demand growth, high tool wear, or elevated
failure risk.

The lower override rate further suggests that the expert-
rule-based review mechanism is less likely to revise or reject
the generated recommendations. Compared with the variant
without structured policy decoding, the proposed framework
reduces override rate because infeasible actions are filtered
before constrained decision generation. Compared with the
variant without human feedback, the proposed framework
produces more acceptable suggestions in later decision
windows. These results support the role of constraint-guided

structured decision recommendation and feedback-informed
update in improving the reviewability and acceptance of
production decision support.

5. Discussion

This study proposes a human-in-the-loop adaptive
production decision-support framework for Industry 5.0
manufacturing. Compared with traditional demand
forecasting approaches such as ARIMA and LSTM-based
models [27,28], which focus on predicting future demand
signals, the proposed method shifts toward constrained
decision generation under manufacturing feasibility
conditions. Unlike forecasting and scheduling methods that
improve prediction accuracy or optimize policies under
uncertainty [29,32], our framework integrates demand
variation with digital twin states to support risk-aware
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production decisions under explicit manufacturing feasibility
constraints.

Digital twin-based manufacturing studies [17] mainly
focus on system monitoring and simulation but rarely
establish closed-loop connections among demand signals,
decision generation, and human feedback. In contrast, this
study introduces feedback-driven state updates to enable
continuous  adaptation in dynamic manufacturing
environments and reduce simulated feasibility violations and
repeated unsuitable recommendations.

Generative Al-based industrial methods [20,24] provide
recommendation and explanation capabilities but may lack
explicit operational feasibility constraints. In this study,
generative decision refers to the structured generation of
discrete production actions and evidence-linked explanations
rather than free-form text generation. The proposed
framework addresses this issue by embedding constraint
projection into policy decoding, restricting action selection to
a predefined feasible action set while maintaining
interpretability and traceability for human decision-makers.

Overall, integrating digital twin modeling, constraint-
guided structured decision generation, and human feedback
provides an operationally consistent decision-support
paradigm for Industry 5.0 manufacturing systems. The
observed performance is mainly associated with the explicit
combination of demand signals and machine-state
constraints, which reduces ambiguity in action selection
under the controlled experimental setting. The framework is
conceptually intended for scenarios with dynamic order
fluctuations, equipment-risk-sensitive production
requirements, and human review processes, such as order-
driven and multi-variety small-batch manufacturing. It is
intended to provide reviewable recommendations for
production planners rather than replace fully automated
production-control systems.

For practical deployment, the decision-window length
should be configured jointly with the production takt time,
equipment-monitoring frequency, order-update frequency,
and planner response cycle. Shorter windows may improve
responsiveness but can amplify transient fluctuations and
missing-data effects, whereas longer windows provide more
stable state estimates but may delay production adjustment.
Therefore, the window configuration should be calibrated
using factory-specific operational data rather than directly
adopting the controlled experimental setting used in this
study.

Real-world  implementation  requires  timestamp
synchronization, buffering, and data-quality monitoring for
heterogeneous sampling rates, delays, and missing values.
Demand, machine-state, and production-execution records
should share a common timestamp reference, while
asynchronously arriving observations can be buffered within
each decision window. Short data gaps may be handled
through interpolation or the most recent valid observation,
whereas windows with extensive missingness or abnormal
sensor noise should be flagged for manual review.

The lightweight policy decoder and fixed action space
limit model-side inference overhead. Under the reported
hardware setting, the average model inference time is 38.6 ms

per decision window. However, this measurement excludes
sensor acquisition, network transmission, database access,
preprocessing, platform communication, and operator
interaction. Therefore, the reported latency indicates potential
suitability for human-in-the-loop decision support under the
tested environment rather than demonstrating complete real-
time industrial deployment.

In a practical deployment, planner feedback could be
recorded through approval, modification, and rejection
actions and stored as review labels for subsequent offline
model updating. Because the present study does not involve
real planner participation, this mechanism should be regarded
as a proposed implementation pathway. The framework could
be connected with ERP systems for demand information,
MES/APS platforms for production and scheduling data, and
digital twin or industrial IoT platforms for equipment-state
monitoring. A planner-facing interface could present
recommended actions, supporting evidence, and triggered
constraints. The framework should operate as an advisory
layer rather than directly issuing autonomous production-
control commands.

Because the current evaluation relies on public datasets
and offline experiments, future pilot deployment should
assess end-to-end latency, data drift, interface reliability,
cybersecurity, planner workload, and failure-handling
procedures using naturally synchronized demand, equipment-
state, and production records from a real manufacturing
environment.

6. Conclusion

This study addressed adaptive production decision support
under dynamic demand and manufacturing-risk constraints.
A human-in-the-loop framework was developed to integrate
demand signals, digital twin states, constrained policy
decoding, and review feedback into a unified decision
process.

Through demand-production fusion, the framework aligns
market variation with manufacturing feasibility. Through
constrained policy decoding, it restricts production-action
selection to a predefined feasible action set under capacity,
risk, and maintenance constraints. Through feedback updates,
review signals are incorporated into subsequent decision
states for continuous adaptation.

Experiments on two datasets show that the proposed
framework achieves competitive demand-production
alignment while improving risk control and consistency with
predefined feasibility-review rules compared with
forecasting, rule-based, and reinforcement learning baselines.
It consistently reduces risk exposure and simulated Human
Override Rate (sHOR).

Limitations include reliance on aligned datasets rather than
real industrial systems and predefined constraint rules.
Therefore, the current evaluation should be interpreted as a
controlled validation of jointly constructed demand and
manufacturing-state processing under constraint-guided
decision generation rather than a direct replication of a
specific factory environment. The proposed framework is
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mainly applicable to manufacturing scenarios with available
demand signals, digital twin-based operational states, and
human-in-the-loop decision processes, such as order-driven
production, risk-sensitive manufacturing, and multi-variety
production systems.

Future work will further investigate real enterprise
deployment, including  adaptive decision-window
configuration, industrial data synchronization, integration
with ERP/MES/APS platforms, and more comprehensive
human feedback collection mechanisms. For practical pilot
deployment, edge devices could support sensor-data
acquisition, preliminary preprocessing, and lightweight
inference, while cloud resources could provide model
updating, data storage, and large-scale decision analysis.
Such deployment would also require factory-specific
hardware  configuration, communication interfaces,
timestamp synchronization, data-quality monitoring, and
operator-review support.

This edge-cloud architecture is a proposed deployment
pathway rather than a configuration validated in the current
experiments. Future pilot studies should therefore evaluate
end-to-end latency, edge-device computation and memory
requirements,  communication  reliability,  interface
compatibility, and planner interaction using naturally
synchronized demand, equipment-state, and production
records from a real manufacturing environment.
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