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INTRODUCTION

The digital transformation of industry, com-
monly associated with Industry 4.0, remains 
uneven. Organisations most often invest in robot-
ics/automation and machine connectivity, and 
only subsequently in data analytics and artificial 

intelligence. The distribution of perceived rel-
evance of individual technologies is illustrated in 
Figure 1, prepared based on data from a survey on 
the development of Industry 4.0 components in 
industrial enterprises [1]. For quality engineering, 
this has a fundamental consequence: process data 
are increasingly collected by sensors, supervisory 
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control and data acquisition (SCADA) systems, 
and manufacturing execution systems (MES), 
whereas the ability to interpret them and translate 
them into quality decisions frequently becomes 
the organisational bottleneck.

Industry 4.0 implementations are further con-
strained by resource and competence barriers. As 
shown in Figure 2, the most frequently cited chal-
lenges are time and funding shortages, topic com-
plexity, and a lack of digital skills. From the per-
spective of designing GenAI solutions, this implies 
the need to build tools that not only improve key 
performance indicators (KPIs) but also reduce the 
entry barrier (time needed for analysis, access to 
expert knowledge) and minimise integration costs 
within existing information technology/operation-
al technology (IT/OT) landscapes.

Against this backdrop, interest in generative 
AI has been growing rapidly. Data on planned 
deployments indicate that organisations initially 
choose language generative models, and only 
later embedding, multimodal, or diffusion models 
(Figure 3) [3]. The dominance of LLMs is under-
standable, as they provide a natural interface to 
knowledge dispersed across quality documenta-
tion, including failure mode and effects analysis 
(FMEA), control plans, eight disciplines (8D) 
reports, standard operating procedures (SOPs), 
and event logs. At the same time, the conversa-
tional layer alone does not solve the credibility 
problem. What is crucial in industrial applications 
is grounding responses in evidence and the ability 
to audit the decision process.

Contemporary research addresses this need 
by developing Retrieval-Augmented Generation 
(RAG), i.e., architectures that combine generation 

with retrieval from external knowledge bases. 
The canonical RAG concept was formulated for 
knowledge-intensive tasks [4] and later expanded 
toward industrial systems, including support for 
manufacturing quality control [5]. RAG does not 
eliminate the risk of error, but it changes its nature. 
Instead of relying solely on a model’s parametric 
knowledge, the system can indicate the sources 
underpinning a recommendation, thereby facili-
tating validation by a quality engineer.

In parallel, the Industry 5.0 paradigm is gain-
ing relevance, emphasising human-centricity, sus-
tainability, and resilience of production systems. 
In the European view, this entails shifting the 
emphasis from maximising automation to design-
ing human-technology collaboration and process 
resilience to disruptions [6]. From this standpoint, 
LLMs should not be treated as a substitute for 
experts but as a tool that amplifies their work and 
shortens the time from signal to decision.

A separate yet critical axis is governance 
and compliance. In 2024, the European Union 
adopted the AI Act, introducing a risk-based 
approach and requirements for transparency and 
risk management for selected classes of systems 
[7]. In parallel, the International Organisation 
for Standardisation/International Electrotechni-
cal Commission standard ISO/IEC 42001 sup-
ports the standardisation of AI management [8]. 
At the same time, the practical risk-management 
instrument is provided by the National Institute 
of Standards and Technology (NIST) Artificial 
Intelligence Risk Management Framework (AI 
RMF) 1.0 and the profile for GenAI [9,10]. For 
applications in quality management, this implies 
the need to design auditable solutions, ensure 

Figure 1. Relevance of Industry 4.0 technologies in 2024 [1]
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traceability of decisions, and include mechanisms 
to limit hallucinations and erroneous actions.

This paper focuses on computational meth-
ods and their applications in engineering, includ-
ing artificial intelligence, production, and quality 
engineering. The research problem is formulated 
as the following question: how to design and 
evaluate a GenAI architecture for quality deci-
sions that simultaneously (i) improves diagnostic 
efficiency and quality KPIs, (ii) maintains human 
accountability in the decision-making loop, and 
(iii) meets audit and AI governance requirements? 
In response, the paper proposes an LLM-aug-
mented digital quality twin (LDQT) architecture 
and verifies its potential impact on quality metrics 
in a controlled simulation experiment. Given the 
interdisciplinary nature of this problem and the 
rapid change in the field of manufacturing, where 

only production-ready, tested, and not experimen-
tal solutions are used, this verification is explic-
itly simulation-based and should not be read as 
evidence of completed industrial implementation. 
It provides insight into the strategy that is possi-
ble for future investigation in R&D departments, 
as the theoretical part is conceptually and statisti-
cally proven.

THEORETICAL FRAMEWORK

A digital twin is commonly defined as a for-
mal, bidirectionally coupled representation of a 
physical object or process, encompassing data, 
models, and analytical services. The literature 
emphasises both the conceptual aspect (con-
sistency of representation) and the operational 

Figure 2. Key challenges in implementing Industry 4.0 components [2]

Figure 3. Planned use of model types in commercial deployments (2024) [3]
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aspect (integration with the manufacturing life-
cycle) [11,12]. Standardisation in manufacturing 
is developed, among others, in the ISO 23247 
series, which organises concepts, modelling lev-
els, and integration principles of digital twins 
in industrial automation [13,14]. In this work, 
the Digital Quality Twin is defined as a defect-
centric, time-updated twin instance whose main 
objective is to represent critical-to-quality (CTQ) 
variables, conformity and non-conformity states, 
defect-mode probabilities, inspection states, 
rework/scrap flows, process-drift states, interven-
tion constraints, and the expected consequences 
of corrective actions in a production flow. It dif-
fers from a generic manufacturing twin because 
its primary state variables are quality, risk, and 
decision safety rather than asset geometry or 
throughput alone. Incorporating this layer is con-
sistent with the process approach and risk-based 
thinking in quality management [15].

LLMs are characterised by their ability to 
generate coherent narratives and syntheses from 
input data, which makes them attractive in set-
tings where knowledge is scattered across docu-
ments and expert experience. However, their 
usefulness in high-risk environments depends on 
mechanisms that limit hallucinations. By attach-
ing retrieved document content to the generation 
context, RAG constitutes the dominant family 
of enterprise-grade solutions [4]. In manufactur-
ing, RAG implementations dedicated to quality 
control already appear, where the retrieval layer 
is integrated with repositories of process knowl-
edge and engineering documentation [5]. The 
proposed approach extends this logic by a dig-
ital-twin component that tests recommendations 
in a what-if mode before they are implemented 
in the physical world; therefore, the LLM is 
treated as a diagnostic orchestrator rather than 
an autonomous controller.

There is a growing consensus that a key trajec-
tory of AI deployments is a shift from task auto-
mation toward human-AI collaboration, in which 
AI systems operate as team members perform-
ing part of the cognitive work. This phenomenon 
is studied under the notions of AI-teaming and 
human-AI teaming, emphasising roles, responsi-
bility, information exchange, and trust [16,17]. In 
the quality context, this means that LLMs should 
support hypothesis generation, prioritisation 
of tests, and communication of results (report-
ing), while decisions about process interventions 
remain approved by an authorised engineer.

Recent advances in production systems point to 
a renaissance of the agent-based approach, where 
LLMs act as planning and coordination components 
(agentic AI). From the perspective of digital twins, 
researchers emphasise the potential of combining 
multi-agent environments with LLMs to improve 
autonomy and flexibility in manufacturing systems 
[18]. A similar trend concerns advanced planning 
and scheduling (APS), for which architectures sup-
ported by LLMs are proposed, capable of interac-
tively justifying planning decisions and adapting to 
disruptions [19]. This paper adapts that idea to the 
micro-scale of quality decisions: the LLM agent 
does not plan the entire schedule, but orchestrates 
the diagnostic process and recommends interven-
tions, grounding them in knowledge and validating 
them in the twin.

Embedding GenAI in manufacturing process-
es requires the formalisation of AI governance. 
In practice, this means managing risk at the level 
of data, models, interfaces, and decisions. The 
NIST AI RMF 1.0 proposes a risk management 
framework built on the functions Govern–Map–
Measure–Manage, and the profile for GenAI 
specifies risk categories characteristic of content 
generation, including hallucinations, data leak-
age, and vulnerability to context manipulation 
[9,10]. ISO/IEC 42001, in turn, provides system 
requirements for organisations (an AI manage-
ment system) [8]. Finally, the AI Act establishes 
a baseline of regulatory expectations in the EU, 
which in industrial practice strengthens the need 
to design auditable systems with clearly defined 
responsibility and documentation [7].

An important stream of work at the intersec-
tion of automation, collaborative robotics, and AI 
methods is currently being developed intensively. 
For example, the usefulness of fuzzy logic for 
controlling cobots has been demonstrated [20], as 
well as the influence of process modelling using 
Business Process Model and Notation (BPMN) 
on collaborative robot deployments in enterpris-
es [21]. The present study constitutes a logical 
extension of this stream. The paper analyses the 
GenAI layer as an interface and orchestrator of 
process knowledge, coupled with a digital quality 
twin and embedded in an AI governance regime.

Recent manufacturing literature also shows 
that performance evaluation is frequently ground-
ed in parameterised process metrics and controlled 
experiments. Micro-milling studies emphasise 
the sensitivity of outcomes to tool geometry, 
tool treatment, and process-parameter choices 
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[22,23]. Efficiency metrics, neural-network map-
ping, and parameter-analysis approaches further 
illustrate how engineering studies operationalise 
performance assessment [24,25], while recent 
experimental and finite-element studies dem-
onstrate the role of simulation in understanding 
process responses and deformation mechanisms 
[26,27]. Beyond process optimisation, AI adop-
tion research highlights that usefulness, trust, and 
organisational conditions affect technology uptake 
[28]. These studies do not validate LDQT directly. 
However, they motivate treating the present work 
as a simulation-based, parameter-sensitive contri-
bution rather than an industrial effectiveness claim. 
Industrial process-monitoring research based on 
machine-learning reconstruction for electrical 
tomography also demonstrates that non-invasive 
sensor data can be converted into diagnostic infor-
mation for industrial processes [29]. At the main-
tenance-management level, AI-based decision 
trees and rough-set approaches have been used to 
support the assessment of lean maintenance and 
the formulation of production-maintenance deci-
sions in manufacturing enterprises [30].

RESEARCH PROBLEM, OBJECTIVE 	
AND HYPOTHESES

Based on the above framework, a literature-
method gap is identified. Despite the growing 
number of RAG/LLM prototypes for industry, 
there is a lack of quantitative and, therefore, com-
parable computational evidence regarding (a) the 
extent to which integrating LLMs into quality 
decision-making improves quality KPIs such as 
first-pass yield (FPY), scrap, and cost of quality, 
and (b) how strongly the outcome depends on 
governance mechanisms limiting erroneous inter-
ventions. In particular, the literature rarely com-
bines within one model: (i) RAG as a grounding 
layer, (ii) a digital twin as a tool for recommenda-
tion validation, and (iii) human-in-the-loop as an 
accountability mechanism.

The novelty of LDQT is therefore not the 
isolated use of LLMs, RAG, or digital twins, 
but their operational coupling into an auditable 
quality-decision loop: (i) RAG provides cited evi-
dence, (ii) the Digital Quality Twin simulates the 
intervention and checks operational constraints, 
(iii) the governance layer records and gates 
the action, and (iv) the human approver retains 

accountability. The proposed artefact is evalu-
ated at the metric level rather than only described 
conceptually.

The aim of this paper is to design an auditable 
LDQT architecture and verify, in a simulation 
experiment, its potential impact on the effective-
ness and safety of quality decisions. The follow-
ing research hypotheses are formulated:
H1:	In the simulation model, the LDQT archi-

tecture shortens the response time to process 
drift (proxy: detection delay) compared with 
the manual and rule-based scenarios.

H2:	In the simulation model, LDQT improves 
quality metrics (FPY, scrap) and reduces the 
unit cost of quality + downtime relative to 
the manual scenario.

H3:	In the simulation model, the governance layer 
(RAG + twin-based validation + human-in-
the-loop) reduces the risk of erroneous inter-
ventions without losing efficiency gains.

METHODOLOGY

Methodologically, the paper combines the 
design science approach (designing the LDQT 
architecture as an artefact) with a computational 
experiment in which we investigate the effects 
of different intervention policies in a production 
stream. The research workflow (from gap identi-
fication to statistical analysis) is shown in Figure 
4. The study is intentionally limited to simula-
tion and does not claim validation through a pilot 
implementation, an industrial dataset, or a live 
factory prototype.

Proposed LDQT architecture

The LDQT architecture (Figure 5) comprises 
five functional layers: (1) acquisition and stan-
dardisation of process data from the Industrial 
Internet of Things (IIoT), manufacturing execu-
tion systems (MES), supervisory control and 
data acquisition (SCADA) systems, and quality 
artifacts, (2) a knowledge base with vectorisa-
tion and retrieval mechanisms, (3) an RAG layer 
ensuring evidence grounding, (4) an LLM agent 
generating diagnostic hypotheses and recom-
mendations, and (5) a digital quality twin used 
to validate what-if scenarios. The architecture 
is integrated by an AI governance layer (poli-
cies, traceability, access control, model registry, 
approval workflow, and audit), while the human 
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remains in the decision loop. In practice, this 
means that the LLM is not a source of truth but 
an orchestrator: it combines signals, documents, 
and simulation results into a coherent recommen-
dation that can be justified and verified.

Governance layer and twin-based 
recommendation verification

The governance layer treats each LLM output 
as a proposal, not an executable command. The 
proposed sequence is: (1) an anomaly or drift signal 
is detected; (2) the RAG module retrieves source 
fragments from approved repositories such as the 
control plan, FMEA, 8D report, SOP, and mainte-
nance log; (3) the LLM forms a recommendation 
packet containing evidence identifiers, assump-
tions, proposed action, expected quality effect, and 
confidence/risk score; (4) the Digital Quality Twin 
runs a what-if simulation using the current process 
state; (5) the packet is routed to an authorised qual-
ity engineer or production supervisor for approval; 
and (6) only the approved action is transferred to 
MES/SCADA or standard work instructions.

To prevent wrong AI recommendations, the 
gate rejects or escalates outputs with missing 
evidence, contradictory retrieved sources, low 

retrieval score, infeasible parameter limits, nega-
tive what-if effect, cybersecurity or data-qual-
ity flags, or lack of human approval. High-risk 
interventions require dual approval by the qual-
ity engineer and process owner, plus a rollback 
and monitoring plan. The LLM has no direct 
write access to programmable logic controllers 
(PLCs), MES, or SCADA.

The audit log records the event identifier, 
timestamp, process state, data-source versions, 
retrieved document identifiers and hashes, prompt 
template, model version, recommendation text, 
twin input and output, risk score, approver iden-
tity and role, final decision, execution status, and 
post-intervention outcome. These records sup-
port traceability, root-cause analysis, and periodic 
review of model drift.

Operationalisation of hypotheses 		
and metrics

To enable an unambiguous verification of the 
hypotheses, the constructs were mapped to met-
rics and measurement procedures. The mapping 
is summarised in Table 1. We adopt measures 
typical for quality engineering, including first-
pass yield (FPY) and scrap, complemented by 

Figure 4. Methodological workflow of the study: from literature synthesis to the Monte Carlo experiment 

Figure 5. Conceptual architecture of the LLM‑augmented digital quality twin (LDQT) 
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decision-safety indicators (probability of incor-
rect intervention) and a unit cost metric aggregat-
ing the effects of defects, rework, and downtime. 
All economic values are expressed in arbitrary 
units (a.u.) to enable comparison of scenarios 
without disclosing plant-specific cost data.

Simulation model and experimental 
scenarios

The empirical layer of the study takes the form 
of a discrete-event simulation (DES) at the level 
of a production stream. The model describes the 
production of N items, in which stochastic pro-
cess-drift events occur (e.g., tool miscalibration, 
change in material properties). Drift increases the 
defect probability until it is detected and a correc-
tive intervention is performed. The intervention 
decision depends on the scenario: S1 (manual) 
represents classic analysis by a quality engineer, 
S2 (rule-based) represents a decision supported 
by a simple rule-based decision-support system 
(DSS), and S3 (LDQT) represents a decision sup-
ported by an LLM-RAG agent with twin-based 
validation and a human-in-the-loop mechanism. 
Scenario parameters are listed in Table 2. They 
are transparent, engineering-plausible assump-
tions selected to represent three levels of diag-
nostic maturity rather than empirically calibrated 
parameters of a specific plant.

The values in Table 2 are intended to be real-
istic at the level of order of magnitude, not uni-
versal benchmarks. With a mean cycle time of 
approximately two minutes, the manual delay of 
220 items represents batch- or shift-level detec-
tion, the rule-based delay of 140 items represents 
partial automation of alarm interpretation, and the 
LDQT delay of 80 items represents earlier diag-
nosis supported by retrieval, hypothesis genera-
tion, and what-if testing. The defect probabilities 
describe a stable process with a low baseline non-
conformity rate (1%), a drift state with a sixfold 

higher defect risk (6%), and an incorrect inter-
vention state with additional degradation (8%). 
The assumed incorrect-intervention probabilities 
(5%, 3%, and 2%) express the expected effect 
of increasing decision support and governance. 
Because these assumptions remain uncertain, the 
Results section includes a sensitivity analysis.

The experiment was conducted using a 
Monte Carlo simulation: for each scenario, 
R=400 replications were executed, and each rep-
lication comprised N=4000 items. Metric distri-
butions were evaluated, 95% confidence inter-
vals for means were computed, and effect sizes 
(Cohen’s d) with bootstrap uncertainty estima-
tion were calculated. For H1 and H2, scenario 
means from independent Monte Carlo replica-
tions were compared using two-sided Welch’s 
t-tests, with degrees of freedom estimated using 
the Welch-Satterthwaite approximation. For H3, 
the incorrect-intervention share was compared 
using a two-proportion z-test based on aggregat-
ed intervention-event counts, not item counts. 
The corresponding test statistics and, where 
applicable, degrees of freedom are reported in 
Table 4. This procedure makes it possible not 
only to identify differences in means but also to 
assess their practical importance (effect magni-
tude) under process variability.

RESULTS

Aggregated experiment results are presented 
in Table 3. Under the adopted simulation assump-
tions, a systematic improvement of all quality 
KPIs is visible in the LDQT scenario: first-pass 
yield increases, the scrap fraction decreases, and 
the unit cost of quality + downtime is reduced. 
These values describe the model output, not veri-
fied factory performance.

Table 4 clarifies that H1 and H2 were tested 
through two-sided Welch’s t-tests on independent 

Table 1. Operationalisation of research constructs and metrics 

Hypothesis Construct Metric Operationalisation in the study

H1 Diagnostic efficiency (mean time to 
root-cause analysis, MTRCA) Mean drift detection delay [items] μ(det_delay) – model parameter and 

number of items in drift state
H2 Quality effectiveness First‑Pass Yield (FPY) 1 – number of defects / N

H2 Quality effectiveness Scrap rate number of scrap items / N

H2 Economic efficiency Unit cost of quality + downtime (C_scrap·scrap + C_rework·rework 
+ C_dt·downtime)/N

H3 Decision safety Probability of incorrect intervention wrong_interventions / interventions
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Monte Carlo replications, with the Welch-Satter-
thwaite approximation used for the degrees of 
freedom. H3 is interpreted as a governance-design 
comparison because the incorrect-intervention 
probability is an explicit scenario parameter; its 
pairwise comparison was reported using a two-
proportion z-test. The statistical results, therefore, 
support the internal validity of the simulation 
experiment but do not replace factory validation.

Differences in unit costs are not only reflected 
in mean values, but span the entire distribution. Fig-
ure 6 presents the distribution (boxplot) of cost per 
item; in the LDQT scenario, we observe a down-
ward shift of the distribution and a smaller num-
ber of extreme observations. In interpretive terms, 
LDQT reduces not only the typical simulated cost of 
quality but also the risk of high-cost episodes result-
ing from prolonged drift or incorrect interventions.

Because quality decisions are dynamic in 
nature, we also analysed defect evolution over 

time. Figure 7 shows the cumulative defect rate 
in a single simulation run. The LDQT curve stabi-
lises at a lower level than in the manual scenario, 
which is consistent with hypothesis H1 within 
the simulated environment: faster drift detection 
reduces the number of defective items produced 
before corrective action.

To frame the results in the language of applied 
statistics, effect sizes (Cohen’s d) were computed 
relative to the baseline scenario for major metrics 
(cost, scrap, cycle time, FPY). Figure 8 shows that 
the improvement in cost and scrap in the LDQT 
scenario is at least medium to large (in terms of 
|d|), with narrow uncertainty intervals. This find-
ing strengthens H2 in the simulation study and 
suggests that the benefits are not an artefact of 
individual runs but a stable outcome of the faster 
and safer intervention mechanism.

To address the dependence on assumed 
parameters, a one-factor-at-a-time sensitivity 

Table 2. Key parameters of the three scenarios in the simulation experiment

Scenario Description μ detection 
delay [items]

σ detection 
delay [items]

P(incorrect 
intervention)

P(defect | 
normal)

P(defect | 
drift)

P(defect | 
after incorrect)

S1 Manual (baseline) 220 60 0.05 0.01 0.06 0.08

S2 Rule‑based DSS 140 45 0.03 0.01 0.06 0.08

S3

LLM-RAG + 
governance (Retrieval-
Augmented Generation 

+ twin validation + 
human approval)

80 35 0.02 0.01 0.06 0.08

Table 3. Monte Carlo experiment results: mean and 95% CI for key metrics 

Scenario FPY Scrap Cycle [min] Cost [a.u./item] Interventions
S1: Manual 
(baseline)

0.9836 
(0.9832–0.9841)

0.0066 
(0.0064–0.0068)

2.0692 
(2.0669–2.0715)

1.3118 
(1.2724–1.3512) 2.21

S2: Rule‑based DSS 0.9855 
(0.9851–0.9858)

0.0059 
(0.0057–0.0061)

2.0632 
(2.0613–2.0650)

1.1772 
(1.1458–1.2086) 2.46

S3: LLM‑RAG + 
governance

0.9873 
(0.9870–0.9876)

0.0052 
(0.0051–0.0054)

2.0573 
(2.0556–2.0589)

1.0453 
(1.0200–1.0707) 2.58

Table 4. Explicit statistical verification of hypotheses in the simulation study

Hypothesis/comparison Main metric Difference or effect Test and result Interpretation

H1: S3 vs S1 Detection delay 80 vs 220 items; 
Cohen’s d = -2.85

Welch’s t-test: t = -40.31; df 
= 642.36; p < 0.001 Supported in simulation

H1: S3 vs S2 Detection delay 80 vs 140 items; 
Cohen’s d = -1.49

Welch’s t-test: t = -21.05; df 
= 752.41; p < 0.001 Supported in simulation

H2: S3 vs S1 Cost -0.2665 a.u./item 
(-20.3%); d = -0.79

Welch’s t-test: t = -11.18; df 
= 681.02; p < 0.001 Supported for cost

H2: S3 vs S1 FPY +0.0037; d = 0.95 Welch’s t-test: t = 13.45; df = 
695.16; p < 0.001 Supported for yield

H3: S3 vs S1
Incorrect 

intervention 
probability

0.02 vs 0.05 Two-proportion z-test: z = 
-3.52; p < 0.001; df n/a

Supported as a 
scenario-based 

governance result
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analysis was added. The analysis varied LDQT 
detection delay, incorrect-intervention probabil-
ity, and drift severity while keeping the compari-
son structure unchanged. The results in Table 5 
show that the direction of the LDQT advantage 

remains stable, although the magnitude decreases 
under pessimistic assumptions.

The sensitivity analysis indicates that the 
conclusions are robust in direction but not in 
exact magnitude. This supports a cautious inter-
pretation: LDQT is promising in the model, yet 

Figure 6. Distribution of the unit cost of quality + downtime in three scenarios

Figure 7. Quality dynamics: cumulative defect rate over time

Figure 8. Effect sizes (Cohen’s d) relative to the baseline scenario (bootstrap 95% CI; own elaboration)
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plant-specific calibration is necessary before 
operational claims can be made.

DISCUSSION

The simulation results should be interpreted 
as computational evidence that a certain deci-
sion architecture is consistent with the expected 
direction of KPI improvement, rather than as a 
direct measure of the effectiveness of any spe-
cific LLM or as proof of industrial readiness. 
In the LDQT model, intelligence is represented 
through parameters that shorten drift-detection 
time and reduce the risk of incorrect interven-
tions, corresponding to an organisational effect: 
faster hypothesis generation, better use of knowl-
edge, and validation of recommendations in a 
controlled twin environment. The conceptual dif-
ference between LDQT and adjacent approaches 
is summarised in Table 6.

This comparison highlights the main con-
tribution of the paper that LDQT integrates evi-
dence grounding, digital-twin validation, human 
accountability, and auditable governance in one 
quality-decision loop.

First, the observed effect is consistent with 
the growing stream of research on RAG for qual-
ity control. Studies on advanced RAG systems for 
manufacturing quality indicate that grounding in 
documents and data increases the usefulness of 
GenAI for engineers [5]. The present study com-
plements that stream with a KPI perspective by 
showing, under explicit assumptions, how short-
ening the time from signal to action can translate 
into a reduction of the cost of quality and the risk 
of high-cost episodes.

Second, the incorporation of a digital qual-
ity twin implements recommendations stemming 
from the concept of manufacturing digital twins, 
i.e., treating the twin as an environment integrat-
ing data and models across the production life-
cycle [11,13]. In practice, LDQT interprets the 
twin as a pre-verification tool for interventions 
(what-if), which directly matters for minimising 
erroneous actions. This is particularly important 
in systems with high technological complexity 
(cf. Figure 2), where the consequences of incor-
rect settings may escalate cascadingly.

Third, the results align with findings from 
human-AI teaming research, which indicate that 
team productivity depends on a clear alloca-
tion of roles, trust, and the quality of feedback 

Table 5. Sensitivity analysis of LDQT advantage over the manual baseline

Variant Parameter change LDQT cost advantage vs S1 FPY direction Interpretation

Base model Table 2 values 20.3% lower cost Higher Reference case

Pessimistic detection S3 mean delay +25% 
(80 -> 100 items) 17.1% lower cost Higher Benefit remains

Weaker governance
S3 incorrect-intervention 

probability doubled 
(0.02 -> 0.04)

18.5% lower cost Higher Robust but smaller

More severe drift P(defect | drift) +25% 
(0.06 -> 0.075) 19.4% lower cost Higher Faster response still 

limits exposure

Boundary case S3 mean delay +50% and 
P(incorrect) = 0.04 14.8% lower cost Higher, reduced Main direction persists

Table 6. Conceptual comparison of LDQT with related manufacturing decision-support approaches

Approach Main strength Typical gap LDQT extension
Standalone RAG quality 
assistant

Evidence-grounded answers 
from documents

No process-state validation 
before action

Adds Digital Quality Twin, what-
if checking, and approval gate

Classical digital quality 
twin

Process simulation and quality-
state representation

Limited natural-language 
synthesis of unstructured 

knowledge

Adds LLM-RAG interface and 
an auditable recommendation 

packet

Rule-based DSS Transparent execution of 
predefined rules

Brittle for new defect patterns 
and unstructured documentation

Adds retrieval, explanation, 
and simulation-based 

recommendation screening

Generic AI copilot Fast narrative support for 
engineers

Weak traceability and execution 
control

Adds source records, model/
twin logs, human sign-off, and 

no direct write access
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loops [16,17]. LDQT operationalises these pos-
tulates through the human-in-the-loop principle 
and traceability. The LLM recommendation is 
linked to evidence (RAG), a twin-based test, and 
a named approver. As a consequence, the system 
augments the competence of the quality engineer 
rather than shifting responsibility to the model.

Fourth, the agentic-AI and multi-agent digi-
tal-twin trend suggests that the future of manu-
facturing systems will rely on the coordination 
of multiple decision components, with LLMs as 
an interaction and planning layer [18,19]. LDQT 
can be interpreted as a specialised case of such 
a system: an LLM agent manages the diagnostic 
workflow and integrates results, yet its actions are 
constrained by governance and validation.

Finally, compliance and AI governance are an 
essential part of the discussion. The LDQT sce-
nario assumes mechanisms aligned with practices 
recommended by ISO/IEC 42001 and NIST (risk 
management, measurement, continuous improve-
ment) [8,9]. At the design level, this entails sepa-
rating the generative layer from the execution 
layer, controlling access to data, maintaining an 
audit log, and establishing procedures for impact 
assessment. This approach is also consistent with 
the EU regulatory direction [7].

Practical deployment would require integra-
tion with MES/SCADA, quality-management 
repositories, and access-control infrastructure. 
The computational layer would include a vec-
tor database, an LLM endpoint or local model, a 
simulation service for the Digital Quality Twin, 
monitoring dashboards, and secure interfaces to 
existing IT/OT systems. Main cost drivers include 
data cleaning, document governance, model vali-
dation, cybersecurity hardening, staff training, 
and maintenance of prompts, embeddings, model 
versions, and twin parameters. From an adoption 
perspective, technical accuracy alone is insuffi-
cient, usefulness, trust, explainability, organisa-
tional support, and workflow fit are likely to influ-
ence whether engineers accept the system [28].

LIMITATIONS

The study has limitations typical of compu-
tational experiments and should be interpreted 
accordingly. First, the simulation model is styl-
ised: it represents drift and interventions at a 
probabilistic level rather than through full process 
physics. Second, LLM behaviour is represented by 

parameters (detection time, error risk) rather than 
by executing a specific model on real data. Third, 
costs and times are relative and require calibration 
for a particular plant. Fourth, no pilot implemen-
tation, industrial dataset, prototype demonstra-
tion on live factory logs, or closed-loop MES/
SCADA deployment was performed; therefore, 
the results cannot confirm practical effectiveness 
in a real manufacturing setting. Fifth, the selected 
parameters were justified as engineering-plausi-
ble assumptions and explored through sensitivity 
analysis, but they are not universally transferable 
benchmarks across plants. Additional limitations 
concern cybersecurity risks (prompt injection, 
retrieval poisoning, data leakage, unauthorised 
access), data-quality problems in source reposito-
ries, model drift, long-term maintenance of vector 
databases and prompts, and the operational cost of 
integration, validation, monitoring, and staff train-
ing. Nevertheless, this construction is purposeful: 
it isolates mechanisms and allows hypotheses to 
be tested in a controlled environment.

CONCLUSIONS

This paper proposed an auditable LLM-aug-
mented Digital Quality Twin architecture that 
combines GenAI (LLM) with RAG, a digital 
quality twin, and the human-in-the-loop principle 
for production and technology management. The 
computational experiment indicates that, under 
the adopted assumptions, LDQT may shorten 
drift-detection delay, improve first-pass yield, 
reduce scrap, and lower the unit cost of quality 
and downtime relative to manual and rule-based 
scenarios. The explicit governance layer is central 
because it converts LLM output into an auditable 
recommendation packet that must be grounded in 
retrieved evidence, checked in the digital qual-
ity twin, and approved by a responsible human. 
The results should not be interpreted as proof of 
real-factory effectiveness. They show that the 
architecture is internally consistent and promis-
ing in simulation; practical effectiveness can be 
confirmed only after calibration with industrial 
data and validation in a production environment. 
The main contribution is a defined Digital Quality 
Twin concept, an auditable LDQT architecture, 
and a simulation-based metric set for balancing 
efficiency and decision safety in Industry 4.0/5.0 
quality management.
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