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Abstract: Quality assurance in manufacturing has traditionally been reactive. Products are inspected or tested after
they are made, defects are counted, and process changes follow weeks later. Artificial intelligence (Al) offers a
different model, in which sensor, vision and process data are used to predict defects before they occur and to intervene
while a lot is still in process. This paper examines how Al changes predictive quality assurance in modern
manufacturing and proposes a layered framework that links data acquisition, predictive modeling, decision support
and governance. We review a cross-industry assessment of Al use-case impact covering aerospace, automotive
original equipment manufacturers, automotive suppliers, industrial equipment and semiconductors, and we observe
that quality-related use cases such as yield enhancement and predictive maintenance have high impact in specific
sectors while automated quality testing is still rated medium or low everywhere. To organize the benefits, we adapt
the replacement, reduction and refinement lens, which originates in the ethics of preclinical animal experimentation,
to quality testing: Al models can replace destructive or offline tests, reduce the volume of physical sampling and refine
interventions through earlier warning. The framework was evaluated in three plants, a semiconductor fab, an
automotive components supplier and an industrial equipment assembler, over twelve months before and twelve
months after deployment. A hybrid ensemble reached 89.7% defect recall with a false alarm rate of 4.2 per thousand
units and an average warning lead time of 38 minutes, first-pass yield rose by between 1.6 and 3.3 percentage points,
and defect escapes fell by 55% to 62%. The study also discusses model drift, explainability and validation as
conditions for sustained value.
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I. INTRODUCTION

Quality is one of the oldest concerns of industrial production and one of the most expensive to get wrong.
A defect that escapes the factory can cause warranty claims, recalls, safety incidents and lasting damage to
reputation, while a defect caught late within the factory still wastes material, machine time and labor. For
most of the twentieth century, manufacturers addressed this problem with a combination of inspection,
sampling and statistical process control. Inspectors or gauges checked a sample of products, control charts
monitored a handful of process variables, and engineers reacted when a measurement drifted outside its
limits. These methods remain valuable, and they underpin quality standards that are used worldwide [1],
[20]. Their weakness is timing. They detect problems after something has already gone wrong, and they are
poorly suited to the high-dimensional, fast-moving data that modern production lines generate.

Modern factories produce an enormous volume of data. A single line may carry thousands of sensors
recording temperature, pressure, vibration, torque, current and position, together with cameras, process
recipes, material batch information and maintenance logs. The shift toward connected, cyber-physical
production has made this data available in near real time [3], [4]. The difficulty is not collecting the data
but using it. Relationships between many variables, delayed effects and subtle combinations of small
deviations are beyond the reach of fixed control limits. Machine learning, a branch of Al, is well suited to
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this kind of pattern. It can learn from historical examples which combinations of conditions precede a defect
and can raise an alert while there is still time to act [2].

Predictive quality assurance is the practice of using such models to anticipate quality problems rather than
merely record them. In its mature form, it covers inspection by computer vision, forecasting of defects from
process conditions, virtual measurement that infers a quality attribute from other data instead of measuring
it directly, adaptive sampling that focuses inspection where risk is highest, and decision support that
recommends a corrective action. It also covers the governance needed to keep these systems trustworthy,
since a model that silently degrades can do more harm than no model at all.

Despite this promise, evidence on the actual impact of Al on quality assurance is uneven. Some sectors
report large gains in yield, and others report that automated quality testing is still at an early stage of impact.
There is also no widely shared way to describe the different benefits that Al brings to testing. This paper
addresses these gaps. Its contributions are as follows: (i) an analysis of a cross-industry assessment of Al
use-case impact, with attention to the quality-related use cases; (ii) a layered framework for Al-enabled
predictive quality assurance; (iii) an adaptation of the replacement, reduction and refinement lens to quality
testing in manufacturing, which gives a vocabulary for the benefits and the ethical and regulatory conditions
under which they are achieved; (iv) a multi-plant evaluation in semiconductors, automotive components
and industrial equipment; and (v) a discussion of the conditions, such as drift management, explainability
and validation, needed to sustain the gains.

The remainder of the paper is organized as follows. Section II reviews the literature, Section III discusses
related work, Section I'V presents the methodology, Section V describes the experimental setup, Section VI
reports the results, Section VII discusses their implications and limitations, and Section VIII concludes.

II. LITERATURE REVIEW

A. From Statistical Process Control to Predictive Quality

Classical quality control rests on the idea that variation in a process can be separated into common causes,
which are inherent, and special causes, which signal that something has changed. Control charts and
capability studies formalized this idea and gave manufacturers a disciplined way to monitor a process [1].
Quality management systems, standardized internationally, embed these practices in documented
procedures, audits and continual improvement [20]. The approach is powerful when the number of variables
is small and the process is stable. It is less effective when many interacting variables determine quality,
when the relationship between a cause and its effect is delayed or nonlinear, and when products change
frequently. In such settings, monitoring one variable at a time produces either many false alarms or missed
detections.

The move toward cyber-physical production systems created the data infrastructure for a different approach.
Architectures for Industry 4.0 describe layers that connect machines, networks, analytics and decision-
making, so that data from the shop floor can be processed in the cloud or at the edge and fed back into
operations [4]. Reviews of smart manufacturing describe how data-driven methods are applied to design,
planning, control and quality, and how they change the role of the engineer from reacting to events to
managing models and data [3]. Within this movement, predictive quality is a natural application, since
quality outcomes are the result of the same process conditions that the sensors record.

B. AI Techniques for Quality Assurance
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Reviews of machine learning in manufacturing identify quality control, predictive maintenance and process

optimization as the main areas of application, and they note that the advantages of the technology are

accompanied by challenges of data quality, integration and interpretability [2]. Computer vision has become

the most visible technique for quality. Deep convolutional networks can learn visual features of defects

directly from images, which removes the need to hand-design inspection rules, and have been applied to

surface inspection, assembly verification and dimensional checks [6]. Surveys of vision-based defect

detection show a rapid shift from classical image processing to learned approaches and point to the
persistent difficulty of obtaining enough labeled examples of rare defects [7].

For process data, a range of models is used. Tree ensembles, including random forests and gradient
boosting, are popular because they handle mixed variables, tolerate missing values and perform strongly
on tabular data [10], [12]. Recurrent networks, such as long short-term memory models, capture temporal
dependencies in sequences of sensor readings and can anticipate defects from the recent history of a process
[11]. Anomaly detection methods flag unusual behavior without requiring labeled defects, which is valuable
when defects are rare and varied [9]. Digital twins, which are virtual representations of physical assets or
processes that are kept in step with the real system, allow what-if analysis and the testing of interventions
without disturbing production [5]. Predictive maintenance, which forecasts equipment failures, is closely
linked to quality, because worn tools and degrading machines are a major source of defects [8], [21].

C. The Cross-Industry Adoption Landscape

The adoption of Al differs widely between industries and between use cases. Fig. 1 summarizes a cross-
industry assessment of the impact of eight Al use cases on five sectors, namely aerospace, automotive
original equipment manufacturers and commercial vehicles, automotive suppliers, industrial equipment and
semiconductors. The use cases are grouped into products and services, which includes autonomous
vehicles; manufacturing operations, which includes Al-enhanced predictive maintenance, collaborative and
context-aware robots, yield enhancement in manufacturing and automated quality testing; and business
processes, which includes Al-enhanced supply chain management, high-performance research and
development projects and business support function automation. The size and color of each marker indicate
whether the impact is high, medium or low.
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Fig. 1. Impact of Al use cases by industry, grouped into products and services, manufacturing operations and business
processes.

Several patterns stand out and are analyzed further in Section VI. Impact is concentrated rather than
uniform. Autonomous vehicles show high impact in aerospace, automotive original equipment
manufacturers and automotive suppliers, but low impact in industrial equipment. Predictive maintenance
has high impact in automotive original equipment manufacturers and industrial equipment. Yield
enhancement is rated high only in semiconductors, which is consistent with the dependence of that industry
on yield. Automated quality testing, in contrast, is rated medium in three sectors and low in the other two,
and is never rated high. This is a notable result for a function that is central to manufacturing, and it suggests
that the full potential of Al in quality testing has not yet been realized in practice.

D. Governance, Drift and Trust

The value of a predictive model depends on its continued validity. Processes change, materials vary, tools
wear and products are updated, so the statistical relationships that a model learned may shift over time, a
phenomenon known as concept drift. Surveys of drift adaptation describe techniques for detecting change
and for updating models, and they emphasize that monitoring is as important as the original training [14].
Experience with production machine learning systems also warns that models carry hidden maintenance
costs, including data dependencies, feedback loops and configuration debt, which accumulate if they are
not managed [15]. Trust is a further requirement. Operators and engineers are more willing to act on alerts
when they can see why the model raised them, which has led to interest in explanation methods that attribute
a prediction to its input features [13]. In regulated or safety-critical sectors, governance also has an ethical
and legal dimension, which we return to in Section IV.

III. RELATED WORK

3898 GAURAYV KUMAR SINHA et al 3895-3912



Journal of Computational Analysis and Applications VOL. 33, NO. 5, 2024

10.48047/jocaaa.2024.33.05.94

ISSN:1521-1398 ,1572-9206

Research on Al for quality in manufacturing can be organized into inspection, prediction, integration and

governance. In inspection, studies have shown that convolutional networks trained on images of products

can match or exceed hand-crafted inspection pipelines for surfaces and assemblies, provided sufficient

labeled data exist [6], [7]. The main limitation noted in this literature is the scarcity and imbalance of defect

examples, which has led to the use of augmentation, synthetic data and anomaly detection. Inspection

systems of this kind are valuable but, by themselves, remain reactive, because they find defects after a part
has been made.

In prediction, a large body of work uses process and sensor data to forecast defects, equipment failures and
yield. Systematic reviews of machine learning for predictive maintenance describe the models used, the
data requirements and the typical benefits, and they document the difficulty of translating laboratory results
to industrial settings [8], [21]. For quality, studies using tree ensembles and recurrent networks report
improvements over statistical process control in detecting complex defect patterns [10]-[12]. A recurring
finding is that the best model depends on the data. Tree ensembles perform well on stable tabular data,
while sequence models help when temporal patterns matter. Hybrid designs that combine several models
are therefore common.

In integration, digital twins and cyber-physical architectures embed models into the control loop of
production. A twin allows the effect of a parameter change to be simulated before it is applied, which makes
experimentation safe and cheap [5]. Architectures for connected production describe the flow of data from
machines to analytics and back [4]. These works establish the technical possibility of closed-loop quality,
but they do not generally quantify the benefits across multiple plants, and they treat the replacement of
physical tests by models only informally.

In governance, work on drift and on technical debt emphasizes monitoring and lifecycle management [14],
[15], while research on explainable models addresses trust [13]. Outside manufacturing, other fields have
developed principled ways to think about replacing physical testing with computational methods. The best
known is the replacement, reduction and refinement framework, which was proposed in the ethics of animal
experimentation to guide the design of humane research [16]. In that field, Al-based models are now used
to replace some experiments, reduce the number of animals needed in others and refine procedures to lessen
harm, and the shift is supported by regulatory developments and by international guidance on trustworthy
Al [17]-[19]. The framework has not, to our knowledge, been systematically applied to quality testing in
manufacturing, even though the underlying logic of substituting, reducing and sharpening physical tests
with predictive models is the same.

Three open issues remain. First, the benefits of Al in quality are rarely described with a common vocabulary
that separates substitution of tests, reduction of testing effort and earlier intervention. Second, multi-plant
evidence that spans different industries is scarce. Third, the conditions of validation and governance that
make predictive quality trustworthy are often discussed separately from its performance. This paper
addresses all three.

IV.METHODOLOGY

A. Research Design

The study combines three elements. The first is an analysis of the cross-industry impact assessment in Fig.
1, which is used to identify where quality-related Al use cases matter most and which is described in Section
VI. The second is the design of a layered framework for predictive quality assurance. The third is a multi-
plant evaluation in which the framework was deployed in three plants and compared against baseline
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practices over a period before and after deployment. The framework is described in this section, and the

evaluation is described in the next.

B. Layered Framework for AI-Enabled Predictive Quality

The framework has five layers, summarized in Table I. The data layer collects and aligns signals from
machines, sensors, cameras, test equipment, recipes, maintenance records and material batches, and
attaches each record to the unit or lot to which it belongs, so that process conditions can be linked to quality
outcomes. The modeling layer holds the predictive models, including a vision model for inspection, process
models for defect prediction, an anomaly detector for unlabeled deviations and a virtual metrology model
that estimates a quality attribute from process data. The decision layer converts model outputs into actions,
such as adjusting a parameter, holding a lot, scheduling maintenance or changing the sampling plan. The
integration layer connects the models to production systems and to a digital twin that supports what-if
analysis. The governance layer covers validation, monitoring, explanation, access control and audit.

TABLE 1. Layers of the Predictive Quality Assurance Framework

Layer Main Function Examples
Data Collect, align and trace signals to Sensor streams, images, recipes, test
units and lots results, maintenance logs
Modeling Predict, detect and estimate quality Vision model, defect predictor,
attributes anomaly detector, virtual metrology
Decision Turn predictions into recommended Parameter adjustment, lot hold,
actions adaptive sampling, maintenance order
Integration Connect models to production and to | Manufacturing execution link, what-if
a digital twin simulation, edge deployment
Governance Keep models valid, explainable and Validation protocol, drift monitoring,
auditable explanation, audit trail

C. Replacement, Reduction and Refinement Lens

To describe how Al changes quality testing, we adapt a lens that originates in a very different field. In
animal experimentation, the principles of replacement, reduction and refinement guide researchers to use
alternatives to animals where possible, to use as few animals as necessary and to minimize suffering [16].
Fig. 2 shows how Al supports each principle in that field. Experimental data such as multi-omics
measurements, high-content imaging and outputs of in vitro methods feed predictive modeling. The
resulting models support replacement through Al-based in silico models, reduction through optimized study
designs and digital twins, and refinement through predictive welfare analytics and early prediction of
adverse events. A cycle of ethics and regulatory enablers, which in the figure includes the FDA
Modernization Act 2.0, the European REACH regulation and OECD guidance on Al, links the technical
models to ethical validation, which in turn addresses the ethical burden of the original experiments.
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Fig. 2. Replacement, reduction and refinement supported by Al, with ethics and regulatory enablers, used here as a
conceptual lens for quality testing.

We use this structure as an analogy and not as a claim that manufacturing quality raises the same ethical
questions. The logic of the three principles transfers well. Physical testing in manufacturing is costly in
material, time and, in destructive tests, in the products themselves. In quality assurance, replacement means
using Al models to substitute for destructive or offline tests, as when virtual metrology estimates a
measurement that would otherwise require cutting a part or removing a wafer from the line. Reduction
means using optimized sampling and digital twins to cut the number of physical samples needed to maintain
confidence. Refinement means using predictive analytics to detect early signs of trouble and to intervene
sooner and more precisely, for example by adjusting a parameter before defects occur rather than scrapping
a lot afterwards. The ethical and regulatory side of the lens also has a manufacturing counterpart. In sectors
such as pharmaceuticals, medical devices, aerospace and automotive safety systems, replacing a physical
test with a model requires documented validation, and the regulatory developments shown in the figure
illustrate how institutions have begun to accept computational alternatives when they are validated. The
principles of trustworthy Al also apply directly to models that make quality decisions [17]. The framework
therefore treats validation as a necessary condition for replacement.

D. Predictive Models

Five model families were used. The first is a statistical process control baseline, which applies control rules
to a set of key process variables. The second is logistic regression over engineered features. The third is a
random forest [12], and the fourth is a gradient boosting model [10], both over engineered features that
summarize the recent behavior of each sensor, such as averages, trends and variability over a moving
window. The fifth is a long short-term memory network that reads the sequence of sensor readings directly
[11]. The proposed model is a hybrid ensemble that combines gradient boosting on engineered features, the
sequence network on raw readings and an anomaly score from an unsupervised detector, with a meta-learner
that weights the three according to the process context. A vision model, a convolutional network trained on
labeled images, is used for inspection in the plants where cameras are available, and its output is added as
a further input to the ensemble [6].

E. Decision Support and Adaptive Sampling

Predictions are turned into actions by a rule-based layer with human oversight. When the predicted risk of
a defect rises above a warning level, the system recommends a corrective action, which can be a parameter
adjustment drawn from the digital twin, an inspection of the tool or a change to the sampling plan. When
the risk exceeds a higher level, the lot is held for review. Adaptive sampling allocates physical inspection
according to risk. Units or lots with low predicted risk are sampled at a reduced rate, and those with high
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predicted risk are sampled more densely. This is the mechanism by which the framework reduces physical

testing without removing the safety net, because the sampling rate rises automatically whenever the models
are uncertain or the risk increases.

F. Governance and Validation

Each model passes through a validation protocol before it is allowed to influence a decision. The protocol
requires performance on held-out data from a period later than the training data, comparison against the
existing method, a review of failure cases with process engineers and documentation of intended use and
limits. Models that would replace a physical test also undergo a side-by-side period in which both the model
and the physical test run, and the model is accepted for replacement only if its agreement with the test meets
a defined criterion. After deployment, drift monitors compare the distributions of inputs and predictions
with those seen during validation and trigger review or retraining when they diverge [14]. Predictions are
accompanied by explanations that show which signals contributed most [13], and every decision is logged
for audit. This design reflects the lesson that models require continuing management [15].

G. Evaluation Metrics

Model performance was measured with defect recall, which is the share of true defects that were predicted,
precision, which is the share of predicted defects that were real, the false alarm rate per thousand units and
the mean lead time, which is the interval between the first warning and the moment at which the defect
would otherwise have been detected downstream. Business performance was measured with first-pass
yield, the share of units that pass all tests at the first attempt, defect escapes in parts per million, which
counts defective units that reached the customer or the next stage undetected, a scrap cost index, inspection
time per unit and the false reject rate. The three principles of the lens were measured through the share of
destructive tests replaced, the reduction in physical samples and the lead time of warnings.

V. EXPERIMENTAL SETUP

A. Plants and Processes

The framework was deployed in three plants, selected to reflect sectors that Fig. 1 identifies as having
different patterns of impact. Plant A is a semiconductor fabrication facility, where the main quality
outcomes are electrical test results and wafer yield. Plant B is a supplier of machined and assembled
automotive components, where quality outcomes are dimensional conformity and assembly integrity. Plant
C assembles industrial equipment, specifically gearboxes, where quality outcomes include noise, vibration
and leak tests at end of line. Table Il summarizes the plants.

TABLE II. Plants Included in the Evaluation

Plant Sector Primary Quality Main Data Sources
QOutcome

A Semiconductors Wafer yield and electrical | Equipment sensors, recipes,
test results inline metrology

B Automotive components Dimensional conformity Machine signals, gauges,

and assembly integrity vision stations
C Industrial equipment End-of-line noise, vibration | Test benches, torque tools,
and leak tests maintenance logs

B. Data and Study Period
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Each plant provided twenty-four months of data. The first twelve months formed the baseline period, during

which the plant operated with its existing practices of statistical process control, sampling and inspection.

Models were trained on the first nine months of the baseline period and validated on the following three

months, and the framework was then deployed for the final twelve months. This design ensures that models

were always tested on data later than their training data. Defect labels came from the plants' own test and

inspection records, and cases with disputed labels were reviewed by quality engineers. Data from machines
were aligned to units or lots using the manufacturing execution system.

C. Deployment and Baselines

Models ran on an edge server in each plant, with scores written back to the manufacturing execution system
and displayed on dashboards for operators and engineers. For model comparison, the baselines were run in
shadow mode on the same data, so that all models were scored on identical units. For business comparison,
the plant's own performance during the baseline period served as the reference, and where possible, a
concurrent comparison line that did not use the framework was used to control for seasonal effects and
product mix. The proposed ensemble was compared with the statistical process control baseline, logistic
regression, random forest, gradient boosting and the sequence network.

D. Validation of Replacement

For tests that the models were intended to replace, a side-by-side period of twelve weeks was run in each
plant. During this period, the physical test continued while the virtual model predicted the same attribute.
A test was classed as replaceable if the model's agreement with the physical test met the plant's acceptance
criterion, which required agreement within the measurement uncertainty of the physical test on at least the
agreed share of units and no missed out-of-specification unit in the review sample. Replaced tests were
retained at a low sampling rate for continued verification. Adaptive sampling was introduced in a staged
manner, with the sampling rate for low-risk units reduced gradually and monitored for any rise in escapes.

E. Statistical Treatment

All comparisons of model performance are based on the same units and use paired comparisons. Business
metrics before and after deployment are compared on a monthly basis, and differences are reported with
their direction and size. Because the plants differ in size and product, results are reported per plant and then
summarized. Numbers reported in the following section are averages over the evaluation period, and the
drift and ablation analyses used a rolling evaluation to show how performance changed over time.

VI. RESULTS

A. Cross-Industry Impact Patterns

The assessment in Fig. 1 can be summarized by counting the ratings for each sector. Table III shows the
counts. Industrial equipment has the largest number of high-impact use cases, three, namely predictive
maintenance, collaborative robots and supply chain management. Automotive original equipment
manufacturers, automotive suppliers and semiconductors each have two, and aerospace has one. The nature
of the high-impact use cases differs sharply. In semiconductors they are yield enhancement and high-
performance research and development, which reflect an industry where small gains in yield translate
directly into large economic benefits and where design cycles are research intensive. In the automotive
sectors the high-impact use cases are autonomous vehicles together with either predictive maintenance or
supply chain management. In aerospace, only autonomous vehicles are rated high, and most other use cases
are rated medium.
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TABLE III. Counts of Impact Ratings by Sector Derived from Fig. 1

Sector High | Medium | Low High-Impact Use Cases

Aecrospace 1 5 2 Autonomous vehicles

Automotive OEMs and 2 5 1 Autonomous vehicles; predictive maintenance

commercial vehicles

Automotive suppliers 2 3 3 Autonomous vehicles; supply chain management

Industrial equipment 3 2 3 Predictive maintenance; collaborative robots; supply
chain management

Semiconductors 2 3 3 Yield enhancement; high-performance R&D

For this paper, the quality-related use cases are of greatest interest. These are predictive maintenance, yield
enhancement and automated quality testing. Predictive maintenance is rated high in two sectors and medium
in the other three, so it has broad impact. Yield enhancement is high in semiconductors, medium in
industrial equipment and low in the other three. Automated quality testing is rated medium in aerospace,
automotive original equipment manufacturers and industrial equipment, and low in automotive suppliers
and semiconductors. The comparison is revealing. Quality testing is the function most directly concerned
with product quality, yet it is rated lower than the adjacent use cases that act on the process. Our
interpretation is that the impact of Al on quality is currently realized mainly through prediction and
prevention, in the form of maintenance and yield management, rather than through automated testing itself,
and that automated testing has not yet reached its potential, perhaps because of integration costs, validation
requirements and scarcity of labeled defects. This interpretation motivated the choice of a framework that
treats testing, maintenance and yield as parts of one predictive system, and the selection of plants in sectors
where the assessment shows different emphases.

B. Model Performance

Table IV compares the models on defect prediction, aggregated across the three plants. The statistical
process control baseline reached a defect recall of 61.4% and a precision of 48.7%, with 21.3 false alarms
per thousand units and a mean warning lead time of only 6 minutes. Logistic regression improved all
measures. The random forest and gradient boosting models improved further, reaching recalls of 79.5% and
83.1%, and the sequence network reached 85.4% with the longest lead time among the single models, 33
minutes, which reflects the value of reading the temporal pattern of sensors. The proposed hybrid ensemble
achieved the best result on every measure, with a recall of 89.7%, a precision of 83.4%, 4.2 false alarms
per thousand units and a lead time of 38 minutes.

TABLE 1IV. Defect Prediction Performance, Aggregated Across Plants

Model Defect Recall (%) Precision (%) False Alarms per Mean Lead Time
1,000 Units (min)

Statistical process 61.4 48.7 21.3 6

control rules

Logistic regression 68.2 57.9 14.6 12

Random forest 79.5 71.3 8.7 21

Gradient boosting 83.1 75.6 7.1 24

Sequence network 85.4 77.2 6.5 33

Hybrid ensemble 89.7 834 4.2 38

(proposed)

The reduction in false alarms is as important as the gain in recall. Operators lose trust in systems that raise
frequent unnecessary alerts, and the false alarm rate of the proposed model is about one fifth of that of the
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statistical baseline. The longer lead time translates directly into the ability to act. A warning six minutes in

advance is often too short for a meaningful intervention, whereas a warning of nearly forty minutes allows
an operator to adjust a parameter, replace a tool or hold a lot before a large quantity of defective product
has been made.

C. Business Outcomes in the Plants

Table V reports the outcomes in each plant before and after deployment. First-pass yield improved in all
three plants, by 3.3 percentage points in the semiconductor fab, 2.6 in the automotive supplier and 1.6 in
the equipment assembler. The largest improvement was thus in the sector that Fig. 1 identifies as the one
where yield enhancement has the highest impact, which supports the plausibility of the assessment. Defect
escapes fell by 62% in the fab, 62% in the supplier and 55% in the assembler. The scrap cost index fell by
23%, 19% and 14%, inspection time per unit fell by about 39%, 39% and 33%, and the false reject rate fell
in every plant, which means that fewer good units were discarded.

TABLE V. Plant OQutcomes Before and After Deployment

Metric Plant A Plant A After Plant B Plant B After Plant C Plant C After
Before Before Before

First-pass 92.1 954 94.3 96.9 96.0 97.6

yield (%)

Defect 310 118 540 205 420 190

escapes (ppm)

Scrap cost 100 77 100 81 100 86

index

Inspection 14.0 8.5 21.0 12.8 33.0 22.0

time per unit

(s)

False reject 2.9 1.6 34 1.9 2.2 1.4

rate (%)

Concurrent comparison lines that did not use the framework showed changes in yield of less than half a
percentage point over the same period, which suggests that most of the improvement is attributable to the
framework and not to seasonal or product-mix effects. The improvements were gradual. Most of the gain
appeared in the first four months, as the models and the operators' use of them matured, and then continued
at a slower pace. The reductions in inspection time and false rejects benefit the plants twice, since they cut
cost and raise throughput.

D. Replacement, Reduction and Refinement in Practice

Table VI summarizes the results through the lens of Fig. 2. For replacement, an average of 46% of
destructive or offline tests were found to be replaceable by virtual metrology and process models after the
side-by-side validation, with the share highest in the semiconductor fab at 52%, followed by 44% in the
supplier and 41% in the assembler. For reduction, adaptive sampling decreased the number of physically
inspected units by 37% on average without a rise in escapes, because the sampling rate rose automatically
for lots whose predicted risk was high. For refinement, early warnings with a mean lead time of 38 minutes
allowed corrective actions before defects were produced, and plants reported a fall of about a quarter in
unplanned stoppages attributable to improved maintenance timing. In all three cases, the replacement of a
test was accepted only after documented validation, which parallels the role of ethical and regulatory
validation in the original framework.
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TABLE VI. Results Through the Replacement, Reduction and Refinement Lens

Principle Manufacturing Translation Measured Result
Replacement Virtual metrology and process models substitute | 46% of such tests replaced (52%, 44% and
for destructive or offline tests 41% in Plants A, B and C)
Reduction Risk-based adaptive sampling and digital twins 37% fewer physically inspected units, no
cut physical sampling rise in escapes
Refinement Early warnings allow targeted intervention Mean lead time of 38 minutes, about 25%
before defects occur fewer unplanned stoppages
Validation Documented acceptance before a model All replaced tests passed side-by-side
replaces a test validation and remain under low-rate
verification

E. Ablation and Drift

Table VII shows the effect of removing elements of the framework. Using the vision output alone, without
process data, reduced recall to 82.0% and lengthened false alarms, because many defects are visible only
after they have formed and process data give earlier warning. Removing the process-context features
reduced recall to 84.9%. Removing the anomaly score reduced recall to 87.6%, which shows that
unsupervised detection helps with defect types that were rare in the training data. The most instructive result
concerns drift. Without drift monitoring and retraining, recall declined from 89.7% to 81.3% over six
months of deployment as tools wore, suppliers changed material batches and product variants were
introduced. With monitoring, the plants retrained the models on average every ten weeks, and recall stayed
above 88% throughout the period.

TABLE VII. Ablation and Drift Analysis of the Hybrid Ensemble

Variant Defect Recall (%) False Alarms per 1,000 Mean Lead Time (min)
Units

Full hybrid ensemble 89.7 4.2 38

Vision output only 82.0 6.9 9

Without process-context 84.9 5.8 31

features

Without anomaly score 87.6 4.5 36

Without drift monitoring, 81.3 7.4 27

after six months

F. Operator Adoption

Adoption by the people who use the system also affected outcomes. In structured feedback sessions,
operators and engineers valued explanations that identified the signals behind an alert, and they reported
higher confidence in alerts that were accompanied by such explanations. The rate at which recommended
actions were followed rose from just over half in the first month to more than eighty percent by the end of
the year, as false alarms fell and as users learned which alerts were reliable. Engineers also reported that
the models revealed previously unnoticed relationships between process settings and defects, which they
used to revise recipes and maintenance schedules.

VII. DISCUSSION

The results support the view that Al changes quality assurance from a reactive activity into a predictive
one, with measurable benefits in yield, escapes, cost and inspection effort. The improvement did not come
from a single technique. The hybrid ensemble outperformed each of its parts because vision, process data
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and anomaly detection offer complementary views of the same problem, and because the combination of

early warning, lower false alarms and a workable lead time makes the output actionable. Improvement in

model metrics alone would not have changed plant outcomes if the decision layer had not turned predictions
into timely actions.

The cross-industry assessment in Fig. 1 offers context for these results. That automated quality testing is
rated no higher than medium in any sector suggests that most manufacturers have not yet captured the full
potential of Al in testing, while the high ratings for predictive maintenance and yield enhancement in
particular sectors suggest that value is currently being realized upstream, closer to the process. Our results
are consistent with this reading. The largest gains in the semiconductor fab, where yield is rated high, and
the substantial reduction in unplanned stoppages from maintenance timing indicate that prediction and
prevention generate much of the benefit. At the same time, the share of tests that could be replaced by
models and the reduction in sampling show that automated testing has considerable room to grow once
validation and integration are addressed. The replacement, reduction and refinement lens helps to separate
these effects and to communicate them to managers, regulators and auditors.

The lens also highlights an important condition. In the field from which it is borrowed, replacing a physical
experiment with a model is acceptable only when it is validated and when ethical and regulatory conditions
are met. In manufacturing, the analogous requirement is the documented validation of any model that
substitutes for a physical test, together with oversight during use. This condition is not a bureaucratic
burden. The ablation and drift results show that a model that is not monitored can lose a substantial part of
its accuracy within months, and a replaced test that is no longer valid is a hidden risk. Validation, monitoring
and audit should therefore be treated as part of the technology rather than as an afterthought.

Several limitations should be acknowledged. The evaluation covers three plants in three sectors over two
years, and results may differ in other sectors, especially in low-volume, high-mix production where labeled
defects are scarce. The comparison lines used to control for seasonal effects were imperfect, and some of
the observed improvement may reflect concurrent process changes unrelated to the framework. The cross-
industry assessment in Fig. 1 is a qualitative classification and not a measurement, and the categories of
high, medium and low are coarse. The replacement, reduction and refinement lens is an analogy. The ethical
questions of animal experimentation do not arise in manufacturing in the same form, and the regulatory
instruments shown in Fig. 2 govern a different domain, so the lens should be used as an organizing device
rather than as a regulatory prescription. Finally, the approach depends on data infrastructure that many
plants do not yet have, and the cost of building it was not included in the analysis of benefits.

Practical guidance follows from these findings. Manufacturers should begin with use cases that act on the
process, such as maintenance and yield, because these are where impact is currently greatest, and extend to
automated testing as labeled data and validation experience accumulate. They should build the data layer
so that every measurement is traceable to a unit or lot, because traceability is the foundation of all later
modeling. They should combine several data sources and model types, keep false alarms low enough to
preserve trust, provide explanations with alerts, and establish drift monitoring before deployment rather
than after the first failure. Where models replace physical tests, a side-by-side validation period and
continued low-rate verification should be standard practice.

VIII. CONCLUSION

This paper examined the impact of artificial intelligence on predictive quality assurance in modern
manufacturing. An analysis of a cross-industry impact assessment showed that Al creates its largest quality-
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related benefits through predictive maintenance and yield enhancement in particular sectors, while
automated quality testing is still rated only medium or low everywhere. We proposed a five-layer
framework that links data, modeling, decisions, integration and governance, and we adapted the
replacement, reduction and refinement lens from animal experimentation to describe how Al substitutes for
physical tests, reduces sampling and enables earlier intervention. In a multi-plant evaluation, a hybrid
ensemble reached 89.7% defect recall with 4.2 false alarms per thousand units and a 38-minute lead time.
First-pass yield rose by 1.6 to 3.3 percentage points, defect escapes fell by 55% to 62%, about 46% of
destructive or offline tests were replaced, physical sampling fell by 37%, and unplanned stoppages fell by
roughly a quarter. Drift analysis showed that continued monitoring and retraining are required to sustain
these gains.

Future work will extend the evaluation to more sectors and to high-mix, low-volume production, investigate
methods for learning from very few defect examples, and quantify the full economic cost of the data and
governance infrastructure. It will also study the use of digital twins to test interventions automatically,
develop standards for validating models that replace physical tests, and examine how the roles of quality
engineers and operators evolve as predictive systems become routine.
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