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Abstract- Artificial intelligence (Al) is increasingly used in contin-
uous improvement, but evidence is distributed across application
areas, technologies, and study designs. This review maps reported
applications in Industrial Engineering through Scanning, Skim-
ming, and Mapping. EBSCO and Emerald searches produced 138
records; 100 advanced to full-text assessment, and 23 met the prob-
lem-solution-impact eligibility rule. Process Improvement appeared
in all retained studies, partly reflecting the review scope and inclu-
sion criteria. Machine Learning and Decision Making each ap-
peared in 86.96%, Quality Improvement in 82.61%, and Variability
in 78.26%; these attributes exceeded the study-specific 70% thresh-
old for predominant trends. Deep Learning appeared in 39.13%
and was classified as emerging. Reclassification at 65%/25% and
75%/35% left these six labels unchanged, although several other
attributes changed category. The complete coded matrix identifies
the 23 studies and their recorded attributes. These frequencies de-
scribe the selected literature; they do not establish comparative
effectiveness or population-wide adoption. The findings inform
proposed curricular and professional recommendations, which
require separate evaluation. Incomplete search documentation and
the absence of a documented formal quality appraisal or independ-
ent agreement analysis limit reproducibility and confidence in the
classifications.

Keywords- Artificial intelligence; continuous improvement; Indus-
trial Engineering; Machine Learning; systematic literature review.

[. INTRODUCTION

Industrial Engineering is concerned with the design and
improvement of integrated systems involving people, materi-
als, information, equipment, and energy [1], [2]. Its estab-
lished improvement approaches, including Lean, Lean Six
Sigma, statistical quality control, operations research, and pro-
cess analysis, seek to reduce waste, control variability, im-
prove flow, and increase the reliability of operational deci-
sions [3]. These methods depend on disciplined problem defi-
nition, valid measurement, and repeated comparison between
current and desired performance.

Digital transformation is changing how this work is per-
formed. Sensors, connected systems, cloud platforms, and
large operational datasets allow organizations to observe pro-
cesses at a frequency and scale that were previously difficult
to achieve. Artificial intelligence (Al) can extend this digital
infrastructure through prediction, classification, pattern recog-
nition, optimization support, and automated interpretation. In
Industrial Engineering contexts, such capabilities may con-
tribute to quality management, maintenance, forecasting,
scheduling, logistics, simulation, inspection, and process diag-
nosis [4]-[6].

The growth of Al applications does not automatically pro-
vide a clear roadmap for engineering practice. The literature
uses overlapping labels for application areas, Al technologies,
and operational problems. Some studies emphasize model
accuracy, whereas others emphasize time, defects, cost, or

decision quality. Evidence is also distributed among applied
research, reviews, conceptual work, and case studies. Conse-
quently, a reader may encounter many examples without being
able to determine which uses are already predominant, which
remain emerging, and which operational objectives receive the
greatest attention.

A. Problem and Purpose

This fragmentation creates a practical and educational
problem. Practitioners need to connect Al selection to a meas-
urable process need rather than adopt a technique because it is
fashionable. Students and early-career engineers need an evi-
dence-based understanding of where Al fits within established
Industrial Engineering reasoning. A systematic synthesis can
clarify those relationships while preserving an important dis-
tinction: publication frequency indicates concentration of re-
search attention, not comparative technical superiority or
causal effectiveness.

The purpose of this study is to identify and interpret current
trends in the use of Al for continuous process improvement
within Industrial Engineering. The review emphasizes three
linked elements in every retained study: a defined industrial
problem, an Al-based solution that was actually applied, and a
reported operational or performance impact. This problem-
solution-impact rule was used to distinguish substantive appli-
cations from papers that mentioned Al only as background or
future potential.

B. Research Questions and Contributions

The study addresses three research questions. RQ1 asks
which continuous-improvement application areas appear most
frequently. RQ2 asks which Al technologies are reported most
often. RQ3 asks which operational problems are most com-
monly addressed. The paper contributes a structured screening
summary, a literature-matrix structure for comparing hetero-
geneous evidence, a descriptive trend classification, and an
interpretation of the findings for engineering education and
practice.

Unlike a technology-centered review, the analysis begins
with the operational purpose of the application. This orienta-
tion reflects the role of Industrial Engineering: the relevant
question is not only whether an algorithm performs well, but
whether it improves a system outcome, supports a defensible
decision, or strengthens a repeatable improvement process.
The paper therefore treats Al as one component of an engi-
neering intervention rather than as an isolated product.

II. CONCEPTUAL BACKGROUND

A. Continuous Improvement and Intelligent Analytics
Continuous improvement is a recurring effort to understand
current performance, identify sources of waste or variation,
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implement changes, and verify whether those changes produce
sustainable gains. Traditional tools remain essential because
they provide process context, operational definitions, causal
reasoning, and a baseline against which improvement can be
evaluated [1], [3]. Al contributes most meaningfully when it
strengthens one of these functions, for example by detecting a
pattern earlier, estimating a future state, prioritizing an inter-
vention, or processing information that exceeds manual ana-
lytical capacity.

Machine Learning is particularly compatible with data-rich
improvement problems because it can learn relationships from
historical observations and generate predictions or classifica-
tions for new cases. Feature engineering connects domain
knowledge to model inputs and therefore remains an important
bridge between industrial systems and Al methods [5]. Deep
Learning can extend this capability when complex data repre-
sentations are required, especially for images, signals, or high-
dimensional patterns, but it generally demands more data,
computational resources, and attention to interpretability.

A high-performing model is not equivalent to an improved
process. Model metrics must be translated into an operational
consequence, such as fewer defects, reduced cycle time, lower
variability, improved service, lower cost, or better risk identi-
fication. This translation requires a defined baseline, appropri-
ate validation data, and an explanation of how the prediction
will change a decision or action. These conditions informed
the eligibility rule used in the present review.

B. Industry 4.0 and Industry 5.0 Context

Industry 4.0 emphasizes automation, connectivity, cyber-
physical integration, and the use of digital information across
operations [7]. In that environment, Al can transform continu-
ous data streams into forecasts, anomaly signals, classifica-
tions, or recommended decisions. The technology is therefore
closely connected to the visibility and responsiveness expected
in digitally integrated systems.

Industry 5.0 broadens the discussion by emphasizing hu-
man centricity, resilience, and sustainability [8], [9]. This per-
spective is important because continuous improvement deci-
sions often affect workers, customers, process stability, and
long-term organizational capability. Human oversight, trans-
parent evaluation, and responsible assignment of decision au-
thority are therefore not secondary concerns. They determine
whether an Al-supported improvement remains aligned with
engineering objectives and organizational values.

C. Need for an Evidence Map

Prior work has described Al applications across branches
of Industrial Engineering and has considered how intelligent
tools can support analytical and modeling tasks [4]-[6]. How-
ever, the rapid increase in publications makes periodic map-
ping necessary. An evidence map does not replace a meta-
analysis or an implementation study; it organizes what is being
studied, how often attributes co-occur, and where the literature
appears concentrated or sparse.

The map developed here uses nonexclusive categories. A
single study may involve Machine Learning, support Decision
Making, address Variability, and contribute to both Process
Improvement and Quality Improvement. This structure reflects

real engineering projects more accurately than mutually exclu-
sive categories, but it also means that percentages should not
be added together. The analytical focus is the presence of each
attribute within the 23-study sample.

III. METHODOLOGY

A. Review Design

The study combines the systematic identification, selection,
and synthesis logic described by Carrera-Rivera et al. [10]
with the structured literature-review sequence of Machi and
McEvoy [11]. The comparative matrix was adapted from the
organizing logic illustrated by Singh et al. [12]. As shown in
Fig. 1, the review proceeded through Scanning, Skimming,
and Mapping. Each phase narrowed the evidence. Appendix A
reproduces the recorded study-level classifications, and Sec-
tion VII identifies limitations in the review documentation.
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Fig. 1. Scanning, Skimming, and Mapping workflow used in the review.

B. Search Strategy and Scope

EBSCO and Emerald were used as the primary databases to
identify literature on artificial intelligence applied to continu-
ous improvement within Industrial Engineering. The search
strategy combined process improvement, quality improve-
ment, Lean Six Sigma, and DMAIC using OR. These terms
were connected to technology-related terms using AND. Table
I summarizes the database-specific search configurations.

TABLEI
SEARCH LOGIC USED DURING THE SCANNING PHASE

Concept block | Terms Operator
Process improvement; quality improvement;
Improvement Lean Six Sigma; DMAIC OR
Technology g&lglﬁmal intelligence; Industry 4.0; Industry OR
Final logic Improvement block with technology block AND

In EBSCO, the All-fields option was selected for
each search row. The selected filters were Available in Library
Collection, Full text, Peer-reviewed publications, and Last 5
years. In Emerald, the Journal Articles filter was selected. The
searched fields and publication-date filters for Emerald are not
specified in the available search documentation.

The exploratory compilation covered publication
years 2017 through the first quarter of 2026 to describe the
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distribution of retrieved literature over time. The final map-
ping focused on studies published from 2021 through the first
quarter of 2026. Earlier records contributed to the scanning
overview but were not retained in the final literature matrix.
This publication coverage describes the compiled dataset; the
Last 5 years limiter identifies the EBSCO configuration re-
ported above.

The Emerald query returned 97 results, whereas the
compiled dataset contained 51 Emerald records. The relation-
ship between these counts remains undocumented. A complete
log identifying all search execution dates, the configurations
used for the 2026 updates, and the duplicate-removal proce-
dure and count is also unavailable. These gaps limit the repro-
ducibility of the search and compilation process. Coverage
was limited to EBSCO and Emerald; therefore, the retrieved
frequencies should not be interpreted as representing the entire
engineering and Al literature.
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Fig. 2. Records retrieved from EBSCO and Emerald by publication year; 2026
includes the first quarter only.
C. Screening and Eligibility

Skimming was conducted in two levels. The first validation
reviewed the abstract, introduction, keywords, and conclusion
to evaluate scope, source relevance, date, and whether Al was
substantively connected to the study. This pass reduced the
138 retrieved records to 100 articles for full-text evaluation.
The second validation examined the complete article and re-
quired three elements: a clearly defined industrial problem, an
Al-based solution that was applied rather than merely men-
tioned, and a resulting operational or performance impact.

First-stage exclusions totaled 38: AI mentioned without ap-
plication (16), publication outside the defined period (7), con-
tent outside scope (6), source-quality requirements not met
(5), and no substantive Al involvement (4). EBSCO contribut-
ed 22 of these exclusions and Emerald 16, leaving 65 and 35
records, respectively, for full-text assessment.

The second validation retained 23 studies: 18 from EBSCO
and five from Emerald. The 77 full-text exclusions comprised
33 articles without an applied Al-based solution, 31 without a
clearly defined problem, and 13 outside the research scope.
These reported categories account for all 77 exclusions. Table

IT traces the recorded selection stages; its retrieval count is not
presented as a verified post-deduplication total.

TABLE I
DETAILED SCREENING FLOW
Review stage Records | Share of initial (%)
Recorded database retrieval 138 100.00
Excluded in first validation 38 27.54
Advanced to full-text assessment 100 72.46
Excluded after full-text assessment 77 55.80
Retained in final matrix 23 16.67

D. Data Extraction and Mapping

The review used Article Review and Data Extraction
Forms to record bibliographic information, study context, the
problem, Al application, reported impact, and limitations. The
literature matrix organized the coded attributes into three di-
mensions: Application Area, Type of Al Used, and Problem
Addressed. Appendix A presents the complete 23-study matrix
with an individual reference for each study.

Application-area codes included Process Improvement and
Quality Improvement together with more specific improve-
ment frameworks when explicitly reported. Technology codes
distinguished Machine Learning, Deep Learning, and other
intelligent or vision-related methods. Problem codes captured
the operational issue addressed, including Decision Making,
Variability, defects, inspection, time reduction, cost reduction,
manual inspection, and risk management or prediction. A
marked matrix cell denotes the recorded presence of an attrib-
ute; each attribute is counted once per study. Evidence-
location fields support individual codes where completed. The
matrix is reproduced without a new assessment of the original
publications.

E. Trend Classification and Interpretation

The categories were nonexclusive. Attribute prevalence
was calculated as the number of retained studies carrying that
code divided by 23 and multiplied by 100. Predominant trends
required at least 70%; emerging attributes required at least
30% but less than 70%; limited presence meant less than 30%.
For n = 23, these classes correspond to 17-23, 7-16, and 0-6
studies, respectively. Classification used the unrounded pro-
portion. The labels describe frequency, not statistical signifi-
cance, effect size, or causal importance.

The 70% cutoff was adapted from the consensus criteria
discussed by Alkrides [13] and Gladysz et al. [14]. Those
studies used agreement thresholds in Delphi-based work, not
prevalence thresholds for literature-review trends. The adapta-
tion is therefore a study-specific operational choice, not a val-
idated universal SLR standard. The 30% boundary was like-
wise selected operationally to distinguish noticeable from lim-
ited presence. Sensitivity was examined by reclassifying the
same matrix at upper/lower cutoffs of 65%/25% and
75%/35%, without changing any study or code.

Interpretation followed three safeguards. First, counts were
treated as evidence of attention, not effect size. Second, over-
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lapping categories were discussed as connected parts of an
intervention rather than competing alternatives. Third, 2026
values were identified as first-quarter observations so that the
apparent publication pattern would not be mistaken for a com-
plete calendar-year comparison.

IV.RESULTS

A. Retrieved Compilation

The database search produced 138 records. EBSCO con-
tributed 87 and Emerald contributed 51. The combined yearly
totals were 1 in 2017, 2 in 2018, 4 in 2019, 7 in 2020, 9 in
2021, 8 in 2022, 18 in 2023, 25 in 2024, 41 in 2025, and 23 in
the first quarter of 2026. As Fig. 2 shows, the increase accel-
erated after 2022, with 107 of the 138 retrieved records
(77.54%) appearing from 2023 through early 2026.

The initial compilation contained several evidence forms.
Applied Research Papers represented 31.9%, Literature Re-
view Papers 25.4%, Theoretical Research Papers 17.4%, Con-
ceptual Articles 12.3%, Case Studies 8.0%, Editorial Articles
2.9%, and Technical Papers 2.2%. The mixture shows that
interest in Al and improvement is not limited to implemented
industrial projects. It also reinforces why the final eligibility
rule required an applied solution and reported impact: publica-
tion type alone could not establish the level of operational
evidence.

B. Final Sample Profile

The first validation excluded 38 records, and full-text eval-
uation excluded another 77, leaving 23 studies (16.67% of the
initial retrieval). Two were published in 2021, none in 2022,
three in 2023, three in 2024, eight in 2025, and seven during
the first quarter of 2026. Thus, 15 of 23 retained studies
(65.22%) appeared in 2025 or early 2026. Fig. 3 visualizes the
distribution; the 2026 count is partial-year evidence, not a
forecast for the complete year.
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Fig. 3. Publication-year distribution of the 23 studies retained in the final
literature matrix.

C. Predominant and Emerging Attributes

Process Improvement appeared in all 23 retained studies
(100.00%). Its universal presence partly follows from the
search scope and eligibility rule and should not be interpreted
as an independently discovered trend across all Al research.
Machine Learning and Decision Making each appeared in 20
studies (86.96%). Quality Improvement appeared in 19 studies
(82.61%), and Variability appeared in 18 (78.26%). Each of
these attributes exceeded the 70% rule and was classified as

predominant. Deep Learning appeared in nine studies
(39.13%) and was classified as emerging.

19 (82.61%)

Machine learning

Decision making 20 (86.96%)

Quality improvement

Variability 18 (78.26%)

Deep learning -9 (39.13%)
T T

20 40 60 80 100

Share of retained studies (%)
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o

Fig. 4. Most frequent attributes identified in the final sample (n = 23).

TABLE 11
FINAL TREND CLASSIFICATION

Attribute Count | Percent Class
Process Improvement 23 100.00 Predominant
Machine Learning 20 86.96 Predominant
Decision Making 20 86.96 Predominant
Quality Improvement 19 82.61 Predominant
Variability 18 78.26 Predominant
Deep Learning 9 39.13 Emerging

Note: categories are nonexclusive,; percentages are calculated using n = 23. Process
Improvement was also embedded in the review scope.
D. Relationships Among the Attributes

The leading categories should be read together. Process
Improvement defines the broad purpose shared by the sample,
while Machine Learning identifies the most frequently report-
ed technical family. Decision Making and Variability describe
common operational problems or decision contexts, and
Quality Improvement identifies a major application area. A
single study can therefore contribute to several leading fre-
quencies when, for example, a Machine Learning model de-
tects process behavior, supports a quality decision, and reduc-
es exposure to variation.

This overlap explains why the percentages sum to more
than 100%. It also prevents a misleading interpretation in
which application areas, methods, and problems are treated as
interchangeable categories. The evidence instead describes a
layered structure: an organization has an improvement objec-
tive, selects an intelligent analytical capability, applies it to an
operational problem, and evaluates a reported consequence.

The predominance of Machine Learning is consistent with
the data-oriented character of many improvement problems.
Historical process observations can be used to identify pat-
terns, estimate outcomes, or classify conditions that warrant
attention. Deep Learning was recorded less frequently than
Machine Learning and was classified as an emerging attribute.
In this study, emerging attributes are those present in 30% to
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less than 70% of the retained studies and are interpreted as
having the potential to become established trends in the com-
ing years. This classification reflects their current frequency
within the reviewed literature, while their possible develop-
ment into established trends would require confirmation
through future literature updates.

E. Areas with Less Documented Presence

Beyond the attributes in Table III, Quality Control, Defects,
and Inspection each appeared in 16 studies (69.57%); Time
Reduction in 15 (65.22%); Risk Management and Prediction
in 14 (60.87%); Cost Reduction in eight (34.78%); and Manu-
al Inspection in seven (30.43%). All were classified as emerg-
ing because their frequencies were at least 30% but below
70%. Within this study, emerging attributes are interpreted as
having the potential to become established trends over time.

Lean Six Sigma appeared in four studies (17.39%),
DMAIC in three (13.04%), and Scrap in five (21.74%), plac-
ing them in the limited presence category. The other technolo-
gy categories also had limited presence: Internet of Things,
Machine Vision, and Computer Vision each appeared in six
studies (26.09%); Natural Language Processing in five
(21.74%); Generative Al in four (17.39%); Fuzzy Logic and
Metaheuristics in three each (13.04%); and Evolutionary Al-
gorithms in two (8.70%). Appendix A retains these categories
as coded, including the enabling technology Internet of
Things.

These frequencies describe the explicit presence of attrib-
utes within the retained studies. Limited presence does not
establish that an attribute is ineffective or lacks future poten-
tial. Similarly, the emerging category identifies attributes con-
sidered potential future trends, whose development would
require assessment through subsequent updates of the litera-
ture review.

F. Sensitivity to the Classification Thresholds

At alternative upper/lower thresholds of 65%/25% and
75%/35%, the five predominant attributes in Table III re-
mained predominant, and Deep Learning remained emerging.
Other attributes were sensitive to these adjustments. At
65%/25%, Quality Control, Defects, and Inspection (16/23
each), and Time Reduction (15/23), were reclassified as pre-
dominant; Internet of Things, Machine Vision, and Computer
Vision (6/23 each) were reclassified as emerging. At
75%/35%, Cost Reduction (8/23) and Manual Inspection
(7/23) were reclassified from emerging to limited presence.
All remaining classifications were unchanged.

These changes illustrate how attributes within the same
category can have different levels of documented presence.
Quality Control, Defects, and Inspection, each at 69.57%,
were close to the original 70% threshold for predominant at-
tributes. Cost Reduction (34.78%) and Manual Inspection
(30.43%) were closer to the 30% boundary separating emerg-
ing attributes from those with limited presence. Reporting
their counts and unrounded proportions alongside the category
labels preserves these differences and helps explain why some
attributes are more sensitive to the selected thresholds.

The classifications of the six attributes highlighted in Table
III were stable under both alternatives, providing consistency

for their interpretation within the tested scenarios. The chang-
es among other attributes resulted from applying different
thresholds to the same 23 studies, with their recorded frequen-
cies remaining unchanged. Within this study, emerging attrib-
utes represent potential future trends, and the sensitivity analy-
sis shows how their designation depends on the selected clas-
sification boundaries. Their possible development into estab-
lished trends would require examination through future litera-
ture updates that assess changes in their documented presence
over time.

V. DISCUSSION

A. Al as a Support Layer for Improvement

The combined results present Al primarily as an analytical
and predictive support layer around established improvement
goals. The universal presence of Process Improvement in the
retained sample is partly a consequence of the study scope, but
the accompanying frequencies show how that purpose is oper-
ationalized. Machine Learning supplies the most common
technical capability, while Decision Making, Quality Im-
provement, and Variability identify the engineering contexts
in which the capability is used.

This result argues against technology-first implementation.
Selecting an algorithm before defining the process problem
can produce an accurate model with little operational value. A
problem-first sequence begins with the decision to be im-
proved, establishes the current baseline, assesses whether suit-
able data exist, chooses an appropriate method, validates per-
formance, and translates the output into an operational action.
That sequence remains consistent with traditional continuous-
improvement discipline even when the analytical technique
changes.

B. Quality, Variability, and Decision Making

The strong presence of Quality Improvement and Variabil-
ity indicates that Al is often applied where process consistency
and conformance matter. Intelligent models can help identify
nonlinear relationships, detect conditions associated with de-
fects, prioritize inspection, or estimate future performance.
However, these capabilities should complement rather than
bypass process knowledge, measurement-system evaluation,
sampling logic, and statistical interpretation.

Decision Making appeared as frequently as Machine Learn-
ing. These equal frequencies do not establish that one attribute
causes the other or that a supported decision necessarily im-
proved. Relevant decisions may concern inspection, adjust-
ment, scheduling, maintenance, release, allocation, or investi-
gation. A model that does not change a decision may still pro-
vide insight, but its contribution to continuous improvement is
harder to demonstrate. Future reporting should therefore speci-
fy the decision supported, the person or system responsible for
acting, and the operational metric affected.

C. Human-Centered and Responsible Use

The movement toward Industry 5.0 strengthens the case for
human-centered evaluation [8], [9]. Industrial systems com-
bine technical and social elements, and Al-supported interven-
tions can redistribute work, change authority, or introduce new
failure modes. Responsible use requires attention to data quali-
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ty, bias, interpretability, privacy, security, and the conse-
quences of incorrect predictions. Human oversight is especial-
ly important when model outputs affect safety, employment,
customer access, or high-cost operational decisions.

Human oversight does not mean that every decision must
remain manual. It means that decision rights, escalation condi-
tions, monitoring responsibilities, and acceptable error levels
are explicitly designed. Industrial Engineering is well posi-
tioned to address this requirement because it integrates process
design, human factors, quality, analytics, and organizational
performance. Al implementation can therefore be evaluated as
a system redesign rather than a software installation.

D. Meaning of the Recent Publication Concentration

The concentration of retained studies in 2025 and early
2026 shows that the final matrix is largely composed of recent
literature. Eight studies were published in 2025 and seven dur-
ing the first quarter of 2026, together representing 15 of the 23
retained studies (65.22%). This distribution provides context
for interpreting the predominant and emerging attributes,
whose frequencies mainly reflect recently documented appli-
cations. Since 2026 includes only its first quarter, comparisons
with preceding years require consideration of unequal obser-
vation periods. Publication concentration alone also does not
establish the maturity, continuity, or extent of industrial im-
plementation.

The publication types identified in the initial compilation
provide additional context. Applied Research Articles consti-
tuted the largest individual category, with 44 of the 138 rec-
ords (31.9%). Literature Reviews, Theoretical Research Arti-
cles, and Conceptual Articles also represented substantial por-
tions of the retrieved literature. This distribution shows that
the compilation included contributions addressing applica-
tions, evidence synthesis, theoretical development, and con-
ceptual discussion. Publication type helped characterize the
retrieved material, while the eligibility criteria determined
whether each study provided the evidence required for the
final mapping.

The screening process reduced the initial compilation from
138 records to 100 articles for full-text assessment and ulti-
mately to 23 retained studies. Requiring a defined industrial
problem, an applied Al solution, and reported impact focused
the matrix on studies connecting Al with operational im-
provement. The recent publication concentration should there-
fore be interpreted together with these selection conditions.
Future updates using consistent search, eligibility, and coding
criteria could examine whether the documented patterns per-
sist and whether attributes currently classified as emerging
become more consistently represented and develop into estab-
lished trends.

VI. IMPLICATIONS FOR EDUCATION AND PRACTICE

A. Progressive Curricular Integration

Table IV presents the authors' proposed integration of Al
competencies, informed by the descriptive mapping. It is not a
curricular model validated by the 23 studies, and no curricular
implementation or learning-outcome evaluation is reported.
Students first need data literacy, statistical reasoning, and a

clear understanding of measurement and variation. They can
then learn how features are constructed, how models are
trained and validated, and how predictive metrics differ from
operational outcomes [5]. Advanced projects should require
comparison with a baseline and discussion of interpretability,
ethics, and human responsibility.

TABLE IV
AUTHORS' PROPOSED INTEGRATION OF Al COMPETENCIES
Curricular area Al capability Required evidence

Validated Al model with
documented performance
and limitations

Develop and validate

Special Topics Area Al competencies

Apply Al to defect
detection and variabil-
ity analysis

Measurable improvement
compared with traditional
quality-control methods

Statistical Quality
Control

Apply Al to forecast-
ing, scheduling, and
production decisions

Improved planning per-
formance compared with
an established baseline

Production Planning
and Control

Apply Al to simulation | Sensitivity and robustness
and scenario optimiza- | results across multiple
tion scenarios

Simulation and
Process Design

Measurable improvement
Integrate Al through- from baseline to control
out the DMAIC phases | using validated opera-
tional metrics

Lean Six Sigma

Validate an end-to-end
Al-supported solution
in a real industrial
project

Measurable, responsible,
and sustainable opera-
tional improvement with
human oversight

Capstone Project

This proposed sequence would allow students to progres-
sively develop, apply, integrate, and validate Al competencies
while addressing established industrial engineering problems.
In the Special Topics course, students would develop and val-
idate Al models while documenting their performance and
limitations. In Statistical Quality Control, they would apply Al
to defect detection and variability analysis and compare the
results with conventional quality-control methods. In Produc-
tion Planning and Control, students would assess Al-assisted
forecasting, scheduling, and decision support against an estab-
lished analytical baseline [4]. In Simulation and Process De-
sign, they would evaluate scenario-based and surrogate mod-
els through sensitivity and robustness analyses. Lean Six Sig-
ma would then provide a structured environment for integrat-
ing Al throughout the DMAIC cycle and measuring improve-
ment from baseline to control. Finally, the Capstone Project
would culminate in an end-to-end, Al-supported intervention
in a real industrial context, demonstrating measurable, respon-
sible, and sustainable operational improvement under human
oversight.

B. Guidance for Practitioners

For practice, the authors propose six connected actions in-
formed by the evidence map: define the operational problem;
establish a measurable baseline; evaluate data readiness and
measurement quality; select a method appropriate to the avail-
able data and decision; validate both technical and operational
performance; and design monitoring, escalation, and human
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oversight. Skipping the early steps increases the risk that the
project optimizes a model metric without improving the pro-
cess.

Implementation should also distinguish a laboratory result
from a field result. A model may perform well on historical or
simulated data but degrade after deployment because of pro-
cess conditions, product mix, sensor behavior, or work prac-
tices change. Continuous monitoring, periodic revalidation,
and ownership of corrective action are therefore part of the
improvement system. These responsibilities should be as-
signed before deployment rather than after performance de-
clines.

C. Reporting Recommendations

Researchers and practitioners should report enough infor-
mation to connect the Al method to the engineering result. At
minimum, a study should describe the industrial context, prob-
lem definition, data source, data period, preprocessing, valida-
tion procedure, baseline, technical metric, operational metric,
implementation setting, and important constraints. Claims of
improvement should identify whether evidence came from
simulation, historical testing, pilot deployment, or sustained
field use.

This reporting discipline would make future comparisons
more meaningful. It would also help distinguish improvements
produced by the model from improvements produced by
broader process changes. When several interventions occur
together, authors should describe the contribution and timing
of each component rather than attribute the entire result to Al.

VII. LIMITATIONS AND FUTURE RESEARCH

A. Limitations

The study has several limitations. First, the search relied
primarily on EBSCO and Emerald, so relevant work indexed
elsewhere may be absent. Second, the final sample contained
23 studies published from 2021 through the first quarter of
2026. Third, the categories were coded descriptively and were
not used to estimate effect size or implementation quality.
Fourth, the nonexclusive structure captures overlap but does
not establish dependence among attributes. Fifth, first-quarter
2026 results cannot be compared directly with complete cal-
endar years.

The first author conducted both screening stages, while the
research advisor contributed to defining the eligibility criteria.
Studies identified as falling outside the defined Industrial En-
gineering scope were excluded during full-text assessment.
Article Review and Data Extraction Forms were used to doc-
ument eligibility criteria, identified attributes, and supporting
evidence. The form provides fields for the three inclusion
checks, the final decision, and the evidence location for each
coded attribute. After the initial matrix coding, GPT 5.6 Sol
was used to assist in checking for potentially omitted attributes
and suggesting justifications for their inclusion. This Al-
assisted check did not constitute independent recoding by a
second human reviewer. No inter-reviewer agreement statistic
was calculated.

The threshold comparison in Section IV shows that the six
headline labels are stable under the two alternative rules, while

categories near the boundaries are sensitive to the cutoffs. This
is a deterministic reclassification of the same 23 studies, not a
test of coding accuracy or a statistical uncertainty analysis.
The review does not rank algorithms, industries, or application
outcomes; frequency cannot establish comparative effective-
ness.

B. Research Agenda

Future reviews should expand database coverage, search
gray literature under explicit quality criteria, and update the
matrix after a complete 2026 publication cycle. Cross-
tabulation can examine how technologies relate to industries,
application areas, problems, study designs, and geographic
contexts. A second independent coding pass and agreement
analysis would further strengthen classification reliability.

Empirical research is also needed in organizations and geo-
graphically underrepresented regions. Such studies should
compare baseline and post-implementation performance, doc-
ument adoption barriers, examine worker and decision-maker
experiences, and monitor results over time. Particular attention
should be given to whether Al-supported improvements re-
main effective after process changes and whether benefits are
distributed responsibly across stakeholders.

A final research priority is the relationship between Al and
established improvement frameworks. Studies should make
explicit whether Al supports problem definition, measure-
ment, analysis, improvement selection, control, or several
stages. This would clarify whether intelligent methods are
being integrated into continuous-improvement systems or used
as isolated analytical tools.

VIII. CONCLUSION

This review synthesized a scattered body of evidence on Al
for continuous process improvement in Industrial Engineering.
From 138 retrieved records, 100 advanced to full-text evalua-
tion and 23 met the reported problem-solution-impact eligibil-
ity rule. Within this selected sample, Machine Learning, Deci-
sion Making, Quality Improvement, and Variability exceeded
the operational threshold for predominant trends, while Deep
Learning was emerging. Process Improvement appeared
throughout the sample, partly reflecting the review scope and
eligibility criteria.

Within the selected literature, the combined pattern sug-
gests that Al is commonly used to strengthen established im-
provement objectives through analytical and predictive sup-
port. Its value depends on the quality of problem definition,
data, validation, operational measurement, and the decision
process surrounding the model. Al should therefore comple-
ment statistical foundations, engineering methods, and human
judgment rather than replace them.

The mapping informs proposed curricular integration and a
problem-first implementation sequence, but it does not vali-
date either recommendation or establish broad industrial adop-
tion. The complete matrix and explicit exclusion counts im-
prove traceability. Reproducible search records, formal quality
appraisal, independent coding, broader database coverage, and
longitudinal field studies remain necessary to strengthen the
conclusions and evaluate sustained performance.
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IX. AT USE DISCLOSURE & AUTHOR RESPONSIBILITY STATE-
MENT

GPT 5.6 Sol was used after the initial coding of the litera-
ture matrix to help identify potentially omitted attributes and
suggest reasons for considering them. The first author person-
ally checked these suggestions against the corresponding arti-
cles before incorporating supported changes into the matrix.

Verification of the results reported from the included articles
was completed by the first author. ChatGPT was also used to
assist with drafting and revising manuscript passages in re-
sponse to reviewer feedback.

The authors retain full responsibility for the final manu-
script, including the accuracy of its findings and references,
the originality of its text, and its overall integrity.

APPENDIX A

TABLE V
RECORDED ATTRIBUTES OF THE 23 INCLUDED STUDIES

Study and reference
Adnyana and Schwung (2026) [15]
Altug (2023) [16]

Application area
PL QL QC

Al or enabling technology
ML, NLP, GAI
PL, QI, LSS, DMAIC ML, DL

Problem addressed
DF, IN, VA, TR, DM, RM
DF, IN, VA, SC, TR, DM, CR, RM

Benbarrad et al. (2021) [17] PL, QL QC ML, DL, MV, CV DF, IN, TR, DM, Ml

Castillo et al. (2024) [18] PL, QL QC IoT, ML, DL, MV, CV DF, IN, SC, TR, CR, MI

Garg et al. (2021) [19] PL, QL QC ML DF, IN, VA, DM, RM
Gholami et al. (2026) [20] PI FL VA, DM, CR, RM

Grech and Zammit (2026) [21] PI, QI, LSS ML, NLP VA, DM, RM

Hoque et al. (2026) [22] PL, QL QC IoT, FL DF, IN, VA, SC, TR, DM, CR, RM
Koken et al. (2026) [23] PL QL QC, LSS ML, EA, MH DF, IN, VA, SC, DM, RM
Lamdjad (2025) [24] PI IoT, ML VA, TR, DM, RM

Lee et al. (2025) [25] PL, QL QC ML, DL DF, IN, VA, DM, RM
Mahfoud et al. (2025) [26] PL QI ML, DL, NLP, GAI IN, TR, DM

Moor et al. (2024) [27] PL, QL QC ML, MV, CV DF, IN, TR, DM, CR, MI
Nasr et al. (2025) [28] PL, QL QC ML, FL, EA, MH DF, VA, SC, TR, DM, RM
Nesterak et al. (2025) [29] PL, QL QC ML, MV, CV DF, IN, VA, TR, DM, CR, MI
Oancea et al. (2026) [30] PL QI, QC IoT, ML, DL, NLP, GAI DF, IN, VA, TR, DM, RM
Perez Colo et al. (2023) [31] PL QL QC ML, DL, MV, CV DF, IN, VA, TR, DM, MI, RM
Profili et al. (2024) [32] PL QL QC ML, DL, MV, CV DF, IN, MI

Raamets et al. (2025) [33] PI, LSS, DMAIC ML VA, TR, DM

Saavedra Sueldo et al. (2025) [34] PI ML, MH
Gonzalez Santacruz et al. (2025) [35] PI, QI, QC, DMAIC IoT, ML
Singh et al. (2023) [36] PI, QL QC IoT

Watson-Hemphill (2026) [37] PL, QI, QC

ML, DL, NLP, GAI

VA, TR, DM, CR

DF, IN, VA, DM, RM
DF, IN, VA, CR, ML, RM
VA, TR, DM

Codes denote recorded presence; an omitted code is unmarked in the source matrix, not proof that the attribute is absent in practice. The categories are

nonexclusive.

Application area: PI = Process Improvement; QI = Quality Improvement; QC = Quality Control; LSS = Lean Six Sigma; DMAIC = Define, Measure,

Analyze, Improve, Control.

Technology: IoT = Internet of Things; ML = Machine Learning; DL = Deep Learning; MV = Machine Vision; FL = Fuzzy Logic; NLP = Natural Lan-
guage Processing; EA = Evolutionary Algorithms; MH = Metaheuristics; GAI = Generative Al; CV = Computer Vision.

Problem: DF = Defects; IN = Inspection; VA = Variability; SC = Scrap; TR = Time Reduction; DM = Decision Making; CR = Cost Reduction; MI =

Manual Inspection; RM = Risk Management and Prediction.
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