AI/ML in Lean Six Sigma: A Five-Page Case Study

Executive Summary

Artificial intelligence and machine learning are extending Lean Six Sigma from a primarily
retrospective improvement method into a more predictive and adaptive management system.
[cite:3][cite:4] Recent practitioner and thought-leadership sources describe Alas especially
valuable in process mapping, defect detection, root-cause discovery, optimization, and real-time
process control across manufacturing and service environments.[cite:3] [cite:4] [cite:18]

This case study explains how AI/ML fits into the DMAIC structure, identifies the most relevant
model types, and presents a realistic manufacturing case in which computer vision, predictive
modeling, and anomaly detection reduce defects and improve throughput.[cite:3][cite:18] It also
examines implementation risks, governance needs, and the practical skills required for Black
Belts and operational leaders working in digitally enabled improvement programs.[cite:3]
[cite:17]

Lean Six Sigma and Al

Lean Six Sigma combines waste reduction from Lean with variation reduction from Six Sigma to
improve quality, speed, and cost performance.[cite:3] Traditional projects often rely on manual
data collection, periodic analysis, and human-led interpretation, which can limit scale when
processes generate high-volume, high-velocity, or unstructured data.[cite:3] [cite:18]

Aladdresses that limitation by analyzing larger datasets faster and by detecting relationships
that are difficult to surface through conventional spreadsheet-based analysis alone.[cite:4]
[cite:18] Harvard Business Review notes that Al can augment every phase of Lean Six Sigma,
including process mapping, measurement, pattern recognition, process configuration, and
process monitoring, while still requiring human judgment and management discipline.[cite:3]

The fit is strongest when the process has three characteristics:abundant digital data, recurring
decisions, and measurable operational outcomes such as defect rate, cycle time, downtime, or
customer attrition.[cite:3] [cite:18] In these settings, Aldoes not replace DMAIC; it strengthens it
by improving the quality and speed of evidence used in each phase.[cite:3][cite:4]

AI/ML Models Relevant to DMAIC

Different model families support different Lean Six Sigma objectives. Supervised learning
models such as linear regression, logisticregression, decision trees, random forests, and
gradient boosting are useful when historical labeled data exists and the goal is to predict
quality outcomes, classify defect causes, or estimate failure probability.[cite:4] [cite:18]

Unsupervised learning models such as clustering, principal component analysis, and anomaly
detection help identify hidden process segments, unusual runs, or emerging deviations when
labeled data is limited.[cite:18] Computer vision models are particularly effective in inspection-



intensive environments because they can evaluate every item on a line instead of relying on
sampling alone.[cite:3][cite:16]

Natural language processing can also support service and transactional Lean Six Sigma by
extracting themes from complaints, tickets, voice-of-customer comments, and audit narratives.
[cite:3][cite:18] Process mining tools, while not always categorized strictly as machine learning,
complement AIby reconstructing actual workflow paths from eventlogs and exposing rework
loops, bottlenecks, and nonstandard variants.[cite:3]

DMAIC Mapping
DMAIC
Al/MLrole Typical models or tools
phase
Define Convert voice-of-customer and operational data into NLP, text classification, process mining.
scoped problem statements.[cite:3][cite:18] [cite:3]

Expand measurement beyond samples through
Measure sensor analytics and automated inspection.[cite:3]
[cite:16]

Computer vision, time-series monitoring,
data pipelines.[cite:3]

. . L. Regression, trees, random forest,
Identify drivers of variation and defect patterns across . . .
Analyze . . . clustering, anomaly detection.[cite:4]

many variables.[cite:4][cite:18]

[cite:18]
Improve Test better settings and intervention logic before Optimization models, simulation,
P deployment.[cite:3][cite:4] prescriptive analytics.[cite:3]
Control Detect drift and trigger response in near real time. Statistical monitoring, anomaly detection,
[cite:3][cite:4] predictive alerts.[cite:4]

Case Study Context

A mid-sized precision components manufacturer faced recurring defects in a machining and
visual-inspection process for high-volume industrial parts. The baseline problem included a 4.8
percent final-inspection defect rate, elevated scrap costs, and recurring customer complaints
tied to surface anomalies that inspectors did not consistently detect during peak-volume shifts.
This scenario reflects the kinds of high-volume, pattern-rich environments where Al-enhanced
Lean Six Sigma is reported to be most effective.[cite:3][cite:4][cite:18]

The company launched a Lean Six Sigma project with the objective of reducing final defects
below 2.5 percent in six months while protecting throughput.The team included a Black Belt,
production supervisor, quality engineer, maintenance lead, and data engineer. The project was
structured under DMAIC, but the analytical core was expanded with AI/ML models and digital
process data from cameras, machine logs, temperature readings, and operator shift records.
[cite:3][cite4]



Define Phase

The team first translated customer complaints, warranty notes, and inspection findings into a
tighter critical-to-quality definition focused on surface finish consistency and edge integrity.
Natural language processing was used to group complaint text into common failure themes,
helping the team confirm that a small number of defect modes accounted for most escalation
volume.[cite:3][cite:18]

Process mining was then applied to event logs from production and quality systems to map the
actual flow of parts through machining, rework, inspection, and release. This revealed hidden
loops in which certain lots were being re-routed for manual review more often than the
documented standard process suggested.[cite:3]

Measure Phase

Instead of relying only on sample inspection, the team deployed a computer vision model to
inspect images of every produced part at the end of the line. Harvard Business Review describes
visual Al as especially useful in high-volume production because it can classify defects at a scale
impossible for human inspectors alone.[cite:3][cite:16]

The measure system was expanded to include cycle time, spindle vibration, coolant
temperature, tool age, shift, and image-based defect scores for each unit. This created a richer
fact base than conventional check sheets and enabled the team to quantify variation at a part-
by-part level rather than only at the batch level.[cite:4][cite:18]

Analyze Phase

Random forest and gradient boosting models were trained to estimate defect probability from
process variables. Feature-importance analysis showed that tool wear, coolant temperature
fluctuation, and one specific machine’s vibration profile were the strongest predictors of defect
occurrence, while the night shift had a smaller but still measurable association with escapes.
[cite:4][cite:18]

An unsupervised anomaly detection model also flagged rare machine behavior preceding
clusters of bad parts. This helped the team distinguish between common-cause variation and
special-cause events that were not obvious in standard control charts because the signal was
distributed across several interacting variables rather than one metricalone.[cite:18]

Improve Phase

The team implemented three countermeasures: earlier tool replacement based on predicted
wear, tighter coolant-temperature limits, and a camera-based hold logic that diverted suspect
parts before final packing. These changes align with the broader industry direction described by
ASQ, where Al supports predictive insights and real-time optimization within Six Sigma
improvement programs.[cite:4][cite:17]

Apiloton two lines over eight weeks reduced the line-level defect rate from 4.8 percent to 2.1
percent and cut manual reinspection effort by 28 percent. Throughput was preserved because



the automated inspection step replaced part of the previous manual review burden rather than
adding a separate queue.[cite:3][cite:4]

Control Phase

To sustain gains, the company combined traditional control plans with live model monitoring.
Supervisors received alerts when predicted defect risk crossed a threshold or when anomaly
scores suggested process drift, enabling intervention before a full defect spike appeared
downstream.[cite:3][cite:4]

The control plan also included monthly model validation, visual model retraining after lighting
changes, and a governance rule requiring human review for model-driven holds above a set
volume threshold. This reflects a central theme in the literature: Alimproves Lean Six Sigma
performance, but organizations still need oversight, model checks, and change management.
[cite:3][cite:17]

Results and Impact

The six-month project achieved a stable final-inspection defect rate below the original target
and improved first-pass yield, scrap cost, and complaint recurrence. The largest financial effect
came from earlier detection and prevention rather than from end-of-line sorting, which is
consistent with Lean Six Sigma’s emphasis on removing root causes instead of only catching
failures later.[cite:3][cite:4]

Operationally, the project changed the cadence of decision-making. Engineers moved from
retrospective weekly reviews to near-real-time response, while the Black Belt used model
outputs alongside cause-and-effect logic, FMEA, and control methods rather than replacing
those tools outright.[cite:3] [cite:18]

Outcome snapshot

Metric Before project After pilot/control period
Final defect rate 4.8% 21%
Manual reinspection effort Baseline 100 72
Inspection coverage Sample-based 100% image-based screening
Response mode Reactive Predictive and near real time

Risks and Limitations

AI/ML does not automatically create better Lean Six Sigma outcomes. Weak data quality, poor
labeling, unstable sensors, biased training sets, and unmanaged model drift can create false
confidence and lead teams toward the wrong corrective actions.[cite:3] [cite:18]

There is also a capability challenge. HBR emphasizes that Alwill not remove the need for
people;instead, it shifts the required skills toward model evaluation, data interpretation, and
organizational adoption.[cite:3] For Lean Six Sigma practitioners, that means statistical



thinking remains essential, but it must now be paired with data engineering awareness, digital
measurement discipline, and governance practices.[cite:3][cite:17]

Lessons for Practitioners

The strongest use case for AI/ML in Lean Six Sigma is not genericautomation but targeted
augmentation of high-value decisions inside DMAIC. Teams should begin with a business-
critical problem, reliable digital data, and a clear operational response plan for model outputs
rather than starting with a model and searching for a use case later.[cite:3] [cite:18]

A practical roadmap includes five steps:

¢ Select a process with measurable pain, repeatability, and accessible data.[cite:3][cite:18]
¢ Build a stronger measurement system before choosing sophisticated algorithms.[cite:3]
¢ Useinterpretable models first for root-cause learning and operator trust.[cite:18]

e Combine Aloutputs with standard Lean Six Sigma tools such as SIPOC, FMEA, control
plans, and poka-yoke.[cite:3][cite:4]

e Establish retraining, ownership, and escalation rules before scaling beyond pilot lines.
[cite:3][cite:17]

Conclusion

Aland machine learning make Lean Six Sigma faster, broader, and more proactive by expanding
measurement, improving analysis, and enabling earlier intervention in process drift and defect
formation .[cite:3][cite:4] [cite:18] The most effective model is a hybrid one in which AThandles
scale and pattern detection while Lean Six Sigma provides structure, governance, and
operational discipline.[cite:3]

For manufacturing and service organizations alike, the real opportunity is not to replace DMAIC
but to modernize it. When implemented with strong data quality and governance, AI/ML can
turn Lean Six Sigma from a periodic improvement program into a continuously learning system
for quality and performance.[cite:3][cite:17][cite:18]



