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Background & Context

* Contract Manufacturing Organizations (CMOs) are critical to pharma supply
chains

* Quality oversight is increasingly complex due to:
o Distributed facilities
o Limited direct control
o Regulatory scrutiny

* Traditional quality assurance relies on:
o Periodic audits
o Reactive controls

* These approaches struggle with multi-factor, non-linear risk patterns



Motivation for the Study

* Quality failures often emerge from interacting factors, not single causes
* Environmental, operational, and personnel variables jointly influence risk
* Existing methods detect 1ssues after deviations occur

* Machine learning enables:
o Early risk detection
o Proactive intervention

o Continuous, data-driven oversight



Problem Statement

* Current quality risk management 1s:
o Audit-driven
o Fragmented

o Largely reactive
* Limited use of predictive intelligence across CMOs

* Key question:

* How can multi-parameter manufacturing data be leveraged to predict quality risk
before failures occur?



Research Objectives

Develop an Al-based predictive framework for quality risk

assessment

Evaluate multiple ML algorithms for performance and
robustness

Identify key operational and environmental risk drivers

Validate model generalizability across facilities

Assess practical and economic implications of predictive quality
systems




Related Work & Research Gaps

Existing work focuses on:

* FMEA, FTA, SPC (reactive methods)
* Smgle-parameter quality indicators

* Single-site manufacturing environments

Key gaps identified:

* Lack of holistic, multi-parameter risk models
e Limited cross-facility validation

* Insufficient discussion on deployment and regulatory compliance



Dataset & Feature Engineering

* Dataset:
o 7,500 batch production records collected across multiple contract manufacturing facilities

o 16 operationally relevant parameters
o Realistic class distribution: ~14.5% high-risk and ~85.5% low-risk batches

* Feature Groups:
o Environmental: humidity, temperature stability
o Operational: downtime, throughput rate
o Personnel: staff experience, shift timing
o Historical quality: audit scores, recall history

* Feature Engineering Highlights:
o Standardization of continuous variables; outliers retained to preserve real-world behavior
o Interaction features (e.g., humidity X temperature) and non-linear transformations
o Lagged and rolling features to capture short-term variability
o Correlation analysis identified humidity and staff experience as key predictors



Methodology & Training Strategy

* Algorithms evaluated:

Table 1: Hyperparameter Optimization

o Gradient Boosting

Algorithm Key Hyperparameters Values Used
o Random Forest
Gradient Learning Rate, Max Depth,
o SVC Boosting Subsample 0.05,6,0.8
o Logistic Regression Random Forest Number of Trees, Max Depth, 00
Min Samples Leaf
. . "
Stratlﬁed Sp ht Support Vector Kernel Type, C RBF, 1.0,
. . . Classifier (Regularization), Gamma ‘scale’
o 70% train / 15% validation / 15% test
Logistic Penalty, Solver, C 1
. . . SO 12, liblinear, 1.0
° lo_fold Cros S_valldatlon RegreSSlon (RegUIarlzatlon)

Nested CV for hyperparameter optimization

Stacked ensemble with logistic regression
meta-learner



Results & Performance Analysis

Gradient Boosting:
Table 2: Model Evaluation

0 99.9% accuracy

Accuracy Precision Recall F1-Score AUC-

o AUC-ROC = 0.999 (%) A A (%) ROC
e Random Forest: g;’gft‘ifl‘; 99.9 997 998 9975  0.999
0 99.2% accuracy Random Forest  99.2 98.9  99.1  99.00 0.998
* Ensemble models outperform linear approaches | supportVector .. 0.0 oc0 o7 o082
Classifier : ) ’ ’ ’
 High precision and recall for high-risk batch -
ghp g Logistic 92.9 91.2 921  91.65  0.957

detecti on Regression




Results & Performance Analysis
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Figure 1: Feature Importance Analysis

Environmental factors, especially humidity and
temperature stability, are the dominant predictors of
quality risk. Audit and inspection scores also play a
significant role, while personnel and historical indicators
contribute to a lesser extent. This highlights the
importance of real-time operational conditions in risk
assessment.
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Figure 2: AUC-ROC Model Performance Comparison

Ensemble models demonstrate the strongest ability to
distinguish between high- and low-risk batches. Gradient
Boosting and Random Forest achieve near-perfect AUC
values, outperforming traditional models. These results
confirm the effectiveness of ensemble approaches for
quality risk prediction.




Discussion & Practical Implications

* Machine learning models effectively capture complex, multi-factor quality
risk patterns in contract manufacturing

* Ensemble methods outperform traditional approaches by identifying non-
linear interactions across environmental, operational, and quality variables

* Predictive quality risk assessment enables earlier intervention, reducing
reliance on reactive audits

* Findings support a shift toward continuous, data-driven quality oversight
across distributed manufacturing sites



Limitations, Future Work & Conclusion

* Limitations
o Analysis 1s based on batch-level data with complete sensor availability
o Further validation is needed across additional product types and facilities

e Future Work

o Real-time and online learning models
o Integration with MES and ERP systems
o Advanced analytics for multi-modal quality data

e Conclusion

o Al-driven quality risk management improves compliance, efficiency, and decision-
making in contract manufacturing
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