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Purpose: This paper aims to apply cost-sensitive machine learning (CSML) for predicting production
defects in industrial processes to minimize the costs associated with false negatives. It investigates the
MetaCost algorithm to assess its effectiveness in enhancing accuracy for defect detection when
misclassification costs are incorporated into predictive models.

Design/methodology/approach: Real-world industrial production data is utilized to train multiple
machine learning models: Random Forest, XGBoost, LightGBM, CatBoost, Gradient Boosting, SVM,
and Logistic Regression to predict high-defect days. Subsequently, we implement various techniques
to address class imbalance and enhance generalization, including Borderline-SMOTE, Recursive
Feature Elimination with Cross Validation (RFECV), and Optuna hyperparameter optimization. After
modeling, MetaCost is applied as a post-processing step to convert base learners into cost-sensitive
classifiers with a 5:1 cost ratio focused on minimizing false negatives.

Findings: Findings indicated that among all tested classifiers, the most effective model for identifying
high defect production days is the Random Forest model combined with MetaCost, as it boasts the
highest recall (98.9%). In industrial settings, this high recall is particularly crucial, as failing to detect
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defects can lead to significant losses, waste, and quality degradation for the company. CatBoost and
LightGBM also performed well in terms of precision and false negatives, matching Random Forest's
performance, but they recorded slightly more false negatives. Additionally, the Random Forest model
achieved a balanced F1 score, making it reliable and robust for imbalanced datasets. This highlights
the importance of cost-sensitive models in quality control tasks, especially when the cost of false
negatives far exceeds that of false positives. Random Forest consistently outperforms in this study,
making it a promising candidate for practical application in real-world manufacturing, as it can predict
problematic production days, prompting timely interventions and continuous process improvement.
The findings thus confirm both the strategic and technical value of the model for industrial decision-
making processes.

Research limitations/implications: The industrial variations in the real world may not be fully
represented by the study’s dataset. Results are confined to batch-based manufacturing data and require
validation in continuous or real-time processes. Future research should concentrate on deep learning
models (CNN or RNN) and real-time sensor data or [oT-based streams for dynamic settings.

Practical implications: This study offers a data-driven framework for manufacturers to predict and
address production defects, thereby reducing waste and rework costs. The approach minimizes
undetected high-defect days while enhancing production quality, decreasing operational losses, and
enabling the use of simple ML-based solutions instead of costly diagnostic equipment.

Social implications: Enhanced defect prediction for sustainable manufacturing is achieved through
reduced material waste, prolonged product lifespan, and improved quality control. Greater product
reliability fosters stronger consumer trust and diminishes the environmental impact of industrial
waste.

Originality/value: The MetaCost initiative has implemented this algorithm as one of the first of its
kind in the real industrial defect prediction domain. Cost-sensitive learning formulations with modern
ML tools are employed to bridge a gap in research that addresses production optimization while
balancing quality and cost. This research is valuable both academically and for industry practitioners
interested in economic considerations in predictive modeling. Furthermore, while previous works
focused primarily on healthcare, finance, and software defect detection, this research introduces a
novel application of MetaCost in a manufacturing environment characterized by highly imbalanced
class distributions and complex processes. The study proposes a replicable and scalable pipeline by
integrating techniques such as Borderline-SMOTE, RFECV, and Optuna, which can be utilized for
future research as well as in real-time applications. It effectively closes the gap between theoretical
ML design and the application of ML in high-impact quality improvement of industrial systems.

Keywords: Cost-sensitive learning, MetaCost, Defect prediction, Manufacturing, Machine learning,
Production quality
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Table 2- Variables and characteristics affecting production quality and defects

e Sl 5 osls ¢ JACE)
ProductionVolume 3o os ek g sladsy sl Integer Say/delg Veve GV en
ProductionCost oo s M dgse Float NS Yeren B NSO
SupplierQuality oS J:.el.. CuiS A5, Float (%) doysVer s ysAe
DeliveryDelay o 5o J:;'-t u.:f.vl:.n (5.5,)Integer 5,06
DefectRate S5 s e e s el & Float ok O/t e/
QualityScore oS IS oLl Float (%) Ao,V B ds o8
MaintenanceHours wia 53 IS 5 e Slela Integer celu YF G
DowntimePercentage Mg iy oy de s Float (%) Lo ;30 U s s
InventoryTurnover Sogr e oS S Float Ve Y
StockoutRate LU o550 (sL.;Sl & Float (%) doys) s B s,
WorkerProductivity O G Sose e C]a.d Float (%) LoysVee U ds sAe
SafetyIncidents sbo 53 saul &l g sl Integer sl Ve G
EnergyConsumption (Cels DlyslsS) sds pme 551 Float Cele Sl S Ov ey B e
EnergyEfficiency S5 A Soso s 2 Float O G/
AdditiveProcessTime o353l ud i Ol (csls)Float celu Ve Y
AdditiveMaterialCost Ay a5 3558l olge &y s Float ($) SYa0r e G YsY e
DefectStatus Gl ot ) oS el 1) (el pwfn Cands Binary Yo

s Lal dias o 55 520 Wyl L 3l 5503 sl i b slasss s anllls ol 8315 45 soms
Lol s 3Ll as sz 4y 350 aBioS (slaiss sl dalad 35 6l ool g Sl A5 4T3 55 LT
ot L b)) Cu ST IS Al e e & 0018 250 0l b (3L 05l skl esls as semms Oliees
SRS E Gy o b lassy) V oS Y S el 58 i (dle (5,83L sladie law 5 (3L
SAasOLES S 555 e Jols [ ZV08% L (LaBeS slassy) v 08 o5 Il s sas e 1S5S 1 Laesls

sl 6313 a0 gazee 55 Ladd gad 0515l 555

2y 5 S pati SLI> sl i gajsi
2723

25001
2000 1

i 15004

5

1000 4

517
500 1

oS yaii ol o
voll Curog

Daa e s by, slaas @5_,:—* s

Fig. 2- Distribution of the number of days in the target variable
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Fig. 3- Data distribution on histograms and density plots
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Table 5- Comparison of machine learning model results
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