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The Product quality defects lead to substantial operational inefficiencies, financial losses, 

reputational costs, and customer dissatisfaction in contemporary manufacturing systems. 

Although Industry 4.0 environments generate extensive operational data, there remains 

limited empirical clarity regarding which factors most strongly drive defect occurrence and 

how such insights can support manufacturing decision-making. This study presents an 

empirical, data-driven assessment to evaluate operational, quality, and supply chain factors 

that influence product defects. The analysis is based on 3,240 manufacturing observations 

and 17 operational variables spanning production, maintenance, quality, efficiency, and 

supply-chain dimensions. Descriptive statistics and correlation analysis were conducted, 

followed by a Random Forest classifier to rank influential predictors of defect occurrence. 

Analysis of variance (ANOVA) was used to examine the effect of delivery delays. Model 

performance was evaluated using precision, recall, and F1-score. Maintenance hours and 

defect rate jointly accounted for approximately 44% of predictive contribution, with the 

model achieving precision and recall above 95% for defective items. Delivery delay showed 

no significant effect. The findings support the use of machine-learning (ML)-based analytics 

for data-driven quality improvement and process optimisation in manufacturing systems. 
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I. INTRODUCTION 

Product quality defects continue to be a significant and costly challenge in modern manufacturing systems, resulting in substantial 

financial losses, operational inefficiencies, and reduced customer satisfaction. Empirical evidence indicates that hidden quality costs, 

including rework, scrap, warranty claims, and process disruptions, can significantly erode organizational performance if left unaddressed [1]. 

In highly competitive industrial environments, product quality has therefore become a strategic imperative, closely linked to customer loyalty, 

brand reputation, and long-term sustainability [2]. As manufacturing systems grow increasingly complex, identifying and mitigating the 

drivers of quality defects has emerged as a critical managerial and analytical concern [3] The advent of Industry 4.0 has transformed 

manufacturing by integrating cyber-physical systems, the Industrial Internet of Things (IoT), and real-time data analytics into production 

environments [4].  
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These developments enable the continuous monitoring of equipment, processes, and quality indicators, creating new opportunities for 

predictive maintenance and data-driven quality control [5]. However, the availability of high-volume and high-dimensional operational data 

also introduces analytical challenges, particularly in isolating the most influential defect drivers and translating analytical outputs into 

actionable insights for quality improvement [6]. Traditional quality management approaches, such as Statistical Process Control, Total Quality 

Management, and Six Sigma, remain valuable but are often reactive and constrained by assumptions of linearity and process stability that 

may not hold in digitally enabled manufacturing systems [7]. Recent advances in artificial intelligence (AI) and machine learning (ML) have 

expanded the analytical capabilities of quality assurance by enabling the modeling of nonlinear relationships, interaction effects, and dynamic 

process behavior [8]. ML-based quality prediction models have demonstrated strong potential in applications such as tool wear detection, 

defect classification, and failure prediction [9]. In parallel, Quality 4.0 frameworks emphasize the integration of analytics and automation to 

support zero-defect manufacturing objectives [10].  

Despite these advances, much of the existing literature focuses on isolated technical use cases or individual process variables, which 

limits the generalizability of findings across broader manufacturing contexts. Importantly, prior studies have often examined quality 

determinants in isolation, such as maintenance practices, human factors, or supply chain responsiveness [11]. While these studies provide 

valuable insights, they rarely offer a comparative, multivariate assessment of operational, quality, and supply-chain factors within a unified 

analytical framework. Measurement challenges in empirical manufacturing research further complicate this issue, as heterogeneous data 

sources and inconsistent operational definitions can obscure the relative importance of competing predictors [12]. As a result, a gap remains 

in the literature regarding how multiple manufacturing variables jointly influence defect occurrence and how these relationships can be 

leveraged for data-driven quality improvemen From an information systems and industrial engineering perspective, there is a growing need 

to shift from descriptive quality reporting toward predictive and decision-oriented analytics that support proactive intervention. Predictive 

quality models based on machine-learning techniques, such as Random Forests and ensemble learning, have shown promise in enabling early 

detection of quality deterioration and supporting continuous improvement initiatives [13].  

However, empirical evidence comparing the relative influence of internal operational factors and external supply-chain variables 

remains limited, particularly in studies that use secondary manufacturing data and have imbalanced defect distributions [14] Against this 

backdrop, the present study conducts an empirical assessment of factors influencing product quality defects using secondary manufacturing 

data and predictive machine-learning techniques. Drawing on a dataset of 3,240 observations and 17 operational variables, the study applies 

descriptive analytics, Random Forest classification, and inferential testing to identify and prioritize influential predictors of defect occurrence. 

By addressing class imbalance and feature importance, the study adopts a data-driven approach to quality management that emphasizes 

interpretability and operational relevance. The contributions of this study are threefold. First, it provides a comparative evaluation of 

operational, quality, and supply-chain factors by quantifying their relative predictive importance in defect detection. Second, it demonstrates 

the applicability of ML-based analytics as a decision-support tool for manufacturing quality management in Industry 4.0 environments. Third, 

by leveraging secondary data, the study highlights the feasibility of cost-effective, data-driven quality analysis that can be adopted by 

manufacturing organizations seeking to enhance quality performance and reduce defect-related losses [15]. 

II. METHODOLOGY 

II.1 RESEARCH DESIGN  

The current study employed a quantitative empirical research design, grounded in secondary data analysis, to investigate the 

operational and information-driven determinants of product quality defects in manufacturing systems (Figure 1). The methodological 

framework is explicitly oriented toward decision support and BI by integrating descriptive analytics, inferential statistics, and machine 

learning–based predictive modelling. The objective is not only to identify statistically significant drivers of defects, but also to develop an 

interpretable, data-driven model capable of supporting intelligent process optimization and managerial decision-making within Industry 4.0 

environments. 

II.2 DATASET DESCRIPTION 

The data used were obtained from Kaggle (https://www.kaggle.com/datasets/rabieelkharoua/predicting-manufacturing-defects-

dataset), and consisted of 3,240 manufacturing observations and 17 operational variables, spanning production, maintenance efficiency, 

quality, and supply-chain dimensions. The two target variables were binary (defect, where 0 indicated a non-defect and 1 indicated a defect), 

reflecting whether a manufactured item failed to meet quality standards. Exploratory analysis revealed a pronounced class imbalance, with 

approximately 84% of observations classified as defective. This imbalance was intentionally retained to reflect the underlying operational 

reality of the manufacturing context, where persistent quality failures represent a critical managerial risk. From a BI perspective, prioritising 

defect detection under such conditions is consistent with risk-averse quality management strategies, where false negatives are substantially 

more costly than false positives. 

II.3 DATA PREPROCESSING  

Data integrity checks confirmed that no values were missing across all variables. Descriptive statistics and exploratory visualizations 

were used to assess distributional properties, identify potential outliers, and evaluate pairwise correlations among predictors. Although 

Random Forest algorithms are robust to scale differences, variables were also reviewed for extreme values to ensure numerical stability. The 

dataset was partitioned into training and test sets using a reproducible random split, ensuring consistent results across model evaluations. 

This separation supports out-of-sample validation and enhances the reliability of the reported predictive performance. 
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III. ANALYTICAL METHODS 

III.1 DESCRIPTIVE ANALYSIS AND CORRELATION ANALYSIS 

Descriptive statistics, including means, standard deviations, and ranges, were used to summarize the continuous variables. 

Distributional properties, potential outliers, and data dispersion were examined using histograms, density plots, and boxplots. Pearson 

correlation coefficients were computed and visualized using heatmaps to assess linear associations among operational indicators and defect 

status. This analysis supports the identification of variables with potential relevance for subsequent predictive modeling and quality analysis. 

III.2 RANDOM FOREST CLASSIFICATION 

The primary predictive technique used for defect classification was a Random Forest classifier, an ensemble of decision trees. This 

method was selected due to its ability to capture nonlinear relationships, interaction effects, and class imbalance, which are commonly 

observed in manufacturing data [16]. In the Random Forest classifier, the final prediction is obtained by aggregating the outputs of multiple 

decision trees using majority voting, as expressed in Equation (1). 

y = majority{T1(x), T2(x), … , Tn(x)}                                                                              (1) 

 

where ŷ is the predicted class label, x denotes the input feature vector, Tᵢ(x) represents the prediction of the i-th decision tree, and n is 

the total number of trees in the Random Forest. The final output is obtained through majority voting. Feature importance was assessed using 

the mean decrease in Gini impurity, which measures each predictor's relative contribution to classification performance. These importance 

values are interpreted as indicators of predictive relevance rather than causal effects. Feature importance was derived from the mean decrease 

in Gini impurity, calculated as in Equation (2). 

Gini = 1 − ∑ pi
2

C

i=1

                                                                                                     (2) 

where Gini is the impurity measure, C denotes the number of classes, and pᵢ represents the class proportion at a node. 

Model performance was evaluated using precision, recall, and F1-score, with particular emphasis on recall for the defective class to 

reduce the risk of undetected quality failures. Model performance was evaluated using precision and recall, which quantify the accuracy of 

defect detection and the ability to identify defective items, respectively. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑃) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃8 / (𝑇𝑃 +  𝐹𝑁) 

III.3 INFERENTIAL TESTING (ANOVA TEST) 

To complement the predictive analysis, a one-way Analysis of Variance (ANOVA) was conducted to examine whether delivery delay 

has a statistically significant effect on defect rates. This inferential test provides supplementary evidence regarding the influence of supply-

chain timing relative to internal operational factors, using a significance level of α = 0.05. 

III.4 TOOLS AND SOFTWARE 

All analyses were conducted using the Python programming language. The libraries pandas and NumPy were used for data handling 

and preprocessing, Matplotlib and Seaborn for data visualization, scikit-learn for predictive modeling, and SciPy for statistical testing. 
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Figure 1: Illustrates the proposed machine learning–based quality decision support framework employed in this study. 

Source: Authors, (2026). 

IV. RESULTS 

IV.1 DESCRIPTIVE CHARACTERISTICS OF THE DATASET 

The manufacturing dataset comprises 3,240 observations across 17 variables, including production volume, cost structures, supplier 

quality, maintenance activity, workforce productivity, and energy usage. The key variables are presented in Table 1. The average production 

volume was 548.52 (SD: 262.40), with the highest volume ranging from 100 to 999 units, indicating significant variation. The average sample 

cost of production was $12,423.02 (SD = $4,308.05), with a range of $5,000.17 to $19,993.37, indicating varying production levels. 

Table 1: Descriptive Statistics of Key Variables in the Manufacturing Dataset. 

Variable Mean Std. Dev. Min Max 

Production Volume 548.52 262.40 100 999 

Production Cost 12423.02 4308.05 5000.17 19993.37 

Supplier Quality 89.83 5.76 80.00 99.99 

Delivery Delay 2.56 1.71 0 5 

Defect Rate 2.75 1.31 0.50 4.99 

Quality Score 80.13 11.61 60.01 99.99 

Maintenance Hours 11.48 6.87 0 23 

Downtime Percentage 2.50 1.44 0.00 5.00 

Inventory Turnover 6.02 2.33 2.00 10.00 

Stockout Rate 0.05 0.03 0.00 0.10 

Worker Productivity 90.04 5.72 80.00 99.99 

Safety Incidents 4.59 2.90 0 9 

Energy Consumption 2988.49 1153.42 1000.72 4997.07 

Energy Efficiency 0.30 0.12 0.10 0.50 

Additive Process Time 5.47 2.60 1.00 10.00 

Additive Material Cost 299.52 116.38 100.21 499.98 

Defect Status 0.84 0.37 0 1 

Source: Authors, (2026). 
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The dataset showed that supplier quality is high (M = 89.83, SD = 5.76, range = 80-99.99) and the defect rates are low (M = 2.75, SD 

= 1.31, range = 0.50-4.99). The overall product quality was 80.13 (SD = 11.61), and the average delivery delay was 2.56 days (SD = 1.71). 

Operational indicators included the maintenance hours (M = 11.48, SD = 6.87), downtime (M = 2.50, SD = 1.44), inventory turnover (M = 

6.02, SD = 2.33), and worker productivity (M = 90.04, SD = 5.72). The average safety incident rate was 4.59 (SD = 2.90), and the average 

energy consumption was 2,984.49 units (SD = 1,153.42). The average energy efficiency stood at 0.30 (SD = 0.12). The time averaged 5.47 

hours (SD 2.60) in the additive process, and the cost of materials amounted to $299.52 (SD $116.38). The average defect level (M = 0.84, 

SD = 0.37) indicated that 84% of the products were defective. From a BI standpoint, these descriptive patterns underscore the need for 

continuous monitoring systems capable of integrating cost, maintenance, and quality metrics to support early intervention 

IV.2 DISTRIBUTION ANALYSIS AND CLASS IMBALANCE OF KEY VARIABLES  

The distribution of Defect Status demonstrates a pronounced imbalance (Figure 2). Non-defect status products (Defect Status = 0) 

comprise approximately 16 per cent of the dataset (520 cases), and defect status products (Defect Status = 1) comprise approximately 84 per 

cent (2,720 cases). This pattern signals a systemic quality issue rather than sporadic failures, reinforcing the relevance of predictive analytics 

for proactive quality management. Rather than undermining model validity, this imbalance reflects a realistic decision environment in which 

defect detection is a dominant managerial concern.       

 
Figure 2: Distribution of defect status in the manufacturing dataset. 

Source: Authors, (2026). 

Figures 3–5 provide exploratory validation of key continuous variables used in subsequent modeling. Production volume (Figure 3) 

exhibits a broadly uniform distribution across operational scales, indicating the absence of artificial batching or scale-induced bias. The defect 

rate distribution (Figure 4) is centered around moderate defect levels with limited extreme values, supporting the use of probabilistic rather 

than threshold-based classification. The production cost (Figure 5) exhibits stable dispersion across the observed range, indicating consistent 

cost structures and justifying its inclusion as a control variable rather than a primary quality driver. Collectively, these distributions confirm 

the suitability of the dataset for predictive business intelligence modeling. 

IV.3 RELATIONSHIP AND CORRELATION ANALYSIS 

Correlation analysis reveals that defect status is positively associated with defect rate and maintenance hours, and negatively associated 

with overall quality score. Production volume and production cost are strongly correlated, reflecting scale effects in manufacturing operations. 

Maintenance hours and defect rates are also positively correlated with downtime, suggesting a compounding of operational inefficiencies. 

These relational patterns are visually reinforced in Figure 6, which illustrates the joint behaviour of defect status, defect rate, and maintenance 

hours, and in Figure 7, which summarises pairwise correlations across all operational and quality variables. Collectively, these relationships 

provide actionable insights by identifying variables that can function as leading indicators in quality dashboards and decision-support systems. 

These relationships provide actionable insights by identifying variables that can function as leading indicators in quality dashboards and 

decision-support systems. 
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Figure 3: Distribution of production volume in the manufacturing dataset. The figure illustrates the dispersion of production volume across 

manufacturing observations, confirming broad operational variability and the absence of scale-specific clustering that could bias predictive 

modeling. 

Source: Authors, (2026). 

 
Figure 4: Distribution of production cost in the manufacturing dataset. The distribution exhibits a continuous spread of defect rates, with 

limited extreme values, supporting the use of probabilistic classification methods over rule-based thresholds for defect prediction. 

Source: Authors, (2026). 

 
Figure 5: Distribution of production costs in the manufacturing dataset. This figure depicts the variability of production costs across 

observations, indicating stable dispersion consistent with output heterogeneity and justifying its inclusion as a control variable in the 

predictive analysis. 

Source: Authors, (2026). 
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Figure 6: Relationship between defect status, defect rate, and maintenance hours. The figure visualizes how defect status varies with defect 

rate and maintenance hours, highlighting their strong discriminative patterns and supporting their prioritization as key predictors in the 

defect classification model. 

Source: Authors, (2026). 

 
Figure 7: Correlation heatmap of operational and quality variables in the manufacturing dataset. The heatmap summarizes pairwise Pearson 

correlations among study variables, indicating the strongest associations with defect-related outcomes and informing the selection and 

interpretation of predictors for the predictive analytics model. 

Source: Authors, (2026). 

IV.4 DIAGNOSTIC ASSESSMENT OF VARIABLE DISTRIBUTIONS AND MULTIVARIATE STRUCTURE 

Figures 8 and 9 provide diagnostic support for the predictive analysis. Figure 8 illustrates the distributional properties and potential 

outliers of key continuous variables, confirming acceptable dispersion without extreme anomalies that could distort model estimation. There 

are limited extremes in production cost. The defect rate is concentrated around the median, with outliers at both ends. Maintenance hours are 

more varied and exhibit greater outliers, suggesting that some units need additional maintenance. Figure 9 presents multivariate pairwise 

relationships among production volume, production cost, defect rate, and maintenance hours, highlighting nonlinear patterns and interaction 

effects. Together, these diagnostics support the suitability of tree-based machine learning models for capturing complex relationships in 

manufacturing quality data. The correlation between volume and cost is strongly linear. On the contrary, the relationship between defect rate, 

volume, and cost is relatively weak and multifactorial. The maintenance hours appear to depend on volume and cost, suggesting that other 

variables may also influence them, such as equipment age or usage intensity. 
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Figure 8: Boxplot of Important Variables in the Manufacturing Data. The boxplot is used to display the distributions of key variables, 

including production volume, production cost, defect rate, and maintenance hours. It allows for identifying potential outliers and 

delineating the spread of each variable, providing a view of each variable's variability within the dataset. 

Source: Authors, (2026). 

 
Figure 9: Key Variables Pair Plot in the Manufacturing Data Set. The pair plot provides a graphical representation of the inter-variable 

relationships, including production volume, production cost, defect rate, and maintenance time. It helps identify correlations between 

predictors and their interactions, which are essential for a detailed understanding of the determinants that affect the defect status. 

Source: Authors, (2026). 

IV.5 FEATURE IMPORTANCE FROM RANDOM FOREST MODELING 

Feature importance rankings derived from the Random Forest model are presented in Table 2. Maintenance hours emerge as the most 

influential predictor (importance = 0.23), followed by defect rate (0.21), quality score (0.14), and production volume (0.11). Collectively, 

these variables account for approximately 44% of the model’s predictive power. The remaining variables, including additive material cost, 

energy efficiency, supplier quality, stockout rate, downtime, additive process time, inventory turnover, worker productivity, production cost, 

and energy consumption, showed little significance (around 0.03), suggesting that internal operational conditions have a greater impact on 

quality outcomes in this dataset. Safety incidents and delivery delays had the least importance, with a score of 0.01 each, indicating they did 

not have a significant impact on defect status. These findings should be interpreted as predictive priorities for decision support, not as evidence 

of causal mechanisms. 
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Table 2: Ranking of the Defect Status in the Manufacturing dataset based on order of importance 

Feature Importance 

Maintenance Hours 0.23 

Defect Rate 0.21 

Quality Score 0.14 

Production Volume 0.11 

Additive Material 

Cost 

0.03 

Energy Efficiency 0.03 

Supplier Quality 0.03 

Stockout Rate 0.03 

Downtime Percentage 0.03 

Additive Process Time 0.03 

Inventory Turnover 0.03 

Worker Productivity 0.03 

Production Cost 0.03 

Energy Consumption 0.03 

Safety Incidents 0.01 

Delivery Delay 0.01 

Source: Authors, (2026). 

IV.6 PERFORMANCE OF THE PREDICTIVE MODELS 

The Random Forest classifier demonstrates strong predictive performance, particularly for defective products. Precision (0.96), recall 

(0.99), and F1-score (0.98) indicate that the model is highly effective in identifying quality failures, which is critical in high-risk 

manufacturing environments (Table 3). In non-defective products, precision is 0.94, recall is 0.78, and F1-score is 0.85, which is less than 

the recall in class imbalance. Therefore, performance for non-defective products is comparatively lower, reflecting the inherent class 

imbalance and reinforcing the model’s conservative bias toward defect detection. This bias is desirable, as the cost of undetected defects 

typically exceeds the cost of false alarms. 

Table 3: Random Forest Model Evaluation. 

Metric Defect = 1 (Defective Products) Defect = 0 (Non-Defective Products) 

Precision 0.96 0.94 

Recall 0.99 0.78 

F1-Score 0.98 0.85 

Source: Authors, (2026). 

IV.7 STATISTICAL TESTING: EFFECT OF DELAY AT DELIVERY ON DEFECT RATE 

Table 4 presents the ANOVA results for the impact of delivery delay on the defect rate. Between groups sum of squares = 3.2209 (df 

= 4); within groups sum of squares = 579.7014 (df = 3,235). The mean squares are 0.8052 and 0.1793, respectively, yielding an F-statistic of 

1.2047 and a p-value of 0.3042. This difference is not statistically significant (p = 0.05), indicating that delivery delay does not affect the 

defect rate. This is also associated with its low feature importance, indicating that resources should be allocated to maintenance, defect rates, 

and quality scores rather than to delivery delays to reduce defect rates. 

Table 4: ANOVA Table for Defect Rate across Delivery Delay groups. 

Source of Variation Sum of Squares Degrees of Freedom Mean Square F-Statistic p-Value 

Between Groups 3.2209 4 0.8052 1.2047 0.3042 

Within Groups 579.7014 3235 0.1793 
  

Total 582.9223 3239 
   

Source: Authors, (2026). 

V. DISCUSSION 

This empirical study investigates the critical predictors of product-quality defects in manufacturing systems by integrating secondary 

data analysis with ML–based predictive modeling. The results demonstrate that equipment-related factors, particularly maintenance hours 

and observed defect rates, are the most influential determinants of defect occurrence, collectively accounting for approximately 44% of the 

model’s predictive contribution.  
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This finding reinforces longstanding concerns in industrial engineering regarding measurement validity and operational prioritization, 

where inaccurate or delayed maintenance indicators can obscure true performance drivers and degrade quality outcomes [17]. 

 
Figure 10: Feature-importance-based hierarchy of quality defect drivers identified using the Random Forest model. 

Source: Authors, (2026). 

By grouping the variables into hierarchical impact levels, Figure 10 highlights the dominance of maintenance hours and defect rate 

over other operational and supply-chain factors. This hierarchy supports the interpretation that internal operational conditions play a more 

decisive role in defect occurrence than external timing-related variables. The prominence of maintenance hours as the leading predictor 

(importance = 0.23) aligns strongly with the principles of TPM, reliability engineering, and human-centered maintenance frameworks, which 

emphasize proactive equipment upkeep as a mechanism for reducing process variability and preventing defect propagation [18]. Prior studies 

on human factors in maintenance and operational discipline suggest that inadequate maintenance planning and execution can amplify failure 

risks, particularly in complex, high-utilization manufacturing environments [18],[19]. From an operational perspective, increased 

maintenance activity contributes to improved process stability, reduced unplanned downtime, and enhanced equipment availability, thereby 

lowering the propensity for defect generation across production stages [18],[19]. The strong predictive contribution of defect rate (importance 

= 0.21) further underscores the reinforcing nature of quality failures, in which persistent defects signal deeper systemic inefficiencies rather 

than isolated process deviations. This observation is consistent with research on quality-cost dynamics, which demonstrates that hidden 

quality costs, such as rework, scrap, and warranty claims, often accumulate silently until defect levels reach critical thresholds [20]. Similar 

findings in quality culture research emphasize that organizations with weak feedback mechanisms tend to normalize recurring defects, 

allowing inefficiencies to persist over time [21]. Consequently, continuous defect monitoring serves not only as a quality control mechanism 

but also as an early warning indicator of declining operational health.  

Consistent with prior empirical research, the findings confirm a robust association between preventive maintenance practices and 

improved product quality outcomes [22],[23]. Earlier work on predictive modeling in manufacturing systems shows that maintenance 

intensity and equipment condition are among the most reliable predictors of downstream performance, particularly when combined with 

operational efficiency indicators [23]. This study extends that literature by quantifying the relative importance of maintenance activities 

relative to a broader set of operational, quality, and supply-chain variables using ML-based feature-importance analysis, thereby offering a 

more integrated perspective than traditional univariate or siloed approaches [17]. In contrast to some supply-chain–oriented studies, delivery 

delay does not exhibit a statistically significant relationship with defect rate in the present analysis. This finding suggests that internal 

operational controls may outweigh external timing factors in determining quality outcomes within the examined context. Prior research 

indicates that buffering strategies, incoming quality inspections, and inventory policies can mitigate the quality risks associated with delivery 

variability, effectively decoupling logistics delays from production quality performance [24]. Studies on supply-chain responsiveness 

similarly argue that while delivery reliability affects customer satisfaction, its direct impact on defect formation may be secondary when 

robust internal quality systems are in place [25]. The Random Forest classifier demonstrates strong predictive performance for defective 

items, achieving high recall (0.96) and precision (0.99), which supports its suitability for quality-focused decision-support applications.  
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These performance levels are comparable to those reported in prior machine learning studies on manufacturing quality prediction, 

predictive maintenance, and operational risk assessment [26-28]. In particular, ensemble-based methods such as Random Forest and gradient 

boosting have been shown to outperform single-model approaches when dealing with nonlinear interactions and heterogeneous 

manufacturing data [29],[27]. Beyond classification accuracy, the model’s ability to prioritize defect detection is especially valuable in high-

risk production environments, where the cost of undetected defects significantly exceeds the cost of false alarms [30]. The limited influence 

of supply-chain timing variables further suggests that internal process optimization may yield greater quality improvements than external 

responsiveness initiatives alone. Prior research on quality management systems and Industry 4.0 performance measurement supports this 

conclusion, emphasizing that maintenance effectiveness, workforce discipline, and process monitoring exert stronger control over defect 

prevention than logistics acceleration strategies [31],[32]. Accordingly, quality-improvement initiatives may benefit from prioritizing 

predictive maintenance, continuous defect monitoring, and process control rather than focusing solely on supply-chain speed [18],[33],[34]. 

Although the dataset exhibits pronounced class imbalance, this characteristic reflects a realistic manufacturing environment characterized by 

persistent quality challenges rather than sporadic failures.  

Prior studies on imbalanced learning in manufacturing and industrial analytics argue that such distributions necessitate risk-sensitive 

modeling approaches that emphasize recall for defective items [30]. This approach aligns with practical quality management objectives, 

where the operational and reputational costs of undetected defects outweigh the consequences of conservative classification decisions 

[31],[35],[36]. At a conceptual level, the study contributes to data-driven quality management by demonstrating how machine learning models 

can uncover nonlinear and interaction-driven relationships that traditional statistical methods may overlook [29]. The findings also challenge 

the assumption that supply-chain timing is a dominant determinant of quality outcomes, instead emphasizing the primary role of internal 

operational conditions—such as maintenance intensity, defect history, and quality scores—in shaping defect risk [21],[33]. Finally, the study 

affirms the viability of secondary data analysis as a cost-effective and scalable approach for generating actionable insights into manufacturing 

quality improvement within Industry 4.0 environments, particularly when supported by interpretable ML-based decision-support systems 

[37],[38]. In terms of industrial applicability, the proposed ML–based quality decision support framework is directly applicable to industrial 

manufacturing environments where operational, maintenance, and quality data are routinely collected. By identifying high-impact defect 

drivers, such as maintenance intensity and defect history, the framework enables practitioners to prioritize preventive maintenance, monitor 

defect risk, and allocate quality-improvement resources more effectively. The use of interpretable feature importance further supports 

practical adoption by engineers and managers without requiring advanced machine learning expertise. 

VI. LIMITATIONS 

This study has certain limitations. The analysis relies on secondary data from a single manufacturing context, which may limit 

generalizability across industries. In addition, feature importance reflects predictive relevance rather than causal relationships. Future research 

may extend the framework using multi-source industrial datasets, alternative machine learning models, or real-time deployment scenarios. 

VII. CONCLUSION 

This study employed secondary manufacturing data and ML-based analytics to identify the principal drivers of product quality defects 

in contemporary manufacturing systems. The findings indicate that equipment-related factors, particularly observed defect indicators and 

maintenance intensity, are the most influential predictors of defect occurrence, collectively accounting for nearly half of the model’s predictive 

contribution. These results highlight the critical role of equipment condition and maintenance discipline in sustaining quality performance 

within Industry 4.0 environments. The Random Forest model demonstrated strong predictive capability, achieving precision and recall levels 

exceeding 95%, supporting its suitability for integration into quality monitoring and decision-support applications.  

In contrast, delivery delay did not exhibit a statistically significant impact on defect rates, reinforcing the conclusion that internal 

operational conditions exert a greater influence on product quality outcomes than external supply-chain timing factors in the examined 

context. Overall, the study provides empirical support for data-driven quality management approaches that emphasize predictive maintenance, 

defect monitoring, and process optimization. By demonstrating the value of ML-enabled analytics in identifying high-risk operational 

conditions, the findings provide practical guidance for manufacturers seeking to enhance quality performance and reduce defect-related costs 

in digitally enabled production environments. 
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