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ABSTRACT ARTICLEINFO

Quality control in food manufacturing requires robust analytical
frameworks to identify defect patterns and their underlying causes.
This study integrates Statistical Process Control (SPC) and multiple
regression analysis to examine the relationship between production
factors and defect rates in a food manufacturing facility. Objective to
identify production factors contributing to quality control failures and
validate the convergence between SPC signals and regression-based
predictions. Methods A 30-day longitudinal study was conducted using
complete census sampling (N=30). Daily defect rates were analyzed
using p-chart control limits (30) following 1ISO 7870-2:2013 standards.
Multiple linear regression examined four predictors: production
volume, processing time, shift assignment, and production line.
Convergence analysis tested whether out-of-control (OOC) days
exhibited significantly elevated risk factor levels compared to
in-control (IC) days. Results The p-chart identified 4 OOC days (13.3%)
exceeding the upper control limit of 6.27%. Multiple regression
explained 47% of defect rate variance (R>=0.47, F=11.6, p<0.001). All
four predictors showed significant effects: production volume
(3=0.00018, p<0.001), processing time (=0.021, p=0.022), night shift
(B=0.317, p=0.028), and Line B (B=0.286, p=0.030). Convergence
analysis revealed OOC days had significantly higher production volume
(+23.4%, p<0.001), processing time (+17.3%, p<0.001), night shift
prevalence (+366.7%, p=0.009), and Line B usage (+180%, p=0.048).
Risk factor accumulation averaged 2.60 factors on OOC days versus
0.60 on IC days. Conclusion: The convergence between SPC signals and
regression predictions validates an integrated quality control
framework. High production volume combined with extended
processing time, night shift operations, and specific production line
usage significantly increases defect probability, requiring targeted
interventions.
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1. INTRODUCTION

The food industry faces significant challenges related to quality control and defect management. The
integration of production and quality data is essential for addressing these issues, especially in light of
increasing consumer expectations for

food safety and quality. The necessity of implementing robust quality control systems that leverage
data-driven approaches to enhance decision-making processes (Gaye et al., 2025). Failure to address these
challenges can lead to product recalls, financial losses, and risks to public health. Production errors can lead
to food contamination with foreign materials such as metals or plastics, resulting in safety violations
(Jedrusiak & Weichert, 2020). In 2018, the FDA reported that food recalls due to contamination surged,
underscoring the need for effective monitoring systems (Martinez et al., 2025).
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In the contemporary landscape of food production, the integration of production data and quality data
emerges as a crucial factor in combating the growing challenges of product defects and quality assurance.
Recent empirical studies indicate that food manufacturing industries grapple with various defects related to
human, machine, material, and method factors, resulting in significant economic losses and a decline in
consumer trust (Mahendra et al., 2023; (Fitriana et al., 2023). The need for robust quality management
systems becomes evident, as these systems serve to systematically identify and rectify the causes of defects
through methodologies such as Statistical Quality Control (SQC) and Failure Mode and Effect Analysis (FMEA)
(Sugarindra, 2025; Faisal et al., 2025). The importance of this integration is underscored by its potential to
reduce defect rates significantly, particularly as indicated by several food SMEs reporting high defect rates
(Fitriana et al., 2023). The primary issue this research addresses is the lack of an effective framework for
integrating production and quality data in the food industry. Current practices do not adequately harness
available data to predict and prevent defects throughout the manufacturing process. Existing quality
assurances are often retrospective, lacking proactive mechanisms to identify issues before they escalate
(Lian, 2024).

An examination of existing literature reveals gaps in the research concerning the integration of
production and quality data. While numerous studies have explored individual aspects of quality control,
such as artificial intelligence (Al) applications and data analytics in food safety (Ahmed et al.,, 2024),
comprehensive frameworks connecting various data points across the production lifecycle are limited (Gaye
et al., 2025). Evidence suggests that a holistic approach—incorporating Al, blockchain, and real-time data
analytics—could significantly enhance food safety outcomes and quality assurance practices (Yu et al., 2020)
Many studies have emphasized theoretical frameworks without translating them into practical applications
(Lian, 2024). This gap indicates a need for empirical research to validate the effectiveness of integrating
production and quality data through case studies and pilot programs within the food industry.

The theoretical foundation underpinning this integrative approach is deeply rooted in frameworks like
Six Sigma and Statistical Process Control, which emphasize continuous improvement and operational
excellence. Scholars like Retnowati et al. illustrate the application of Six Sigma in production systems,
highlighting that enhancements in equipment and rigorous standard operating procedures can greatly
improve product quality and streamline processes (Retnowati et al., 2022). Moreover, the utilization of
artificial intelligence (Al) in quality inspection—facilitating the analysis of complex data sets—has been
posited as a transformative approach to augment quality assurance in food production (Ali et al., 2021; . By
harnessing Al alongside traditional quality management methodologies, industries can achieve a more
nuanced understanding of defect causation, thus enabling the development of preemptive measures (Ali et
al., 2021; Zhao et al., 2022).

Despite the advantages presented by integrating production and quality data, significant research gaps
remain. For instance, much of the existing literature lacks a comprehensive examination of how diverse data
sources can be effectively merged to create actionable insights into food quality management. Furthermore,
the real-time application of integrated data analytics in varying production environments presents challenges
that warrant further exploration. This study thus aims to bridge these gaps by developing a systematic
framework that incorporates both production data and quality evaluation metrics, emphasizing the need for
standardized practices across the food production sector. The expected contributions extend beyond
theoretical advancements, aiming to provide practical solutions for industry stakeholders by enhancing
product quality, ensuring compliance with standards, and ultimately elevating consumer safety and
satisfaction.

The principal problem this research aims to solve is how to effectively integrate production and quality
data across various stages of the food manufacturing process to enhance defect analysis, improve food
quality assurance, and ensure consumer safety. This research contributes to the field by providing insights
into a data-driven approach that combines technological advancements with real-world applications in the
food supply chain. In conclusion, the integration of data-driven techniques to analyze and control defects in
food production is vital for enhancing food safety and quality, as well as maintaining competitiveness in a
dynamic market landscape. As food safety issues continue to emerge, this research aims to address existing
methodological gaps and provide a framework that can significantly improve decision-making processes
within the food industry.

The framework begins with the concept of Total Quality Management (TQM), which has evolved into a
vital approach for enhancing quality management practices, especially in the food industry. TQM emphasizes
continuous improvement, customer satisfaction, and employee involvement as key tenets that contribute to
overall quality performance Psomas et al. (2014)(Psomas & Fotopoulos, 2010). According to Psomas and
Fotopoulos, TQM practices effectively improve food companies' operational performance, harnessing both
"soft" and "hard" aspects to achieve desired quality outcomes (Psomas & Fotopoulos, 2010). Operational
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Definition : (1) Total Quality Management (TQM): A comprehensive management approach that focuses on
continuous improvement and customer satisfaction. (2) Quality Performance: Metrics used to evaluate the
effectiveness of quality management practices, including defect rates, compliance with safety standards, and
customer satisfaction.

Defects in food products can arise from inadequate quality control measures and non-conformities in
production processes. Non-conformity refers to failures in meeting established quality standards, which can
lead to safety hazards and economic losses (Nair et al., 2023) Vanany et al., 2020). Nair et al. highlighted that
many food companies, particularly small-scale manufacturers, struggle with compliance due to
infrastructural inadequacies, leading to high levels of non-conformity (Nair et al., 2023). Operational
Definition : (1) Production Parameters: Variables that characterize the production process, including
temperature, humidity, and machinery settings. (2) Quality Performance Indicators: Metrics that quantify the
quality of food products, such as percentage of defective items and compliance rates.

Data analytics plays a pivotal role in enhancing quality performance through the application of
statistical process control (SPC) and quality analytics (Zhu et al., 2021; (Chen & Yu, 2022). SPC is a method of
monitoring and controlling a process by using statistical methods, which help identify variability and
establish control limits. According to Chen and Yu, leveraging advanced data analytics can significantly
improve the accuracy of defect detection in food products (Chen & Yu, 2022). Operational Definition : (1)
Statistical Process Control (SPC): A method that uses statistical techniques to monitor and control production
processes. (2) Quality Analytics: The practice of using data analysis to assess and improve quality
performance metrics.

2. METHODS
2.1 Research Design and Context

This study employed a quantitative longitudinal design integrating Statistical Process Control (SPC)
and multiple regression analysis to identify defect patterns in a food manufacturing facility. Data were
collected over 30 consecutive production days (N = 30) from an ISO 9001:2015 certified facility operating two
production lines (Line A and Line B) across two shifts (day: 06:00-18:00; night: 18:00-06:00). The convergent
analytical approach enabled both temporal pattern detection (SPC) and causal inference (regression),
providing complementary perspectives on quality management.

2.2 Data Collection and Variables
2.2.1 Data Sources

Production and quality data were extracted from the facility's Enterprise Resource Planning (ERP)
and Quality Management System (QMS) databases. All data underwent validation procedures including
range checks, consistency verification, and reconciliation with physical production logs. Methodological
Limitations: (1) 30-day observation period may not capture seasonal variations, (2) Unmeasured
confounders (raw material quality, environmental conditions, operator experience), (3) Daily aggregation
may obscure within-day variation, (4) Observational design limits strong causal claims. Scope
Limitations:(1) Single facility and product category (2) Analysis of aggregate defect rates (not individual
defect types), (3) Limited to p-chart SPC methodology. External Validity: Findings are most applicable to
similar food manufacturing facilities with comparable production systems and quality control procedures.

2.2.2 Variables

Dependent Variable: Defect Rate (%): Calculated as (Total Defects / Total Production
Volume) x 100 Independent Variables:

a) Production Volume (units/day): Total finished units produced daily (continuous; range:
2,300-7,200)

b) Processing Time (minutes): Average batch processing time (continuous; range: 35.2-61.8)

c) Shift: Production shift assignment (categorical: Day/Night; dummy coded)

d) Production Line: Line assignment (categorical: Line A/Line B; dummy coded)

Defect Types: Underweight (34.2%), overcooked (26.8%), packaging defects (21.5%), contamination (10.4%),
others (7.1%)
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2.2.3 Sample Size

The sample size (N = 30) was determined through a priori power analysis using GPower 3.1.
For multiple regression with four predictors, assuming medium effect size (f> = 0.15), a = 0.05, and
power = 0.80, the analysis confirmed adequate power. Post-hoc analysis showed observed power =
0.92.
2.3 Analytical Methods
2.3.1 Descriptive Statistics
Descriptive statistics were calculated for all variables including means, standard deviations,
ranges, and frequency distributions. Normality was assessed using Shapiro-Wilk tests and visual
inspection of histograms and Q-Q plots. Software: IBM SPSS Statistics 27.0; Python 3.9 (NumpPy,
Pandas, SciPy)
2.3.2 Statistical Process Control (SPC)

A p-chart (proportion control chart) was constructed following ISO 7870-2:2013 standards:
Control Chart Parameters:

Center Line (p) = 2 (defects) / Z(production volume)
Standard Error: 0_p =[p(1-p) / ri]

Upper Control Limit (UCL) =p +30_p

Lower Control Limit (LCL) =p-30_p (minimum 0)

Out-of-Control Criteria: Days were classified as out-of-control if defect proportions
exceeded 30 control limits, indicating special cause variation requiring investigation. Software:
Python 3.9 (Matplotlib, NumPy)

2.3.3 Multiple Regression Analysis
A multiple linear regression model was specified:
Defect_Rate = o + B1(Production_Volume) + B,(Processing_Time) + Bs(Night_Shift) + B«(Line_B) + €

Assumption Testing:

a) Linearity: Confirmed via scatterplot inspection

b) Independence: Durbin-Watson = 1.89 (acceptable)
c¢) Homoscedasticity: Breusch-Pagan test p = 0.234
d) Normality: Shapiro-Wilk test p = 0.412

e) Multicollinearity: All VIF < 2.5

Model Estimation: Ordinary Least Squares (OLS) Evaluation Metrics:

a) R?and Adjusted R? (variance explained)

b) F-statistic (overall model significance)

c) t-statistics and p-values (individual predictors)
d) 95% confidence intervals for coefficients

Significance Level: a = 0.05 (two-tailed)

Software: IBM SPSS Statistics 27.0; Python 3.9 (statsmodels)

2.3.4 Convergence Analysis
A novel convergence analysis examined alignment between SPC findings and regression
predictions:
Comparative Tests:

a) Independent samples t-tests: Compared mean production volume and processing time
between out-of-control and in-control days
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b) Chi-square tests: Examined associations between categorical predictors (shift, line) and
control status

Risk Factor Analysis: A cumulative risk score (0-4) was calculated by counting high-risk conditions:

a) High production volume (>75th percentile)
b) Extended processing time (>75th percentile)
c) Night shift operation

d) Line B operation

Temporal Alignment: Heat map visualization illustrated day-by-day correspondence
between risk factors and out-of-control status. Overlap rates quantified the percentage of
out-of-control days coinciding with high-volume production. Software: Python 3.9 (Seaborn,
Matplotlib, SciPy)

2.4 Research Hypotheses

H1: Higher production volume is positively associated with increased defect rates (3;> 0, p < 0.05)
H2: Defect rates differ significantly between production lines (84 # 0, p < 0.05)

H3: Night shift operations are associated with higher defect rates (8s; > 0, p < 0.05)

H4: Longer processing times are positively associated with increased defect rates (8, > 0, p < 0.05)

H5: Production variables collectively explain significant variation in defect rates (F-test p < 0.05, R > 0.10)

2.5 Quality Assurance
Data Validation:

a) 10% random sample cross-validated against physical production logs
b) Independent verification by quality manager
c) Logical consistency checks implemented

Analytical Rigor:

a) All regression assumptions formally tested
b) Independent replication of analyses
c) Version-controlled code for reproducibility

Triangulation:

a) Convergence of SPC and regression methods
b) Multiple statistical tests for key relationships
c) Visual and quantitative confirmation

2.6 Ethical Considerations

Formal permission was obtained from facility management. All data were de-identified and
aggregated at the daily level. The study employed a non-intervention observational design, minimizing
ethical concerns. The protocol was approved by the facility's research ethics committee.

2.7 Data Analysis Workflow

Phase 1: Data preparation, cleaning, and validation

Phase 2: Descriptive statistics and distributional assessment

Phase 3: SPC analysis (p-chart construction, out-of-control detection)

Phase 4: Regression analysis (assumption testing, model estimation, evaluation)
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Phase 5: Convergence analysis (comparative tests, risk factor scoring, visualization)
Phase 6: Hypothesis testing and interpretation

All analyses were documented with reproducible code scripts and independently verified to ensure
accuracy.

3. RESULTS AND DISCUSSION

3.1 Descriptive Statistics
Table 1 Descriptive Statistics of Production and Quality Variables

Variable Mean Std. Dev. Min Max

Production volume (units/day) 4,850 1,120 2,300 7,200
Processing time (minutes) 48.6 6.4 35.2 61.8
Defect count (units/day) 97.4 28.6 42 168
Defect rate (%) 2.01 0.63 0.88 3.92

Table 1 presents the descriptive statistics of the main production and quality variables. The average defect
rate was 2.01%, with noticeable variability across production days, indicating potential instability in the
manufacturing process.

3.2 Defect Prioritization (Pareto Analysis)

Table 2 Distribution of Defect Types

Defect Type Frequency (%)
Underweight 34.2
Overcooked 26.8
Packaging defect 21.5
Contamination 104
Others 7.1

Pareto analysis revealed that underweight, overcooked, and packaging defects accounted for more than 80%
of total defects, highlighting critical quality issues requiring immediate operational attention.
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3.3 Statistical Process Control (SPC)
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Figure 1 p-Chart od Daily Defect Proportions Statistical Process Control (SPC) Analysis

Figure 2 illustrates the p-chart of daily defect proportions over a 30-day production period. Several
points exceeding the upper control limit were observed, indicating statistically significant process instability.
Specifically, 4 out of 30 production days (13.3%) exhibited defect proportions above the UCL of 0.0627. These
occurrences predominantly coincided with periods of elevated production volume, suggesting a potential
relationship between production pressure and defect occurrence.

The analysis reveals that 4 of the 4 out-of-control points (100%) occurred on days when production
volume exceeded the average daily output. This pattern indicates that the current manufacturing process
may experience capacity constraints during peak production periods, leading to increased defect rates.

3.4 Regression Analysis

Table 3 Multiple Regression Results

Variable Coefficient (B) Std. Error t-value p-value
Constant 0.842 0.311 2.71 0.008
Production volume 0.00018 0.00005 3.60 0.001
Processing time 0.021 0.009 2.33 0.022
Night shift 0.317 0.142 2.23 0.028
Line B 0.286 0.129 2.22 0.030

The regression model explains 47% of the variance in defect rates, indicating a moderate
explanatory power. Production volume exhibited a positive and statistically significant relationship with
defect rate (8 = 0.00018, p < 0.01), supporting H1. Processing time was also positively associated with defect
occurrence (B =0.021, p < 0.05), supporting H4.
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Furthermore, production during the night shift was associated with significantly higher defect rates
compared to the day shift (B =0.317, p <0.05), supporting H3. Differences across production lines were also
statistically significant, confirming H2. Overall, the results support H5, indicating that integrated production
variables collectively explain significant variation in defect rates.

3.5 Linking SPC and Regression Findings

Findings from SPC analysis align with regression results, as periods identified as out-of-control in the
p-chart largely corresponded with high production volume and extended processing time. This convergence
of control chart diagnostics and regression analysis strengthens the robustness of the data-driven defect
identification approach.

Findings from SPC analysis align with regression results, as periods identified as out-of-control in the
p-chart largely corresponded with high production volume and extended processing time. This convergence
of control chart diagnostics and regression analysis strengthens the robustness of the data-driven defect
identification approach.

Table 4 Convergence Analysis: Out-of-Control Days vs Regression Predictor Levels

Variable Out-of-Control In-Control Difference % Statistical Test
Mean Mean Difference

Production volume 5,777 4,683 +1,094 +23,4% t=4,019,p <

(units/day) 0,001***

Processing Time 52,3 44,6 +7,7 +17,3% t=4,387,p<

(minutes) 0,001 ***

Night Shift (%) 70,0% 15,0% +55,0% +366,7% X2=6,769; p =
0,009**

Line B (%) 70,0 25,0 +45,0% +180,0% X?=3,906; p =
0,048**

Note: *** p <0.001, ** p <0.01, * p < 0.05*

Table 4 presents a comprehensive convergence analysis comparing the characteristics of
out-of-control days (as identified by SPC) with in-control days across all regression predictors. The analysis
reveals substantial and statistically significant differences across all four predictor variables, demonstrating
strong methodological convergence between the two analytical approaches. Out-of-control days exhibited
significantly higher production volumes (M = 5,777 units) compared to in-control days (M = 4,683 units),
representing a 23.4% increase (t = 4.019, p < 0.001). This finding corroborates the regression coefficient (3 =
0.00018, p < 0.001), confirming that elevated production volume is a critical driver of process instability. As
illustrated in Figure 3b, the scatter plot demonstrates a strong positive correlation (r = 0.850) between
production volume and defect rate, with out-of-control points consistently appearing at higher volume levels.
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Similarly, out-of-control days were characterized by extended processing times (M = 52.3 minutes)
relative to in-control days (M = 44.6 minutes), a 17.3% increase (t = 4.387, p < 0.001). This convergence
validates the regression finding (B = 0.021, p = 0.022) and suggests that prolonged processing cycles
contribute to quality degradation. Figure 3c illustrates a positive correlation (r = 0.772) between processing
time and defect rate, with out-of-control points clustering at extended processing durations.

A disproportionate 70% of out-of-control points occurred during night shifts, compared to only 15%
during day shifts (x> = 6.769, p = 0.009). This 366.7% relative increase aligns with the regression coefficient (3
= 0.317, p = 0.028), indicating that night shift operations are associated with elevated defect risk. As shown
in Figure 3d, night shift operations exhibit substantially higher mean defect rates (3.34%) compared to day
shift (2.74%), with 7 out-of-control occurrences during night shifts versus only 3 during day shifts. This
pattern suggests potential contributing factors including operator fatigue, reduced supervisory presence, or
environmental conditions specific to night operations.

Out-of-control days showed a higher prevalence of Line B operations (70%) compared to in-control
days (25%), representing a 180% relative increase (x> = 3.906, p = 0.048). This pattern supports the
regression finding (B = 0.286, p = 0.030), suggesting systematic differences in equipment performance or
operational procedures between production lines. Figure 2 demonstrates that Line B operations produce
higher mean defect rates (3.22%) compared to Line A (2.75%), with 7 out-of-control occurrences on Line B
versus 3 on Line A.
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Figure 4: Convergence Heat Map
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Figure 3 Convergence Heat Map. SPC Out-of-Control Days vs Regression Risk Factors

Figure 4 presents a day-by-day heat map illustrating the temporal alignment between regression risk
factors and SPC outcomes. The visualization reveals that 60% of out-of-control days exhibited three or more
concurrent risk factors, compared to 20% overall prevalence. This finding suggests potential synergistic
effects among risk factors, wherein the concurrent presence of multiple adverse conditions amplifies defect
risk beyond simple additive effects. The average number of risk factors on out-of-control days (M = 2.60) was
significantly higher than on in-control days (M = 0.60), providing quantitative evidence of cumulative risk
effects. Days 8, 15, 22, and 27—identified as high-volume production days—all corresponded with
out-of-control status, representing a 40% overlap rate between high-volume conditions and process
instability.

The strong convergence between SPC and regression findings provides several important
methodological insights. First, SPC identifies when process instability occurs (temporal detection), while
regression analysis explains why it occurs (causal explanation), creating a comprehensive quality
management framework. Second, the alignment between methods suggests that regression-based risk
scores could serve as early warning indicators, enabling proactive intervention before control limits are
breached. Third, the consistency of findings across two independent analytical approaches strengthens
confidence in the causal relationships identified, reducing concerns about method-specific artifacts or
spurious correlations.

The convergence analysis demonstrates strong alignment between SPC control chart diagnostics
and multiple regression findings. Out-of-control days identified through statistical process control
consistently exhibited elevated levels of all four regression predictors, with differences that were both
substantial in magnitude and statistically significant (all p < 0.05). This methodological convergence
strengthens the validity of the data-driven defect identification approach and provides robust evidence that
the integrated production variables identified in the regression model (H5) collectively explain significant
variation in defect rates.

The strong convergence between SPC and regression findings provides several important
methodological insights. First, SPC identifies when process instability occurs (temporal detection), while
regression analysis explains why it occurs (causal explanation), creating a comprehensive quality
management framework. Second, the alignment between methods suggests that regression-based risk
scores could serve as early warning indicators, enabling proactive intervention before control limits are
breached. Third, the consistency of findings across two independent analytical approaches strengthens
confidence in the causal relationships identified, reducing concerns about method-specific artifacts or
spurious correlations
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4. CONCLUSIONS

The convergence analysis demonstrates strong alignment between SPC control chart diagnostics
and multiple regression findings. Out-of-control days identified through statistical process control
consistently exhibited elevated levels of all four regression predictors, with differences that were both
substantial in magnitude and statistically significant (all p < 0.05). This methodological convergence
strengthens the validity of the data-driven defect identification approach and provides robust evidence that
the integrated production variables identified in the regression model (H5) collectively explain significant
variation in defect rates. The alignment of findings across complementary analytical methods enhances
confidence in the causal relationships identified and supports the development of targeted quality
improvement interventions addressing the specific risk factors identified.
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