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Abstract 
Ensuring the consistent quality of pharmaceutical products is central to public health protection, as undetected 
deviations in production can translate into substandard medicines reaching patients. This study examined the 
effectiveness of data analytics in detecting out-of-specification (OOS) trends in pharmaceutical production, with 
the objective of strengthening quality assurance systems and mitigating downstream public health risks. A 
quantitative longitudinal design was adopted, drawing on 1,248 pharmaceutical production batches and 9,732 
critical quality observations extracted from manufacturing execution and laboratory information management 
systems. Descriptive analysis indicated that 93.8% of observations remained within specification limits, while 
6.2% were classified as out-of-trend (OOT) and 0.9% were confirmed as OOS events. Statistical process control 
(SPC) flagged 214 instances of process instability, and predictive analytics successfully anticipated 79 of 87 
OOS cases, yielding a detection accuracy of 92.1%, compared with 79.4% achieved through traditional 
monitoring methods. Multivariate modelling further enhanced analytical performance, raising sensitivity to 
85.3% and increasing variance explained to 68.5%, relative to 51.2% under univariate approaches. Predictive 
models also demonstrated a lead detection advantage of 3.4 batches, with sensitivity and specificity values of 
91.5% and 92.8%, respectively. Secondary analyses revealed meaningful variability across production lines, 
with OOT frequencies ranging from 4.7% to 8.9% and 62.5% of deviations clustering within specific 
operational periods, suggesting systemic rather than random origins. Regression findings identified temperature 
variation (effect size = 0.61) and mixing time (effect size = 0.48) as the most influential predictors of deviation 
occurrence, while visualization of impurity profiles revealed variability increases of up to 14.6%. Collectively, 
these findings confirm that integrated data analytics substantially enhances early detection, reduces false 
negatives, and improves overall process control in pharmaceutical manufacturing. The study supports the 
adoption of advanced analytical systems, encompassing SPC, predictive modelling, and multivariate 
diagnostics, as a strategic mechanism for strengthening quality assurance and, by extension, safeguarding 
public health. 
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INTRODUCTION 
Data analytics in pharmaceutical manufacturing refers to the systematic use of statistical, 
computational, and mathematical techniques to interpret complex datasets generated throughout the 
production lifecycle (Nguyen et al., 2022). In highly regulated pharmaceutical environments, every 
stage of production—from raw material testing to final product release—produces large volumes of 
data that must be analyzed to ensure compliance with predefined quality standards. Within this 
framework, out-of-specification (OOS) results are defined as outcomes that fall outside established 
acceptance criteria, indicating potential deviations from required quality attributes. Out-of-trend 
(OOT) results, on the other hand, represent deviations from expected historical patterns while 
remaining within acceptable limits, signaling early process variability that may eventually lead to OOS 
conditions. Data analytics enables the identification, interpretation, and monitoring of these deviations 
through structured methodologies such as statistical analysis, pattern recognition, and predictive 
modeling (Steinwandter et al., 2019). The integration of data analytics into pharmaceutical production 
aligns with global quality management principles that emphasize consistency, traceability, and 
continuous monitoring. As pharmaceutical systems evolve toward data-driven operations, analytics 
has become central to maintaining process control and ensuring that manufacturing outputs 
consistently meet regulatory and therapeutic standards. This analytical transformation reflects the 
broader shift from reactive quality inspection toward proactive quality assurance, where potential risks 
are identified and mitigated before they affect product integrity. The increasing reliance on digital 
technologies and automated systems further reinforces the importance of analytics in managing 
complex datasets and supporting decision-making processes (Koshechkin et al., 2022). In this context, 
the detection of OOS trends through data analytics is not merely a technical exercise but a fundamental 
component of pharmaceutical quality systems that directly contributes to the safety and effectiveness 
of medicinal products. 
The international significance of using data analytics to detect out-of-specification trends in 
pharmaceutical production is closely tied to the global nature of drug manufacturing and distribution. 
Pharmaceutical products are developed, produced, and distributed across multiple geographic regions, 
often involving complex supply chains and diverse regulatory environments (Dong et al., 2023). 
Variations in manufacturing conditions, environmental factors, and operational practices can introduce 
inconsistencies that affect product quality. In such a globalized system, the ability to monitor and 
control production processes through data analytics is essential for ensuring uniformity and 
compliance across all stages of manufacturing. Public health protection depends heavily on the 
reliability of pharmaceutical products, as any deviation in quality can lead to reduced therapeutic 
efficacy, adverse health outcomes, or widespread product recalls (Benedetti et al., 2019). Data analytics 
provides a robust framework for detecting subtle deviations in production data, enabling 
manufacturers to identify potential risks before they escalate into critical issues. By analyzing trends 
across batches, production lines, and facilities, analytics supports the standardization of processes and 
the harmonization of quality practices on an international scale. The application of advanced analytics 
also facilitates regulatory oversight by providing transparent and auditable data that demonstrate 
compliance with established standards. As healthcare systems rely increasingly on pharmaceuticals to 
manage diseases and improve patient outcomes, the role of data analytics in safeguarding product 
quality becomes increasingly significant (Banner et al., 2021). The ability to detect and address OOS 
trends in a timely and systematic manner contributes to maintaining public trust in pharmaceutical 
products and ensuring that medicines delivered to patients meet the highest standards of safety and 
efficacy. 
Data analytics serves as a critical tool for identifying out-of-trend behaviors that precede out-of-
specification events in pharmaceutical production. OOT results represent early warning signals of 
process variability, reflecting deviations from established performance patterns without exceeding 
specification limits (Ikegwu et al., 2022). These deviations can arise from multiple sources, including 
variations in raw materials, fluctuations in environmental conditions, equipment performance issues, 
and inconsistencies in analytical methods. Statistical techniques play a central role in detecting these 
trends by providing quantitative measures of process stability and variability. Control charts, for 
example, are widely used to monitor process parameters over time, enabling the identification of shifts, 
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drifts, and anomalies in production data. Regression analysis and time-series modeling further enhance 
trend detection by capturing relationships between variables and forecasting future process behavior 
(Chen et al., 2020). These analytical approaches allow manufacturers to differentiate between inherent 
process variability and abnormal conditions that require intervention. The ability to detect OOT trends 
early provides a significant advantage in maintaining process control, as it enables proactive decision-
making and reduces the likelihood of OOS occurrences. By continuously analyzing production data, 
pharmaceutical manufacturers can identify patterns that indicate potential process degradation, 
allowing for timely adjustments and corrective actions (Malheiro et al., 2023). This proactive approach 
to quality management enhances the robustness of manufacturing processes and supports the 
consistent production of high-quality pharmaceutical products. 
 

Figure 1: Pharmaceutical Manufacturing Data Analytics Framework 

The application of statistical process control and multivariate data analysis provides a comprehensive 
framework for monitoring complex pharmaceutical production systems. Modern manufacturing 
processes involve multiple interconnected variables that influence product quality, including 
temperature, pressure, mixing conditions, and chemical composition (Qin & Chiang, 2019). Traditional 
univariate analysis methods may fail to capture the interactions between these variables, limiting their 
effectiveness in detecting complex process deviations. Multivariate techniques address this limitation 
by analyzing multiple variables simultaneously, enabling a more holistic understanding of process 
behavior. These methods identify correlations and patterns within high-dimensional datasets, 
providing insights into the underlying causes of variability and facilitating more accurate detection of 
OOT trends (Sarker, 2021). Advanced statistical tools such as principal component analysis and partial 
least squares regression are commonly used to reduce data complexity and highlight key factors 
influencing process performance. The integration of these techniques into real-time monitoring systems 
allows for continuous assessment of production processes, providing immediate feedback and enabling 
rapid response to deviations. This approach supports the implementation of process analytical 
technology frameworks, which emphasize real-time quality assurance through advanced measurement 
and control strategies (Arden et al., 2021). By leveraging multivariate data analysis, pharmaceutical 
manufacturers can enhance their ability to detect subtle changes in process conditions, improving 
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overall process stability and reducing the risk of OOS events. 
Predictive analytics represents an important extension of data analytics in pharmaceutical 
manufacturing, focusing on forecasting future process performance and identifying potential risks 
before they materialize. By utilizing historical data and advanced modeling techniques, predictive 
analytics enables manufacturers to anticipate deviations in process parameters and quality attributes 
(Mohamed et al., 2020). Machine learning algorithms, including supervised and unsupervised learning 
models, are increasingly used to analyze complex datasets and uncover patterns that may not be 
evident through traditional statistical methods. Time-series forecasting models provide valuable 
insights into temporal trends, allowing manufacturers to predict future values of critical quality 
attributes based on past observations (Casian et al., 2022). These predictive capabilities support risk-
based decision-making by identifying areas of the production process that are more likely to experience 
variability or failure. In the context of OOS detection, predictive analytics enhances the ability to 
prevent deviations by enabling early intervention and process optimization. By integrating predictive 
models with real-time data monitoring systems, pharmaceutical manufacturers can create dynamic 
quality management frameworks that continuously adapt to changing process conditions. This 
integration facilitates a more proactive approach to quality assurance, reducing reliance on end-
product testing and improving overall process efficiency (Houssein et al., 2023). The application of 
predictive analytics thus contributes to the development of more resilient manufacturing systems 
capable of maintaining consistent product quality under varying operational conditions. 
 

Figure 2: Pharmaceutical Data Analytics Process Framework 

Data trending is a fundamental component of pharmaceutical quality systems, providing a structured 
approach to monitoring and analyzing process and product data over time. Trending involves the 
systematic collection, organization, and evaluation of data to identify patterns, deviations, and 
potential risks associated with manufacturing processes (Cerquitelli et al., 2021). In pharmaceutical 
production, data trending is applied to a wide range of parameters, including assay values, impurity 
levels, dissolution rates, and environmental conditions. The analysis of these datasets enables 
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manufacturers to track process performance and detect OOT trends that may indicate emerging quality 
issues. Statistical tools such as cumulative sum charts and moving averages enhance the sensitivity of 
trend detection, allowing for the identification of subtle changes in process behavior. Visualization 
techniques, including trend plots and heat maps, further support data interpretation by providing clear 
and intuitive representations of complex datasets (Greasley & Edwards, 2021). The integration of data 
trending into quality management systems aligns with the principles of continuous process 
verification, which require ongoing monitoring of process performance throughout the product 
lifecycle. By identifying trends and patterns in production data, manufacturers can implement targeted 
interventions to maintain process control and prevent OOS occurrences (Vamathevan et al., 2019). This 
continuous monitoring approach enhances the reliability of pharmaceutical manufacturing processes 
and supports the consistent production of high-quality products. 
The implementation of data analytics in pharmaceutical manufacturing is closely linked to regulatory 
compliance and the broader framework of quality assurance (Sousa et al., 2023). Regulatory authorities 
require manufacturers to maintain comprehensive and accurate records of all production and analytical 
activities, ensuring that data integrity and traceability are preserved throughout the manufacturing 
process. Data analytics supports these requirements by providing structured methodologies for data 
collection, analysis, and reporting, enabling manufacturers to demonstrate compliance with established 
standards. Automated analytics systems reduce the risk of human error and ensure consistent 
application of analytical methods, enhancing the reliability of quality assessments (Albayrak Ünal et 
al., 2023). In the context of OOS and OOT detection, data analytics facilitates systematic investigation 
of deviations, enabling manufacturers to identify root causes and implement corrective and preventive 
actions. The integration of analytics into quality management systems also supports continuous 
improvement by identifying recurring patterns and opportunities for process optimization. Through 
the application of advanced analytical techniques, pharmaceutical manufacturers can achieve a higher 
level of process control and quality assurance, ensuring that products meet regulatory requirements 
and contribute to the protection of public health (Brnabic & Hess, 2021). 
The primary objective of this quantitative study is to systematically examine how data analytics can be 
utilized to detect out-of-specification (OOS) trends in pharmaceutical production processes in order to 
strengthen public health protection through enhanced quality assurance mechanisms. This objective 
focuses on evaluating the effectiveness of statistical and computational techniques in identifying 
deviations in critical quality attributes across different stages of manufacturing, including raw material 
handling, processing, and final product testing. The study aims to quantify the relationship between 
data-driven monitoring systems and the early detection of process variability, particularly emphasizing 
the role of out-of-trend (OOT) signals as precursors to OOS events. By analyzing large-scale production 
datasets, the research seeks to measure the accuracy, sensitivity, and reliability of various analytical 
models such as statistical process control, multivariate analysis, and predictive algorithms in detecting 
deviations from established quality thresholds. Another key objective is to assess the extent to which 
real-time data analytics contributes to reducing batch failures, minimizing product recalls, and 
improving overall process stability within pharmaceutical manufacturing environments. The study 
also intends to investigate how the integration of automated analytics systems influences decision-
making processes, specifically in terms of root cause identification and implementation of corrective 
and preventive actions. Furthermore, the research aims to evaluate the consistency of analytical 
outcomes across different production settings, ensuring that data-driven approaches can be 
generalized and applied effectively in diverse operational contexts. By focusing on measurable 
indicators such as deviation frequency, detection time, and process capability indices, the study seeks 
to provide empirical evidence on the impact of data analytics in maintaining compliance with quality 
standards. Ultimately, this objective is designed to establish a quantitative understanding of how 
advanced data analytics techniques enhance the detection of OOS trends, thereby supporting the 
continuous production of safe, effective, and high-quality pharmaceutical products that are essential 
for protecting public health. 
LITERATURE REVIEW 
The literature review in a quantitative study serves as a structured synthesis of existing empirical 
findings, theoretical constructs, and methodological approaches that inform the research problem and 
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guide the analytical framework (Akash & Rehman, 2020). In the context of pharmaceutical 
manufacturing, the application of data analytics to detect out-of-specification (OOS) trends represents 
a convergence of quality engineering, statistical modeling, and regulatory science. This section 
systematically examines prior quantitative studies that have explored process monitoring, statistical 
process control, multivariate analysis, predictive modeling, and real-time data systems within 
pharmaceutical and related high-reliability industries. The purpose of this review is to establish a 
comprehensive understanding of how numerical data, analytical models, and statistical techniques 
have been used to detect deviations in production processes and to evaluate their effectiveness in 
maintaining product quality. By focusing on measurable outcomes such as detection accuracy, false 
positive rates, process capability indices, and deviation frequencies, the review emphasizes the 
quantitative dimensions of data analytics in pharmaceutical quality assurance (Achanta et al., 2021). 
This literature review is structured to critically analyze the evolution of analytical techniques from 
traditional univariate statistical methods to advanced multivariate and machine learning-based 
approaches. It examines how these methods contribute to the identification of out-of-trend (OOT) 
patterns that precede OOS events, thereby enabling early intervention and process optimization. The 
review also considers the role of large-scale data integration, real-time monitoring systems, and 
automated analytics in enhancing the precision and timeliness of deviation detection. In addition, the 
section evaluates empirical evidence on the impact of data analytics on key performance indicators 
such as batch rejection rates, process variability, and compliance metrics. Through this synthesis, the 
literature review aims to identify gaps in existing research, particularly in terms of model validation, 
scalability, and cross-process applicability (Mukherjee, 2019). The insights derived from this section 
provide the foundation for developing a robust quantitative framework that assesses the effectiveness 
of data analytics in detecting OOS trends in pharmaceutical production for public health protection. 
Conceptual Foundations of Pharmaceutical Quality and Deviation Analysis 
The conceptual foundations of pharmaceutical quality and deviation analysis are grounded in the 
systematic quantification of process performance and product attributes to ensure consistent 
compliance with predefined standards of safety, efficacy, and reliability. Pharmaceutical quality is 
commonly understood as the degree to which a product conforms to established specifications 
throughout its lifecycle, encompassing raw material integrity, manufacturing consistency, and final 
product performance (Rawal et al., 2019). Within this framework, deviation analysis serves as a 
structured mechanism for identifying, categorizing, and interpreting variations that occur during 
production. Extensive literature across pharmaceutical engineering and quality management 
consistently highlights that variability is an inherent characteristic of manufacturing systems, driven 
by factors such as material inconsistencies, environmental fluctuations, equipment performance, and 
human interaction. As a result, the integration of statistical thinking into pharmaceutical systems has 
become essential for distinguishing between normal process variability and abnormal deviations that 
may compromise product quality. The theoretical distinction between common cause and special cause 
variability forms the basis of deviation analysis, enabling manufacturers to determine whether 
observed variations are part of routine process behavior or indicative of underlying issues requiring 
intervention (Pedro et al., 2023). Empirical studies have demonstrated that structured deviation 
analysis frameworks significantly improve the detection of process anomalies, thereby reducing the 
likelihood of quality failures. Furthermore, research on pharmaceutical quality systems emphasizes the 
importance of continuous monitoring across the product lifecycle, where data generated during 
development, validation, and commercial production are systematically analyzed to ensure process 
stability. The increasing adoption of data-driven approaches has reinforced the role of analytics in 
deviation detection, enabling more precise identification of patterns and trends in production data 
(Silge et al., 2022). These conceptual foundations collectively establish a robust framework for 
understanding and managing variability in pharmaceutical systems, ensuring that deviations are 
detected and addressed in a timely and effective manner. 
Critical Quality Attributes represent the measurable physical, chemical, biological, or microbiological 
properties that must be maintained within defined limits to ensure that a pharmaceutical product meets 
its intended quality standards (Javed et al., 2019). These attributes are directly linked to the safety and 
therapeutic effectiveness of the product, making their identification and control a central focus of 



American Journal of Scholarly Research and Innovation, March 2026, 198– 238 
 

204 
 

pharmaceutical manufacturing. The determination of CQAs is typically based on a risk-oriented 
evaluation of product characteristics, where attributes with the highest potential impact on patient 
outcomes are prioritized for monitoring and control. Literature on pharmaceutical development and 
quality by design consistently indicates that CQAs should be established early in the product lifecycle 
and continuously evaluated throughout manufacturing to ensure consistency. Measurement of CQAs 
relies on validated analytical methods that produce quantitative data, enabling precise assessment of 
product quality. These methods include advanced instrumental techniques capable of delivering high 
levels of accuracy and reproducibility, which are essential for reliable statistical evaluation (Gül et al., 
2023). The quantitative nature of CQA measurement allows for the establishment of specification 
ranges that define acceptable limits for each attribute. Statistical tools are widely used to analyze CQA 
data, providing insights into central tendencies, variability, and process stability. Research findings 
highlight that consistent monitoring of CQAs enables the identification of trends and deviations that 
may signal emerging process issues. In addition, the integration of advanced data analytics has 
enhanced the ability to detect complex patterns within large datasets, supporting more informed 
decision-making in quality management. Studies also emphasize the importance of data integrity and 
method validation in ensuring the reliability of CQA measurements, as inaccuracies in data collection 
or analysis can lead to incorrect assessments of product quality (Separovic et al., 2023). By maintaining 
rigorous control over CQAs, pharmaceutical manufacturers can ensure that products consistently meet 
regulatory requirements and deliver the desired therapeutic outcomes. 
 

Figure 3: Pharmaceutical Deviation Analysis Quality Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Quantitative thresholds for out-of-specification and out-of-trend results form a critical component of 
pharmaceutical quality management systems, providing clear and measurable criteria for identifying 
deviations in production and analytical data. Out-of-specification results are defined as values that fall 
outside established acceptance limits, indicating that a product does not meet predefined quality 
standards (Mahfuj Ahmed & Md. Hasan Or, 2021; Mohammad Robel & Md. Morshedul, 2021; Oliveira 
et al., 2019). These limits are determined based on scientific evidence, historical data, and regulatory 
requirements, ensuring that they reflect acceptable levels of variation for each critical quality attribute. 
In contrast, out-of-trend results represent deviations from expected historical patterns while still 
remaining within specification limits, serving as early indicators of potential process instability (Aditya 
& Mohammad Robel, 2022; Istiaq & Nusrat, 2022). Literature on pharmaceutical quality systems 
consistently highlights the importance of distinguishing between these two types of deviations, as they 
require different levels of investigation and response. Out-of-specification results typically trigger 
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formal investigations and corrective actions, while out-of-trend results prompt trend analysis and risk 
evaluation to prevent escalation (Arden et al., 2021). Empirical studies demonstrate that the 
implementation of quantitative thresholds for both OOS and OOT enhances the sensitivity of 
monitoring systems, enabling earlier detection of process deviations. Statistical methods such as control 
charting and trend analysis are widely used to establish and evaluate these thresholds, providing a 
structured approach to identifying abnormal patterns in data. Research also indicates that the 
effectiveness of these thresholds depends on the quality and volume of historical data, as well as the 
robustness of analytical methods used for measurement. In addition, the integration of automated data 
analytics systems has improved the consistency and accuracy of deviation detection by reducing 
reliance on manual interpretation (Jelsch et al., 2021; Md Khaled & Hisham, 2022; Md Mehedi & Md, 
2022). By incorporating well-defined quantitative thresholds into quality management frameworks, 
pharmaceutical manufacturers can improve their ability to detect deviations, maintain process control, 
and ensure consistent product quality (Portela et al., 2020). 
The statistical representation of process variability is a fundamental aspect of pharmaceutical quality 
management, providing a quantitative basis for understanding and controlling deviations in 
manufacturing processes. Variability arises from multiple sources within the production environment 
and must be carefully monitored to ensure that it remains within acceptable limits (Curcuruto et al., 
2019; Md. Mainuddin & Palash Chandra, 2022). Statistical techniques are used to characterize this 
variability by analyzing data distributions, identifying patterns, and assessing process stability over 
time. Literature on quality engineering emphasizes that continuous monitoring of variability enables 
the detection of deviations from expected behavior, supporting timely intervention and process 
optimization. Process capability analysis plays a central role in this context by evaluating how well a 
process can consistently produce outputs within specified limits. Capability indices are widely used as 
quantitative measures of process performance, providing insights into the relationship between process 
variability and specification requirements (Lee et al., 2022; Md. Morshedul et al., 2022; Md. Nazmul & 
Amena Begum, 2022). Research findings indicate that higher capability levels are associated with 
greater process stability and reduced risk of quality failures, while lower capability levels signal 
increased variability and potential non-compliance. In addition to capability analysis, quantitative risk 
metrics are employed to assess the likelihood and potential impact of deviations, forming the basis of 
risk-based quality management approaches. These metrics incorporate statistical probabilities and 
severity assessments to prioritize areas of concern and guide decision-making processes. Studies on 
pharmaceutical risk management highlight that integrating risk metrics with statistical monitoring 
enhances the ability to detect and mitigate deviations before they result in out-of-specification events. 
Furthermore, the application of multivariate analysis techniques has enabled a more comprehensive 
understanding of process variability by capturing interactions among multiple variables 
simultaneously (Md. Shahinur & Md. Sultan, 2022; Tanjina Binte & Md. Hasan Or, 2022; Volta e Sousa 
et al., 2021). This approach provides deeper insights into the underlying causes of variability and 
supports more effective control strategies. By combining statistical representation, process capability 
evaluation, and quantitative risk assessment, pharmaceutical systems establish a robust framework for 
maintaining process control, ensuring consistent product quality, and minimizing the occurrence of 
deviations. 
Statistical Process Control (SPC) in Pharmaceutical Manufacturing 
Statistical Process Control (SPC) has emerged as a central quantitative framework in pharmaceutical 
manufacturing for monitoring, controlling, and improving production processes through continuous 
data analysis. The literature consistently characterizes SPC as a systematic approach that transforms 
process data into meaningful indicators of performance, enabling the identification of variability and 
deviations that may affect product quality (Amena Begum & Mst Kaniz, 2023; Ferdous Ara & Beatrice 
Onyinyechi, 2023; Kenett et al., 2023). In pharmaceutical environments, where strict regulatory 
compliance and product consistency are essential, SPC provides a structured mechanism for ensuring 
that manufacturing processes remain within acceptable limits. Studies across pharmaceutical quality 
engineering demonstrate that SPC contributes significantly to reducing process variability, enhancing 
consistency, and improving overall manufacturing efficiency. The application of SPC is particularly 
relevant in complex production systems where multiple variables interact and influence critical quality 
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attributes. Empirical research highlights that the integration of SPC into pharmaceutical quality 
systems supports real-time monitoring and facilitates early detection of abnormal patterns, thereby 
preventing the escalation of minor deviations into critical quality failures (Vanli & Castillo, 2021). The 
literature also emphasizes that SPC aligns with modern quality management principles, including 
continuous process verification and data-driven decision-making. By enabling the differentiation 
between inherent variability and assignable causes of deviation, SPC provides a scientific basis for 
process control and improvement. Furthermore, studies indicate that organizations implementing SPC 
experience measurable improvements in process stability and a reduction in out-of-specification 
occurrences. The growing reliance on digital data systems has further enhanced the applicability of 
SPC, allowing for automated data collection and analysis that improves monitoring accuracy and 
responsiveness (Islam & Aditya, 2023; Mahfuj Ahmed & Md. Mehedi, 2023; Ramos et al., 2021). Overall, 
SPC is widely recognized in the literature as an essential quantitative tool that underpins effective 
pharmaceutical manufacturing and ensures the consistent production of high-quality products. 
The application of control charts represents one of the most extensively examined components of SPC 
in pharmaceutical manufacturing, providing a visual and statistical method for tracking process 
behavior over time. Literature consistently identifies various types of control charts, each designed to 
monitor specific aspects of process data depending on the nature and structure of the observations (Md. 
Hasan Or et al., 2023; Md. Mainuddin & Palash Chandra, 2023; Pérez-Benítez et al., 2023). Charts based 
on subgroup averages and ranges are commonly used in batch-oriented processes, where data are 
collected in groups, while individual observation charts are applied in continuous production settings. 
More advanced charting techniques, including those that incorporate weighting and cumulative 
information, have been widely studied for their enhanced ability to detect subtle and gradual changes 
in process behavior. Empirical findings suggest that these advanced charts offer improved sensitivity 
compared to traditional approaches, making them particularly valuable in pharmaceutical contexts 
where small deviations can have significant implications for product quality (Jin et al., 2022; Md. 
Mehedi & Khairum Nahar, 2023; Mostafa, 2023). The literature also highlights the importance of 
selecting appropriate charting techniques based on process characteristics, as the effectiveness of 
control charts depends on factors such as data distribution, sampling frequency, and process 
variability. Studies further indicate that the proper design and implementation of control charts 
contribute to more accurate detection of abnormal patterns, enabling timely corrective actions. In 
addition, the integration of control charts with automated monitoring systems has been shown to 
improve efficiency by reducing manual intervention and enabling real-time analysis (Silva et al., 2019). 
Research consistently demonstrates that control charts serve as a critical tool for visualizing process 
performance, supporting both operational decision-making and regulatory compliance in 
pharmaceutical manufacturing environments. 
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Figure 4: Statistical Process Control Benefits Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Detection power and sensitivity analysis are key aspects of SPC that determine the effectiveness of 
monitoring systems in identifying process deviations. The literature defines detection power as the 
ability of a statistical method to correctly identify true deviations, while sensitivity refers to its 
responsiveness to small changes in process behavior (Palash Chandra, 2023; Peterson et al., 2019; 
Rukaiya Khatun & Zakia, 2023). Studies across pharmaceutical and industrial applications consistently 
highlight the importance of balancing these two factors to achieve reliable monitoring performance. 
Highly sensitive systems are capable of detecting minor shifts in process parameters, which is 
particularly important in pharmaceutical production where even small deviations can impact product 
quality. At the same time, excessive sensitivity may lead to instability in monitoring systems, increasing 
the likelihood of unnecessary signals. Empirical research demonstrates that advanced SPC techniques, 
particularly those incorporating cumulative or weighted approaches, exhibit greater sensitivity and 
improved detection capability compared to traditional methods (Amena Begum & Mst Kaniz, 2024; Md 
Khaled & Md. Morshedul, 2024; Qiu, 2020). Sensitivity analysis is widely used in the literature to 
evaluate how different SPC models perform under varying process conditions, including changes in 
variability, sample size, and data frequency. Findings indicate that the effectiveness of SPC techniques 
is influenced by these factors, highlighting the need for careful system design and parameter selection. 
In addition, studies have shown that combining SPC with data analytics enhances detection power by 
enabling the identification of complex patterns and relationships within large datasets. This integration 
improves the accuracy and timeliness of deviation detection, supporting proactive quality management 
(Md. Mehedi & Khairum Nahar, 2024; Md. Towhidul & Uddin, 2024; Qiu, 2020). Overall, the literature 
underscores that high detection power and appropriate sensitivity are essential for ensuring that SPC 
systems effectively identify deviations and maintain process control in pharmaceutical manufacturing. 
False alarm rates and error quantification represent critical considerations in evaluating the 
performance of SPC systems, as they directly influence the reliability and efficiency of process 
monitoring (Mohammad Robel & Md. Morshedul, 2024; Yuan et al., 2020; Zakia & Rukaiya Khatun, 
2024). The literature consistently categorizes errors into two primary types: incorrect signals indicating 
deviations when none exist and missed detections where actual deviations are not identified. Studies 
emphasize that managing these errors is essential for maintaining confidence in SPC systems and 
ensuring effective quality control. High rates of incorrect signals can lead to unnecessary investigations, 
increased operational costs, and reduced trust in monitoring tools, while missed detections pose a 
significant risk to product quality and regulatory compliance. Empirical research demonstrates that the 
design of monitoring parameters, including control limits and sampling strategies, plays a crucial role 
in determining error rates (Bottani et al., 2023). Comparative studies of different SPC models indicate 
that advanced techniques can reduce error rates by providing more accurate detection of process shifts. 
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The literature also explores the performance differences between short-run and long-run SPC models, 
highlighting that short-run models are more suitable for processes with limited data availability, 
whereas long-run models offer greater stability and reliability in continuous production environments. 
Quantitative evaluations consistently show that well-implemented SPC systems significantly improve 
the detection of out-of-specification events, leading to reductions in batch failures and improvements 
in overall process performance (He et al., 2019). By systematically addressing error rates and optimizing 
model performance, SPC provides a robust and reliable framework for detecting deviations and 
maintaining high standards of quality in pharmaceutical manufacturing. 
Multivariate Data Analysis for Complex Process Monitoring 
Multivariate data analysis has become a critical methodological advancement in pharmaceutical 
manufacturing, particularly in the context of complex process monitoring where multiple 
interdependent variables influence product quality (Li et al., 2022). Traditional univariate approaches, 
which evaluate each variable independently, have been widely recognized in the literature as 
insufficient for capturing the intricate relationships that characterize modern pharmaceutical processes. 
As manufacturing systems have evolved to incorporate advanced technologies and highly controlled 
environments, the volume and complexity of generated data have increased significantly. Studies 
across pharmaceutical engineering and industrial analytics consistently emphasize that multivariate 
approaches provide a more comprehensive understanding of process behavior by simultaneously 
analyzing multiple variables and their interactions (Yu et al., 2021). This capability is particularly 
important in identifying subtle deviations that may not be apparent when variables are assessed in 
isolation. Empirical research demonstrates that multivariate data analysis enhances the detection of 
process anomalies, improves process stability, and supports more accurate quality assessments. The 
integration of multivariate techniques into pharmaceutical quality systems aligns with data-driven 
decision-making frameworks, enabling manufacturers to interpret high-dimensional datasets 
effectively. Literature further indicates that multivariate monitoring supports regulatory expectations 
by providing robust statistical evidence of process control and consistency. In addition, the application 
of these techniques has been associated with reductions in process variability and improvements in 
product quality outcomes. The growing adoption of digital manufacturing systems has further 
reinforced the importance of multivariate analysis, as large datasets generated from sensors and 
monitoring devices require sophisticated analytical methods for meaningful interpretation (Lee et al., 
2019). Overall, multivariate data analysis is widely recognized as an essential tool for managing 
complexity in pharmaceutical production, providing a structured framework for detecting, analyzing, 
and controlling process variability. 
Principal Component Analysis (PCA) has been extensively studied as a foundational technique for 
dimensionality reduction in pharmaceutical data analysis, addressing the challenges associated with 
high-dimensional datasets (Bo et al., 2022). PCA operates by transforming a large set of correlated 
variables into a smaller number of uncorrelated components that capture the majority of the variability 
present in the data. Literature consistently highlights that this transformation simplifies data 
interpretation while preserving critical information, making it particularly valuable in pharmaceutical 
processes characterized by numerous interrelated parameters. Empirical studies demonstrate that PCA 
effectively reduces noise and redundancy in datasets, enabling clearer identification of underlying 
patterns and trends (Mertler et al., 2021). This capability is essential for monitoring complex processes 
where multiple variables contribute to product quality. Research findings indicate that PCA enhances 
anomaly detection by highlighting deviations from established data structures, thereby supporting 
early identification of process disturbances. In pharmaceutical manufacturing, PCA has been applied 
to various stages of production, including blending, granulation, and formulation, where it facilitates 
the monitoring of process consistency and the identification of variability sources. The literature also 
emphasizes that PCA improves computational efficiency by reducing the dimensionality of datasets, 
allowing for faster analysis and real-time monitoring (Albert, 2025; Ishtiaque & Rajib, 2025; Shang & 
You, 2019). Furthermore, studies have shown that PCA serves as a foundational step for other 
multivariate techniques, providing a simplified data structure that enhances the performance of 
subsequent analytical models. By enabling the effective management of high-dimensional data, PCA 
contributes significantly to improving process understanding and supporting data-driven quality 
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assurance in pharmaceutical systems. 
 

Figure 5: Multivariate Analysis in Pharmaceutical Manufacturing 

Partial Least Squares (PLS) modeling represents another key multivariate technique widely applied in 
pharmaceutical manufacturing for analyzing the relationship between process variables and product 
quality attributes. The literature consistently describes PLS as a method that establishes predictive 
relationships between input variables and output responses, making it particularly useful for process 
optimization and quality control (Garitano et al., 2019). Empirical studies demonstrate that PLS is 
effective in handling complex datasets where variables are highly correlated, a common characteristic 
in pharmaceutical processes. By modeling the relationship between process parameters and critical 
quality attributes, PLS enables manufacturers to identify the factors that have the greatest impact on 
product quality. This capability supports targeted process improvements and enhances the ability to 
maintain consistent production outcomes. Research findings indicate that PLS models provide accurate 
predictions of quality attributes, enabling proactive monitoring and control of manufacturing processes 
(Jin et al., 2019). In addition, PLS has been widely used in conjunction with real-time data systems to 
support continuous process verification, allowing for immediate detection of deviations and timely 
corrective actions. The literature also highlights the robustness of PLS in dealing with noisy and 
incomplete data, which are common challenges in pharmaceutical manufacturing environments. 
Furthermore, studies have shown that PLS contributes to improved process understanding by 
revealing complex relationships between variables that may not be evident through traditional analysis 
methods (Qin & Chiang, 2019). By facilitating the integration of process data and quality outcomes, PLS 
plays a crucial role in enhancing the effectiveness of multivariate monitoring systems in pharmaceutical 
production. 
Time-Series and Trend Analysis in OOT Detection 
Time-series and trend analysis have become central in the literature on out-of-trend detection because 
pharmaceutical manufacturing data are generated sequentially across batches, campaigns, stability 
intervals, and routine quality control measurements. A large body of scholarship presents 
pharmaceutical data not as isolated observations but as ordered process evidence that reflects 
operational continuity, gradual drift, recurring variation, and emerging instability (van de Wiel et al., 
2020). This perspective is particularly important for out-of-trend evaluation because many early 
warnings of quality deterioration do not initially appear as clear failures against fixed specification 
limits. Instead, they emerge as subtle directional movement, repeated clustering near one side of an 
expected range, increased fluctuation over time, or structural changes in the pattern of results. 
Literature on stability monitoring, process verification, and ongoing quality review consistently shows 
that time-ordered analysis provides a stronger basis for identifying meaningful deviation than single-
point review alone. Researchers describe time-series methods as useful because they preserve 
chronology, allowing analysts to distinguish transient noise from persistent change. In pharmaceutical 
systems, this distinction is crucial since assay values, impurity levels, dissolution outcomes, 
environmental conditions, and in-process control data often display gradual evolution rather than 
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abrupt breakdown (Alimohammadi & Chen, 2022; Kazi Rakib Hasan, 2025; Md. Ashfaq & Ashraful, 
2025). The literature further shows that trend analysis supports a more nuanced interpretation of 
quality signals by connecting present observations to historical behavior. In this context, out-of-trend 
detection is discussed as an analytical process that examines whether the recent path of data remains 
consistent with established product and process history. Studies synthesized across manufacturing 
analytics, process control, and pharmaceutical quality management indicate that this approach 
improves sensitivity to drift, supports earlier investigation, and strengthens the documentation of 
process knowledge. Time-series analysis is also widely associated with lifecycle quality oversight 
because it enables continuous assessment rather than episodic review. Scholars repeatedly emphasize 
that the real value of time-based monitoring lies in its ability to reveal movement before formal failure 
occurs, thereby supporting a preventive rather than purely reactive quality strategy (Mohammad 
Robel, 2025; Murad, 2025; Shakil et al., 2023). As a result, the literature presents time-series and trend 
analysis as a core quantitative foundation for identifying out-of-trend behavior in pharmaceutical 
production and stability systems, especially where gradual deviation, process aging, and recurring 
operational patterns shape product quality outcomes over time. 
Within this broader time-series framework, autoregressive integrated moving average models occupy 
a prominent place in the literature because they provide a structured way to model serial dependence, 
underlying direction, and short-term fluctuation in pharmaceutical datasets (Ghaderpour et al., 2021). 
Scholars frequently describe these models as especially valuable when current observations are 
influenced by prior results, a condition that commonly applies to batch sequences, environmental 
monitoring records, and long-term stability data. The literature shows that autoregressive integrated 
moving average modeling is often used to separate routine variation from meaningful movement by 
accounting for the internal structure of the data rather than treating each point as independent. This is 
important in out-of-trend detection because false interpretation often arises when natural serial 
behavior is mistaken for abnormal change or when true drift is hidden within apparently modest 
variation. Studies across pharmaceutical analytics have reported that these models are useful in 
identifying persistent directional movement in assay results, impurity growth, and other quality 
indicators that evolve gradually over storage or production cycles. The literature also notes that these 
models support short-horizon forecasting, which allows analysts to compare observed values with 
statistically expected behavior and thereby identify unusual departures from the established pattern 
(Namoano et al., 2019). In quality review settings, this approach helps determine whether recent 
observations represent continuation of normal behavior or the onset of an unstable trend. Scholars 
further explain that autoregressive integrated moving average methods are particularly effective in 
settings where data are sufficiently frequent and historically organized, making them suitable for 
ongoing process verification and stability trending. At the same time, the literature recognizes that their 
usefulness depends on data quality, appropriate model identification, and careful interpretation within 
the pharmaceutical context. Researchers therefore emphasize that model-based trend detection should 
be anchored in process understanding and not used as an isolated statistical exercise (Mo et al., 2022). 
Even with this caution, a broad synthesis of studies shows strong support for these models as a rigorous 
means of describing temporal structure, clarifying process behavior, and improving the sensitivity of 
out-of-trend assessment. Their contribution in the literature lies not only in forecasting but also in 
transforming sequential pharmaceutical measurements into interpretable evidence of drift, persistence, 
and abnormal movement, thereby strengthening the statistical basis of deviation detection in regulated 
manufacturing environments. 
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Figure 6: Time Series Trend Analysis Framework 

Exponential smoothing and seasonal decomposition techniques are also widely discussed in the 
literature as practical and effective tools for identifying out-of-trend behavior in pharmaceutical data, 
especially when the objective is to clarify the underlying signal in the presence of noise, cyclical 
movement, or recurring operational effects (Apostol et al., 2021). Scholars often describe exponential 
smoothing as a valuable approach because it gives greater weight to more recent observations while 
still retaining information from earlier data points. This characteristic is particularly relevant for 
pharmaceutical monitoring because recent batches or recent stability intervals often provide the most 
immediate indication of process change. Literature across manufacturing analytics and quality 
surveillance indicates that smoothing techniques improve interpretability by reducing short-term 
irregularity and making broader directional patterns easier to observe. In pharmaceutical applications, 
this can be helpful when assay, dissolution, or impurity data exhibit small point-to-point fluctuations 
that obscure the real trajectory of process behavior. Seasonal decomposition receives attention in the 
literature when recurring patterns may influence process outcomes, such as shifts associated with 
environmental cycles, equipment usage rhythms, or repeated operational scheduling. Researchers note 
that separating the data into baseline level, recurring pattern, and irregular remainder enhances the 
ability to isolate genuine out-of-trend movement from predictable repetition (He et al., 2023). This 
distinction is important because a recurring rise or fall should not automatically be interpreted as 
deterioration if it reflects a stable operational cycle. Studies synthesized from process monitoring and 
pharmaceutical stability management show that decomposition-based analysis can reveal whether 
apparent deviation is attributable to trend, seasonality, or random disturbance. The literature also 
emphasizes that these approaches are useful not only for detection but also for communication, since 
smoothed and decomposed trends are often easier for quality teams to interpret than raw sequential 
values. In addition, scholars report that such methods can support internal review, deviation 
investigation, and ongoing process verification by making long-run movement visible without 
overreacting to minor short-term swings (Yan et al., 2019). Across the reviewed literature, exponential 
smoothing and seasonal decomposition are therefore positioned as accessible yet analytically robust 
tools that help quality professionals interpret temporal structure, identify meaningful deviations, and 
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strengthen the consistency of out-of-trend judgments in pharmaceutical systems where sequential data 
are affected by both noise and recurring patterns. 
A further major theme in the literature concerns trend slope estimation, change point detection, 
quantitative indicators of deviation, and the evaluation of forecast accuracy in pharmaceutical time-
series analysis. Scholars consistently argue that effective out-of-trend assessment requires more than 
visual inspection of graphs; it also requires numerical characterization of how quickly data are moving, 
when the pattern changed, and how strongly current behavior departs from historical expectation (Al-
Ghuwairi et al., 2023). Trend slope estimation is widely discussed as a means of expressing direction 
and magnitude of movement over time, allowing analysts to determine whether a variable is gradually 
increasing, decreasing, or remaining stable. In pharmaceutical contexts, this has been applied to 
stability data, impurity accumulation, microbial counts, and process performance indicators. Change 
point detection is presented in the literature as especially valuable because it identifies moments when 
the statistical behavior of a sequence shifts, such as a sudden increase in variability, an abrupt level 
change, or the onset of sustained drift. Researchers regard this capability as highly relevant for root-
cause investigation because it can help connect deviation onset to operational events such as equipment 
maintenance, raw material changes, or method adjustments (Nizam et al., 2022). The literature also 
addresses quantitative metrics for deviation, including indicators related to variance shift and drift rate, 
which help convert qualitative impressions of instability into measurable evidence. Studies repeatedly 
show that widening variation may be as important as directional shift, since growing inconsistency can 
indicate loss of control even when the average result still appears acceptable. Forecast accuracy 
measures are likewise emphasized because they provide a basis for judging how well time-series 
models represent pharmaceutical data and how trustworthy model-based alerts may be. Scholars 
discuss error-based evaluation as essential for comparing forecasting approaches and ensuring that 
trend detection systems are not only sensitive but also reliable. Across the literature, the combined use 
of slope analysis, change point identification, deviation metrics, and forecast performance assessment 
is presented as a mature and rigorous strategy for out-of-trend detection (Choi et al., 2021). This 
synthesis shows that quantitative temporal analysis strengthens pharmaceutical quality oversight by 
making subtle change measurable, interpretable, and actionable within structured monitoring systems. 
Machine Learning and Predictive Analytics for OOS Detection 
Machine learning and predictive analytics have become increasingly prominent in the literature on out-
of-specification detection because pharmaceutical manufacturing environments generate large 
volumes of structured and semi-structured data that exceed the interpretive capacity of conventional 
manual review (Masood & Hashmi, 2019). Across the literature, machine learning is framed as an 
extension of data-driven quality management in which historical process data, laboratory results, 
equipment signals, and environmental measurements are used to identify complex patterns associated 
with quality deviation. Unlike traditional monitoring strategies that rely heavily on fixed thresholds, 
isolated variable review, or retrospective investigation, machine learning-based systems are designed 
to recognize relationships among multiple variables and detect combinations of conditions that precede 
specification failure. This feature is especially important in pharmaceutical production because OOS 
events rarely arise from a single isolated factor. They often emerge through interacting conditions such 
as material variability, equipment drift, environmental fluctuation, sampling inconsistency, and 
cumulative process instability. The literature consistently reports that predictive analytics strengthens 
quality oversight by converting historical data into actionable probability-based insight, enabling 
earlier recognition of risk conditions before formal product failure occurs (Carvajal Soto et al., 2019). 
Studies from pharmaceutical quality control, process systems engineering, chemometrics, and 
intelligent manufacturing show that machine learning improves sensitivity to subtle process 
deterioration and allows for a more dynamic interpretation of quality risk. Researchers also note that 
the appeal of predictive analytics in regulated manufacturing lies in its ability to support preventive 
action, root-cause exploration, and targeted intervention while operating within increasingly digital 
production systems. A major theme in the literature is that machine learning does not replace 
pharmaceutical quality principles but deepens them by offering a richer interpretation of process 
behavior. In this sense, predictive analytics is frequently positioned as part of a broader quality 
modernization effort that aligns continuous monitoring, advanced process understanding, and risk-
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based decision-making (Andaur et al., 2021; Md Khaled, 2026). The literature further indicates that the 
value of machine learning for OOS detection depends on model transparency, data integrity, and 
meaningful integration into existing quality systems. Even so, the overall body of research shows strong 
agreement that predictive approaches provide substantial analytical advantages in environments 
where traditional monitoring alone may overlook early indicators of specification failure. As a result, 
machine learning has been widely discussed as a significant methodological development in the effort 
to detect, understand, and reduce OOS events in pharmaceutical production systems. 
A substantial portion of the literature focuses on supervised learning models, particularly regression-
based methods, decision trees, and random forest approaches, because these techniques allow quality 
outcomes to be predicted from labeled historical data. In supervised learning, models are trained using 
prior examples in which the relationship between process conditions and quality results is already 
known, enabling the system to learn which combinations of variables are associated with acceptable 
performance and which are associated with deviation (Giaconia & Chamas, 2023). Regression-oriented 
models have been widely described as useful for estimating the degree of risk or the expected value of 
a quality outcome, especially when the objective is to quantify the influence of process variables on 
assay performance, impurity behavior, dissolution consistency, or other critical quality attributes. 
Decision trees are frequently highlighted in the literature for their interpretability, as they organize 
predictive logic into sequential branching rules that are often easier for quality and manufacturing 
teams to understand than purely abstract statistical outputs. This interpretability is especially valuable 
in regulated pharmaceutical settings where model acceptance often depends on the ability to explain 
why a system flagged a risk condition (Chen et al., 2019).  
 

Figure 7: Machine Learning OOS Detection Framework 

 
Random forest models receive extensive attention because they improve stability and predictive 
robustness by aggregating multiple decision structures rather than relying on a single tree. Studies 
across pharmaceutical manufacturing and quality analytics consistently report that these ensemble 
approaches tend to perform well when process data are nonlinear, noisy, or influenced by variable 
interactions that simpler models may fail to capture. Researchers also emphasize that supervised 
models are especially useful when sufficient historical records exist for known OOS and non-OOS 
cases, allowing the model to learn from actual production behavior. In the literature, these methods are 
often described as stronger than basic threshold-based monitoring when the causes of specification 
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failure are multifactorial rather than singular. At the same time, many studies caution that model 
performance depends heavily on label quality, class balance, and the representativeness of the training 
data (Campbell et al., 2022). Pharmaceutical datasets often contain relatively fewer true OOS cases than 
normal outcomes, which creates modeling challenges that must be addressed through careful design 
and validation. Even with these challenges, the literature broadly supports supervised learning models 
as effective tools for identifying risk patterns, ranking influential variables, and improving early 
prediction of OOS events in complex production environments. 
Real-Time Data Analytics and Process Analytical Technology (PAT) 
Real-time data analytics and Process Analytical Technology have become central themes in the 
pharmaceutical manufacturing literature because they support the transition from end-product testing 
toward continuous process understanding and active quality assurance. The literature consistently 
presents PAT as a structured framework for designing, analyzing, and controlling manufacturing 
processes through timely measurement of critical material attributes and process parameters during 
production (Kim et al., 2021). Within this framework, real-time data analytics functions as the 
interpretive layer that transforms live process signals into quality-relevant insight, allowing 
manufacturers to detect abnormal process behavior before it develops into a product-level deviation. 
Studies across pharmaceutical engineering, chemometrics, quality systems, and advanced 
manufacturing repeatedly show that conventional laboratory-based review often delays quality 
judgment because it depends on offline testing, batch completion, and retrospective interpretation. In 
contrast, real-time analytical systems enable immediate observation of process conditions as they 
evolve, creating a more dynamic and responsive model of process control. The literature emphasizes 
that this shift is especially important in pharmaceutical settings where granulation, blending, drying, 
coating, filling, and compression all involve interdependent variables that can change rapidly and 
influence final quality outcomes. A major conclusion across many studies is that PAT improves process 
visibility by enabling direct or near-direct measurement of production conditions that were previously 
inferred only after completion (Pu et al., 2020). Researchers also note that real-time analytics 
strengthens lifecycle quality management by creating an evidence-rich environment in which process 
behavior can be trended, interpreted, and documented continuously rather than episodically. This 
capability aligns closely with broader quality-by-design and continuous process verification principles, 
which emphasize scientific understanding, risk-based control, and ongoing assurance of process 
consistency. The literature also shows that real-time monitoring is not valuable only because it is fast, 
but because it changes the nature of quality decision-making. Instead of reacting to finished-product 
failure, manufacturers can intervene during production, reducing waste, improving consistency, and 
protecting quality at its source. Across the reviewed scholarship, real-time data analytics and PAT are 
therefore portrayed as complementary mechanisms that deepen process understanding, improve the 
timeliness of deviation detection, and strengthen the operational foundations of pharmaceutical quality 
management (Casian et al., 2022). 
A substantial body of literature focuses on the integration of sensors and real-time monitoring systems 
because sensor architecture determines the quality, frequency, and usefulness of the data available for 
pharmaceutical decision-making. Studies consistently describe sensors as the frontline components of 
PAT, capturing information on material properties, environmental conditions, equipment 
performance, and process state during manufacturing (Nagy et al., 2022). Spectroscopic tools, imaging 
systems, thermal sensors, pressure devices, flow monitors, humidity controls, and particle 
measurement technologies are commonly discussed as core sources of real-time information in modern 
pharmaceutical environments. The literature emphasizes that these monitoring systems are most 
effective when they are strategically positioned within the process and linked to data infrastructures 
capable of continuous acquisition and interpretation. Researchers repeatedly note that the integration 
challenge is not simply technical installation but analytical alignment, meaning that sensor outputs 
must correspond meaningfully to critical quality attributes and process-critical conditions. Studies in 
blending, drying, granulation, and coating processes show that appropriately integrated sensor 
systems improve visibility into material transformation and process progression, allowing quality-
relevant changes to be observed during operation rather than inferred after completion (Pauli et al., 
2019). This integration is especially important in pharmaceutical systems because quality failure may 
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result from cumulative process behavior rather than single-point events. The literature also 
demonstrates that real-time monitoring becomes substantially more powerful when multiple sensors 
are combined, since this enables a richer representation of process state and supports multivariate 
interpretation. At the same time, many studies caution that sensor integration introduces challenges 
related to calibration, signal reliability, noise management, maintenance, and synchronization across 
platforms. Researchers often highlight that the quality of real-time analytics depends directly on the 
trustworthiness and stability of incoming sensor data. In addition, studies point to the importance of 
data harmonization across instruments, especially in large or digitally transformed manufacturing 
environments where multiple data sources feed central monitoring systems (Eisen et al., 2020). Across 
the literature, integrated sensing is consistently portrayed as the enabling infrastructure of PAT, 
providing the continuous stream of measurements needed for immediate analysis, deviation 
recognition, and scientifically grounded process control in pharmaceutical manufacturing systems. 
 

Figure 8: Real Time Analytics PAT Framework 

The literature on data streaming and continuous quality verification further develops this real-time 
perspective by showing how sequential live data can be transformed into ongoing evidence of process 
control. Data streaming is widely described as the continuous flow of information from sensors, 
instruments, and digital manufacturing systems into analytical environments where it can be processed 
with minimal delay (Helgers et al., 2021). Researchers emphasize that this streaming architecture 
fundamentally changes how quality is assessed because it removes the dependence on isolated 
checkpoints and allows quality-relevant information to accumulate throughout the manufacturing run. 
Continuous quality verification is therefore discussed not as a single test or a one-time validation 
exercise, but as an ongoing analytical process in which the current state of production is continuously 
compared with expected behavior. In the literature, this approach is strongly associated with improved 
process awareness, earlier detection of process drift, and more consistent evaluation of manufacturing 
stability. Studies repeatedly show that streaming data systems are especially valuable in 
pharmaceutical settings where rapid changes in moisture, particle behavior, blend uniformity, 
temperature, or equipment conditions can alter quality outcomes in a short period of time (Zobel-Roos 
et al., 2019). By receiving and interpreting data continuously, manufacturers are able to recognize 
unstable trajectories earlier than would be possible through delayed laboratory review. Scholars also 
note that streaming analytics supports traceability because it preserves the chronology of process 
behavior, making it easier to reconstruct deviation onset and identify contributing events. Another 
recurring theme in the literature is that continuous verification promotes a stronger culture of process 
understanding, since quality assessment becomes embedded in operation rather than separated from 
it. At the same time, many studies acknowledge that continuous systems must address issues of data 
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volume, filtering, processing stability, and decision thresholds in order to avoid overwhelming 
operators with unhelpful information. Researchers also stress that effective streaming systems require 
analytical models capable of distinguishing between meaningful change and normal short-term 
fluctuation (Eifert et al., 2020). Even with these challenges, the literature strongly supports continuous 
quality verification as a major advancement in pharmaceutical analytics, particularly because it enables 
quality to be assessed as a living property of the process rather than a retrospective judgment imposed 
at the end of production. 
Latency, response time, deviation detection speed, and the broader role of automation and digital 
transformation from another major theme in the literature on real-time pharmaceutical analytics. 
Scholars consistently argue that the value of PAT is closely tied to how quickly signals can be acquired, 
processed, interpreted, and translated into action (Rolinger et al., 2020). Latency is discussed as the 
delay between process occurrence and analytical availability, while response time is framed as the 
broader interval required for a system or operator to recognize a deviation and act upon it. In 
pharmaceutical production, these measures are highly significant because even modest delays can 
allow process disturbances to propagate, increasing the scale of deviation and the amount of material 
affected. Studies across real-time monitoring systems repeatedly show that reduced latency is 
associated with earlier intervention, smaller deviation windows, and improved process containment. 
The literature also documents the quantitative impact of PAT on deviation detection time, with many 
studies reporting that in-line and on-line analytical approaches identify abnormal process behavior 
substantially faster than traditional offline testing workflows (Guerra et al., 2019). This reduction in 
detection time is one of the most consistently reported advantages of PAT because it changes the 
economics and risk profile of quality management by preventing the accumulation of undetected error. 
Researchers link these improvements directly to automation and digital transformation, which enable 
monitoring, interpretation, alerting, and sometimes control adjustment to occur with limited manual 
delay. In the literature, automation is not presented merely as labor substitution but as a reorganization 
of pharmaceutical analytics around speed, consistency, and connectivity. Digital transformation further 
extends this by linking instruments, databases, process models, and quality systems into integrated 
environments where data move across the organization with greater continuity. Studies emphasize that 
this integration enhances both operational efficiency and analytical depth, making it easier to compare 
current process behavior with historical patterns and predefined quality expectations (Roggo, Jelsch, et 
al., 2020). At the same time, the literature acknowledges important implementation concerns, including 
data governance, system interoperability, analytical validation, cybersecurity, and operator trust in 
automated outputs. Even so, the overall synthesis shows that faster response, shorter detection time, 
and more automated analytical workflows are among the most important contributions of real-time 
data analytics and PAT to pharmaceutical manufacturing quality systems. 
Big Data Integration and Data Infrastructure in Pharmaceutical Production 
Big data integration and data infrastructure have emerged as critical components in pharmaceutical 
manufacturing literature, reflecting the increasing complexity and scale of data generated across 
modern production environments. Pharmaceutical systems produce vast amounts of information from 
laboratory instruments, manufacturing equipment, environmental monitoring systems, and digital 
quality platforms (Rathore et al., 2021). The literature consistently characterizes this data environment 
through the dimensions of volume, velocity, and variety, emphasizing that pharmaceutical data are not 
only large in quantity but also diverse in structure and rapidly generated. Studies across 
pharmaceutical informatics and manufacturing analytics highlight that batch records, sensor streams, 
stability datasets, and quality control results collectively form a high-dimensional data ecosystem that 
requires robust integration frameworks. Researchers repeatedly note that traditional data handling 
approaches are insufficient for managing such complexity, leading to the development of advanced 
data architectures that support centralized storage, real-time access, and integrated analysis (Gao et al., 
2021). The literature emphasizes that effective big data integration enables a unified view of process 
performance, allowing manufacturers to link upstream material variability with downstream product 
quality outcomes. This interconnected perspective is particularly important for detecting out-of-
specification trends, as deviations often arise from interactions across multiple stages of production. 
Empirical studies demonstrate that integrated data environments improve traceability, enhance 
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process understanding, and support regulatory compliance by providing comprehensive and auditable 
records. The literature also highlights that the value of big data lies not only in its size but in its ability 
to reveal patterns and relationships that are not observable in isolated datasets (Roggo, Jelsch, et al., 
2020). By consolidating data from multiple sources into a cohesive analytical framework, 
pharmaceutical manufacturers can gain deeper insights into process behavior and variability. Overall, 
the literature positions big data integration as a foundational element of modern pharmaceutical 
analytics, enabling more accurate monitoring, improved decision-making, and enhanced quality 
assurance. 
 

Figure 9: Pharmaceutical Big Data Integration Framework 

 
A significant body of literature focuses on data cleaning, preprocessing, and normalization techniques 
as essential steps in preparing pharmaceutical datasets for quantitative analysis. Raw data generated 
from manufacturing systems are often affected by noise, inconsistencies, and formatting differences, 
which can compromise the accuracy of analytical models if not properly addressed (Roggo, Pauli, et 
al., 2020). Studies consistently emphasize that data quality is a critical determinant of analytical 
reliability, making preprocessing a fundamental component of pharmaceutical data infrastructure. 
Data cleaning involves identifying and correcting errors, removing duplicate entries, and ensuring 
consistency across datasets. Preprocessing techniques further include data transformation, scaling, and 
normalization, which align data from different sources into a standardized format suitable for analysis. 
The literature highlights that normalization is particularly important in pharmaceutical systems where 
variables may be measured on different scales or units, as it ensures comparability and prevents bias 
in analytical outcomes (Besseling et al., 2019). Empirical research demonstrates that well-structured 
preprocessing pipelines significantly improve model performance by reducing variability caused by 
measurement inconsistencies rather than true process behavior. In addition, studies show that 
preprocessing enhances computational efficiency by reducing data redundancy and simplifying data 
structures. Researchers also emphasize the importance of maintaining data integrity during 
preprocessing, as excessive manipulation can distort meaningful patterns and lead to incorrect 
conclusions. The literature further indicates that automated preprocessing systems are increasingly 
used in pharmaceutical environments to ensure consistency and reduce manual errors (Schmidt et al., 
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2021). By establishing standardized procedures for data cleaning and transformation, manufacturers 
can improve the reliability of their analytical systems and support more accurate detection of process 
deviations. 
Quantitative Evaluation of Root Cause Analysis Techniques 
The quantitative evaluation of root cause analysis (RCA) techniques has received extensive attention in 
the pharmaceutical manufacturing literature due to the need for systematic, data-driven identification 
of factors contributing to process deviations and out-of-specification events. Root cause analysis in 
pharmaceutical systems is not limited to qualitative investigation but is increasingly supported by 
statistical and computational methods that enable objective identification of causal relationships within 
complex production environments (Li et al., 2020). The literature consistently emphasizes that 
pharmaceutical processes involve multiple interacting variables, making it insufficient to rely on 
observational or heuristic approaches alone. Instead, quantitative RCA frameworks integrate 
structured data analysis to isolate the most influential factors affecting product quality. Studies across 
pharmaceutical engineering, quality management, and industrial analytics demonstrate that 
quantitative RCA improves the accuracy of deviation investigations by reducing subjectivity and 
providing measurable evidence of causation. This is particularly important in regulated environments 
where investigation outcomes must be justified through documented and reproducible analysis 
(Buonanno et al., 2020). Researchers highlight that effective RCA requires not only identification of 
correlations but also evaluation of the strength, direction, and consistency of relationships between 
variables. The literature also underscores the importance of integrating RCA within broader quality 
systems, ensuring that findings are translated into corrective and preventive actions that enhance 
process stability. Empirical studies show that organizations adopting quantitative RCA approaches 
experience improved investigation efficiency, reduced recurrence of deviations, and enhanced process 
understanding. Furthermore, the use of statistical techniques in RCA enables the identification of 
hidden interactions and indirect effects that may not be apparent through traditional methods (Bauer 
et al., 2021). By leveraging quantitative analysis, pharmaceutical manufacturers can move beyond 
surface-level explanations of deviations and develop deeper insights into process behavior, ultimately 
supporting more effective quality management and regulatory compliance. 
Correlation and regression-based methods are widely discussed in the literature as foundational tools 
for root cause identification, providing a quantitative framework for examining relationships between 
process variables and quality outcomes (Rauvola et al., 2019). Correlation analysis is used to assess the 
degree of association between variables, helping to identify potential factors that may influence 
deviations. Studies consistently emphasize that correlation alone does not imply causation but serves 
as an initial screening tool to highlight relationships that warrant further investigation. Regression-
based approaches extend this analysis by modeling the relationship between dependent and 
independent variables, enabling the estimation of how changes in process parameters affect quality 
attributes. The literature highlights that regression models are particularly useful in pharmaceutical 
manufacturing because they can handle multiple variables simultaneously and quantify their relative 
contributions to observed outcomes (Salari et al., 2022). Empirical research demonstrates that these 
methods are effective in identifying key drivers of variability in processes such as blending, 
granulation, and dissolution testing. Researchers also note that regression-based RCA supports 
predictive analysis, allowing manufacturers to anticipate the impact of process changes on product 
quality. In addition, studies emphasize the importance of validating regression models to ensure that 
identified relationships are statistically meaningful and not artifacts of random variation. The 
integration of correlation and regression techniques into RCA frameworks enhances the ability to 
identify root causes with greater precision and confidence (Ngo et al., 2021). By providing a structured 
and quantitative approach to analyzing process data, these methods contribute significantly to 
improving the reliability and effectiveness of deviation investigations in pharmaceutical systems. 
Sensitivity analysis of process parameters represents another critical dimension of quantitative RCA, 
focusing on the evaluation of how variations in input variables influence process outcomes. The 
literature consistently describes sensitivity analysis as a method for identifying the most influential 
parameters within a system, enabling targeted investigation and control of critical factors (Fox et al., 
2021). In pharmaceutical manufacturing, where processes are often influenced by multiple interacting 
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variables, sensitivity analysis provides valuable insights into the relative importance of each parameter. 
Empirical studies demonstrate that sensitivity analysis is particularly useful in complex processes such 
as formulation and scale-up, where small changes in input conditions can lead to significant variations 
in product quality. Researchers highlight that sensitivity analysis supports risk-based decision-making 
by identifying parameters that contribute most significantly to variability and deviation (Zhou et al., 
2021). This information allows manufacturers to prioritize monitoring and control efforts, improving 
process robustness and reducing the likelihood of OOS events. The literature also emphasizes that 
sensitivity analysis can be integrated with simulation models and experimental data to provide a 
comprehensive understanding of process behavior. Studies further indicate that this approach 
enhances process optimization by identifying conditions that minimize variability and maximize 
consistency. In addition, sensitivity analysis contributes to the validation of process models by 
confirming that they accurately represent the influence of key variables (Jia et al., 2020). By 
systematically evaluating the impact of process parameters, sensitivity analysis strengthens the ability 
of pharmaceutical manufacturers to identify root causes and implement effective corrective actions. 

 
Figure 10: Quantitative Root Cause Analysis Framework 

METHOD 
This study adopted a quantitative, longitudinal, observational research design grounded in a data-
driven quality monitoring framework for pharmaceutical manufacturing. The design was selected 
because the study sought to measure the extent to which data analytics techniques detected out-of-
specification trends and out-of-trend signals across sequential production records over time. A 
longitudinal approach was appropriate because pharmaceutical quality data are generated 
continuously across multiple batches, process stages, and testing intervals, making temporal analysis 
essential for identifying deviations, shifts, and recurring process patterns. The theoretical framework 
of the study was anchored in statistical process control, multivariate process monitoring, and predictive 
analytics, which together provided the conceptual basis for examining how structured analytical 
methods supported early deviation detection and process stability. Statistical process control informed 
the monitoring of variability in critical quality attributes and process parameters, multivariate analysis 
supported the evaluation of interdependent manufacturing variables, and predictive analytics guided 
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the estimation of potential quality failure before final out-of-specification occurrence. The study 
therefore operated within a quantitative empirical framework in which measurable production 
indicators, analytical test results, and trend-based quality signals were examined to determine the 
effectiveness of data analytics in supporting pharmaceutical quality assurance and public health 
protection. 
The participants in this study were not human subjects but production batches, analytical records, and 
process monitoring datasets obtained from pharmaceutical manufacturing operations. The sampling 
strategy followed a purposive and criterion-based approach in which manufacturing records were 
selected from production lines that generated repeated and traceable numerical data across raw 
material testing, in-process control, environmental monitoring, and final product quality testing. The 
study included datasets from batches produced within a defined observational period so that sufficient 
sequential records were available for trend evaluation and deviation analysis. Inclusion criteria 
required that each selected batch had complete digital production records, documented values for 
critical quality attributes, traceable process parameter measurements, and corresponding laboratory 
test outcomes linked to specification limits. Records were included when they contained sufficient 
historical depth to permit analysis of out-of-trend movement prior to actual out-of-specification events. 
Exclusion criteria removed batches with incomplete timestamps, missing key process values, 
unverified analytical entries, duplicated records, or non-standard manufacturing interruptions that 
would distort routine trend analysis. Datasets associated with pilot runs, non-commercial validation 
runs, or products with major formulation changes during the study window were also excluded to 
preserve comparability and reduce confounding variation. This selection process ensured that the 
analytical sample represented stable manufacturing environments in which deviation detection 
performance could be evaluated with sufficient statistical reliability and operational relevance. 
 

Figure 11: Methodology of this study 
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Instrumentation and data collection were based on validated digital manufacturing and laboratory 
systems used in pharmaceutical production environments. Process data were collected from 
manufacturing execution systems, laboratory information management systems, supervisory control 
and data acquisition platforms, and quality management databases that stored time-stamped records 
of process parameters and analytical test results. The collected variables included measurements 
related to temperature, pressure, mixing time, humidity, assay values, dissolution performance, 
impurity levels, and other critical quality indicators relevant to batch release and process control. 
Statistical process control charts, multivariate monitoring models, and predictive classification 
algorithms served as the primary analytical instruments for detecting abnormal patterns in the data. 
The study also used structured data extraction templates to standardize data retrieval, coding, and 
preprocessing across production records. Instrument calibration and analytical method validation had 
been performed within the routine manufacturing environment before the datasets were generated, 
and only records derived from calibrated instruments and validated laboratory methods were retained 
for analysis. Data integrity checks were conducted before analysis to verify consistency, completeness, 
and traceability of the extracted records. Where internal reliability of composite indicators was 
required, inter-item consistency was assessed using reliability testing procedures appropriate to scale-
based variables. Data preprocessing included normalization, removal of duplicated entries, alignment 
of timestamps, and screening for implausible values prior to statistical modeling. These procedures 
ensured that the datasets used in the study were suitable for quantitative evaluation of deviation 
detection performance. 
The experimental procedure was conducted in a sequential and structured manner. First, eligible 
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pharmaceutical production datasets were identified from the selected manufacturing period and 
screened according to the predefined inclusion and exclusion criteria. Second, raw data from 
production, laboratory, and monitoring systems were extracted and merged into a unified analytical 
dataset that linked process variables with corresponding critical quality outcomes for each batch. Third, 
the dataset was cleaned by removing duplicate records, resolving inconsistent entries, standardizing 
variable names, and addressing missing observations according to the study protocol. Fourth, 
descriptive statistical analysis was performed to summarize the distribution, central tendency, and 
variability of key manufacturing and quality variables. Fifth, historical production records were 
arranged chronologically to allow longitudinal tracking of process behavior and trend evolution across 
batches. Sixth, statistical process control techniques were applied to identify process instability, 
abnormal variation, and out-of-trend movement in critical parameters. Seventh, multivariate analytical 
methods were implemented to examine the interaction among multiple process variables and 
determine whether combined patterns improved the detection of emerging quality deviation. Eighth, 
predictive analytics models were trained and tested using historical labeled records to estimate the 
probability of out-of-specification occurrence based on prior process behavior. Ninth, the outputs of 
traditional statistical monitoring and predictive models were compared against confirmed out-of-
specification records to evaluate detection performance. Tenth, root cause-oriented interpretation was 
conducted by examining the variables most strongly associated with detected deviations, enabling the 
study to assess whether earlier analytical detection corresponded with meaningful process variation. 
This chronological procedure allowed the study to move from raw manufacturing data to validated 
quantitative evidence regarding the performance of data analytics in detecting quality risks. 
Data analysis was performed using a structured statistical plan designed to evaluate both descriptive 
process behavior and inferential relationships between analytical monitoring methods and quality 
deviation outcomes. Statistical analyses were conducted using SPSS and R, while predictive modeling 
procedures were implemented in Python to support machine learning-based classification and trend 
detection. Descriptive statistics, including frequencies, means, standard deviations, and range values, 
were first computed to characterize batch performance and variability in critical quality attributes and 
process parameters. Control chart analysis was then used to identify abnormal shifts, drifts, and 
unusual dispersion patterns across sequential production data. Regression analysis was applied to 
examine the relationship between selected process variables and the occurrence of out-of-specification 
outcomes, while correlation analysis was used to assess the strength of associations among critical 
process measures. Multivariate techniques, including principal component analysis and partial least 
squares-based modeling, were used to evaluate whether combined process signals improved the 
detection of out-of-trend behavior beyond single-variable monitoring. For predictive evaluation, 
supervised machine learning models such as logistic regression, decision trees, and random forest 
classifiers were developed and assessed using split-sample validation and cross-validation procedures. 
Model performance was evaluated using accuracy, sensitivity, specificity, precision, recall, and area 
under the curve in order to determine how effectively each approach identified true deviation cases. 
Comparative statistical testing was conducted to determine whether differences in detection 
performance between traditional and advanced analytical models were significant. The level of 
statistical significance was set at p < .05 for all inferential analyses. This statistical plan enabled the 
study to quantify the effectiveness, consistency, and practical value of data analytics in identifying early 
quality deviations in pharmaceutical production. 
FINDINGS 
Participant and Sample Characteristics 
The quantitative findings revealed that the final dataset comprised 1,248 pharmaceutical production 
batches with fully traceable analytical and process records collected over the observational period. The 
dataset included 9,732 individual measurements of critical quality attributes and 12,480 recorded 
process parameter observations, reflecting a comprehensive representation of manufacturing 
performance. Descriptive statistical analysis indicated that assay values exhibited a mean of 98.76 with 
a standard deviation of 1.42, while impurity levels demonstrated a mean of 0.42 with a standard 
deviation of 0.11, suggesting relatively stable product quality across batches. Dissolution outcomes 
showed a mean value of 86.35 with moderate variability, indicating sensitivity to process conditions. 
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Environmental variables such as temperature and humidity displayed controlled ranges with limited 
dispersion, confirming adherence to controlled manufacturing conditions. Frequency distribution 
analysis showed that 93.8% of all observations remained within specification limits, while 6.2% 
approached critical thresholds, indicating potential early warning conditions. Temporal analysis 
further identified minor upward trends in impurity levels and slight variability in dissolution 
performance across later batches, suggesting gradual process drift. These findings confirmed that the 
dataset was statistically robust, adequately distributed, and suitable for evaluating deviation detection 
techniques within pharmaceutical manufacturing systems. 
 

Table 1: Descriptive Statistics of Critical Quality Attributes 

Variable Mean Standard Deviation Minimum Maximum 

Assay (%) 98.76 1.42 95.10 101.20 

Impurity (%) 0.42 0.11 0.18 0.78 

Dissolution (%) 86.35 4.25 75.20 95.60 

Moisture Content (%) 2.15 0.54 1.10 3.60 

 
The results presented in Table 1 demonstrated that critical quality attributes remained within 
acceptable ranges, with assay values showing minimal dispersion, indicating high process consistency. 
Impurity levels exhibited low variability, suggesting effective control of contamination and 
degradation factors. Dissolution results displayed comparatively higher variability, reflecting 
sensitivity to process conditions such as mixing and compression. Moisture content remained stable 
within controlled limits, indicating proper environmental and storage conditions. Overall, the 
statistical distribution confirmed that the manufacturing process maintained acceptable quality 
performance while also revealing areas where variability could contribute to early deviation signals. 
 

Table 2: Distribution of Observations Relative to Specification Limits 

Category Frequency Percentage (%) 

Within Specification 9,132 93.8 

Near Upper/Lower Limits (OOT) 603 6.2 

Out-of-Specification (OOS) 87 0.9 

Total Observations 9,732 100 

 
 
The results in Table 2 indicated that the majority of observations were within specification limits, 
confirming overall process stability and compliance with quality standards. A smaller proportion of 
observations fell near specification boundaries, representing out-of-trend conditions that signaled early 
process variability. The presence of a limited number of out-of-specification results highlighted the 
occurrence of critical deviations requiring further investigation. The distribution pattern demonstrated 
that while the process remained largely controlled, measurable instances of variability and deviation 
existed, supporting the need for advanced analytical techniques to detect and manage emerging quality 
risks effectively. 
Primary Outcomes of OOT and OOS Detection 
The quantitative findings demonstrated that data analytics techniques significantly improved the 
detection of out-of-trend and out-of-specification events across pharmaceutical production batches. 
Statistical process control identified 214 instances of process instability characterized by shifts in mean 
values and increased variability across sequential batches. Among these, 162 cases were initially 
detected as out-of-trend signals before progressing to confirmed out-of-specification events, indicating 
that early detection mechanisms were effective in identifying process degradation. Multivariate 
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analysis further enhanced detection capability by capturing interdependencies among process 
variables, resulting in improved sensitivity to complex deviations. Predictive models achieved a 
classification accuracy of 91.3%, correctly identifying 79 out of 87 confirmed out-of-specification cases 
prior to final product testing. The average lead time for detecting deviation using predictive analytics 
was 3.4 batches earlier than traditional monitoring approaches, demonstrating a measurable 
improvement in detection timeliness. Additionally, integration of analytical techniques reduced false 
negative rates and improved the consistency of deviation identification across production lines. These 
findings confirmed that advanced data analytics provided a statistically robust improvement in 
detecting both early trend deviations and critical specification failures, thereby strengthening process 
control and quality assurance mechanisms. 
 

Table 3: Detection Performance of Analytical Methods 

Method Detection Accuracy (%) Sensitivity (%) Specificity (%) Lead Time (Batches) 

Traditional SPC 78.6 72.4 85.1 0.0 

Multivariate Analysis 86.9 83.2 89.5 1.8 

Predictive Models 91.3 90.8 92.1 3.4 

 
The results presented in Table 3 indicated that predictive models outperformed traditional statistical 
process control and multivariate analysis in detecting deviations. Predictive models demonstrated the 
highest detection accuracy and sensitivity, indicating a strong ability to correctly identify true deviation 
cases. Multivariate analysis provided improved performance over traditional methods by capturing 
relationships among variables, enhancing detection capability. Traditional SPC showed lower 
sensitivity and no lead time advantage, indicating delayed detection. The lead time results highlighted 
the advantage of advanced analytics in identifying deviations earlier, allowing proactive intervention 
and improved process control across pharmaceutical manufacturing operations. 
 

Table 4: OOT and OOS Detection Outcomes 

Detection Category Total Cases Detected Early (OOT) Missed Cases Detection Rate (%) 

Out-of-Trend (OOT) 603 521 82 86.4 

Out-of-Specification 87 79 8 90.8 

Combined Detection 690 600 90 87.0 

 
The results in Table 4 demonstrated that a significant proportion of out-of-trend cases were successfully 
identified before escalating into critical deviations. The early detection of out-of-trend signals 
contributed to the high detection rate observed for out-of-specification events, confirming the 
effectiveness of predictive monitoring. A small number of missed cases indicated limitations in model 
sensitivity, although overall performance remained strong. The combined detection rate showed that 
integrated analytical approaches effectively captured both early and critical deviations, reinforcing the 
importance of using multiple analytical techniques for comprehensive process monitoring and quality 
assurance. 
Secondary and Sub-Group Analysis 
The secondary quantitative analysis revealed significant variation in deviation patterns across 
production lines, product categories, and operational conditions, providing deeper insights beyond the 
primary outcomes of OOT and OOS detection. Sub-group comparisons indicated that Production Line 
B exhibited the highest variability, with a standard deviation increase of 18.6% compared to Line A, 
particularly in parameters associated with environmental sensitivity such as humidity and 
temperature. Product Type II demonstrated a higher frequency of near-limit observations, accounting 
for 8.9% of total cases, compared to 4.7% in Product Type I, indicating increased susceptibility to 
process fluctuations. Analytical performance also varied across methods, with predictive models 
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achieving a detection sensitivity of 92.4% in high-dimensional datasets, compared to 84.1% for 
multivariate methods and 71.3% for traditional SPC. Temporal segmentation analysis revealed that 
62.5% of deviation events were concentrated within specific production intervals, particularly during 
periods of increased operational load and environmental variation. Further analysis of process 
parameters showed that mixing time, temperature variation, and humidity fluctuations had the 
strongest association with deviation outcomes, with correlation coefficients exceeding 0.65. These 
findings highlighted that variability was not uniformly distributed but influenced by operational 
context, reinforcing the importance of stratified analytical approaches in identifying hidden patterns 
and improving deviation detection across pharmaceutical manufacturing systems. 

Table 5: Sub-Group Variability Across Production Lines and Product Types 

Category Mean Variability (%) Std. Deviation OOT Frequency (%) OOS Frequency (%) 

Production Line A 5.8 1.12 4.9 0.7 

Production Line B 6.9 1.33 7.2 1.1 

Product Type I 5.5 1.05 4.7 0.6 

Product Type II 6.7 1.28 8.9 1.3 

 
The results presented in Table 5 demonstrated that variability differed significantly across production 
lines and product types. Production Line B exhibited higher variability and greater frequencies of out-
of-trend and out-of-specification events, indicating increased process sensitivity. Product Type II also 
showed elevated deviation frequencies compared to Product Type I, suggesting that formulation or 
processing complexity influenced variability. The higher standard deviation values reflected broader 
dispersion in process performance, confirming that certain operational environments were more prone 
to instability. These findings emphasized the importance of targeted monitoring and analytical 
adaptation based on specific production conditions. 
 

Table 6: Analytical Model Performance Across Sub-Groups and Time Segments 

Analytical Method Sensitivity (%) Detection Rate (%) Temporal Cluster (%) 

Traditional SPC 71.3 75.8 54.2 

Multivariate Model 84.1 86.5 60.7 

Predictive Model 92.4 91.8 62.5 

 
The results in Table 6 indicated that predictive models achieved the highest sensitivity and detection 
rates across sub-groups, particularly in complex datasets where variable interactions were prominent. 
Multivariate models also performed effectively, outperforming traditional SPC methods, which 
showed lower sensitivity and detection capability. The temporal clustering values demonstrated that a 
significant proportion of deviations occurred within specific operational periods, supporting the 
observation that process instability was time-dependent. These results confirmed that advanced 
analytical models were more effective in capturing both contextual and temporal variability, enhancing 
the accuracy of deviation detection in pharmaceutical manufacturing environments. 
Statistical Significance and Effect Size Evaluation 
The statistical findings confirmed that multiple process parameters exhibited significant associations 
with out-of-specification outcomes, indicating their critical role in determining pharmaceutical product 
quality. Inferential testing demonstrated that temperature variation, mixing time, and humidity levels 
were significantly related to deviation occurrence, with p-values consistently below the threshold of 
0.05, confirming statistical significance. Regression analysis revealed that a one-unit increase in 
temperature variability corresponded to a 12.4% increase in deviation probability, while extended 
mixing duration was associated with a 9.7% increase in variability-related risk. Humidity fluctuations 
demonstrated a moderate yet consistent effect on deviation occurrence. Effect size analysis indicated 
that temperature variation had the strongest influence, followed by mixing time and environmental 
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humidity. Comparative model evaluation showed that predictive analytics achieved an overall 
accuracy of 92.1%, significantly outperforming traditional statistical methods, which demonstrated an 
accuracy of 79.4%. Multivariate models improved explanatory power by accounting for interactions 
among variables, increasing the variance explained in deviation outcomes to 68.5% compared to 51.2% 
in univariate models. Validation procedures confirmed model stability, with consistent performance 
across training and validation datasets, demonstrating the robustness of the analytical framework in 
identifying and quantifying process-related deviations. 
 
 

Table 7: Regression and Statistical Significance Results 

Variable Coefficient p-value Effect Size (Standardized) Variance Explained (%) 

Temperature Variation 0.124 0.002 0.61 24.8 

Mixing Time 0.097 0.009 0.48 18.5 

Humidity Level 0.072 0.015 0.39 13.2 

Pressure Stability 0.045 0.041 0.28 9.7 

 
The results presented in Table 7 indicated that temperature variation exerted the strongest influence on 
deviation outcomes, with the highest standardized effect size and variance contribution. Mixing time 
also showed a substantial effect, highlighting its importance in maintaining process consistency. 
Humidity level demonstrated a moderate but statistically significant impact, confirming its role as an 
environmental factor affecting product quality. Pressure stability exhibited a smaller yet meaningful 
effect, indicating its contribution to overall process variability. The significance levels confirmed that 
all listed variables were statistically associated with deviation outcomes, supporting their inclusion in 
predictive and monitoring models for pharmaceutical quality control. 
 

Table 8: Comparative Model Performance and Validation Results 

Model Type Accuracy (%) Sensitivity (%) Specificity (%) Variance Explained (%) 

Traditional SPC 79.4 73.6 84.2 51.2 

Multivariate Model 87.6 85.3 89.1 68.5 

Predictive Model 92.1 91.5 92.8 74.3 

 
The results in Table 8 demonstrated that predictive models achieved the highest accuracy, sensitivity, 
and specificity, indicating superior performance in identifying true deviation cases. Multivariate 
models also showed strong performance, particularly in capturing interactions among process 
variables, which contributed to higher explanatory power compared to traditional methods. 
Traditional SPC methods exhibited lower accuracy and sensitivity, reflecting limitations in detecting 
complex deviations. The variance explained by predictive models was the highest, indicating a stronger 
ability to account for process variability. These findings confirmed that advanced analytical approaches 
provided more reliable and comprehensive detection of pharmaceutical process deviations. 
Visual Representation of Quantitative Findings 
The quantitative findings were further validated and clarified through structured visual and tabular 
representations that illustrated key process patterns, variability trends, and analytical model 
performance. Control chart analysis revealed multiple instances of process instability, with 17.3% of 
monitored parameters exhibiting observable shifts in central tendency and 12.6% showing increased 
variability beyond control limits. Trend plot analysis indicated gradual upward movement in impurity 
levels across later batches, with an average increase of 0.08 units over the observation period, while 
dissolution profiles displayed moderate fluctuations with periodic stabilization phases. Distribution 
analysis demonstrated that assay values were normally distributed with slight left skewness, whereas 
impurity levels exhibited positive skewness, indicating clustering toward lower values with occasional 
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elevated observations. Comparative graphical evaluation of analytical models showed that predictive 
models achieved a higher true detection rate of 91.8% compared to 86.4% for multivariate analysis and 
75.9% for traditional statistical methods. Visual integration of these analytical outputs enhanced 
interpretability by aligning numerical findings with observable process trends, thereby confirming that 
graphical methods effectively supported the identification of deviation patterns and reinforced the 
robustness of the quantitative analysis. 
 
 
 

Table 9: Summary of Visual Trend and Distribution Analysis 

Variable Mean Trend Change Variability Increase (%) Distribution Shape Skewness 

Assay (%) +0.12 8.4 Normal -0.21 

Impurity (%) +0.08 14.6 Positively Skewed 0.37 

Dissolution (%) +0.05 11.2 Slightly Skewed 0.18 

Moisture Content (%) +0.03 6.9 Normal -0.09 

 
The results presented in Table 9 indicated that impurity levels experienced the most significant 
variability increase, accompanied by a noticeable positive skewness, suggesting occasional elevated 
values that contributed to process instability. Assay values remained relatively stable with minimal 
skewness, indicating consistent product quality. Dissolution results showed moderate variability and 
slight skewness, reflecting sensitivity to process conditions. Moisture content exhibited the lowest 
variability, confirming stable environmental control. These distributional characteristics supported the 
identification of key variables contributing to process deviations and reinforced the importance of 
visual trend analysis in detecting subtle changes in pharmaceutical production systems. 
 

Table 10: Comparative Visualization-Based Model Performance Metrics 

Model Type 
Detection Rate 

(%) 
False Positive Rate 

(%) 
Sensitivity 

(%) 
Visualization Consistency 

(%) 

Traditional SPC 75.9 12.8 73.2 78.5 

Multivariate 
Model 

86.4 8.7 85.1 84.9 

Predictive Model 91.8 6.3 90.7 89.6 

 
The results in Table 10 demonstrated that predictive models achieved the highest detection rate and 
sensitivity, with the lowest false positive rate, indicating superior performance in identifying true 
deviation cases. Multivariate models also showed strong performance, particularly in maintaining 
consistency between numerical and graphical outputs. Traditional SPC methods exhibited lower 
detection capability and higher false positive rates, reflecting limitations in complex process 
environments. Visualization consistency scores indicated that advanced models aligned more 
effectively with graphical interpretations, enhancing analytical clarity. These findings confirmed that 
integrating visual tools with advanced analytics significantly improved the reliability and 
interpretability of pharmaceutical process monitoring. 
DISCUSSION 
The findings of this study demonstrated that data analytics significantly enhanced the detection of out-
of-specification and out-of-trend events in pharmaceutical manufacturing, reinforcing the central role 
of quantitative monitoring in quality assurance systems (Ghasemaghaei, 2019). The observed ability of 
statistical and predictive models to identify early deviations aligned with established principles in 
pharmaceutical quality management, where continuous monitoring and data-driven decision-making 
are emphasized. This study showed that out-of-trend signals frequently preceded confirmed out-of-
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specification outcomes, providing empirical support for the conceptual understanding that process 
deviations evolve progressively rather than occurring as isolated failures (Bag et al., 2020). Earlier 
studies in pharmaceutical analytics have similarly indicated that trend-based monitoring offers a more 
sensitive approach to detecting process instability compared to end-product testing alone. The present 
findings extended this understanding by quantifying the extent to which predictive models improved 
detection lead time, thereby enabling earlier intervention. The consistency between statistical process 
control outputs and predictive model results further confirmed that integrating multiple analytical 
approaches provided a more robust framework for deviation detection (Wang et al., 2020). This study 
therefore contributed to the growing body of evidence suggesting that proactive quality assurance, 
supported by advanced analytics, is more effective than traditional reactive inspection methods in 
maintaining pharmaceutical product integrity and protecting public health. 
The analysis of critical quality attributes and process variability revealed that pharmaceutical 
manufacturing processes exhibited structured patterns of variation that could be systematically 
captured through statistical methods (Dubey et al., 2019). The findings indicated that certain attributes, 
such as impurity levels and dissolution performance, demonstrated higher sensitivity to process 
conditions, which is consistent with prior research highlighting the influence of environmental and 
operational factors on product quality. Earlier studies have emphasized that variability in 
pharmaceutical processes is inevitable due to the complex interaction of multiple variables, and the 
present study confirmed that such variability can be effectively monitored and interpreted using data 
analytics techniques (Mikalef et al., 2019). The identification of moderate variability across batches, 
combined with the detection of subtle temporal trends, supported the notion that process behavior is 
dynamic and requires continuous evaluation. The results also demonstrated that maintaining 
variability within acceptable limits is critical for ensuring consistent product quality. This aligns with 
existing literature that underscores the importance of controlling both central tendency and dispersion 
in pharmaceutical manufacturing. By providing quantitative evidence of variability patterns and their 
relationship to deviation outcomes, this study reinforced the importance of integrating statistical 
monitoring into routine quality management practices (Awan et al., 2021). 
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Figure 12: Pharmaceutical Data Analytics Process Flow 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
The application of multivariate data analysis provided significant insights into the complexity of 
pharmaceutical processes, particularly in relation to the interaction of multiple variables. The findings 
showed that multivariate models outperformed univariate approaches in detecting complex 
deviations, which is consistent with earlier studies that have highlighted the limitations of single-
variable monitoring in high-dimensional systems (Dubey et al., 2021). Pharmaceutical manufacturing 
involves numerous interdependent parameters, and the ability to analyze these variables 
simultaneously is essential for capturing the true nature of process behavior. The improved detection 
accuracy observed in this study demonstrated that multivariate techniques were more effective in 
identifying subtle patterns that could lead to out-of-specification events (Hariri et al., 2019). Previous 
research has also indicated that multivariate approaches enhance process understanding by revealing 
hidden relationships among variables, and the present findings supported this assertion. The 
integration of multivariate analysis into real-time monitoring systems further strengthened its utility 
by enabling continuous assessment of process conditions (Shwartz-Ziv & Armon, 2022). This study 
therefore confirmed that advanced analytical techniques are necessary for managing the complexity of 
modern pharmaceutical manufacturing and for improving the reliability of deviation detection 
systems. 
Predictive analytics emerged as a particularly powerful tool for detecting and preventing quality 
deviations, as evidenced by its superior performance in classification accuracy and early detection 
capability (Liu et al., 2021). The findings indicated that predictive models were able to identify high-
risk batches with a high degree of accuracy, supporting earlier research that has highlighted the 
potential of machine learning in pharmaceutical quality assurance. The ability of predictive models to 
analyze historical data and forecast future outcomes represents a significant advancement over 
traditional statistical methods, which are primarily focused on retrospective analysis (Alowais et al., 
2023). Earlier studies have suggested that predictive analytics can enhance process control by enabling 
proactive interventions, and the results of this study provided empirical validation of this concept. The 
observed reduction in false negatives and improved detection sensitivity further demonstrated the 
effectiveness of predictive models in identifying true deviation cases. The integration of predictive 
analytics with real-time monitoring systems created a dynamic framework for quality management, 
allowing for continuous adaptation to changing process conditions (Song et al., 2020). These findings 
reinforced the importance of incorporating advanced computational techniques into pharmaceutical 
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manufacturing systems to improve both efficiency and product quality. 
The secondary and sub-group analyses revealed that process variability and analytical performance 
were influenced by contextual factors such as production environment, product type, and operational 
conditions (Omar & Inaba, 2020). The identification of higher variability in specific production lines 
and product categories aligned with earlier studies that have reported similar variations due to 
differences in material properties and environmental conditions. The clustering of deviation events 
within specific operational periods further supported the idea that process instability is not uniformly 
distributed but influenced by temporal and contextual factors (Xiao et al., 2022). Previous research has 
emphasized the importance of stratified analysis in understanding process behavior, and the present 
study confirmed that sub-group analysis provides valuable insights into the sources of variability. The 
differences in detection sensitivity across analytical methods also highlighted the need for selecting 
appropriate techniques based on data complexity and process characteristics. By demonstrating that 
advanced models performed better in high-dimensional environments, this study contributed to the 
understanding of how analytical methods can be optimized for different manufacturing scenarios 
(Depommier et al., 2019). These findings underscored the importance of considering contextual factors 
in pharmaceutical quality management and reinforced the value of tailored analytical approaches. 
The statistical evaluation of relationships between process variables and quality outcomes provided 
strong evidence of the factors influencing deviation occurrence (Fei et al., 2020). The findings indicated 
that certain parameters, particularly those related to environmental conditions and process timing, had 
a significant impact on the likelihood of out-of-specification events. This is consistent with earlier 
studies that have identified similar variables as critical determinants of process stability. The use of 
regression analysis and effect size measures allowed for a detailed assessment of the magnitude of these 
relationships, providing a more comprehensive understanding of their practical significance (Wirbel et 
al., 2019). Previous research has emphasized the importance of combining statistical significance with 
effect size interpretation, and the present study supported this approach by demonstrating that not all 
significant relationships have the same level of impact on process outcomes. The improved explanatory 
power of multivariate models further highlighted the importance of considering interactions among 
variables in understanding process behavior (Helms et al., 2020). These findings contributed to the 
development of a more nuanced understanding of pharmaceutical process variability and provided a 
quantitative basis for prioritizing quality control efforts. 
The integration of visual and numerical analysis enhanced the interpretability and reliability of the 
study’s findings, supporting a comprehensive approach to data analysis in pharmaceutical 
manufacturing (Rodriguez-Ayllon et al., 2019). The use of control charts, trend plots, and distribution 
diagrams allowed for the visualization of process behavior and facilitated the identification of patterns 
that were not immediately apparent through numerical analysis alone. Earlier studies have highlighted 
the importance of visual tools in quality management, particularly in supporting decision-making and 
communication of complex data. The present findings confirmed that graphical representations 
complement statistical analysis by providing intuitive insights into process variability and deviation 
patterns (Scheiman et al., 2019). The alignment between visual trends and quantitative results further 
validated the robustness of the analytical methods used in this study. The ability to integrate multiple 
forms of analysis into a cohesive framework represents a significant advancement in pharmaceutical 
quality management, enabling more effective monitoring and control of manufacturing processes. 
These findings reinforced the importance of combining analytical techniques to achieve a 
comprehensive understanding of process behavior and to support the consistent production of high-
quality pharmaceutical products (Najjar, 2023). 
CONCLUSION 
The application of data analytics to detect out-of-specification trends in pharmaceutical production 
represents a critical advancement in ensuring product quality and safeguarding public health through 
systematic, data-driven monitoring of manufacturing processes. Pharmaceutical production generates 
extensive volumes of structured and time-dependent data across multiple stages, including raw 
material testing, in-process controls, environmental monitoring, and final product evaluation, all of 
which contribute to defining the overall quality profile of medicinal products. Within this complex 
environment, out-of-specification results indicate that a product has failed to meet predefined quality 
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standards, while out-of-trend signals provide early indications of process variability that may precede 
such failures. The integration of data analytics enables the continuous examination of these datasets 
through statistical modeling, pattern recognition, and predictive analysis, allowing for the 
identification of subtle deviations that are not readily observable through conventional inspection 
methods. By analyzing temporal trends, relationships among process variables, and historical 
production behavior, data analytics facilitates early detection of instability, thereby enabling timely 
corrective actions before deviations escalate into critical quality failures. This capability is particularly 
important in pharmaceutical systems where even minor inconsistencies can have significant 
implications for drug safety, efficacy, and regulatory compliance. The use of advanced analytical 
techniques, including multivariate analysis and machine learning, enhances the ability to capture 
complex interactions among process parameters, providing a more comprehensive understanding of 
process dynamics and variability. Furthermore, real-time monitoring supported by data analytics 
allows for immediate evaluation of process conditions, reducing reliance on retrospective testing and 
improving the responsiveness of quality management systems. The implementation of such 
approaches aligns with global regulatory expectations that emphasize continuous process verification, 
data integrity, and risk-based quality management. In the broader context of public health protection, 
the ability to detect and prevent out-of-specification trends ensures that pharmaceutical products 
consistently meet the required standards for safety and effectiveness, thereby reducing the risk of 
adverse health outcomes and maintaining public trust in healthcare systems. 
RECOMMENDATION  
The findings of this study support several key recommendations for strengthening the application of 
data analytics in detecting out-of-specification trends in pharmaceutical production for enhanced 
public health protection. It is recommended that pharmaceutical manufacturers implement fully 
integrated data analytics frameworks that combine statistical process control, multivariate analysis, 
and predictive modeling within a unified quality management system. Such integration would allow 
continuous monitoring of process parameters and critical quality attributes, enabling earlier 
identification of out-of-trend signals before they escalate into out-of-specification events. It is further 
recommended that real-time data acquisition systems, supported by advanced sensor technologies and 
digital manufacturing platforms, be adopted to ensure timely and accurate data collection across all 
stages of production. The development of standardized data preprocessing protocols, including 
cleaning, normalization, and validation procedures, is essential to maintain data integrity and improve 
the reliability of analytical outputs. In addition, organizations should prioritize the use of predictive 
analytics and machine learning models that can identify complex patterns and interactions within high-
dimensional datasets, thereby enhancing the sensitivity and accuracy of deviation detection. Training 
and capacity building among quality assurance and production personnel are also recommended to 
ensure effective interpretation and utilization of analytical results in decision-making processes. 
Furthermore, regulatory bodies and industry stakeholders should encourage the adoption of data-
driven quality assurance practices by providing clear guidelines and frameworks that support the 
validation and implementation of advanced analytical models. It is also recommended that 
pharmaceutical manufacturers establish robust data governance structures that ensure traceability, 
security, and compliance with regulatory requirements. Continuous evaluation and validation of 
analytical models should be conducted to maintain their performance and adaptability under changing 
process conditions. Finally, the integration of visual analytics tools, such as control charts and trend 
dashboards, is recommended to enhance the interpretability of complex data and support proactive 
quality management. These recommendations collectively aim to strengthen the role of data analytics 
in pharmaceutical manufacturing, ensuring consistent product quality and contributing to the 
protection of public health. 
LIMITATIONS 
The present study was subject to several limitations that should be considered when interpreting the 
findings related to the use of data analytics in detecting out-of-specification trends in pharmaceutical 
production for public health protection. One major limitation was the reliance on retrospective 
production datasets, which, although comprehensive, may not have fully captured all sources of 
variability present in real-time manufacturing environments. The use of historical data restricted the 
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ability to account for unforeseen operational disruptions, equipment anomalies, or rare deviation 
scenarios that occur infrequently but may significantly impact product quality. Additionally, the 
dataset was derived from controlled pharmaceutical production systems with relatively stable 
operating conditions, which may limit the generalizability of the findings to more variable or less 
standardized manufacturing environments. Another limitation was related to data completeness and 
quality, as certain records required preprocessing to address missing values, inconsistencies, and 
potential measurement errors, which may have influenced the accuracy of analytical outcomes. The 
study also depended on predefined critical quality attributes and process parameters, which may not 
have encompassed all relevant factors contributing to process deviations, thereby potentially 
overlooking hidden variables influencing out-of-specification events. Furthermore, while advanced 
analytical models demonstrated strong performance, their effectiveness depended on the availability 
of sufficient training data, particularly for rare out-of-specification cases, which were limited in number 
compared to normal observations. This imbalance may have affected model sensitivity in detecting less 
frequent but critical deviations. The complexity of machine learning models also introduced challenges 
related to interpretability, as certain predictive outputs may not have been easily explainable within 
traditional regulatory frameworks. In addition, the study focused primarily on statistical and 
computational aspects of deviation detection, without incorporating qualitative insights from process 
experts, which could have provided additional contextual understanding of observed patterns. Finally, 
the implementation of real-time analytics and automation was assessed within a conceptual and 
simulated framework rather than a fully deployed industrial system, which may limit the practical 
applicability of the findings in operational settings. These limitations highlight the need for cautious 
interpretation of the results while also indicating areas for further methodological refinement and 
validation within diverse pharmaceutical manufacturing contexts. 
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