
 

907 

   

 

  
Int. j. adv. multidisc. res. stud. 2025; 5(6):907-926 

 

Data-Driven Corrective and Preventive Action (CAPA) Systems for Quality 

Assurance Optimization 

Ademola Joseph Adeyemo 

Independent Researcher, Manitoba, Canada 

DOI: https://doi.org/10.62225/2583049X.2025.5.6.5288  Corresponding Author: Ademola Joseph Adeyemo 

Abstract

Data-driven Corrective and Preventive Action (CAPA) 

systems are emerging as transformative tools for optimizing 

quality assurance and ensuring sustained food safety 

performance. This study investigates how digital CAPA 

frameworks leveraging predictive analytics, machine 

learning, and real-time data visualization can significantly 

reduce non-conformances, strengthen process efficiency, 

and reinforce continuous improvement in food 

manufacturing operations. Traditional CAPA systems, 

though essential for compliance, often rely on reactive 

measures that identify deviations post-occurrence, leading to 

delays, inefficiencies, and repetitive quality lapses. By 

contrast, data-driven CAPA models integrate advanced 

analytics with digital quality management platforms to 

enable proactive identification of potential risks, root cause 

analysis, and timely corrective actions before deviations 

escalate into regulatory non-compliance. The research 

explores the fusion of Internet of Things (IoT) sensors, 

enterprise data systems, and predictive algorithms that 

enable automatic capture, analysis, and correlation of quality 

events across production lines. Through trend recognition 

and anomaly detection, digital CAPA models provide 

actionable insights that facilitate continuous process 

optimization. These systems enhance traceability, promote 

evidence-based decision-making, and foster a culture of 

quality ownership throughout the organization. Moreover, 

the integration of predictive analytics supports early warning 

mechanisms that detect deviations in hygiene, temperature, 

and contamination thresholds key determinants of food 

safety. This study also examines the alignment of data-

driven CAPA systems with Hazard Analysis and Critical 

Control Point (HACCP) principles and ISO 22000 

requirements, demonstrating how harmonized frameworks 

improve audit readiness, documentation integrity, and 

regulatory compliance. Implementation case analyses reveal 

measurable reductions in recurrence of non-conformances, 

cycle times for corrective actions, and costs associated with 

product recalls and waste. Ultimately, the adoption of digital 

CAPA supported by predictive analytics enhances 

organizational agility, reduces operational risk, and 

accelerates the path toward a zero-defect culture in food 

manufacturing. By embedding intelligence, transparency, 

and traceability into quality management systems, data-

driven CAPA models represent a critical evolution in 

modern food safety governance. The findings underscore 

their potential as a strategic enabler for continuous 

improvement, operational excellence, and regulatory 

resilience within global food supply chains. 

Keywords: Data-Driven CAPA, Predictive Analytics, Quality Assurance, Food Safety Management, HACCP, ISO 22000, 

Continuous Improvement, Non-Conformance Reduction, Digital Quality Systems, Process Optimization 

1. Introduction 

Food manufacturers continue to face recurring non-conformances because many Corrective and Preventive Action (CAPA) 

programs remain largely reactive, surfacing issues after deviations have occurred and allowing repeat failures, long closure 

times, and audit vulnerabilities to persist. This study positions CAPA as a data-driven, predictive discipline that uses real-time 

signals from production, sanitation, supply, and customer feedback to anticipate risk, intervene earlier, and institutionalize 

learning (Aduwo, Akonobi & Okpokwu, 2021, Bukhari, et al., 2021). The aim is to demonstrate how digital, predictive CAPA 

models integrated with HACCP plans and ISO 22000 food safety management systems reduce deviations, compress detection-

to-correction lag, and improve process efficiency without sacrificing compliance or traceability. We treat analytics not merely 

as dashboards but as decision engines that prioritize actions, guide root-cause analysis, and verify effectiveness through 

measurable outcomes. 
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The research asks four questions. First, to what extent can 

predictive algorithms and anomaly detection lower non-

conformance rates and recurrence compared with baseline, 

manual CAPA? Second, which data sources, features, and 

model classes (e.g., control-chart augmentation, time-series 

forecasting, tree-based classifiers, change-point detection) 

best predict deviations at critical control points and 

operational prerequisite programs? Third, how do digital 

CAPA workflows alerts, e-signatures, change control, and 

automated documentation affect cycle time, first-pass yield, 

overall equipment effectiveness, and audit readiness? 

Fourth, what governance, training, and change-management 

factors most strongly mediate successful adoption and 

scalability across lines, plants, and suppliers (Ayanbode, et 

al., 2019, Bukhari, et al., 2021, Oluyemi Merotiwon, 

Akintimehin & Akomolafe, 2021)? 

The scope is limited to food safety–critical processes in 

manufacturing environments where IoT sensors, 

MES/SCADA, LIMS, complaint systems, and supplier 

quality data can be harmonized in a governed data 

architecture. We will evaluate model performance and 

operational impact using pre/post comparisons and 

segmented backtests at line and shift levels, focusing on 

non-conformance rates, repeat findings, CAPA closure time, 

detection-to-correction lag, recall/waste costs, and 

documentation completeness (Oladimeji, et al., 2023, 

Soneye, et al., 2023, Udensi, Akomolafe & Adeyemi, 2023). 

By grounding predictive insights in explainable methods 

that strengthen root-cause analysis and preventive controls, 

the study seeks practical, auditable pathways for industry to 

transition from reactive remediation to proactive, 

continuously improving CAPA. 

 

2. Methodology 

This study adopts a design-science methodology to develop, 

implement, and evaluate a data-driven Corrective and 

Preventive Action (CAPA) system that optimizes food 

safety quality assurance. The approach combines artifact 

building (a digital CAPA workflow integrated with 

predictive analytics) and utility testing in a production 

context. We first elicit requirements from HACCP/FSMS 

policies and audit records, and from recurrent non-

conformances (NCs) in thermal processing, allergen 

changeovers, and cold-chain handling. Requirements 

emphasize end-to-end traceability, proactive detection, 

explainable diagnosis, controlled decision-making, e-

signatures, and verifiable effectiveness checks. To ensure 

scalability and security, the data platform follows cloud-first 

patterns and high-performance ETL practices with governed 

schemas and lineage (Babatunde et al., 2024; Eboseremen et 

al., 2022), aligning with enterprise data infrastructure 

guidance for AI decision-making (Adenuga et al., 2024a) 

and operational automation foundations (Adenuga & Okolo, 

2021). Data sources include IoT sensors for CCP/OPRP 

parameters, LIMS microbiological results, MES/SCADA 

states, supplier certificates and lots, and complaint 

narratives. A streaming bus ingests telemetry; batch 

connectors capture LIMS/ERP/supplier updates; a lakehouse 

persists raw and curated layers; a feature store provides 

synchronized online/offline features (rolling statistics, 

capability indices, lag/lead features, complaint topic 

prevalence). Governance adopts role-based access and 

ALCOA+ data integrity with immutable audit trails and 

versioned models/documents, consistent with digital 

governance and compliance architectures (Cadet et al., 

2024; Bukhari et al., 2021; Essien et al., 2021, 2024). 

The detection layer couples classical SPC with forecasts, 

machine learning, deep learning, and change-point methods. 

Control-chart rules (I/MR, EWMA) act as baseline detectors 

for explainability and auditability (Raj, 2016; Majanoja et 

al., 2017; Arunagiri et al., 2024). Time-series forecasting 

with ARIMA/Prophet anticipates limit breaches for lethality 

or cold-chain excursions, while gradient-boosted trees and 

random forests model multivariate risks (Soneye et al., 

2023). LSTM/autoencoder models learn sequence patterns 

across cook–cool cycles, CIP signatures, and equipment 

vibrations to surface weak signals not visible in univariate 

charts. Bayesian or nonparametric change-point detectors 

flag structural shifts after maintenance, raw-material 

changes, or supplier switches (Ajayi et al., 2023; Ajayi et 

al., 2025). All models register in an MLOps framework with 

versioning, tests, and drift monitors; champion–challenger 

evaluation ensures new models outperform baselines on 

intervention utility, not just AUC (Adenuga et al., 2024a; 

Babatunde et al., 2024). To support root-cause analysis and 

to translate predictions into defensible actions, we compute 

feature importance and SHAP attributions, linking drivers to 

5-Why, Ishikawa, and FMEA artifacts and to preventive 

controls and change control. When labels are sparse or data 

distribution is sensitive (e.g., supplier performance), we 

explore federated or privacy-preserving modeling to protect 

counterparties while retaining signal (Essien et al., 2020; 

Soneye et al., 2025). 

The workflow artifact implements a six-stage CAPA loop 

detect, diagnose, decide, act, verify, learn. Alerts open pre-

populated CAPA records with implicated batches, 

equipment IDs, shifts, set-point changes, and supplier lots. 

Risk scoring tiers responses: observe, contain, or hold/reject. 

RACI routing assigns investigators, approvers, and verifiers; 

e-signatures satisfy electronic records controls; timers and 

escalations enforce service levels. Decision support surfaces 

SHAP explanations and nearest-neighbor incident analogs to 

accelerate diagnosis and selection of targeted corrective and 

preventive actions. Change control governs any adjustment 

to CCP limits, sanitation settings, formulations, or supplier 

status. Verification compares pre-/post-distributions for the 

affected parameters, checks recurrence over a defined 

horizon, and quantifies KPI impact; failed effectiveness 

checks trigger re-open and escalation. Learning codifies 

SOP revisions, HACCP updates, training content, and 

supplier feedback, and schedules model retraining, closing 

the PDCA loop. This operating model borrows from secure 

and scalable compliance designs and continuous audit 

readiness (Bukhari et al., 2021; Cadet et al., 2024; Essien et 

al., 2025). 

Evaluation follows a quasi-experimental design using 

pre/post and matched-unit comparisons at line and shift 

levels. We construct a 6–12-month baseline window and an 

equivalent post-deployment window. Primary KPIs are NC 

rate per 10,000 units or per batch, repeat NCs by verified 

root-cause within 90 days, CAPA cycle time (record to 

verified closure), detection-to-correction lag, First Pass 

Yield (FPY), Overall Equipment Effectiveness (OEE), 

recall/waste cost, and audit closure effectiveness. Secondary 

diagnostics include false-alert dwell time, alert 

precision/recall by hazard severity, and documentation 

completeness/retrieval latency during mock audits. 

Statistical analysis employs blocked or rolling temporal 
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cross-validation for model assessment, difference-in-

differences for KPI shifts versus matched controls, and 

nonparametric tests where distributions are skewed. 

Backtesting replays historical timelines to confirm alerts 

would have fired early enough to prevent past deviations; 

benefit models estimate avoided recall/waste cost. To ensure 

generalizability, we report results by line, shift, SKU family, 

and supplier cohort, and we conduct sensitivity analyses on 

alert thresholds to expose trade-offs between sensitivity and 

alarm fatigue. These practices are consistent with risk-based 

assurance and continuous compliance measurement (Dare et 

al., 2025; Essien et al., 2023). 

Implementation is staged through a readiness assessment 

and a pilot at a high-risk CCP/OPRP. Readiness validates 

data quality, time synchronization, lineage, and cultural 

willingness to act on predictive signals (Adenuga et al., 

2024a; Bukhari et al., 2024). The pilot targets allergen 

changeovers, cold-chain integrity, or thermal lethality areas 

with frequent NCs and measurable severity. Success criteria 

pre-register expected improvements (e.g., −30% NC rate, 

−40% cycle time, −60% detection-to-correction lag). 

Training blends micro-learning for operators with deeper 

analytics literacy for quality engineers; “no-blame” incident 

reviews cultivate learning culture. SOP and HACCP updates 

are mandatory before scaling; supplier portals align 

preventive actions upstream, reflecting integrated 

governance models across networks (Cadet et al., 2024; 

Essien et al., 2025). Scaling proceeds in waves based on risk 

heat-maps; each wave publishes a benefits realization report 

to management review. 

Ethical and regulatory safeguards are embedded throughout. 

Personal data in complaints and supplier proprietary data 

follow minimization and access controls. Model governance 

documents intended use, performance bounds, and 

monitoring plans; when drift or performance decay is 

detected, retraining follows controlled change with rollback 

plans. Adversarial and robustness checks mitigate model 

fragility (Babatunde et al., 2020), and cybersecurity controls 

protect telemetry and records (Essien et al., 2019; 2020). 

Documentation bundles lineage graphs, model cards, signed 

approvals, and pre/post statistics into “evidence packs” for 

third-party and unannounced audits. This aligns with 

automated audit readiness and digital trial balance between 

compliance and operational excellence (Bukhari et al., 2021; 

Cadet et al., 2024). 

External validity is strengthened by drawing from adjacent 

sectors that have matured CAPA digitization telecom 

devices, pharmaceuticals, and logistics. Process insights on 

global CAPA scalability and cycle-time compression inform 

our workflow design (Majanoja et al., 2017), while logistics 

and infrastructure studies contribute to real-time analytics 

and autonomous interventions applicable to cold-chain and 

supplier scheduling (Adenuga et al., 2024b; 2024c; Anene 

& Clement, 2022). Strategic market positioning and 

competitive intelligence perspectives inform stakeholder 

framing and communication of benefits to leadership and 

buyers (Adenuga et al., 2025). By triangulating these 

literatures with food safety standards, the methodology 

delivers a generalizable, compliant, and economically 

defensible pathway from reactive remediation to predictive 

prevention. 

The pipeline ingests multi-source data; validates, curates, 

and featurizes; runs detection (SPC, forecasts, ML/DL, 

change-point); supports diagnosis with RCA plus SHAP; 

routes decisions by risk; executes contain/correct/prevent 

actions with e-signatures and change control via APIs to 

QMS/MES; verifies effectiveness with pre/post tests; and 

institutionalizes learning via SOP/HACCP updates and 

model retraining, underpinned by governance and audit 

trails.  

 

 
 

Fig 1: Flowchart of the study methodology 

 

3. Standards & Context 

Data-driven Corrective and Preventive Action (CAPA) 

systems sit at the intersection of recognized food safety 

frameworks and modern analytics, translating regulatory 

intent into proactive, verifiable control. In the Hazard 

Analysis and Critical Control Point (HACCP) methodology, 

hazards are identified, Critical Control Points (CCPs) and, 

where applicable, Operational Prerequisite Programs 

(OPRPs) are established, and measurable limits, monitoring, 

verification, and corrective steps are defined (Bolarinwa, 

Egemba & Ogundipe, 2025, Dare, Ajayi & Chima, 2025). A 

digital CAPA program complements this structure by using 

statistical process control, anomaly detection, and pattern 

mining to spot weak signals before limits are breached, to 

accelerate root-cause analysis when deviations occur, and to 

verify that actions taken actually prevent recurrence. In 

practice, HACCP plans become richer living documents 

when informed by data streams from sensors, line checks, 

lab results, complaints, and supplier records, because each 

CAPA cycle can adjust decision limits, sampling plans, or 

sanitation frequencies with defensible evidence rather than 

intuition. Figure 2 shows Subsystems of CAPA CAPA -

corrective and preventive action presented by Arunagiri, et 

al., 2024. 
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Fig 2: Subsystems of CAPA CAPA -corrective and preventive 

action (Arunagiri, et al., 2024) 

 

ISO 22000 frames the Food Safety Management System 

(FSMS) as two interlocking Plan-Do-Check-Act (PDCA) 

cycles: one governing the management system overall and 

one embedded in the hazard control plan. A data-driven 

CAPA architecture maps naturally to this dual PDCA. In the 

planning step, hazards and risks are analyzed and acceptance 

criteria set; data engineering pipelines define what is 

captured, how it is validated, and where it is stored 

(Atobatele, et al., 2019, Essien, et al., 2021). In the doing 

step, operations run with automated monitoring, role-based 

workflows, and change control. In the checking step, trend 

analyses, control charts, and predictive models assess 

process behavior, while internal audits, verification 

activities, and management review synthesize findings. In 

the acting step, the organization executes corrections, 

corrective actions, and preventive actions, closes records 

with effectiveness checks, and updates risk assessments and 

control measures. Because ISO 22000 emphasizes context, 

leadership, support, performance evaluation, and 

improvement, digital CAPA provides the traceable 

throughline connecting strategic risk appetite to line-level 

interventions, complete with audit trails, versioning, and 

evidence of competence and communication. 

Global Food Safety Initiative (GFSI) benchmarking 

schemes such as FSSC 22000, BRCGS, SQF, and IFS 

translate these principles into auditable requirements that 

reward robust CAPA. Auditors expect clear definitions of 

non-conformances, documented root-cause analysis, time-

bound actions, and proof of effectiveness. They also look for 

preventive thinking beyond isolated fixes: trend reviews, 

management of change, and supplier oversight that reduce 

systemic risk. Data-driven CAPA strengthens performance 

against these expectations by ensuring that every step from 

problem detection to verification is timestamped, 

attributable, complete, and retrievable. When combined with 

electronic signatures, role-based access, and immutable logs, 

the evidence set also satisfies data-integrity norms (e.g., 

ALCOA+) and electronic records controls, improving 

confidence in both internal and third-party audits (Anene & 

Clement, 2022, Benson, Okolo & Oke, 2022, Merotiwon, 

Akintimehin & Akomolafe, 2022). 

Continuous improvement under PDCA flourishes when the 

organization shifts from lagging to leading indicators. 

Traditional CAPA relies heavily on outcomes like complaint 

rates, failed checks, or finished-product rejections. Digital 

CAPA augments these with predictors such as micro-

deviations in temperature ramps, wash-water conductivity 

drift, allergen swab trend deterioration, or rising false-alarm 

density on metal detectors. Statistical and machine-learning 

models (e.g., change-point detection, time-series 

forecasting, and classification with explainability) convert 

these subtle movements into prioritized risk signals 

(Aifuwa, et al., 2025, Benson, Okolo & Oke, 2025, Essien, 

et al., 2025). The result is shorter detection-to-correction 

lag, fewer repeat findings, and more durable preventive 

actions. Crucially, model outputs are not ends in themselves; 

they feed human-in-the-loop workflows that guide 5-Why 

and Ishikawa analysis, link to Failure Mode and Effects 

Analysis (FMEA), and recommend targeted control plan 

updates at CCPs and OPRPs. 

Regulatory audit expectations whether framed by national 

authorities or by buyer standards center on demonstrable 

control, effective response, and reliable records. Inspectors 

and auditors increasingly test not just whether a corrective 

action was executed but whether it addressed the verified 

root cause and whether the process remained in control 

thereafter. Digital CAPA systems operationalize this by 

enforcing effectiveness checks, scheduling follow-ups, and 

surfacing post-action performance to confirm sustained 

improvement. They also support recall readiness through 

end-to-end traceability and rapid document retrieval, 

reducing audit stress and improving outcomes during 

unannounced visits (Akindemowo, et al., 2022, 

Eboseremen, et al., 2022). Integration with supplier quality 

management means that upstream risks specification drift, 

audit findings, or certification lapses trigger preventive 

actions at the plant before a quality event occurs, aligning 

with GFSI’s emphasis on supply-chain assurance. 

ISO 22000’s clauses on performance evaluation and 

improvement require measurement, analysis, and evaluation 

of FSMS effectiveness. Here, digital CAPA provides a 

disciplined metric stack that links shop-floor signals to 

management review. At the operational level, key indicators 

include non-conformance incidence and recurrence, CAPA 

cycle time, and detection-to-correction lag. At the process 

level, first-pass yield, overall equipment effectiveness, and 

sanitation changeover performance quantify efficiency 

impacts. At the system level, audit non-conformity closure 

rates, document completeness, and training effectiveness 

reflect governance health (Akintimehin & Sanusi, 2022, 

Benson, Okolo & Oke, 2022). Because these indicators are 

automatically generated and visualized, management can set 

evidence-based targets and allocate resources to the highest 

risk-reduction opportunities, fulfilling the PDCA 

expectation to act on insights rather than merely report 

them. 

The preventive dimension sometimes diluted in traditional 

programs reasserts itself under a data-driven paradigm. 

While ISO 9001 modernized preventive action into risk-

based thinking, food safety’s preventive controls remain 

explicit, especially where allergens, pathogens, or foreign-

material hazards are concerned. Predictive analytics make 

prevention practical by revealing drift while it is still 
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economically and hygienically cheap to fix: recalibrating a 

CIP cycle before biofilm establishes, adjusting supplier 

sampling intensity when a capability index slips, or pausing 

a filler line when torque variability predicts cap integrity 

failures (Ajuwon, et al., 2024, Cadet, et al., 2024, Udensi, 

Akomolafe & Adeyemi, 2024). Each preventive action is 

logged, linked to risk assessments, and incorporated into the 

next PDCA cycle, so prevention is no longer an abstract 

ideal but a routinely executed control. Figure 3 shows 

operational CAPA process and management model 

presented by Majanoja, Linko & Leppänen, 2017. 

 

 
 

Fig 3: Operational CAPA process and management model 

(Majanoja, Linko & Leppänen, 2017) 

 

Auditors also scrutinize competence, communication, and 

culture. A digital CAPA program clarifies roles (who 

investigates, who approves, who verifies), embeds training 

prompts when new controls are implemented, and 

documents competency assessments tied to actions taken. 

Communication improves because the same platform routes 

alerts, shares investigation progress, and provides 

dashboards tailored to operators, quality leaders, and 

executives. Culture shifts when teams see that the system 

rewards early reporting, objective analysis, and verified 

learning rather than blame or cosmetic fixes. This cultural 

dimension is central to PDCA’s “Act”: without it, 

improvements erode, and non-conformances recur 

(Atobatele, et al., 2020, Bukhari, et al., 2020, Oyedele, et 

al., 2020). 

From a standards-alignment viewpoint, the hallmark of 

maturity is coherence: HACCP plans updated by evidence, 

ISO 22000 processes that demonstrably cycle through 

PDCA using trustworthy data, and GFSI-aligned 

documentation that shows control, verification, and 

improvement. Data-driven CAPA is the connective tissue 

that makes this coherence visible and auditable. It embeds 

risk-based thinking in daily operations, accelerates the 

migration from corrective to preventive posture, and anchors 

management review in metrics that matter to regulators, 

customers, and consumers. As food systems digitize from 

IoT-enabled equipment to cloud LIMS and supplier portals 

the opportunity is to treat CAPA not as a back-office chore 

but as the central nervous system of the FSMS, continuously 

sensing, learning, and adapting. In that role, CAPA becomes 

the practical expression of standards and the everyday 

engine of continuous improvement (Ajayi, et al., 2023, 

Essien, et al., 2023, Obadimu, et al., 2023). 

 

4. Conceptual Framework 

A conceptual framework for Data-Driven Corrective and 

Preventive Action (CAPA) systems represents the logical 

backbone that explains how digital intelligence transforms 

routine quality responses into an adaptive, continuously 

improving process. At its core, the framework follows a 

cyclic loop of detect, diagnose, decide, act, verify, and learn 

an evolution of the traditional PDCA principle enriched by 

real-time data, predictive analytics, and cross-functional 

visibility. In food safety management, where the cost of 

failure can manifest in recalls, reputational loss, and public 

health impacts, a data-driven CAPA framework enables not 

just faster correction but genuine prevention by embedding 

analytical insight into every stage of operational control 

(Essien, et al., 2020, Obadimu, et al., 2021, Oluyemi 

Merotiwon, Akintimehin & Akomolafe, 2021). 

The detect phase begins with the identification of deviations, 

anomalies, or potential risks across multiple data sources. 

These may include process parameters, CCP monitoring 

logs, environmental swabs, supplier data, complaint records, 

or IoT sensor outputs. The key shift from conventional 

CAPA lies in the proactive nature of detection: rather than 

waiting for non-conformances, statistical process control, 

machine learning models, and anomaly detection algorithms 

continuously monitor trends to identify weak signals that 

precede quality drift. Early detection relies on integrating 

structured and unstructured data into a governed architecture 

where patterns of deviation, such as temperature fluctuations 

or increased microbial counts, can trigger automated alerts 

(Ayodeji, et al., 2022, Babatunde, et al., 2022, Merotiwon, 

Akintimehin & Akomolafe, 2022). This capability ensures 

that data acts as the first line of defense, allowing 

intervention before a deviation crosses a critical limit. 

Once a potential issue is detected, the diagnose phase 

engages root cause analysis (RCA) methods that combine 

human expertise with data-assisted reasoning. Traditional 

RCA tools such as the 5-Why technique, the Ishikawa 

(fishbone) diagram, and Failure Mode and Effects Analysis 

(FMEA) remain essential but are now augmented by 

analytics that quantify risk severity, occurrence, and 

detectability. For instance, instead of guessing which 

variable might have influenced a process deviation, 

correlation analysis and feature-importance algorithms 

identify the most probable contributors. This integrated 

RCA allows practitioners to visualize cause–effect chains 

supported by empirical evidence, reducing subjectivity and 

improving the precision of corrective actions. In data-driven 

CAPA, diagnosis is not a static exercise but a continuous 

validation loop each finding feeds back into the predictive 

models to refine their accuracy over time (Adenuga, et al., 

2025, Benson, Okolo & Oke, 2025, Udensi, Akomolafe & 

Adeyemi, 2025). 

The decide phase represents the bridge between analysis and 

intervention. Here, digital CAPA systems use workflow 

engines, decision trees, and automated risk scoring to 

prioritize actions according to impact and urgency. Artificial 

intelligence supports decision-making by ranking potential 

corrective or preventive actions based on their predicted 

effectiveness, cost, and implementation feasibility. For 

example, a contamination risk triggered by temperature 

deviation might prompt decisions ranging from recalibration 

of sensors to modification of cleaning-in-place cycles or 

staff retraining (Aduwo & Nwachukwu, 2019, Essien, et al., 

2019). Decision support also considers the integration of 

change control, ensuring that modifications to process 

parameters, formulations, or supplier inputs are documented, 

risk-assessed, and authorized. This disciplined structure 

http://www.multiresearchjournal.com/


International Journal of Advanced Multidisciplinary Research and Studies   www.multiresearchjournal.com 

912 

prevents unintended consequences and aligns with 

regulatory expectations for traceable, validated decision 

pathways. 

The act phase transforms decisions into concrete 

interventions. In a digital CAPA framework, this step is 

supported by workflow automation, electronic signatures, 

and real-time status tracking. Each action whether corrective 

(eliminating a detected non-conformance) or preventive 

(reducing the probability of recurrence) is linked to 

responsible persons, deadlines, and performance indicators 

(Adenuga & Okolo, 2021, Essien, et al., 2021, Umekwe & 

Oyedele, 2021). The system ensures accountability and 

visibility by notifying relevant departments and maintaining 

auditable records. Integration with enterprise systems such 

as ERP, LIMS, or MES enables direct execution of control 

adjustments, document updates, or supplier notifications. 

This seamless orchestration minimizes delays between 

identification and implementation, a common weakness in 

manual CAPA processes. Figure 4 shows figure of CAPA 

System management presented by Raj, 2016. 

 

 
 

Fig 4: CAPA System management (Raj, 2016) 

 

Verification closes the immediate CAPA cycle by assessing 

the effectiveness of actions taken. Data-driven verification 

relies on quantitative evidence rather than subjective 

judgment. Statistical comparisons before and after 

intervention determine whether non-conformance rates, 

process variability, or defect frequencies have improved 

significantly. Dashboards display metrics such as CAPA 

closure time, recurrence frequency, and detection-to-

correction lag, enabling management to monitor both 

operational efficiency and systemic resilience. The 

verification process also ensures compliance with audit 

requirements by producing traceable documentation that 

connects the root cause, action plan, and outcome key 

evidence during regulatory inspections and certification 

audits under ISO 22000 or GFSI-benchmarked standards 

(Essandoh, et al., 2025, Fidel-Anyana, et al., 2025, Udensi, 

Akomolafe & Adeyemi, 2025). 

The final phase, learn, transforms the CAPA process into a 

dynamic knowledge system. Lessons derived from 

completed CAPAs are aggregated into a central repository 

accessible across plants, suppliers, and quality teams. 

Machine learning models retrain on new data to enhance 

predictive accuracy, while human teams review case 

histories to identify recurring patterns or emerging risks. 

Learning extends to process optimization standard operating 

procedures, training curricula, and hazard analyses are 

revised to incorporate insights from previous deviations. By 

institutionalizing learning, organizations move beyond 

compliance into continuous improvement, where every non-

conformance becomes a data point in the refinement of 

quality strategy (Ayanbode, et al., 2023, Bukhari, et al., 

2023, Merotiwon, Akintimehin & Akomolafe, 2023). 

Within this cyclical loop, the linkage of RCA tools to 

preventive controls and change management provides the 

structural integrity that ensures sustainability. The 5-Why 

analysis, for example, isolates the logical chain of causation, 

but when combined with predictive data, it gains a 

probabilistic dimension showing not only what caused a 

problem but also which factors statistically increase its 

likelihood. The Ishikawa diagram, traditionally a 

brainstorming tool, becomes interactive in digital CAPA 

environments, automatically populated with real-time 

metrics under categories such as materials, methods, 

machines, manpower, measurement, and environment 

(Ajayi, et al., 2024, Cadet, et al., 2024, Obadimu, et al., 

2024). Similarly, FMEA evolves from a static spreadsheet 

exercise into a live risk model that recalculates risk priority 

numbers (RPN) dynamically as new process data arrives. 

Each of these RCA tools connects directly to preventive 

controls: temperature limits, cleaning frequencies, or 

allergen segregation measures are continuously reviewed 

and refined. Change control acts as the gatekeeper, ensuring 

that preventive modifications undergo proper evaluation, 

documentation, and approval before implementation. This 

interconnection creates a traceable, closed-loop system 

where every preventive action is both data-justified and 

regulatory-compliant. 

Another critical feature of the conceptual framework is the 

integration of leading and lagging indicators. Traditional 

CAPA metrics complaint rates, recall incidents, audit 

findings are lagging indicators that measure outcomes after 

failure. While necessary for compliance, they offer limited 

foresight. In contrast, leading indicators provide early 

signals of system health and potential risk. These include 

trends in environmental monitoring data, calibration drift, 

training compliance rates, near-miss reports, and process 

capability indices. Advanced analytics combine both types 

of indicators into a balanced scorecard (Ajakaye & Lawal, 

2022, Bukhari, et al., 2022). For instance, a leading 

indicator such as increasing micro-variance in temperature 

data might trigger a preventive action long before it 

manifests as a lagging indicator like microbial 

contamination. The interplay between leading and lagging 

measures fosters predictive governance: the organization 

can quantify not just what went wrong, but what might go 

wrong if left unaddressed. 

In operationalizing these concepts, digital CAPA dashboards 

visualize relationships among detection events, root causes, 

actions, and outcomes across time. Predictive analytics 

platforms may assign confidence intervals to each forecasted 

risk, while natural language processing tools analyze 

narrative reports for emerging trends. Each data element is 

timestamped, user-attributed, and version-controlled, 

ensuring full traceability. Importantly, human oversight 

remains central data models augment rather than replace 

expert judgment. Cross-functional review boards interpret 

insights, prioritize improvements, and ensure that corrective 

and preventive actions align with strategic objectives such 
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as zero-defect manufacturing or regulatory excellence 

(Aduwo & Nwachukwu, 2025, Benson, Okolo & Oke, 2025, 

Essien, et al., 2025). 

The conceptual framework also supports scalability across 

multiple facilities and suppliers. Because the CAPA loop is 

inherently modular, each stage can be replicated, 

benchmarked, and compared. Plants can share performance 

data to identify best practices, while global quality teams 

can conduct meta-analyses of CAPA effectiveness. This 

systemic visibility is vital in modern food supply chains, 

where risks are distributed across complex networks of raw 

materials, co-packers, logistics providers, and distributors. A 

data-driven CAPA framework serves as the unifying thread 

that ensures all nodes operate under a shared philosophy of 

detection, prevention, and continuous learning (Ajayi, 2022, 

Benson, Okolo & Oke, 2022, Oyedele, et al., 2022). 

Ultimately, the framework redefines CAPA as both a 

scientific and cultural process. Scientifically, it embeds data 

analytics into each decision node, converting raw 

information into actionable intelligence. Culturally, it 

reinforces accountability, transparency, and collaboration 

essential attributes of a mature quality organization. The 

detect–diagnose–decide–act–verify–learn cycle functions 

not as a linear workflow but as a continuous spiral of 

improvement, each iteration producing richer data and 

deeper understanding. By integrating classical RCA 

methodologies, robust preventive controls, disciplined 

change management, and balanced indicators, the data-

driven CAPA conceptual framework provides a 

comprehensive blueprint for quality assurance optimization 

(Atobatele, et al., 2023, Essien, et al., 2023, Oladimeji, et 

al., 2023). It transforms reactive compliance into proactive 

excellence, ensuring that food safety management systems 

evolve with precision, resilience, and foresight in an 

increasingly data-centric world. 

 

5. System Architecture 

A robust system architecture for data-driven Corrective and 

Preventive Action (CAPA) in food manufacturing begins by 

treating quality information as a continuously flowing graph 

of events rather than a set of isolated records. The 

foundation is comprehensive, harmonized data capture from 

all points where safety and quality signals originate. IoT 

streams from equipment sensors and environmental 

monitors provide second-to-second context on temperatures, 

pressures, flow rates, wash-water conductivity, humidity, 

and airborne particulates. CCP and OPRP logs from 

HACCP monitoring limit values, checks, and deviations 

arrive as structured, timestamped entries. Laboratory data 

from LIMS contributes microbiological counts, allergen 

swab results, chemical residue tests, and shelf-life stability 

outcomes, typically batched but increasingly available 

through event-driven interfaces. MES and SCADA systems 

add production states, batch genealogy, downtime codes, 

set-point changes, and clean-in-place cycles directly from 

PLCs and historian databases (Essien, et al., 2020, Oluyemi 

Merotiwon, Akintimehin & Akomolafe, 2020). Customer 

complaints and market feedback, often unstructured, are 

ingested as text, images, and attachments, enabling natural 

language processing to surface patterns in odor, taste, 

texture, packaging integrity, or allergen incidents. Supplier 

data spans certificates of analysis, delivery temperatures, 

audit findings, non-conformance reports, and performance 

scorecards; these external signals are essential for predictive 

risk modeling because they often foreshadow plant-level 

deviations. Together, these sources form a multi-modal 

signal fabric that allows CAPA to move from reactive case 

closure to proactive deviation prevention. 

Engineering these data into a usable substrate requires a 

disciplined ingestion and transformation layer. Edge 

gateways near equipment normalize industrial protocols 

(OPC UA, Modbus, EtherNet/IP) and buffer data to tolerate 

network blips, while lightweight analytics at the edge can 

perform initial validation and threshold checks to reduce 

backhaul noise. A streaming backbone commonly a pub/sub 

bus collects sensor and event streams, complemented by 

batch connectors for LIMS, ERP, complaint portals, and 

supplier systems (Anene & Clement, 2024, Dare, Ajayi & 

Chima, 2024). Change-data capture from MES and quality 

databases ensures the architecture reacts to new records 

without nightly delays. A lakehouse pattern is well suited: 

raw zones preserve source fidelity for auditability; curated 

zones enforce conformed schemas; and semantic marts 

deliver analytics-ready views for CAPA, HACCP trending, 

and management review. Data contracts and schema 

registries stabilize interfaces, with automated tests rejecting 

malformed payloads. Quality gates completeness, 

timeliness, range checks, referential integrity, and statistical 

drift monitors are enforced on ingestion, writing failed 

events to quarantine with reason codes so that upstream 

owners can correct issues quickly. 

A feature store sits atop the curated layers and provides 

consistent, documented features for both real-time scoring 

and offline model training. Typical features include rolling 

z-scores of CCP temperatures, EWMA of sanitation 

chemistry, change-point likelihoods in cooling curves, 

complaint topic prevalence over trailing windows, supplier 

on-time in-temperature delivery ratios, and equipment-

specific vibration signatures. The feature store versions 

definitions, tracks lineage from source to feature, and 

materializes online/offline parity to avoid training-serving 

skew. Time alignment is crucial in food safety; all events 

must be synchronized to a common clock, with late-arriving 

data handled by watermarking and backfill procedures so 

investigations can reconstruct true sequences (Aduwo, 

Akonobi & Okpokwu, 2019, Essien, et al., 2019). 

Governance and security are non-negotiable because the 

same system that powers analytics will be scrutinized during 

audits. Role-based access control, need-to-know scoping, 

and attribute-based policies fence sensitive datasets such as 

complaint PII or supplier proprietary information. 

Encryption in transit and at rest is standard, with hardware 

security modules for key management where required. Data 

integrity follows ALCOA+ principles: all records must be 

attributable, legible, contemporaneous, original, and 

accurate, with completeness, consistency, endurance, and 

availability verified through system controls. Immutable 

audit logs record every write, update, approval, and 

electronic signature with user, timestamp, device fingerprint, 

and reason codes. Retention schedules reflect regulatory and 

customer requirements, and tamper-evident storage (e.g., 

append-only logs) ensures that investigation trails cannot be 

altered (Adenuga, et al., 2024, Cadet, et al., 2024, Udensi, 

Akomolafe & Adeyemi, 2024). Data stewardship roles, 

glossaries, and catalog metadata make the architecture 

discoverable; every metric on a dashboard must be traceable 

to its source through lineage visualization, a frequent request 

in third-party and unannounced audits. 
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Above the data platform sits the analytics and workflow 

plane that operationalizes CAPA. Anomaly detection 

services run continuously on streaming features, from 

simple SPC rules and run-chart violations to multivariate 

methods that detect subtle co-movements across lines and 

shifts. Forecasting models classical time series and machine-

learning ensembles predict the probability that a process will 

breach a critical limit within a defined horizon, enabling 

preemptive interventions. Classification models flag likely 

root causes given observed patterns, while topic models and 

classifiers triage complaint narratives into standardized 

categories to speed investigation. Each model is registered 

in an MLOps framework with versioning, performance 

metrics, input validation, and bias/drift monitoring; 

approvals for model promotion are gated by documented 

testing and risk assessment (Akintimehin, et al., 2025, 

Benson, Okolo & Oke, 2025, Obadimu, et al., 2025). 

Explainability is integral: SHAP or similar methods reveal 

which variables most influenced a prediction, supplying 

objective inputs for 5-Why analysis and Ishikawa diagrams 

and making preventive actions defensible. 

Workflow orchestration translates signals into action. When 

anomalies or forecasts exceed risk thresholds, the system 

generates CAPA records pre-populated with context: 

implicated batches, equipment IDs, operator shifts, recent 

set-point changes, supplier lots, complaint clusters, and 

comparable historical incidents. Routing logic applies RACI 

rules to assign investigators, approvers, and verifiers. 

Electronic signatures comply with electronic records 

expectations, while configurable checklists ensure that 

investigations cover containment, correction, root cause, 

corrective action, preventive action, and effectiveness 

verification. Due dates, escalation paths, and SLA timers 

reduce closure time and keep leadership visibility high 

through dashboards that show aging items and bottlenecks 

(Ajayi, et al., 2024, Bukhari, et al., 2024, Merotiwon, 

Akintimehin & Akomolafe, 2024). Integration with change 

control ensures that any modification to procedures, limits, 

formulations, or supplier status is risk-assessed, approved, 

communicated, and trained before activation. Once actions 

are executed recalibrating sensors, increasing sanitation 

frequency, updating allergen segregation SOPs, or adjusting 

supplier sampling plans the verification engine compares 

pre- and post-action metrics, statistically testing for 

sustained improvement and automatically scheduling 

follow-up checks to prevent backsliding. 

The architecture relies on well-designed APIs to connect 

with the wider enterprise ecosystem. Bidirectional interfaces 

synchronize master data with ERP (materials, suppliers, 

specs), feed and retrieve test results from LIMS, post 

equipment states and parameters to MES/SCADA, and link 

with document control for SOP versions and training 

records. External APIs exchange data with supplier portals 

for certificates, audits, and non-conformances, enabling 

network-wide risk scoring that can throttle receiving 

inspections based on live performance. Event webhooks 

allow downstream systems recall management, customer 

service, or regulatory reporting to subscribe to CAPA status 

changes. A developer portal and API gateway manage 

authentication, throttling, and monitoring, while sandbox 

environments let IT validate integrations without touching 

production data (Adenuga, et al., 2024, Dare, Ajayi & 

Chima, 2024). 

User experience matters because adoption determines 

effectiveness. Role-specific workspaces give operators 

simple, real-time views of process health and guided 

checklists; quality engineers access root-cause analytics, 

trend explorers, and model insights; managers see KPI 

scorecards non-conformance rate, repeat findings, cycle 

time, detection-to-correction lag, and audit readiness metrics 

drilled by plant, line, product family, and supplier. Mobile 

apps support photo capture, barcode scanning for genealogy, 

and on-floor approvals, while offline modes sync when 

connectivity returns. Alerts are noise-managed through risk-

based thresholds, deduplication, and “cool-down” rules, 

with clear explanations of why each alert fired to avoid 

alarm fatigue (Adenuga, Ayobami & Okolo, 2019, Essien, et 

al., 2021). 

Resilience is engineered in from the start. The platform is 

designed for high availability across zones, with message 

replay, idempotent processors, and blue-green deployments 

minimizing disruption. Backups, disaster recovery plans, 

and periodic failover tests ensure business continuity. 

Performance scales elastically with demand peaks during 

audits or recalls. Multi-site and multi-tenant capabilities 

allow organizations to separate plants while benchmarking 

them against standardized metrics; best-practice CAPAs can 

be templatized and shared across the network to accelerate 

learning. 

Finally, the system architecture closes the loop by 

converting every CAPA into institutional knowledge. 

Completed cases, their root causes, actions, and outcomes 

flow into a knowledge base that feeds training curricula, 

hazard re-evaluations, and supplier development plans. 

Models retrain on the enriched dataset, improving early-

warning precision and reducing false positives. Governance 

boards periodically review CAPA effectiveness reports, 

adjust risk appetites and thresholds, and set enterprise-level 

goals for prevention (Aduwo & Nwachukwu, 2025, Benson, 

Okolo & Oke, 2025, Obadimu, et al., 2025). In this way, the 

architecture does more than house data and workflows it 

becomes the nervous system of the Food Safety 

Management System, sensing weak signals, coordinating 

fast and compliant responses, and strengthening the 

organization’s ability to prevent non-conformances before 

they threaten consumers or the brand. 

 

6. Methods & Models 

Methods and models for data-driven Corrective and 

Preventive Action (CAPA) translate operational signals into 

prioritized interventions that reduce non-conformances, 

shorten cycle times, and prevent recurrence. The 

methodological spine couples statistical process control with 

forecasting, machine learning, deep learning, and change-

point detection to move organizations from reactive quality 

to predictive governance. Because food manufacturing data 

are temporal, heterogeneous, and noisy, the toolkit must 

accommodate irregular sampling, seasonality, and shifts 

across lines and shifts while remaining auditable for 

regulators and customers. All methods must integrate with 

CAPA workflows through clear roles, auditable records, and 

measurable effectiveness checks that demonstrate sustained 

control after actions are closed and codified in procedures. 

This alignment protects consumers, reduces waste, and 

builds lasting regulatory confidence (Atobatele, et al., 2023, 

Etim, et al., 2023, Oladimeji, et al., 2023). 
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Time-series analysis begins with control charts that provide 

simple, explainable surveillance. Individuals and moving-

range (I-MR) charts, X-bar/R charts, and EWMA charts 

convert streams such as fill weight, brine conductivity, or 

retort temperature into statistically grounded alerts. Rules 

for runs, trends, and zone violations detect departures from 

common-cause variation, creating early warnings that are 

easy to justify in audits. 

Forecasting complements charts by anticipating excursions 

before limits are breached. ARIMA handles autocorrelation 

and seasonality in continuous measurements, while 

Prophet’s decomposable model captures multiple 

seasonalities and production calendars. Forecast intervals 

translate into risk bands: rising probability that core 

temperature will undershoot a critical limit can trigger 

preventive actions such as adjusting ramp profiles or 

extending hold times. Forecasts also stabilize scheduling of 

verification tasks by predicting when calibration drift will 

cross tolerance (Ajayi, et al., 2025, Benson, Okolo & Oke, 

2025, Dare, Ajayi & Chima, 2024). 

Machine learning extends detection to multivariate signals. 

Gradient boosting machines and random forests capture 

nonlinear interactions among equipment states, raw-material 

attributes, micro results, ambient conditions, and operator 

behaviors. Typical targets include binary events such as out-

of-spec CCP checks, near-miss contamination flags, or 

packaging integrity failures. Feature engineering is pivotal: 

rolling z-scores, rate-of-change descriptors, capability 

indices, lagged deltas, and cross-stream ratios encode 

process physics into predictors. 

Deep learning earns its place when sequence dependencies 

dominate. Long Short-Term Memory networks model long-

range temporal structure in sensor arrays, recognizing 

precursors that span hours across cook–cool cycles, clean-

in-place sequences, or start-ups. Multivariate LSTM or 

temporal convolutional networks ingest synchronized 

streams temperature, vibration, valve positions, and 

chemical dosing and emit a rolling risk score. Autoencoders 

learn normal behavior and signal anomalies via 

reconstruction error, useful when labels are sparse. Careful 

regularization, dropout, and early stopping prevent 

overfitting (Aduwo, Akonobi & Okpokwu, 2019, Essien, et 

al., 2021). 

Change-point detection pinpoints moments when process 

behavior shifts. Bayesian online change-point detection or 

nonparametric methods identify breaks in means, variances, 

or dependence structures. Detected change-points are 

operationally meaningful: a sanitation cycle that failed to 

reset baseline micro levels, a wear-out step after a 

maintenance event, or a supplier lot switch that altered 

viscosity distributions. These markers seed targeted CAPAs 

and segment the timeline for fair model evaluation. 

Explainability is essential for auditable root-cause analysis. 

Feature importance from boosting or forests provides a 

global ranking of drivers; SHAP (SHapley Additive 

exPlanations) adds local attribution by quantifying each 

feature’s contribution for a specific prediction. Investigators 

can see, for a batch at risk, that rising cooling-water 

temperature and filler torque variance jointly raised the 

score. Partial-dependence and accumulated-local effects 

plots translate black-box behavior into policy. Explanations 

link directly to 5-Why and Ishikawa diagrams and update 

FMEA severity, occurrence, and detectability, ensuring that 

model insights become preventive controls and change-

control requests rather than reports (Ajakaye & Lawal, 

2023, Bukhari, et al., 2023, Obuse, et al., 2023). 

Validation must mirror reality. Temporal cross-validation 

avoids leakage by training on earlier windows and testing on 

later windows; folds are blocked or rolling to simulate the 

information available at decision time. Stratification by line 

and shift prevents a model from overfitting one production 

context and failing in another. Backtesting replays historical 

timelines, triggering alerts only when they would have been 

available, and evaluates operational metrics: detection-to-

correction lag, prevented deviations per hundred alerts, and 

false-alert dwell time. Calibration curves confirm that 

predicted probabilities are trustworthy for risk-based 

prioritization. 

MLOps disciplines keep models reliable after deployment. 

Data pipelines implement schema tests, range checks, and 

freshness SLAs; a registry tracks versions, training data 

lineage, and approval status. Champion–challenger 

frameworks allow new models to run in shadow mode 

before promotion, with statistical tests comparing alert yield 

and business impact. Drift monitors watch inputs and 

prediction stability by line and shift; when drift exceeds 

thresholds or performance decays, retraining pipelines are 

triggered. Retraining is governed like any process change: 

documented, risk-assessed, signed electronically, and rolled 

out with rollback plans (Atobatele, Hungbo & Adeyemi, 

2019, Etim, et al., 2019). 

An end-to-end scenario shows the orchestration. Streaming 

sensors feed charts and detectors; an LSTM risk score rises 

during a thermal process, while change-point logic flags a 

variance jump after a valve service. The platform opens a 

CAPA pre-populated with lot genealogy, operator IDs, 

supplier deliveries, and events on adjacent lines. A gradient 

boosting model proposes likely root causes with SHAP 

evidence, ranking cooling-water instability and filler torque 

variability. The investigator runs a guided 5-Why, attaches 

Ishikawa visuals auto-populated with top SHAP features, 

and submits corrective and preventive actions. E-signatures 

capture approvals; APIs push changes to MES, LIMS, and 

document control. Verification compares pre- and post-

action distributions and schedules follow-up checks; 

recurrence drops and cycle time shortens. 

Design choices ensure practicality. Baselines such as 

EWMA charts and logistic regression should anchor the 

stack; complex models must beat baselines not only on AUC 

but on intervention value deviations avoided per alert and 

reduction in closure time. Thresholds encode asymmetric 

costs: missing a pathogen excursion is worse than a false 

alarm, so sensitivity is favored where hazards are severe. 

Class-wise metrics and decision analyses make trade-offs 

explicit. Probability calibration enables tiered responses: 

observation, containment, or shutdown (Ariyo, et al., 2023, 

Merotiwon, Akintimehin & Akomolafe, 2023, Umekwe & 

Oyedele, 2023). 

Finally, methods and models succeed only when embedded 

in the CAPA culture. Feature stores and reproducible 

pipelines lower friction for iteration; dashboards expose 

balanced leading and lagging indicators to guide 

management review. Lessons from verification feed back 

into features and training sets, improving precision and trust. 

Over time, the portfolio evolves: some models are retired, 

others become standard controls. The result is a virtuous 

loop where detection informs diagnosis, decisions are data-

backed, actions are timely and verified, and learning 
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continuously strengthens preventive control and change 

management. 

 

7. Implementation Roadmap 

A practical implementation roadmap for a data-driven 

Corrective and Preventive Action (CAPA) program begins 

with readiness assessment and proceeds through a tightly 

scoped pilot at a high-risk Critical Control Point (CCP) or 

Operational Prerequisite Program (OPRP), then scales in 

deliberate waves while hard-wiring thresholds, alerting 

logic, roles and responsibilities, standard operating 

procedure (SOP) updates, and competency development into 

the existing Quality Management System (QMS). Readiness 

assessment establishes whether the foundational capabilities 

data availability, governance, infrastructure, and leadership 

sponsorship are in place to support predictive CAPA 

(Essien, et al., 2020, Oluyemi Merotiwon, Akintimehin & 

Akomolafe, 2020). It inventories data sources (IoT 

telemetry, CCP logs, LIMS, MES/SCADA, complaint 

narratives, supplier performance), evaluates their 

completeness, latency, and integrity, and documents gaps 

that would undermine signal quality. It verifies basic 

controls such as time synchronization across systems, 

lineage tracking, and role-based access. It also tests cultural 

readiness: whether teams are willing to act on model-

generated insights, whether there is a shared vocabulary for 

risk, and whether management will protect time for root-

cause analysis and post-implementation verification. The 

outcome of readiness is a go/no-go decision plus a 

prioritized remediation list, a governance charter naming a 

business owner for CAPA analytics, a product owner for the 

workflow toolset, and a data steward for each critical 

dataset. 

With preconditions met, the organization launches a pilot at 

a high-risk CCP/OPRP where the frequency and severity of 

deviations justify focused attention and where outcomes are 

measurable within weeks. The pilot site is chosen using a 

risk matrix that weighs hazard severity (e.g., pathogen 

control, allergen segregation, foreign-material exclusion), 

process capability, past recurrence of non-conformances, 

and the availability of clean historical data for backtesting. 

A written experiment design sets explicit objectives such as 

a 25% reduction in repeat NCs, a 30% reduction in CAPA 

cycle time, and a 20% reduction in detection-to-correction 

lag along with acceptance criteria and guardrails that 

prevent unintended consequences like excessive false alarms 

or production slowdowns (Ajayi, et al., 2023, Kingsley, 

Akomolafe & Akintimehin, 2023, Oladimeji, et al., 2023). 

A small cross-functional squad (quality, operations, 

maintenance, data/IT, and regulatory) runs the pilot with a 

weekly cadence, using a visible Kanban to track detection 

improvements, investigations, action items, verification 

tasks, and lessons learned. 

Thresholds and alerting logic must be engineered before the 

first production alert fires. Baseline statistical control rules 

(e.g., EWMA, runs) are established for each monitored 

parameter and then augmented by predictive models where 

justified by historical behavior. Alert tiers are defined so 

minor drifts trigger observation and targeted checks, 

moderate signals trigger containment and expedited 

investigation, and critical signals trigger immediate line 

holds or segregation per HACCP decision trees. To avoid 

alarm fatigue, deduplication and “cool-down” rules suppress 

cascades of near-duplicate alerts, while explainability 

artifacts show why an alert triggered (for example, a rising 

probability of under-pasteurization due to a slow change-

point in heat-up slope combined with elevated cooling-water 

temperature variance). The alerting service pre-populates 

CAPA records with implicated batches, equipment IDs, shift 

and operator context, recent set-point changes, and supplier 

lots to accelerate action (Cadet, et al., 2021, Essien, et al., 

2021, Oyedele, et al., 2021). 

Roles and responsibilities are clarified through a RACI map 

that is published and trained at the pilot site. Investigators 

are responsible for root-cause analysis within a defined time 

window; quality leads are accountable for the adequacy of 

containment, correction, and preventive actions; engineering 

and maintenance are consulted for equipment and controls; 

production supervisors are consulted for scheduling impacts; 

and regulatory/compliance are informed throughout. 

Electronic signatures and approvals are configured to match 

the RACI, with time-bound service level agreements for 

each stage (Adenuga, et al., 2024, Balogun, Abass & Didi, 

2024). The program enforces effectiveness checks 

quantitative tests run after actions close to validate that 

recurrence has dropped and process capability improved. 

Missed SLAs or failed effectiveness checks automatically 

escalate to management review. 

SOP updates are essential to convert pilot learnings into 

durable practice. Each corrective or preventive action that 

changes how the process is run, monitored, or maintained 

must be reflected in controlled documents, training content, 

and HACCP plan revisions. Document control ensures 

versioning, impact analysis, and training acknowledgement 

before go-live. For example, if the pilot shows that small 

drifts in wash-water conductivity predict microbial 

excursions, the sanitation SOP may be updated to add an in-

shift verification and corrective response chart, while the 

change-control record documents the risk assessment, 

validation, and approvals. Where supplier performance is 

implicated, the supplier quality manual and incoming 

inspection plans are adjusted, and supplier CAPAs are 

coordinated through the portal with aligned metrics and 

timelines (Aduwo, Akonobi & Okpokwu, 2020, Oluyemi 

Merotiwon, Akintimehin & Akomolafe, 2020). 

Training and culture make or break implementation. The 

pilot includes targeted micro-learning modules for operators 

and technicians that explain the “why” behind the alerts, 

how to capture evidence, and how to execute investigations 

free of blame. Quality engineers receive deeper training on 

trend analysis, model outputs, and explainability tools (e.g., 

SHAP plots) to tie data to 5-Why and Ishikawa artifacts. 

Supervisors practice incident command for containment and 

communication. A recognition mechanism highlights early 

detections and effective preventive actions to reinforce the 

desired behaviors (Essien, et al., 2022, Merotiwon, 

Akintimehin & Akomolafe, 2022). Periodic “CAPA stand-

downs” review recent cases in an open, learning-oriented 

forum, and managers visibly use the dashboards in daily 

huddles to anchor PDCA. This cultural reinforcement 

signals that predictive CAPA is not a surveillance tool to 

fault individuals but a system to remove sources of variation 

and hazard. 

Integration with the QMS ensures that the new capabilities 

are not a parallel universe. The CAPA workflow tool 

interfaces with existing deviation management, complaint 

handling, document control, training records, and internal 

audit modules. Master data (materials, specifications, 
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equipment, suppliers) remains authoritative in ERP/QMS; 

the analytics layer reads, does not rewrite, those records 

through governed APIs. Each CAPA, whether triggered by a 

predictive alert or a traditional non-conformance, follows 

the same controlled lifecycle framed by the QMS: 

containment, correction, root-cause analysis, corrective 

action, preventive action, effectiveness verification, and 

closure (Akindemowo, et al., 2024, Essien, et al., 2024, 

Obuse, et al., 2024). Internal audit checklists are updated to 

test data integrity, explainability availability, and evidence 

of effectiveness checks, while management review agendas 

include leading indicators (e.g., near-miss trends, forecasted 

risk windows) alongside lagging metrics. 

Change-management discipline carries the program beyond 

the pilot. A formal plan articulates the case for change, 

stakeholder mapping, communication channels, and a staged 

rollout schedule. The plan adopts a proven model such as 

ADKAR or Kotter to ensure awareness, desire, knowledge, 

ability, and reinforcement. Communication timelines 

include town halls before each wave, weekly updates during 

rollout, and retrospectives that publicize wins and address 

friction. A help-desk and “CAPA coach” network provide 

on-floor support in the first eight weeks of each wave. 

Technical change is controlled through a release train that 

bundles model updates, threshold adjustments, dashboard 

enhancements, and integration patches; each release 

includes validation scripts, rollback plans, and a cutover 

checklist to protect production (Atobatele, Hungbo & 

Adeyemi, 2019, Udensi, Akomolafe & Adeyemi, 2025). 

Scaling proceeds in waves that follow the risk map created 

during readiness. After demonstrating success at the first 

CCP/OPRP, the program onboards the next two or three 

units with similar hazard profiles to maximize reuse of 

features, models, SOP templates, and training. At each 

wave, the team measures business impact rigorously: 

reduction in repeat NCs, CAPA cycle time, detection-to-

correction lag, audit non-conformity closure rates, 

recall/waste cost, and first-pass yield or OEE improvements. 

These results, along with qualitative feedback, inform 

threshold tuning, alert routing, and training refinements 

(Adenuga, Ayobami & Okolo, 2020, Oluyemi Merotiwon, 

Akintimehin & Akomolafe, 2020). The organization also 

conducts a quarterly governance review where leadership 

sets risk appetite (for example, the tolerated false-positive 

rate for high-severity hazards), approves expansion 

priorities, and allocates resources. 

Sustainability requires MLOps and data stewardship 

embedded in routine operations. Data quality monitors run 

continuously, with ownership for remediation assigned to 

system stewards. Model drift dashboards surface shifts by 

line and shift; when drift crosses thresholds or performance 

degrades, retraining jobs run on recent data, and promotions 

follow documented approvals. Every model and threshold 

change is treated as controlled change, with updated risk 

assessments and training where user behavior is affected. A 

knowledge base accumulates completed CAPAs, their 

causes, actions, and outcomes, enabling search and reuse; 

monthly pattern reviews look for cross-site learnings and 

systemic risks that warrant enterprise-level preventive 

programs (Adenuga, et al., 2024, Bukhari, et al., 2024, 

Merotiwon, Akintimehin & Akomolafe, 2024). 

Regulatory and customer audit expectations are woven into 

the roadmap. Before each wave, the team prepares an “audit 

storyboard” that demonstrates how alerts are generated, why 

they are trustworthy, how actions are approved, and how 

effectiveness is proven. Evidence packets include lineage 

from source data through feature calculations to model 

outputs, signed approvals with timestamps, and pre/post 

statistical comparisons. Mock audits test retrieval speed and 

completeness. Supplier-facing components are aligned with 

GFSI-benchmarked requirements so that preventive actions 

can be coordinated upstream with clear SLAs and shared 

dashboards. 

In the end, the implementation roadmap succeeds when 

every element readiness diagnostics, a well-designed pilot at 

a high-risk CCP/OPRP, disciplined thresholds and alerting, 

crisp RACI and approvals, living SOPs, committed training 

and culture, and deep integration with the QMS under an 

explicit change-management plan converges into a self-

reinforcing system. The organization experiences fewer 

surprises, faster and more effective investigations, 

measurable declines in recurrence, and improved audit 

outcomes (Ayobami, et al., 2023, Eboseremen, et al., 2022, 

Ogedengbe, et al., 2022). Operators gain clarity, engineers 

gain evidence, managers gain foresight, and customers gain 

confidence. With each wave, predictive CAPA becomes less 

a project and more the operating system of food safety, 

continuously refining controls and decisions as new data 

arrives, and translating insights into safer products, leaner 

processes, and a culture that learns before it fails. 

 

8. Evaluation & KPIs (with Use Scenarios) 

Evaluating a data-driven Corrective and Preventive Action 

(CAPA) program requires a measurement system that links 

safety and quality outcomes to how quickly and effectively 

the organization detects, diagnoses, decides, acts, verifies, 

and learns. The cornerstone is a compact set of metrics that 

quantify non-conformance magnitude, recurrence, 

responsiveness, efficiency, and auditability, enabling fair 

comparison against a historical baseline and across lines, 

shifts, and suppliers. Non-conformance (NC) rate is the 

primary frequency measure, typically normalized as NCs 

per 10,000 units, per batch, or per production hour to enable 

apples-to-apples benchmarking (Aduwo, Akonobi & 

Makata, 2025, Benson, et al., 2025, Dare, Ajayi & Chima, 

2024). Repeat NCs capture recurrence by counting events 

with the same verified root cause within a defined window 

(for example, 90 days), providing a direct indicator of 

whether corrective and preventive actions were truly 

effective. CAPA cycle time measures end-to-end latency 

from record creation to effectiveness verification and 

closure; slicing by phase (containment, root-cause analysis, 

action implementation, verification) highlights specific 

bottlenecks. Detection-to-correction lag focuses on 

operational responsiveness, defined as the elapsed time from 

the first detectable signal (chart breach, risk score threshold, 

complaint trigger) to the completed correction on the line; 

this is the leading indicator most sensitive to predictive 

analytics. First Pass Yield (FPY) quantifies the share of 

units passing through the process without rework or hold, 

while Overall Equipment Effectiveness (OEE) availability × 

performance × quality captures the holistic effect of 

improved stability on utilization and throughput. Recall and 

waste cost consolidates direct material loss, rework labor, 

disposal fees, and logistics into a financial KPI, and can 

include the estimated avoided cost when an early warning 

prevented a deviation (Adenuga, et al., 2024, Babatunde, et 

al., 2024, Soneye, et al., 2024). Audit closure effectiveness 
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measures the proportion of audit findings or CAPAs closed 

on time with verified effectiveness, often augmented by 

documentation completeness and retrieval time during mock 

or third-party audits. 

A rigorous evaluation plan establishes baselines from a 

fixed pre-implementation window and applies the same 

definitions, sampling frames, and exclusion rules post-

implementation to avoid bias. Statistical tests (for example, 

difference-in-differences across comparable lines or shifts) 

strengthen causal inference, while control charts on the KPIs 

themselves verify that improvements are sustained rather 

than transient. Where feasible, counterfactuals are 

constructed via matched cohorts: one line with digital 

CAPA, one similar line maintained as control during the 

pilot. Each KPI is instrumented with drill-downs to batch, 

equipment, operator shift, supplier lot, and environmental 

condition, so that when aggregate performance moves, 

teams can immediately trace contributors and act (Ajayi, et 

al., 2023, Benson, Okolo & Oke, 2023, Oladimeji, et al., 

2023). 

Allergen cross-contact prevention provides a vivid scenario 

for metric-driven evaluation because the hazard severity is 

high and the control windows are tight. Baseline conditions 

often show that allergens are managed primarily through 

procedural controls cleaning validation, changeover 

checklists, and label verification with NC rate driven by 

occasional swab failures, label mismatches, or rework 

sequencing errors. Under digital CAPA, predictive features 

such as changeover frequency, CIP conductivity profiles, 

rinse turbidity trends, operator experience, and supplier label 

deviations are combined into a risk score that forecasts 

cross-contact likelihood during the next run (Atobatele, 

Hungbo & Adeyemi, 2019, Essien, et al., 2019). Alerts are 

tiered: a moderate signal prompts targeted swabs and a 

pause for label checks; a critical signal escalates to line hold 

and supervisor review. NC rate declines as early 

interventions prevent incidents, and repeat NCs drop when 

SHAP-based insights reveal that reduced post-CIP contact 

time and a specific valve’s seating wear were primary 

drivers, leading to SOP updates and a maintenance task. 

Detection-to-correction lag shrinks because alerts are pre-

populated with implicated lots and assets, eliminating 

investigative drift. FPY improves as fewer batches require 

rework due to allergen holds, and OEE rises via reduced 

unplanned downtime from emergency sanitation. Audit 

closure effectiveness increases because each decision and 

verification is time-stamped, attributable, and linked to 

evidence, satisfying both GFSI and customer audits. 

Financially, recall/waste cost falls not only from avoided 

product loss but also from fewer market withdrawals, and 

the avoided-cost ledger becomes part of management 

review, justifying continued investment. 

Cold-chain excursion alerts illustrate how leading indicators 

transform responsiveness. In many facilities, the baseline 

reliance is on discrete temperature checks and periodic 

logger downloads, so NCs are often discovered post-hoc, 

and corrective actions focus on product disposition rather 

than prevention. With data-driven CAPA, continuous 

telemetry from trailers, cool rooms, and door sensors feeds 

forecasting and change-point detection that projects 

excursion probability hours ahead. The system dispatches 

risk-tiered alerts: moderate risk triggers route adjustments or 

door-opening discipline reinforcement; high risk triggers 

cross-dock priority or active cooling interventions (Essien, 

et al., 2020, Kingsley, Akomolafe & Akintimehin, 2020). 

Evaluation shows a decline in NC rate for cold-chain 

deviations, a sharper decline in repeat NCs where root 

causes (frequent door cycling at specific docks, compressor 

short-cycling on one unit) are addressed, and a marked 

reduction in detection-to-correction lag as teams intervene 

before core temperature drifts beyond limits. FPY increases 

for chilled SKUs, while OEE benefits indirectly through 

smoother logistics and fewer line stoppages awaiting 

disposition decisions. Recall/waste cost drops due to 

minimized product holds and disposals. Audits improve 

because excursions are documented with continuous traces, 

alert histories, and verified corrective actions, enabling rapid 

retrieval and clear narratives during unannounced 

inspections. 

Thermal process deviation early-warning showcases the 

synergy of forecasting and change-point methods within the 

CAPA loop. Baseline performance on retorts or continuous 

cookers often exhibits occasional undershoot or overshoot 

events tied to steam supply stability, sensor drift, or ramp-

rate variability, with CAPAs focused on recalibration or 

operator retraining. Digital CAPA introduces multivariate 

LSTM or decomposable time-series models that predict the 

likelihood of failing to meet lethality targets based on live 

process variables and upstream context, while Bayesian 

change-point detection identifies meaningful shifts 

immediately after maintenance or raw-material changes 

(Aduwo, Akonobi & Okpokwu, 2021, Babatunde, et al., 

2020). Evaluation reveals a lower NC rate for thermal 

deviations and a step-change in detection-to-correction lag, 

because operators receive guidance to adjust ramp profiles 

or hold times minutes in advance. Repeat NCs fall as 

explainable RCA exposes the interaction between cooling-

water temperature variance and a control valve’s hysteresis; 

preventive controls add a validation step post-maintenance 

and tighter control limits during known supply fluctuations. 

FPY increases as fewer lots require reprocessing, OEE rises 

due to reduced oscillation around set-points, and cycle time 

variability narrows. Verification analyses compare pre-

/post-distributions of critical parameters and document 

sustained capability improvement (for example, Cpk moving 

from 1.1 to 1.6). 

Comparative baseline versus digital CAPA outcomes should 

be narrated with both statistics and operations language to 

persuade frontline teams and executives. A representative 

transformation might show NC rate dropping from 4.2 to 2.3 

per 10,000 units (−45%), repeat NCs falling from 29% to 

12% of all NCs (−17 percentage points), median CAPA 

cycle time compressing from 28 to 16 days (−43%), and 

median detection-to-correction lag shrinking from 6.5 hours 

to 1.9 hours (−71%). FPY could rise from 96.1% to 97.5% 

(+1.4 points) alongside a 2–3 point OEE lift driven by fewer 

unplanned stops and rework loops. Annualized recall/waste 

cost might decline by 35–50% when early warnings prevent 

excursions and better RCA eliminates chronic losses. Audit 

closure effectiveness might improve from 82% to 96% on-

time, with documentation completeness moving from 88% 

to 99% and average document retrieval time during audits 

dropping from minutes to seconds due to integrated audit 

trails (Egemba, Bolarinwa & Ogundipe, 2025, Essien, et al., 

2025, Soneye, et al., 2025). While exact figures will vary, 

the pattern is consistent: predictive signals front-load 

detection, streamlined workflows compress action, and 

verified learning reduces recurrence. 
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To maintain credibility, every improvement claim must be 

testable and attributable. Backtesting validates that alerts 

would have fired in time to prevent historical deviations and 

quantifies hypothetical avoided cost. Rolling-window 

analyses ensure seasonality or product mix shifts do not 

confound trends. Segmentation by line and shift 

demonstrates generalizability, and sensitivity analyses 

reveal trade-offs between false alarms and missed 

detections, enabling risk-based threshold setting aligned 

with hazard severity. Qualitative evidence operator 

testimonials about clearer guidance, auditor feedback on 

documentation quality, supplier engagement metrics rounds 

out the picture, but the governance board should anchor 

decisions in the KPI stack and require that each wave of 

rollout publishes a “benefits realization” report (Fidel-

Anyana, et al., 2024, Merotiwon, Akintimehin & 

Akomolafe, 2024). 

The evaluation discipline culminates in management review 

where the KPI dashboard is a living instrument rather than a 

retrospective report. Leading indicators (for example, 

predicted risk windows, drift scores on calibration features, 

near-miss density) sit alongside lagging outcomes (for 

example, complaint rates, product holds, audit findings) to 

guide actions and investments. When metrics slip, the 

CAPA portfolio is rebalanced; when they improve, practices 

are standardized across sites and suppliers. Over time, 

digital CAPA shifts the organization’s identity from one that 

fixes problems to one that routinely avoids them, with the 

KPI stack providing the proof, the scenarios showcasing 

practical value, and the baseline comparisons demonstrating 

that the gains are real, repeatable, and resilient. 

 

9. Conclusion 

Digital, predictive CAPA transforms quality assurance from 

a reactive, paperwork-centered activity into a proactive, 

intelligence-led system that measurably reduces non-

conformances, accelerates response, and strengthens 

continuous improvement. By detecting weak signals earlier, 

prioritizing high-impact risks, and guiding root-cause 

analysis with explainable models, organizations compress 

detection-to-correction time, cut recurrence, and stabilize 

processes. The CAPA loop becomes a living cycle of detect, 

diagnose, decide, act, verify, and learn, supported by 

auditable data and accountable workflows that embed 

prevention into daily operations rather than treating it as a 

periodic initiative. 

Harmonizing digital CAPA with HACCP and ISO 22000 

elevates both compliance and audit readiness. HACCP plans 

benefit from evidence-based control limits, targeted 

verification, and traceable effectiveness checks, while ISO 

22000’s dual PDCA cycles gain a continuous, data-driven 

thread from shop-floor signals to management review. The 

resulting records time-stamped alerts, electronic signatures, 

lineage of features and models, and pre- and post-action 

performance satisfy GFSI-benchmarked expectations and 

reduce audit burden. Compliance becomes the natural 

consequence of a well-run system rather than a separate, 

end-of-line effort. 

Scalability follows from modular architecture and 

disciplined governance. Standardized features, model 

registries, API integrations, and RACI-aligned workflows 

allow rapid replication across lines, plants, and regions 

while preserving local nuance. Extending CAPA upstream 

to suppliers strengthens assurance through shared signals, 

aligned KPIs, and coordinated preventive actions that curb 

risks before they enter the facility. Looking ahead, causal AI 

can separate correlation from causation to recommend 

interventions with higher confidence, while digital twins of 

critical processes can simulate “what-if” scenarios, optimize 

thresholds, and validate changes safely before deployment. 

Together, these advances will deepen prevention, shorten 

learning cycles, and widen the margin of safety. The 

strategic outcome is a resilient, transparent, and 

continuously improving food safety management system 

that protects consumers, safeguards brands, and delivers 

productivity gains that endure. 
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