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Abstract 
The study titled A Data-Driven Cyber-Physical Framework for Real-Time Production Control Integrating IoT 
and Lean Principles investigated the convergence of data intelligence, adaptive automation, and process 
optimization to establish a responsive and self-regulating manufacturing environment. The primary objective 
of the research was to design and empirically validate a quantitative framework that integrates Internet of Things 
(IoT) connectivity, Cyber-Physical Systems (CPS) control logic, and Lean manufacturing methodologies to 
enhance operational efficiency, process reliability, and decision-making accuracy in real-time production 
systems. A total of 142 peer-reviewed research papers, industrial case studies, and empirical reports published 
between 2012 and 2021 were critically reviewed to synthesize the theoretical foundations and methodological 
insights that supported the development of the proposed model. The framework positioned IoT as the data 
backbone enabling real-time sensing, CPS as the adaptive control layer ensuring feedback precision, and Lean 
principles as the process foundation driving waste reduction and flow stability. Quantitative data were analyzed 
using regression, mediation, and moderation techniques to evaluate the causal pathways among IoT data quality, 
CPS responsiveness, and Lean performance outcomes. The results demonstrated that IoT data reliability and 
synchronization significantly improved CPS responsiveness, which in turn enhanced takt adherence, first-pass 
yield, and machine utilization, with CPS responsiveness acting as a full mediator between IoT integration and 
Lean efficiency. The study further established that Lean maturity moderated the relationship between CPS 
responsiveness and operational outcomes, indicating that process discipline amplified the benefits of digital 
transformation. Overall, the model achieved high explanatory power (adjusted R² = 0.68–0.81), confirming that 
data-driven integration yields measurable improvements in production performance, responsiveness, and 
stability. The findings substantiated that the fusion of IoT-enabled sensing, CPS-driven control, and Lean-based 
process management creates a cyber-physical ecosystem capable of self-optimization through real-time data 
feedback. This research contributed a holistic quantitative framework that bridges digital intelligence and 
operational excellence, offering both theoretical advancement and practical guidance for industries transitioning 
toward smart, adaptive, and waste-free manufacturing environments.  
 
Keywords 
IoT, Cyber-Physical Systems, Lean Manufacturing, Real-Time Control, Data-Driven Framework 

American  
Journal of  
Interdisciplinary  
Studies 

[1]. Operations Engineer, Lighthouse Marine Services, Chittagong, Bangladesh; 
Email: anikmail12@gmail.com 
 

[2]. Industrial Engineer, Bangladesh Honda Private Limited (Japanese Automobile HONDA), 
Bangladesh; Email:  foysal.hossain.ipe@gmail.com  

 
   

Volume: 2; Issue: 3 
Pages: 35– 70 

eISSN: 3067-5146 

https://doi.org/10.63125/20nhqs87
https://ajisresearch.com/index.php/ajis
mailto:anikmail12@gmail.com
mailto:foysal.hossain.ipe@gmail.com


American Journal of Interdisciplinary Studies, September 2021, 35– 70 

36 
 

INTRODUCTION 
A cyber-physical system (CPS) represents an integrated technological architecture wherein 
computational algorithms are tightly coupled with physical processes to enable real-time monitoring, 
control, and optimization (Cao et al., 2015). In industrial production environments, CPS functions as 
the foundational layer of digital transformation, linking machines, sensors, and data analytics 
frameworks through a unified data-driven ecosystem. The emergence of CPS stems from the 
convergence of embedded systems, networked communication, and intelligent automation, making it 
central to the concept of Industry 4.0. Within production control, CPS transforms conventional 
automation hierarchies by enabling self-adaptive mechanisms that utilize continuous feedback loops 
between digital and physical layers. The embedded intelligence within CPS ensures dynamic 
reconfiguration, predictive maintenance, and distributed decision-making, replacing rigid 
preprogrammed logic with context-sensitive adaptability (Castel & Favre, 2018). Global industries 
increasingly adopt CPS-driven solutions to achieve synchronized production flows, optimize resource 
utilization, and maintain product quality across geographically dispersed facilities. The international 
relevance of CPS lies in its capability to enhance operational resilience, mitigate variability, and foster 
competitive advantage in high-demand markets. Its integration with Internet of Things (IoT) networks 
facilitates seamless communication among production entities, thereby enabling real-time 
transparency, data analytics, and event-driven responses. As global production systems evolve toward 
interconnected ecosystems, CPS becomes the digital backbone linking operational technology with 
information technology, bridging the gap between physical execution and analytical intelligence. This 
integration allows manufacturing firms to transcend reactive control paradigms, achieving predictive 
and prescriptive production management (Sharifzadeh & Shah, 2019). A comprehensive understanding 
of CPS within this framework thus establishes the basis for developing intelligent, data-driven 
infrastructures capable of sustaining lean, adaptive, and customer-responsive production systems 
across global industrial domains. 
The Internet of Things (IoT) underpins the realization of cyber-physical frameworks by providing 
ubiquitous connectivity among sensors, machines, and decision systems (Okwir et al., 2017). Within 
manufacturing, IoT expands the boundaries of data acquisition and communication, enabling 
instantaneous feedback and data-driven decision-making across all levels of production. IoT-enabled 
devices transform production floors into intelligent environments where machines can sense, 
communicate, and act autonomously based on contextual insights derived from live data. This 
pervasive interconnectivity allows production managers to visualize performance metrics in real time, 
detect anomalies, and initiate corrective actions before inefficiencies escalate into disruptions. Through 
standardized protocols and cloud-based infrastructures, IoT architectures ensure interoperability 
among diverse industrial assets, thereby supporting the holistic integration of digital twins, predictive 
algorithms, and control systems (Meng & He, 2015). Internationally, IoT adoption signifies a paradigm 
shift toward smart manufacturing, allowing enterprises to align production strategies with global 
standards of agility, sustainability, and responsiveness. IoT’s contribution to data-driven control lies in 
its ability to generate massive, continuous streams of operational data that can be analyzed to extract 
actionable insights. These insights not only enhance decision-making accuracy but also enable 
predictive modeling that anticipates production variances. The convergence of IoT with advanced 
analytics fosters a closed-loop production system characterized by continuous improvement and 
adaptability. By embedding intelligence directly into machinery and production lines, organizations 
can synchronize material flow, labor utilization, and process execution, thereby achieving near-zero 
waste and optimal efficiency (Kratz et al., 2019). In global manufacturing networks, IoT further ensures 
scalability, enabling consistent operational performance across distributed plants while maintaining 
centralized oversight. As production ecosystems become increasingly interconnected, the role of IoT 
evolves from a mere technological enabler to a strategic infrastructure that sustains competitiveness in 
data-centric industrial economies. 
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Figure 1: Connected Multi-Domain Cyber Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Lean manufacturing principles emphasize waste elimination, value stream optimization, and 
continuous improvement as the foundation for operational excellence. Traditionally, lean approaches 
focused on visual management, manual observation, and human-driven kaizen initiatives (Sanavandi 
& Ziabasharhagh, 2016). However, the advent of digital technologies has redefined lean 
implementation through the integration of real-time data and automated analytics. In a data-driven 
CPS environment, lean concepts such as Just-in-Time (JIT), total productive maintenance (TPM), and 
pull-based production systems are enhanced through sensor-enabled monitoring and adaptive control 
algorithms. The integration of IoT devices with lean tools creates a self-regulating production 
ecosystem where waste is identified, quantified, and mitigated dynamically. This transformation 
enables lean to evolve beyond static improvement models into intelligent, data-validated decision 
frameworks that sustain continuous optimization. The synergy between lean and IoT-driven CPS 
fosters the emergence of smart lean systems capable of adjusting production parameters in response to 
fluctuating demand, process conditions, and supply chain variations (Galinha et al., 2018). Globally, 
this convergence allows manufacturers to maintain high-quality standards while reducing cycle times 
and resource consumption. Data-driven lean frameworks empower production managers to visualize 
waste in digital dashboards, monitor takt time adherence in real-time, and apply data-supported root 
cause analysis to process inefficiencies. The digitalization of lean principles ensures that improvement 
initiatives are not only reactive but also predictive, driven by quantitative insights rather than 
subjective evaluation. Consequently, the integration of lean within cyber-physical systems enables 
industries to achieve operational harmony where efficiency, adaptability, and quality are sustained 
through continuous digital feedback. This evolution represents a critical milestone in the 
transformation of manufacturing systems toward data-empowered, globally competitive enterprises 
(Villa et al., 2016). 
The integration of IoT and lean principles within a cyber-physical production control framework 
represents a strategic synthesis of connectivity and efficiency (Guo et al., 2018). IoT ensures the visibility 
and traceability of all physical processes, while lean provides the methodological foundation for 
eliminating non-value-added activities. The fusion of these paradigms enables the creation of 
intelligent production ecosystems capable of autonomous adaptation and decision-making. Within 
such systems, IoT sensors continuously collect operational data on machine health, workflow timing, 
material flow, and human activity, which are then analyzed using lean-based performance metrics to 
detect inefficiencies and bottlenecks. This integration empowers organizations to translate lean 
concepts into actionable digital insights, enhancing real-time control and performance transparency. 
For instance, value stream mapping can be dynamically updated using IoT data, allowing instant 
identification of deviations from optimal process flow (Liu et al., 2018). International industries benefit 
from this fusion through improved resource utilization, energy efficiency, and production flexibility 
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across global supply chains. The data-driven synergy also ensures that lean objectives are not 
constrained by manual observation but supported by objective data analytics that validate 
improvement actions. Cyber-physical integration further enables automated lean decision-making, 
where intelligent systems self-adjust production schedules and resource allocation based on live 
performance data. Such real-time adaptability creates a closed-loop feedback mechanism that 
strengthens continuous improvement and operational stability. As a result, the convergence of IoT and 
lean principles within a CPS framework represents a transformative model for achieving sustainable 
competitiveness, data-driven efficiency, and agile production control on a global scale (Weiss et al., 
2016). 
Real-time production control (RTPC) serves as the operational nucleus of smart manufacturing, where 
data, technology, and human intelligence converge to sustain seamless production execution. Within 
the cyber-physical framework, RTPC ensures continuous synchronization between the physical and 
digital domains through adaptive feedback mechanisms (Friedrich et al., 2018). The primary function 
of RTPC is to monitor production variables in real-time, compare them against target benchmarks, and 
automatically adjust operational parameters to maintain performance alignment. This capability 
transforms traditional control models into self-learning, data-driven systems capable of responding to 
disruptions without human intervention. The incorporation of IoT data streams enables immediate 
situational awareness across machines, materials, and workflows. Machine-to-machine (M2M) 
communication supports decentralized decision-making, ensuring that production units operate 
cohesively while retaining local autonomy. Lean principles further enhance RTPC by structuring 
control actions around waste reduction and process stability (Mala-Jetmarova et al., 2018). Data 
analytics and digital dashboards translate operational signals into meaningful performance indicators, 
providing clarity and transparency at all levels of management. On an international level, RTPC 
facilitates standardized quality and responsiveness across distributed manufacturing networks, 
ensuring that production objectives align with global market demands. The dynamic adaptability 
achieved through real-time control minimizes downtime, enhances throughput, and maintains 
consistent product quality. By merging CPS intelligence with lean logic, RTPC evolves from a reactive 
monitoring mechanism into a proactive optimization engine that continuously aligns operational 
behavior with strategic business goals. This transformation underscores the significance of real-time 
data integration as a catalyst for next-generation manufacturing efficiency (DeRose et al., 2019). 
 
 

Figure 2: IoT Edge Cloud Communication Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data-driven decision-making constitutes the analytical foundation of cyber-physical production 
systems. By leveraging data collected through IoT sensors, advanced analytics models can forecast 
performance deviations, optimize scheduling, and identify root causes of inefficiency before they 
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manifest in production outcomes (Ramon-Jeronimo et al., 2017). Predictive analytics enables the 
transition from descriptive observation to prescriptive control, where machine learning algorithms 
continuously refine process parameters based on historical and live data. The integration of predictive 
intelligence within lean frameworks enhances the reliability of continuous improvement by 
quantifying process variability and identifying statistically significant trends. In practice, this means 
production control systems can automatically adjust throughput rates, maintenance schedules, and 
material replenishment to align with performance targets (Sarker et al., 2019). The use of real-time 
analytics ensures decisions are informed by factual evidence rather than intuition, reinforcing 
operational accuracy and agility. In globally competitive industries, the ability to derive actionable 
insights from complex datasets translates directly into reduced waste, improved cycle times, and 
superior product consistency. The cyber-physical integration further ensures that analytical insights 
are embedded directly into control systems, allowing instantaneous corrective action without 
managerial delay. This embedded intelligence supports a closed-loop production ecosystem 
characterized by transparency, responsiveness, and learning capability (Laber et al., 2018). As 
organizations increasingly depend on data as a strategic asset, the fusion of predictive analytics with 
lean control principles emerges as a key determinant of sustainable efficiency in modern 
manufacturing. 
The proposed data-driven cyber-physical framework integrating IoT and lean principles establishes a 
comprehensive model for achieving real-time production control within smart manufacturing 
environments (Pinto et al., 2018). Conceptually, this framework synthesizes three interdependent 
layers: the physical production layer, the cyber-analytical layer, and the decision-control layer. The 
physical layer encompasses machinery, sensors, and production assets interconnected through IoT 
infrastructure. The cyber layer performs data aggregation, analytics, and modeling to generate insights 
on operational status and performance trends. The decision-control layer implements adaptive 
strategies informed by lean principles to optimize flow, eliminate waste, and maintain value creation 
in real-time. Through this architecture, the framework ensures continuous data exchange between 
physical and cyber components, forming a self-correcting, intelligent production environment. Each 
layer reinforces the other through feedback and learning, allowing system-wide coherence and 
adaptability (Warhurst et al., 2015). The integration of lean principles ensures that digital intelligence 
remains grounded in value-centric process design rather than technological complexity alone. By 
structuring control decisions around measurable performance indicators, the framework enables 
consistent alignment between operational execution and strategic efficiency goals. In global 
manufacturing systems characterized by volatility, customization, and interconnectivity, such a 
framework becomes indispensable for achieving sustainable competitiveness (Frigaard et al., 2017). It 
encapsulates the essence of Industry 4.0 by merging physical efficiency, digital intelligence, and lean 
philosophy into a unified operational paradigm that continuously enhances production resilience, 
responsiveness, and performance precision. 
The primary objective of this study is to design and empirically validate a data-driven cyber-physical 
framework that integrates Internet of Things (IoT) technologies with lean manufacturing principles to 
enable real-time production control in modern industrial environments. This objective is rooted in 
addressing the critical need for synchronized, intelligent, and adaptive manufacturing systems capable 
of operating efficiently under conditions of uncertainty and dynamic market demand. The study seeks 
to develop a quantitative model that connects cyber-physical systems (CPS) and IoT-driven data 
analytics with lean operational strategies, creating a unified structure for continuous monitoring, 
feedback, and decision-making. Through this integration, the research aims to enhance production 
transparency, minimize waste, optimize resource utilization, and achieve operational agility across 
manufacturing networks. The framework will objectively measure production efficiency through real-
time data acquisition from IoT sensors embedded in machines, conveyors, and workstations, 
translating physical events into quantifiable digital signals. These signals will feed into the cyber layer 
of the system, where analytics and predictive algorithms assess deviations from lean performance 
targets such as takt time, overall equipment effectiveness (OEE), and value stream efficiency. The study 
also intends to establish an adaptive control loop that dynamically adjusts operational parameters 
based on live data, thereby ensuring immediate corrective action and alignment with lean objectives. 



American Journal of Interdisciplinary Studies, September 2021, 35– 70 

40 
 

Furthermore, the research seeks to evaluate how data-driven decision-making within the CPS 
environment enhances lean implementation by replacing manual observation and subjective 
interpretation with objective, real-time insights. By quantitatively analyzing production flow, machine 
performance, and process stability, the study aims to demonstrate measurable improvements in 
productivity, lead time reduction, and waste minimization. The overarching goal is to provide 
empirical evidence that integrating IoT-based CPS with lean methodologies forms a scalable, 
intelligent, and sustainable production control model suitable for global smart manufacturing 
ecosystems. This objective situates the research within the broader context of Industry 4.0, emphasizing 
digital transformation, data-centric optimization, and continuous improvement as the driving forces of 
industrial competitiveness and resilience. 
LITERATURE REVIEW 
The literature review serves as the analytical foundation for understanding the convergence of cyber-
physical systems (CPS), Internet of Things (IoT), and lean manufacturing principles within the domain 
of real-time production control (Yao et al., 2019). It synthesizes the key theoretical, empirical, and 
technological developments that underpin data-driven manufacturing transformation in the context of 
Industry 4.0. Over the past two decades, industrial production systems have transitioned from isolated 
automation to interconnected digital ecosystems that rely heavily on sensor networks, data analytics, 
and adaptive control. This evolution has introduced a paradigm where physical production processes 
are continuously monitored, modeled, and optimized through cybernetic feedback loops, forming the 
basis of CPS-driven architectures.The integration of IoT technologies into CPS has enabled the 
continuous capture and transmission of real-time operational data, creating a dynamic interaction 
between machines, humans, and digital analytics (Moller, 2016). Concurrently, lean manufacturing—
traditionally grounded in waste reduction, process standardization, and continuous improvement—
has evolved through digital augmentation, giving rise to Smart Lean Systems. These systems leverage 
IoT data to eliminate inefficiencies not through intuition or manual observation, but through 
quantifiable metrics derived from data analytics and process modeling.This section of the study 
critically reviews the theoretical constructs, models, and empirical findings related to data-driven 
decision-making, real-time control mechanisms, and lean-IoT integration. The review is designed to 
identify gaps in the literature, establish methodological precedents for quantitative analysis, and define 
the structural elements required for developing a unified cyber-physical framework for production 
control (Klötzer & Pflaum, 2015). The analysis is organized into specific thematic areas reflecting the 
evolution of CPS, the role of IoT in production analytics, the transformation of lean systems in digital 
contexts, and the quantitative indicators that define real-time control efficiency. 
Cyber-Physical Systems in Manufacturing 
Cyber-Physical Systems (CPS) have emerged as the structural foundation of modern intelligent 
manufacturing, representing the seamless integration of computational algorithms, networked 
communication, and physical production assets into one adaptive system (Rojas et al., 2017). Within 
industrial environments, CPS are designed to connect machines, sensors, and human operators through 
embedded computing and real-time data exchange. The architecture of CPS consists of interdependent 
layers: the physical layer, where machinery and actuators operate; the cyber layer, where data analytics 
and decision-making occur; and the communication layer, which enables coordination and information 
flow between both. This multi-tiered structure transforms production from sequential, manual 
operations into synchronized, data-driven ecosystems capable of self-monitoring and adaptive control 
(Panetto et al., 2019). The theoretical development of CPS rests on the principle that continuous 
interaction between digital intelligence and physical behavior enhances efficiency, responsiveness, and 
decision accuracy. Embedded computational intelligence allows each device to sense its environment, 
process data, and act autonomously while remaining coordinated with the overall system. The 
feedback loops created between these layers ensure that production activities are continuously aligned 
with operational goals, forming the basis of closed-loop control (Kühnle & Bitsch, 2015). By enabling 
real-time interaction between computational logic and mechanical execution, CPS establish the 
foundation for manufacturing systems that are both intelligent and self-correcting, minimizing manual 
intervention while improving precision and productivity. 
Embedded computing and iterative control loops form the core of CPS, linking digital decision systems 
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directly to physical processes. Embedded processors within machines analyze sensor data, detect 
anomalies, and generate control commands that adjust equipment behavior (Platzer, 2018). These 
feedback-driven control loops ensure the synchronization between real-world actions and digital 
models, making CPS inherently self-regulating. The integration of these systems creates an intelligent 
production environment where decision-making occurs at both local and system-wide levels, 
promoting flexibility and responsiveness. At the local level, embedded processors manage operational 
parameters such as speed, temperature, and pressure, while system-level analytics evaluate patterns 
and optimize broader performance metrics (Yu et al., 2015). This distributed intelligence eliminates 
reliance on centralized control, ensuring faster decision-making and adaptability to changing 
conditions. Such synchronization between the digital and physical domains allows continuous 
validation of data and enhances system transparency. In practical manufacturing, these real-time 
feedback systems maintain process stability, reduce delays, and ensure consistent output quality. The 
embedded computational approach allows equipment to react immediately to fluctuations, minimizing 
waste, downtime, and inefficiencies (Monostori, 2018). Consequently, embedded computing and 
control loops are not merely technical features but the fundamental mechanisms that enable CPS to 
achieve real-time coordination, process accuracy, and operational resilience within the manufacturing 
environment. 
 

Figure 3: Cloud-Integrated Cyber-Physical Architecture Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The evolution of manufacturing control systems from traditional automation to CPS marks a 
fundamental transition from rigid, predefined workflows to intelligent, adaptive networks (Lee et al., 
2017). Earlier automation frameworks such as Supervisory Control and Data Acquisition (SCADA) and 
Programmable Logic Controllers (PLC) relied on deterministic logic, offering limited flexibility and 
minimal inter-device communication. These systems functioned effectively for repetitive, stable 
operations but lacked the ability to adapt dynamically to variations in production demand, equipment 
status, or environmental changes. CPS overcame these limitations by introducing interconnected 
intelligence and data-centric control. The integration of networked sensors, cloud computing, and 
distributed analytics enabled decentralized decision-making and autonomous process adjustments. 
Machines are now capable of interacting directly with one another, exchanging data continuously to 
balance workloads and optimize throughput (Zhang et al., 2016). This transition has redefined the 
manufacturing paradigm from linear, sequential control toward adaptive and collaborative operation. 
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The CPS framework allows for predictive maintenance, automatic scheduling, and real-time resource 
optimization across entire production networks. It transforms static automation into dynamic 
intelligence where each node—machine, robot, or workstation—acts as a self-aware entity within a 
coordinated system. This evolution has fundamentally enhanced productivity, process transparency, 
and overall manufacturing agility, representing the culmination of decades of progress in automation 
theory and digital control engineering (Lu & Ju, 2017). 
The effectiveness of CPS in manufacturing is demonstrated through measurable performance 
indicators that quantify their impact on productivity and operational efficiency. These indicators 
typically include responsiveness, latency, reliability, adaptability, and resource utilization (Adamson 
et al., 2017). CPS improve responsiveness by reducing the time between data detection and corrective 
action, ensuring production systems can adjust immediately to variations. Latency reduction enhances 
throughput by minimizing communication delays and allowing near-instantaneous control feedback. 
Reliability is strengthened through redundancy, real-time monitoring, and predictive analytics that 
prevent unplanned downtime. Adaptability reflects the system’s ability to reconfigure production 
schedules, machinery parameters, or workflows in response to disruptions or demand shifts (Ansari et 
al., 2018). Resource utilization efficiency is achieved by synchronizing machine operations with 
material flow and workforce allocation, reducing idle times and waste. Empirical analyses in various 
industries have shown that CPS integration leads to shorter cycle times, higher production yields, and 
improved consistency in quality outcomes. Quantitative studies have further demonstrated strong 
correlations between CPS implementation and productivity metrics such as output rate, equipment 
utilization, and process stability. These performance measurements confirm that CPS-driven 
manufacturing systems not only enhance operational precision but also create a foundation for 
continuous improvement (Herterich et al., 2015). Through its capacity for data-driven adaptation and 
intelligent control, CPS redefines production efficiency, establishing a self-regulating and analytically 
empowered manufacturing ecosystem. 
Internet of Things  of Cyber-Physical Integration 
The Internet of Things (IoT) functions as the connective tissue of cyber-physical integration in 
manufacturing by establishing architectures and communication standards that move operational data 
reliably and with low latency across heterogeneous assets (Colombo et al., 2017). At the device tier, 
smart sensors, actuators, and controllers publish time-stamped telemetry using lightweight, topic-
based messaging that scales from a handful of machines to plant-wide deployments. Message brokers 
coordinate this flow, enforcing quality-of-service levels so that critical control messages arrive in 
sequence and with guarantees on delivery. Interoperability emerges through semantic data models that 
encode machine states, process parameters, and alarms in a consistent structure, enabling higher-level 
applications to interpret signals without bespoke adapters. On the control tier, vendor-neutral 
industrial information models expose address spaces where variables, methods, and events can be 
browsed, subscribed to, and acted upon in near real time (Jiang et al., 2018). Deterministic networking 
extends this stack with bounded-latency scheduling and time synchronization, supporting converged 
IT/OT traffic on shared media while preserving the strict timing constraints of motion control and 
robotics. At the plant and enterprise tiers, gateways bridge legacy fieldbuses to IP networks, apply first-
mile data validation, and enforce security policies such as device identity, certificate management, and 
encrypted sessions. Wireless backbones augment fixed infrastructure with roaming support for mobile 
assets, automated guided vehicles, and wearables, while private cellular networks add predictable 
throughput and radio isolation in high-density environments. Collectively, this layered architecture 
transforms fragmented automation islands into a coherent, publish/subscribe manufacturing nervous 
system that carries measurements, commands, and context with traceability from the sensor pin to the 
analytics service (Yao et al., 2019). The outcome is not merely connectivity; it is a standards-aligned 
fabric that enables composable applications, reusable data products, and closed-loop control strategies 
that depend on timely, trustworthy streams. 
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Figure 4: IoT-Enabled Smart Industry Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Within this architecture, IoT sensors operate as the primary sources of truth for production dynamics, 
continuously tracking process parameters, machine health indicators, and environmental variables that 
influence quality and throughput (Ahmad et al., 2016). Condition-monitoring devices measure 
vibration, temperature, acoustic signatures, and electrical load to infer bearing wear, imbalance, or 
lubrication issues long before catastrophic failures arise. Inline process sensors capture torque, force, 
pressure, flow, position, and surface characteristics at the point of transformation, linking micro-
variations in setup to macro-outcomes in yield and scrap. Vision systems quantify dimensional 
accuracy, defect morphology, and assembly completeness at line speed, while barcode, RFID, and ultra-
wideband tags generate granular product genealogies and tactically precise work-in-process locations. 
Environmental arrays monitor humidity, particulates, and thermal gradients that often correlate with 
coating adhesion, solderability, or metrology drift (Kaur et al., 2019). The quantitative impact of these 
sensing regimes appears in time-aligned datasets where changes in sensor distributions co-vary with 
key performance indicators such as cycle time, overall equipment effectiveness, and first-pass yield. 
Supervised and unsupervised models trained on these synchronized series detect drifts, segment 
operating regimes, and benchmark asset states against digital baselines, enabling rapid containment of 
anomalies and systematic tuning of setpoints. In multi-line environments, federated summaries of 
sensor features expose cross-asset patterns—identifying, for example, which spindle loads or oven 
zones consistently precede minor stops—so that countermeasures target the highest leverage 
constraints (Möller, 2016b). By grounding production decisions in dense, high-frequency evidence, IoT 
sensors convert intuition-driven troubleshooting into measurement-driven control, strengthening 
conformance to takt, reducing variability at its sources, and translating micron-scale signals into hour-
scale stability. 
Real-time analytics, cloud elasticity, and edge intelligence collectively provide the computational 
backbone that turns streaming IoT data into decentralized decisions close to the point of action (Atat et 
al., 2018). At the edge, compact runtimes subscribe to local topics, execute feature extraction, and 
evaluate lightweight classifiers or rules to issue millisecond-class interlocks and parameter trims 
without traversing the WAN. This tier also performs windowed aggregations, data quality checks, and 
schema validation, publishing only trusted, context-rich events upstream to conserve bandwidth and 
protect central systems from noisy inputs. In the plant or regional cloud, streaming engines compute 
lag-free KPIs—such as run rate, changeover loss, and minor-stop frequency—while stateful operators 
capture dwell times and accumulation dynamics along value streams. Batch zones complement streams 
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with historical modeling, training predictive maintenance or quality models on months of labeled runs, 
then exporting compact artifacts back to the edge for inline inference (Moness & Moustafa, 2015). 
Decision services coordinate recommendations with schedulers and historians, updating dispatch lists, 
maintenance slots, or recipe parameters through secure command topics. Digital twins mirror the 
evolving state of assets and lines, reconciling observed telemetry with physics-based or data-driven 
expectations to quantify deviation, remaining useful life, and energy intensity at multiple scales. 
Human-in-the-loop consoles surface these insights with role-specific dashboards—operators see 
actionable alarms and setup guidance; supervisors see shift-level throughput variance; planners see 
capacity headroom and constraint heatmaps. Because logic executes where it is most effective—latency-
critical at the edge, compute-intensive in the cloud—the system achieves both responsiveness and 
analytical depth (Jeschke et al., 2016). The result is a distributed control posture in which lines self-
stabilize against common disturbances, upstream and downstream buffers are tuned from evidence, 
and the enterprise coordinates many small, timely adjustments rather than infrequent, blunt 
interventions. 
Operating these IoT-enabled production systems at scale introduces non-trivial challenges in data 
integrity, security, and interoperability, each with measurable effects on process efficiency (Burg et al., 
2017). Data integrity hinges on end-to-end lineage, timestamp coherence, and robust handling of 
missing or out-of-order events; without these, models inherit bias and dashboards misstate reality. 
Security spans device identity, key rotation, least-privilege authorization, encrypted transport, and 
anomaly detection on control channels to mitigate spoofing, replay, or lateral movement. 
Interoperability depends on harmonized information models, consistent units, and governed schemas 
so that multi-vendor assets publish semantically compatible payloads that downstream analytics can 
join without brittle custom code. Quantitatively, performance assessment centers on throughput 
(messages per second per asset or per topic), latency (event-to-insight and insight-to-actuation times), 
reliability (broker and network uptime, packet delivery ratios, session re-establishment rates), and error 
profiles (drop rates, decode failures, schema rejections) (Yang et al., 2019). Efficiency links these metrics 
to manufacturing outcomes: lower median latency and narrower latency jitter correlate with tighter 
control variance; higher delivery ratios and fewer schema errors associate with steadier OEE and 
reduced minor stops; increased effective throughput enables finer-grained sampling that uncovers 
short-duration transients responsible for sporadic scrap. Additional indicators—such as time to deploy 
models to edge nodes, percentage of alerts acknowledged within service-level targets, and mean time 
between data quality incidents—reflect operational maturity. Energy per processed message and CPU 
load at gateways measure computational frugality, relevant in thermally constrained enclosures. By 
instrumenting both the data plane and the production plane, plants quantify how communication 
behaviors map to economic results, creating an empirical basis for tuning QoS levels, retry strategies, 
sampling frequencies, and model refresh cadences (Nassehi et al., 2018). In this evidence-based posture, 
the IoT backbone is not only a channel for bits; it is a measurable production asset whose reliability, 
timeliness, and semantic clarity directly condition yield, velocity, and cost. 
Digital Transformation of Lean Manufacturing Principles 
The digital transformation of lean manufacturing reframes foundational practices—Kanban, Kaizen, 
and Total Productive Maintenance—through continuous data streams and cyber-physical integration 
(Romero, Flores, et al., 2019). Manual Kanban boards become e-Kanban signals propagated through 
message brokers and manufacturing execution systems, synchronizing material pull with live line 
conditions rather than static reorder points. Kaizen activities, once reliant on gemba notes and sampled 
observations, now draw on high-frequency telemetry that exposes patterns invisible to periodic audits, 
enabling teams to validate improvements against time-aligned evidence (Kieviet, 2019). TPM evolves 
from calendar-driven routines into condition-based strategies triggered by vibration, temperature, 
acoustic, and power signatures captured at the edge. These changes reshape the cadence of lean work: 
short, iterative improvement cycles operate on streaming facts; andon becomes a multi-modal alerting 
fabric; heijunka leveling references current queue states rather than historical averages. The practical 
consequence is a tighter coupling between intent and execution—waste identification moves from 
inference to direct measurement, and flow control responds to minute shifts in constraint behavior 
(Alves & Alves, 2015). By embedding data acquisition and lightweight analytics into every workstation 
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and conveyance point, digital lean environments preserve the spirit of simplicity and respect for people 
while expanding the scope of observation to the full temporal and spatial footprint of production. 
 

Figure 5: Cyber-Physical Smart Manufacturing Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
IoT sensors and analytics anchor this transformation by quantifying core lean metrics with temporal 
precision and semantic context (Romero, Gaiardelli, et al., 2019). Takt time, cycle time, and value-added 
ratios are computed continuously from event streams that include machine states, motion profiles, 
barcode or RFID scans, tool offsets, process temperatures, and torque signatures. These streams 
delineate exact start-finish markers, enabling clean separation of value-adding steps from queues, 
waits, and rework. Automated timestamp alignment and device synchronization reduce ambiguity 
around handoffs, while edge runtimes perform first-mile checks on completeness and plausibility so 
downstream calculations remain trustworthy (Panwar et al., 2015). With this instrumentation, 
bottlenecks emerge as persistently saturated work centers whose cycle distributions skew under certain 
product mixes; micro-stoppages surface as bursts of short downtime that erode effective takt 
conformance; and setup losses map to specific parameter combinations and operator sequences. Data 
products derived from these signals—such as station-level cycle histograms, changeover fingerprints, 
and first-pass yield cohorts—feed daily management, obeya rooms, and tiered huddles without manual 
collation. Because the same telemetry also informs maintenance, quality, and logistics, cross-functional 
trade-offs become explicit: a small increase in oven dwell stabilizes downstream inspection, or a revised 
pick path lowers congestion yet elongates one upstream cycle (Hoellthaler et al., 2018). In this sense, 
IoT-enabled lean replaces anecdote with evidence, linking minute process behaviors to line-level flow. 
Evidence from digital lean programs shows automated waste detection and performance tracking 
operating as closed-loop services rather than episodic audits (Satoglu et al., 2017). Stream processors 
flag deviations from standard work by comparing live sequences to reference traces, surfacing motion 
additions, missing checks, or order reversals that accumulate into defects. Vision systems quantify 
defect morphology at line speed and associate it with preceding process windows, reducing the search 
space for root causes from hours to minutes. E-andon logic escalates only actionable exceptions, 
suppressing alert fatigue and preserving attention for constraints that truly govern throughput 
(Mrugalska & Wyrwicka, 2017). Dashboards translate streams into role-specific signals: operators see 
the next best action and the immediate inhibitor to meeting the current takt; team leaders see station 
balance and minor-stop clusters; production engineers see loss trees ranked by recoverable hours. 
Digital twins extend this tracking by maintaining a live, computable model of each line’s state, 
reconciling observed telemetry with expected behaviors to estimate hidden queues, effective WIP, and 
utilization at the constraint. When improvement ideas arise, the twin simulates countermeasures using 
the same data semantics, so pilots start with calibrated expectations and acceptance criteria already 
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aligned to observed variability (Romero et al., 2018). The net effect is a sustained increase in signal-to-
noise across improvement work: fewer meetings to debate baselines, more time spent changing the 
small set of parameters that matter most to flow, quality, and safety. 
Real-Time Production Control Mechanisms 
Real-time production control has become the central nervous system of modern cyber-physical 
manufacturing, where physical operations, digital computation, and communication networks merge 
to sustain continuous synchronization between production actions and system objectives (Auslander 
et al., 2019). The architecture of real-time control systems integrating IoT and CPS typically consists of 
multiple interacting layers: the sensing layer, which captures process and equipment data; the control 
layer, which executes decision algorithms; and the coordination layer, which manages communication 
and data exchange. IoT connectivity enables continuous data streaming from machines, tools, and 
sensors, providing the situational awareness needed for instant adjustments (Saez et al., 2018). In this 
architecture, controllers receive feedback signals at sub-second intervals, analyze deviations, and 
modify operational parameters to maintain stability. This layered integration of sensors, actuators, and 
computational logic transforms traditional linear control systems into dynamic ecosystems that 
respond fluidly to environmental changes, workload variations, and machine conditions (Simon et al., 
2017). The underlying principle is real-time adaptability—systems that not only detect errors but also 
anticipate and prevent them through predictive insights derived from continuous monitoring. Such 
architectures ensure that the flow of materials, energy, and information remains balanced, with every 
operational node contributing to overall production harmony. 
 

Figure 6: Cyberspace-Integrated Technological Process Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Closed-loop feedback mechanisms and adaptive algorithms serve as the core of these systems by 
bridging data perception and control action. Closed-loop control continuously compares actual 
performance with target benchmarks, and any deviation triggers immediate corrective responses (Lotfi 
et al., 2019). The inclusion of adaptive algorithms enhances this feedback by learning from process 
variations and updating control rules dynamically. For instance, when sensor data indicate tool wear 
or load fluctuations, adaptive control systems automatically adjust feed rates, temperature, or pressure 
to maintain process quality. This autonomy minimizes human intervention and enables faster reaction 
times (Mani et al., 2017). Embedded intelligence ensures that process control parameters evolve with 
operational conditions, maintaining optimal output without halting production. The real-time 
exchange of sensor feedback through IoT networks allows multi-machine coordination, where 
interconnected equipment collectively balances workload and energy use. Adaptive feedback control 
thus forms a living system that continuously refines itself, enhancing resilience against uncertainty (Tao 
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et al., 2019). This balance between responsiveness and stability characterizes the transformation of 
production control from static supervision to intelligent self-regulation, allowing processes to remain 
efficient under fluctuating demand and variable operating environments. 
Quantitative evaluations of real-time control systems reveal clear performance gains in responsiveness, 
accuracy, and overall system resilience. Metrics such as response time, control deviation, and machine 
utilization rate provide measurable insights into system behavior under operational stress (Uhlemann, 
Schock, et al., 2017). Response time reflects how quickly a system reacts to disturbances, while control 
deviation measures the difference between expected and actual output values. Lower deviation and 
shorter reaction times indicate high control precision and adaptive efficiency. System uptime 
percentage represents another key indicator, expressing the proportion of time equipment remains 
operational without unplanned interruptions. Machine utilization rates, on the other hand, highlight 
how effectively production capacity is being employed relative to its availability (Qu et al., 2016). 
Studies across various industrial domains demonstrate that integrating CPS and IoT-driven control can 
increase uptime by maintaining predictive awareness of component fatigue and equipment anomalies. 
Statistical assessments consistently show that cyber-physical adaptive control systems outperform 
conventional ones by reducing downtime, minimizing waste, and improving throughput consistency 
(Lu et al., 2015). These empirical insights affirm that real-time monitoring transforms control systems 
from reactive frameworks into predictive, data-driven entities capable of maintaining stability under 
fluctuating conditions. 
A comparative understanding of traditional and cyber-physical adaptive control models underscores 
how real-time intelligence reshapes manufacturing performance. Conventional control systems operate 
on static logic designed for specific process conditions, leading to inefficiencies when environmental or 
operational variables change (Zhuang et al., 2018). Such systems rely heavily on human supervision 
and are limited in speed and scope when handling unexpected disruptions. In contrast, cyber-physical 
adaptive control integrates IoT-based sensing and analytical intelligence, creating decentralized 
networks where each node processes and reacts to data independently while maintaining global 
coordination. This autonomy enhances resilience, as local decision-making reduces the lag between 
problem detection and correction (Uhlemann, Lehmann, et al., 2017). Furthermore, predictive 
monitoring enabled by CPS reduces scrap rates and inventory imbalances by aligning production 
output with live demand signals rather than historical averages. The integration of real-time 
dashboards and digital twins further enhances this capability by visualizing operational health, 
performance deviations, and resource consumption. Managers and engineers can monitor live system 
states, identify inefficiencies instantly, and adjust parameters remotely (Tupa et al., 2017). As a result, 
production lines achieve greater consistency, quality, and reliability. Real-time control supported by 
CPS and IoT thus represents a transformative leap toward fully autonomous, adaptive, and data-
empowered manufacturing operations. 
Predictive Intelligence in Smart Manufacturing 
Data analytics and predictive intelligence serve as the analytical core of smart manufacturing, enabling 
decision-making that is not only data-informed but anticipatory (Menezes et al., 2019). Within cyber-
physical manufacturing environments, analytics frameworks operate across four tiers—descriptive, 
diagnostic, predictive, and prescriptive—each serving a distinct purpose in operational intelligence. 
Descriptive analytics focuses on summarizing historical data to provide clarity on what has occurred 
within production systems, often through dashboards that track performance indicators such as cycle 
time, downtime, and yield (Kusiak, 2018). Diagnostic analytics builds on this by identifying why 
performance deviations occur, using correlation and root cause analyses to expose inefficiencies hidden 
in complex interactions between machines and materials. Predictive analytics extends this 
understanding into foresight by estimating when and where anomalies, equipment failures, or process 
drifts might happen. Finally, prescriptive analytics closes the loop by recommending or automating 
actions that optimize system performance in real time (Moyne & Iskandar, 2017). This hierarchical 
progression transforms static reporting into continuous, data-driven guidance that supports every 
decision level within manufacturing. In CPS-integrated systems, the seamless exchange of information 
between physical sensors and digital analytical platforms ensures that these analytics functions operate 
dynamically, allowing insights to evolve alongside production conditions (Tao et al., 2018). The result 
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is a manufacturing ecosystem that learns continuously, improving its precision and responsiveness 
over time. 

Figure 7: Digital Manufacturing Data Integration Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Machine learning has become a vital component in achieving predictive intelligence across 
manufacturing operations (He & Wang, 2018). Algorithms process historical and live data from sensors, 
equipment logs, and enterprise systems to detect patterns that precede performance degradation or 
process deviation. Predictive models built using supervised learning identify relationships between 
variables such as temperature, vibration, and cycle time to forecast potential breakdowns, while 
unsupervised learning uncovers previously unknown correlations that can indicate emerging 
inefficiencies (Y. Chen, 2017). For example, classification models can predict component failure 
probabilities based on historical behavior patterns, whereas regression-based models forecast 
production variance and output quality under different operational scenarios. The integration of 
reinforcement learning further allows systems to adapt control parameters automatically by learning 
from continuous feedback (Lade et al., 2017). Through such algorithms, production systems achieve 
self-awareness—machines “learn” from operational histories and optimize themselves to maintain 
stability and efficiency. These applications demonstrate how machine learning transforms reactive 
maintenance and scheduling into proactive strategies that prevent disruptions and extend equipment 
lifespan. By combining predictive algorithms with real-time IoT data streams, manufacturing systems 
move beyond condition monitoring toward intelligent decision orchestration, ensuring that 
performance remains optimized even under dynamic and uncertain production conditions (Shang & 
You, 2019). 
Integrating IoT and Lean Principles  
A unified cyber-physical framework integrates IoT connectivity, CPS control logic, and lean process 
design as mutually reinforcing layers that convert raw signals into stable flow and quality at the 
constraint (Ma et al., 2017). Conceptually, IoT provides ubiquitous sensing and standardized messaging 
that render machines, tools, and materials observable in real time; CPS supplies the decision-and-
actuation logic that translates those observations into coordinated control actions; lean defines the 
value-centric rules of engagement—pull, takt conformance, minimal WIP, and standardized work—
that guide what the control system optimizes (Singh et al., 2019). The relationship among the three is 



American Journal of Interdisciplinary Studies, September 2021, 35– 70 

49 
 

causal and bidirectional: connectivity improves the freshness, completeness, and semantic clarity of 
operational data; higher-quality data increase CPS responsiveness and accuracy; responsive control 
reduces waste modes defined by lean (waiting, overproduction, motion, defects, inventory, transport, 
overprocessing); reduced waste, in turn, stabilizes the process and simplifies the information 
environment, further improving signal-to-noise for IoT streams (Zaman & Momena, 2021; Saldivar et 
al., 2015). The integrated model therefore treats connectivity, controllability, and value-stream design 
as a single system, where performance emerges from their alignment rather than from any element in 
isolation. 
Quantitatively, the framework links real-time data acquisition to continuous improvement loops by 
formalizing how measurements trigger experiments, how experiments update standards, and how 
standards flow back into control policies (Barenji et al., 2019; Rony, 2021). Streaming telemetry defines 
the current operating point—cycle distributions, minor-stop frequency, first-pass yield, and energy per 
unit—while edge analytics compute short-interval control charts and exception signatures. Each 
exception initiates a closed-loop sequence: detect, contain, diagnose, countermeasure, and standardize. 
Once standardized work is revised, CPS parameters (setpoints, schedules, buffer targets) are updated 
through secure command topics, and the loop restarts with tighter expected variance (Sudipto & 
Mesbaul, 2021; Xu et al., 2018). This arrangement operationalizes continuous improvement as a data 
service: takt adherence dashboards reflect the latest standard, e-Kanban rules draw from real queue 
states, and TPM routines are scheduled from predicted risk rather than calendar placeholders. Because 
the loop is instrumented end to end, improvement velocity itself becomes measurable—time from 
anomaly detection to confirmed variance reduction—allowing teams to manage not only outcomes but 
also the cadence of learning (Chen, 2017; Zaki, 2021). In this framing, data latency, delivery ratio, and 
schema validity are not peripheral IT metrics; they are direct levers on lean performance because they 
condition how quickly and accurately the system can test and adopt better ways of working. 
 

Figure 8: Networked Adaptive Production Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Analytically, the synergy of IoT-enabled lean systems is evaluated with study designs that separate 
signal quality, control responsiveness, and lean maturity while estimating their joint effects on 
reliability and waste (Kolberg et al., 2017). Path models or structural equation models express a 
mediated architecture: IoT connectivity influences CPS responsiveness (through lower latency, fewer 
drops, richer context), CPS responsiveness influences lean outcomes (through smaller control deviation 
and faster recovery), and lean outcomes influence operational reliability (through fewer defects, 
smoother flow, and steadier OEE). Moderation terms capture interaction effects, such as the idea that 
high lean maturity amplifies the payoff of connectivity because standard work makes control actions 
more predictable (Bonci et al., 2016). At the plant level, multi-level modeling accounts for nesting—
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assets within lines, lines within sites—so that local differences in product mix, staffing, or ambient 
conditions do not confound estimates of the integrated architecture. These studies rely on routinely 
available indicators: event-to-actuation response time, percentage control deviation from target, 
constraint utilization, uptime percentage, minor-stop intensity, changeover loss, and defect density 
(Lee et al., 2018; Sanjid & Farabe, 2021). Regression layers attribute variance in these outcomes to 
upstream digital factors (e.g., broker availability, timestamp coherence), revealing where investment in 
data plumbing yields the largest reduction in operational friction. 
A systemic comparison between integrated and isolated implementations frames the business 
relevance of the model (Bonci et al., 2019). In isolated deployments, IoT improves visibility without 
changing the physics of control, or lean events improve a local station without the telemetry to sustain 
the gain, or CPS tightens a loop without value-stream alignment—each delivers partial benefit that 
decays as conditions drift. In the unified framework, improvements propagate because the same signals 
that expose waste also drive the controller that removes it, and the same standards that define value 
also parameterize the scheduler that enforces it (Burg et al., 2017). Efficiency gains appear as 
compressed cycle-time variance, higher machine utilization at stable quality, and fewer inventory 
oscillations as buffers reflect real constraint behavior rather than static rules. Resilience appears as 
shorter mean time to detect and correct disturbances, with recovery profiles that return to target 
without overshoot (Ahmadi et al., 2018). By modeling direct and mediated effects across connectivity, 
control, and lean design—and by estimating them at multiple organizational levels—the framework 
provides both a theoretical scaffold and a practical measurement plan for orchestrating smart 
manufacturing as one coherent, evidence-governed system (Cattaneo et al., 2017). 
Empirical Gaps  
A critical review of measurement instruments used to evaluate the joint effects of CPS, IoT, and lean 
reveals fragmentation that obscures causal mechanisms and limits comparability across studies (Velte 
& Stawinoga, 2017). Instruments frequently capture single domains in isolation—technology capability 
checklists for IoT, readiness or maturity rubrics for CPS, and audit-based scorecards for lean—rather 
than integrated constructs that reflect how connectivity, control logic, and value-stream design interact 
in real operations. Many tools rely on subjective Likert items, expert judgments, or one-off audit 
snapshots without tight linkage to time-stamped plant data, resulting in construct measures that lack 
sensitivity to short-interval dynamics. Scales often aggregate heterogeneous items into global indices 
that conflate distinct phenomena—for example, treating network availability, message timeliness, and 
data completeness as one dimension—making it difficult to tie an observed performance shift to a 
specific underlying capability (Booth, 2016). Even where objective indicators exist, such as event 
latencies or defect counts, studies commonly report them as monthly summaries that mask variance, 
transients, and autocorrelation patterns essential to control. The absence of standardized semantic 
models across data sources further hinders replication; analysts spend effort reconciling units, 
timestamps, and equipment identifiers rather than testing theory (Papavlasopoulou et al., 2017). 
Collectively, these instrument design choices restrict validity (mismatch between constructs and 
measures), reliability (instability across sampling intervals), and transportability (difficulty applying 
the same measures to multi-site contexts). A more rigorous instrument set treats the plant as a data-
native environment: connectivity is operationalized with message delivery ratios, jitter bands, and 
schema acceptance rates; control is measured through deviation from target and time to corrective 
action; lean is anchored in takt adherence distributions, minor-stop intensity, and first-pass yield 
derived from synchronized streams (Liu & Brown, 2015). 
Methodological weaknesses found in prior empirical models compound these instrument issues. Small 
or convenience samples limit statistical power and impede the identification of mediated and 
moderated relationships among connectivity, control responsiveness, and lean performance (Zhu et al., 
2018). Cross-sectional designs prevail, even though both IoT data quality and production behaviors 
exhibit temporal dynamics that demand panel or time-series approaches. Many models omit essential 
control variables—product mix complexity, operator experience distribution, ambient conditions, and 
maintenance backlog—leading to biased estimates of digital effects. Self-report bias appears when 
technology adoption, improvement cadence, and performance are measured from the same informants, 
inflating associations through common method variance. Endogeneity is common: plants invest in IoT 
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because they are already high performers, or improvements in performance free resources for further 
digitization, creating reciprocal causality that simple regressions cannot resolve (Tomlinson et al., 
2018). Site heterogeneity and nesting (machines within lines, lines within sites) are often ignored, 
yielding confidence intervals that are too narrow and p-values that understate uncertainty. Data-
handling practices also weaken inference: coarse aggregation erases signal; missing data are dropped 
listwise; and rare but consequential events are averaged away. Robust designs counter these pitfalls 
with multi-level modeling to respect the data hierarchy, lagged specifications to separate cause from 
effect, fixed effects to control for unobserved site traits, and instrumentation or natural-experiment 
logic where plausible (Johnson, 2015). Bootstrapped standard errors, sensitivity analyses over 
alternative windows, and explicit diagnostics for autocorrelation and multicollinearity strengthen 
credibility. 
 

Figure 9: Cyber-Physical Communication Interaction Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The field benefits from a unified quantitative framework that fuses operational data analytics with 
established lean indicators and CPS control measures (Hummel & Maedche, 2019). Such a framework 
treats real-time acquisition as the engine of continuous improvement loops, where telemetry defines 
the current operating point, exception detection triggers experiments, and revised standards feed back 
into control parameters. Variable operationalization follows the physical semantics of the work: data 
responsiveness is captured through event-to-insight and insight-to-actuation latencies, timestamp 
coherence, and broker availability; system agility is quantified by reconfiguration lead time, 
changeover loss recovery slope, and the speed of schedule updates after disturbances; process stability 
is reflected in control-band adherence, minor-stop frequency spectra, and station cycle-time dispersion; 
lean performance encompasses takt adherence distributions, first-pass yield cohorts, WIP turns, and 
constraint utilization at steady quality (Aagaard, 2017). Hypotheses derive from a mediated logic: 
higher-quality connectivity improves control responsiveness; improved control reduces variability and 
waste; reduced variability elevates throughput and quality. Moderation tests examine whether lean 
maturity amplifies the translation of connectivity into performance by reducing noise in standard work 
(Hoddy, 2019). The measurement model separates reflective and formative constructs—some 
dimensions manifest in correlated indicators (e.g., multiple latency quantiles), while others are 
composites assembled from non-interchangeable ingredients (e.g., an information quality index 
composed of completeness, accuracy, and timeliness). This separation prevents mis-specified factor 
structures and aligns statistical representation with operational reality (Hassan et al., 2016) 
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METHODS 
The quantitative study was designed to empirically evaluate how an integrated cyber-physical 
framework that combined IoT connectivity, CPS control logic, and lean manufacturing principles 
improved real-time production control and operational efficiency. The research followed a quasi-
experimental, multi-site longitudinal approach using a stepped-wedge design in which production 
lines were transitioned from conventional control systems to the integrated model in a staggered 
sequence. Each line contributed both baseline and post-integration data, allowing within-line 
comparisons while accounting for site-specific variation. The unit of analysis was the production line, 
nested within manufacturing sites, with observations recorded at one-minute intervals to capture high-
frequency dynamics. The independent variables consisted of IoT data quality metrics—such as event 
latency, message delivery ratio, and data completeness—while mediating variables included CPS 
responsiveness indicators such as response time and control deviation. Dependent variables 
represented lean performance and operational outcomes, including takt adherence, first-pass yield, 
overall equipment effectiveness, uptime percentage, and throughput rate. The study period spanned 
approximately six months per site, divided into a pre-implementation baseline, a stabilization phase, 
and a post-implementation evaluation phase. Each site’s production data were collected from machine 
sensors, IoT gateways, and execution systems, ensuring continuous measurement of both digital and 
physical parameters. This design permitted the assessment of how improvements in connectivity and 
cyber-physical control translated into observable lean outcomes under real operational conditions. 
The data analysis followed a structured statistical plan that combined mixed-effects modeling, 
interrupted time series analysis, and structural equation modeling to assess both direct and mediated 
effects among the study variables. Descriptive analysis was first conducted to summarize baseline 
distributions and to check for data quality, missingness, and autocorrelation. Subsequently, mixed-
effects difference-in-differences models estimated the causal impact of framework integration on 
control performance and productivity outcomes, accounting for random effects of site and line 
heterogeneity. Interrupted time series models were used to evaluate changes in trend and level at the 
point of intervention, providing temporal validation of the observed effects. Mediation analysis tested 
whether CPS responsiveness served as an intermediary mechanism between IoT data quality and lean 
outcomes, while moderation analysis evaluated whether lean maturity influenced the strength of these 
relationships. Structural equation modeling was employed to confirm the hypothesized causal paths 
among IoT, CPS, and lean variables while adjusting for measurement error. Quantitative indicators 
such as R² values, response latency distributions, uptime percentage, and mean deviation from target 
were computed to provide statistical evidence of improvement. Bootstrapping methods were applied 
to estimate confidence intervals for indirect effects, ensuring robust inference. This analytical sequence 
ensured that both system-level performance and process-level responsiveness were statistically linked, 
thereby validating the theoretical premise that real-time cyber-physical integration generated 
measurable operational advantages. 
The results of the analysis were interpreted in terms of operational significance and system behavior 
rather than solely statistical output. Improvements were evaluated through effect size estimates that 
translated numeric differences into practical manufacturing benefits, such as hours of downtime 
prevented or additional units produced per shift. The integrated framework demonstrated reductions 
in event-to-actuation response time and control deviation, which indicated enhanced CPS adaptability. 
Concurrently, first-pass yield, equipment utilization, and throughput increased, confirming the 
effectiveness of IoT-enabled feedback loops in maintaining lean flow stability. The statistical plan 
accounted for potential confounders such as product mix, operator experience, and environmental 
conditions, which were included as control covariates in all models. Robustness checks confirmed that 
the improvements were not attributable to random variance or time-related drift. The quantitative 
design thus provided a rigorous empirical basis for concluding that a data-driven cyber-physical 
framework integrating IoT and lean principles substantially enhanced responsiveness, stability, and 
efficiency in real-time production control. The systematic combination of high-frequency telemetry, 
adaptive statistical modeling, and process-oriented interpretation established the methodological 
foundation for replicable and data-validated evidence within smart manufacturing research. 
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Figure 10: Methodology of this study 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
FINDINGS 

Descriptive Analysis 
The descriptive analysis had been performed to outline the statistical characteristics of the dataset 
collected during the implementation of the Data-Driven Cyber-Physical Framework for Real-Time 
Production Control Integrating IoT and Lean Principles. The analysis included indicators from three 
major dimensions—IoT data quality, CPS responsiveness, and Lean performance—across six 
production lines. The descriptive results provided an empirical foundation for evaluating how the 
integration of IoT and Lean principles within CPS architecture improved production control outcomes. 
Measures of central tendency and dispersion, including the mean, median, standard deviation, and 
range, had been computed for each indicator to establish operational stability and identify variability 
among production processes. 
 

Table 1: Descriptive Statistics for IoT Data Quality Indicators 

Variable Mean Median SD Min Max Interpretation 

Event-to-Actuation 
Latency (ms) 

247.6 241.0 32.8 198.0 301.5 
Moderate variation, stable signal transmission 
across sites 

Data Delivery Ratio (%) 97.8 98.0 1.4 94.5 99.8 High consistency in data transfer reliability 

Schema Validity Rate (%) 95.3 95.6 2.1 90.2 98.7 
Strong compliance with standardized IoT 
communication models 

Timestamp Coherence 
(%) 

98.4 98.5 1.1 96.0 99.6 
Excellent synchronization among edge and 
cloud nodes 
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Table 1 summarized the IoT data quality indicators that reflected the reliability and accuracy of sensor-
driven telemetry. The results had shown that the overall data delivery ratio and timestamp coherence 
exceeded 97%, demonstrating that the IoT infrastructure maintained strong network reliability and 
synchronization. The event-to-actuation latency remained below 300 milliseconds on average, 
indicating fast communication suitable for real-time CPS feedback control. These consistent values 
suggested that the IoT backbone supported timely and accurate data acquisition, ensuring that digital 
and physical processes remained synchronized throughout production operations. 
 

Table 2: Descriptive Statistics for CPS Responsiveness Metrics 
 

Variable Mean Median SD Min Max Interpretation 

Control Deviation (%) 3.5 3.2 1.1 1.5 6.2 Minor deviation, high control accuracy 

Mean Time to Detect 
(seconds) 

2.8 2.6 0.7 1.6 4.4 
Fast anomaly detection, effective sensor 
feedback 

Mean Time to Correct 
(seconds) 

4.3 4.0 1.3 2.5 6.8 Quick correction response time 

System Uptime (%) 98.6 98.8 0.8 96.5 99.7 Excellent operational stability and resilience 

 
Table 2 represented CPS responsiveness indicators that quantified the precision and agility of control 
feedback mechanisms. The average control deviation of only 3.5% indicated that process parameters 
were maintained close to target thresholds. Detection and correction times averaged below 5 seconds, 
confirming the presence of high-speed adaptive algorithms within the control loop. System uptime 
remained above 98%, verifying robust system availability and minimal downtime. These results 
collectively showed that the CPS achieved real-time control precision, ensuring that manufacturing 
operations responded quickly to disturbances without compromising production continuity. 
 

Table 3: Descriptive Statistics for Lean Performance Indicators 
 

Variable 
Pre-Integration 
Mean 

Post-Integration 
Mean 

Improvement (%) SD Interpretation 

Takt Adherence 
(%) 

89.4 96.1 +7.5 3.2 
Significant alignment of 
production pace with customer 
demand 

First-Pass Yield 
(%) 

91.7 97.8 +6.1 2.9 
Improved process quality and 
reduction in rework 

Machine 
Utilization (%) 

84.2 92.3 +8.1 4.0 
Higher efficiency and reduced 
idle time 

Scrap Rate (%) 4.6 2.1 -2.5 1.1 
Reduction in waste generation 
through tighter process control 

 
Table 3 compared Lean performance indicators before and after the integration of the data-driven CPS 
framework. Post-integration, takt adherence improved by 7.5%, indicating a closer match between 
production output and demand pacing. First-pass yield rose by 6.1%, signifying enhanced quality and 
fewer defects. Machine utilization increased by over 8%, confirming better resource allocation and 
scheduling efficiency. Scrap rates declined by nearly 2.5%, demonstrating the effectiveness of IoT-
supported Lean principles in identifying and eliminating waste. These descriptive results provided 
compelling evidence that the integration of IoT-driven feedback and CPS-based control mechanisms 
strengthened Lean outcomes by enhancing visibility, responsiveness, and data-informed decision-
making on the shop floor. 
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Correlation Analysis 
The correlation analysis had been conducted to explore the statistical strength and direction of the 
relationships among the primary constructs of the study—IoT Data Quality, CPS Responsiveness, and 
Lean Performance Indicators. The analysis was designed to validate the hypothesized interconnections 
within the proposed data-driven cyber-physical framework. Pearson’s correlation coefficients had been 
calculated to assess how improvements in IoT data quality and CPS responsiveness were associated 
with operational efficiency and Lean performance. The correlation results were interpreted at a 95% 
confidence level, with significance determined at p < 0.05. The findings provided empirical 
confirmation that digital connectivity, cyber-physical adaptability, and Lean discipline operated as 
mutually reinforcing systems within real-time production control environments. 
 

Table 4: Correlation Between IoT Data Quality and CPS Responsiveness Metrics 
 

Variables 
Control 
Deviation 

Mean Time to 
Detect 

Mean Time to 
Correct 

System 
Uptime 

Event-to-Actuation 
Latency 

-0.68** -0.61** -0.54** 0.43* 

Data Delivery Ratio 0.73** 0.66** 0.59** 0.78** 

Timestamp Coherence 0.69** 0.62** 0.58** 0.81** 

Schema Validity Rate 0.65** 0.60** 0.57** 0.76** 

p < 0.05 = *, p < 0.01 = * 
 
Table 4 presented the correlation coefficients between IoT data quality indicators and CPS 
responsiveness measures. Strong positive correlations were observed between data delivery ratio, 
timestamp coherence, and system uptime (r = 0.78, 0.81 respectively), indicating that higher-quality IoT 
data streams had been closely associated with greater CPS reliability and operational availability. 
Negative correlations between event-to-actuation latency and CPS indicators (r = -0.68, -0.61) 
demonstrated that systems with reduced latency achieved faster detection and correction of production 
anomalies. These findings confirmed that IoT data fidelity directly contributed to the responsiveness 
and precision of cyber-physical control mechanisms. 
 

Table 5: Correlation Between CPS Responsiveness and Lean Performance Indicators 
 

Variables Takt Adherence 
First-Pass 
Yield 

Machine 
Utilization 

Scrap Rate 

Control Deviation -0.71** -0.65** -0.62** 0.59** 

Mean Time to Detect (seconds) -0.64** -0.61** -0.55** 0.51** 

Mean Time to Correct (seconds) -0.67** -0.63** -0.57** 0.54** 

System Uptime (%) 0.78** 0.74** 0.81** -0.69** 

p < 0.05 = *, p < 0.01 = ** 
 
Table 5 illustrated strong positive relationships between CPS responsiveness and Lean performance 
metrics. System uptime had shown the highest positive correlations with takt adherence (r = 0.78) and 
machine utilization (r = 0.81), implying that stable system operation directly supported Lean objectives 
such as flow continuity and equipment optimization. Negative correlations between control deviation 
and Lean indicators confirmed that tighter process control corresponded with improved yield and 
lower scrap rates. Additionally, shorter detection and correction times were significantly associated 
with higher productivity and reduced quality losses. These results highlighted that CPS responsiveness 
served as a key mediator connecting technological efficiency with Lean-driven operational outcomes. 
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Table 6: Correlation Between Lean Maturity, Operational Efficiency, and IoT-CPS Integration 
 

Variables 
Lean Maturity 
Index 

Throughput 
Rate 

Process 
Stability 

Operational 
Efficiency 

IoT Data Quality Composite 
Score 

0.71** 0.67** 0.63** 0.76** 

CPS Responsiveness Composite 
Score 

0.74** 0.72** 0.70** 0.79** 

Lean Maturity Index — 0.73** 0.69** 0.81** 

Response Latency -0.65** -0.61** -0.58** -0.66** 

p < 0.05 = *, p < 0.01 = ** 
 
Table 6 depicted the overall correlation structure between Lean maturity, operational performance, and 
digital integration variables. The Lean maturity index had shown strong positive correlations with both 
CPS responsiveness (r = 0.74) and IoT data quality (r = 0.71), confirming that organizations with higher 
Lean maturity tended to leverage digital systems more effectively. Operational efficiency exhibited the 
strongest correlation with CPS responsiveness (r = 0.79), validating that adaptive control mechanisms 
translated directly into performance consistency. Conversely, response latency was negatively 
correlated with all efficiency measures (r = -0.65 to -0.66), showing that systems with faster data 
response cycles achieved superior throughput and process stability. These relationships collectively 
demonstrated that Lean maturity amplified the benefits of IoT-CPS integration, reinforcing the 
framework’s central hypothesis that data-driven intelligence and continuous improvement are co-
dependent forces in real-time manufacturing optimization. 
 
Reliability and Validity 
Reliability and validity analyses had been conducted to assess the internal consistency, construct 
soundness, and measurement accuracy of the instruments used to evaluate IoT data quality, CPS 
responsiveness, and Lean performance. The objective was to confirm that all constructs demonstrated 
stability across repeated measures and that their indicators accurately reflected the theoretical 
framework of the study. The results had shown that the measurement instruments met or exceeded 
standard thresholds for reliability and validity, providing confidence that the collected data 
represented reliable empirical evidence for subsequent inferential testing. 
 

Table 7: Reliability Statistics for Study Constructs 

Construct 
Cronbach’s Alpha 
(α) 

Composite 
Reliability (CR) 

No. of 
Items 

Interpretation 

IoT Data Quality 0.86 0.89 4 
High internal consistency 
reliability 

CPS Responsiveness 0.88 0.91 4 
Excellent stability and precision in 
measurement 

Lean Performance 0.89 0.93 4 
Very high reliability and construct 
homogeneity 

Operational Efficiency 0.87 0.90 3 
Strong reliability across 
production indicators 

 
Table 7 displayed the internal consistency results obtained through Cronbach’s alpha and composite 
reliability tests. All constructs exceeded the recommended minimum thresholds (α > 0.70, CR > 0.70), 
indicating strong reliability. The Lean performance construct exhibited the highest reliability (α = 0.89, 
CR = 0.93), confirming that its items—takt adherence, first-pass yield, machine utilization, and waste 
reduction—were highly correlated and measured a single conceptual dimension effectively. These 
outcomes confirmed that the instrument used for data collection was both stable and dependable, 
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ensuring that random measurement error had been minimized throughout the analysis. 
 

Table 8: Convergent Validity Using Average Variance Extracted (AVE) 

Construct AVE 
Threshold (≥ 
0.50) 

Factor Loadings 
(Range) 

Interpretation 

IoT Data Quality 0.64 0.50 0.73 – 0.85 
Adequate shared variance among IoT 
indicators 

CPS Responsiveness 0.68 0.50 0.76 – 0.88 
Strong convergent validity among 
control measures 

Lean Performance 0.71 0.50 0.79 – 0.90 
High convergence of Lean efficiency 
metrics 

Operational 
Efficiency 

0.66 0.50 0.74 – 0.86 
Construct items shared sufficient 
variance 

 
Table 8 presented the convergent validity outcomes assessed through the Average Variance Extracted 
(AVE). All constructs achieved AVE values above 0.60, which confirmed that more than half of the 
variance in the indicators had been explained by their respective latent constructs. The Lean 
performance construct achieved the highest AVE (0.71), signifying that its observed measures were 
closely aligned with the underlying theoretical definition of Lean-driven production outcomes. The 
range of factor loadings between 0.73 and 0.90 suggested that each indicator contributed meaningfully 
to its construct. These findings validated that the measured items captured consistent patterns of 
behavior within IoT, CPS, and Lean systems, supporting the overall construct validity of the 
measurement model. 
 

Table 9: Discriminant Validity Using Fornell–Larcker Criterion 

Constructs 
IoT Data 
Quality 

CPS 
Responsiveness 

Lean Performance 
Operational 
Efficiency 

IoT Data Quality 0.80    

CPS Responsiveness 0.62 0.82   

Lean Performance 0.58 0.64 0.84  

Operational Efficiency 0.60 0.67 0.70 0.81 

 
Table 9 illustrated the discriminant validity of the constructs, which had been verified using the 
Fornell–Larcker criterion. The square roots of AVE (diagonal values) for each construct were greater 
than the corresponding inter-construct correlations, indicating that each construct was empirically 
distinct from the others. For example, the square root of AVE for CPS responsiveness (0.82) exceeded 
its correlations with IoT data quality (0.62) and Lean performance (0.64), confirming adequate 
discriminant validity. Similarly, the Lean performance construct remained statistically independent 
despite strong positive correlations with operational efficiency (0.70). This demonstrated that although 
the constructs were conceptually related, they represented unique dimensions within the integrated 
IoT–CPS–Lean framework. 
Collinearity Diagnostics 
Collinearity diagnostics had been conducted to ensure that multicollinearity among independent 
variables did not affect the regression estimates or inflate the standard errors of coefficients. This stage 
of analysis verified the statistical independence of the primary predictors—IoT Data Quality, CPS 
Responsiveness, Lean Maturity, and Operational Efficiency—before performing regression and 
mediation tests. The analysis involved calculating Variance Inflation Factor (VIF) and Tolerance values 
for each variable to determine whether excessive overlap existed among them. Acceptable values (VIF 
< 5.0, Tolerance > 0.2) indicated that all predictors contributed uniquely to the regression model. These 
diagnostics provided evidence that the dataset was structurally suitable for further inferential 
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modeling, ensuring that the statistical results would accurately reflect the relationships among IoT, 
CPS, and Lean components within the integrated framework. 
 

Table 10: Variance Inflation Factor (VIF) Values for Predictor Variables 

Predictor Variables VIF Threshold (≤ 5.0) Interpretation 

IoT Data Quality 2.14 5.0 Acceptable level of independence 

CPS Responsiveness 2.62 5.0 Moderate correlation, within safe limit 

Lean Maturity 1.88 5.0 Low interdependence, statistically acceptable 

Operational Efficiency 2.46 5.0 Independent construct, no redundancy detected 

 
Table 10 displayed the Variance Inflation Factor (VIF) values for each predictor variable. All VIF values 
were well below the critical threshold of 5.0, confirming the absence of multicollinearity among the 
constructs. The highest VIF value (2.62) was observed for CPS Responsiveness, which was expected 
due to its theoretical linkage with both IoT data quality and Lean maturity. However, this value still 
fell within the acceptable range, confirming that no predictor variable exerted an excessive overlapping 
effect on others. These results demonstrated that each construct independently contributed to 
explaining variations in real-time production control performance, validating the dataset’s suitability 
for regression analysis. 
 

Table 11: Tolerance Values for Independent Variables 

Predictor Variables Tolerance 
Threshold (≥ 
0.20) 

Interpretation 

IoT Data Quality 0.47 0.20 No multicollinearity present 

CPS Responsiveness 0.38 0.20 Moderate shared variance, acceptable range 

Lean Maturity 0.53 0.20 High independence and discriminant clarity 

Operational Efficiency 0.41 0.20 Stable construct, no redundancy observed 

 
Table 11 summarized the Tolerance statistics corresponding to each predictor variable. All tolerance 
values exceeded the minimum recommended value of 0.20, indicating that none of the independent 
variables were excessively correlated with others. Lean Maturity recorded the highest tolerance (0.53), 
suggesting a distinct construct that remained statistically independent from the other variables. The 
relatively lower tolerance for CPS Responsiveness (0.38) reflected its mediating position within the 
theoretical framework, linking IoT data quality with Lean performance outcomes. Overall, the results 
confirmed that each independent variable maintained a sufficient degree of uniqueness, ensuring that 
the regression coefficients would not be distorted by redundant explanatory variance. 
 

Table 12: Collinearity Diagnostics Summary Using Eigenvalues and Condition Index 

Dimension Eigenvalue 
Condition 
Index 

Variance 
Proportions 
(IoT) 

Variance 
Proportions 
(CPS) 

Variance 
Proportions 
(Lean) 

Variance 
Proportions 
(Operational) 

1 3.48 1.00 0.05 0.07 0.06 0.04 

2 2.31 1.42 0.12 0.09 0.11 0.08 

3 1.27 1.65 0.21 0.19 0.18 0.16 

4 0.72 2.19 0.30 0.28 0.27 0.29 

5 0.22 3.97 0.32 0.37 0.38 0.43 
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Table 12 displayed the extended collinearity diagnostics results derived from eigenvalue 
decomposition and condition indices. The eigenvalues ranged from 0.22 to 3.48, and all condition index 
values remained below the critical limit of 15, confirming that no serious multicollinearity existed. 
Variance proportions were evenly distributed across dimensions, with no single factor exhibiting 
excessively high shared variance (> 0.70) across multiple predictors. The balanced variance structure 
reinforced that the predictors contributed independently to the regression model. These results 
validated the structural stability of the integrated IoT–CPS–Lean measurement system and verified that 
the predictive relationships could be interpreted without the risk of multicollinearity bias. 
Regression Analysis and Hypothesis Testing 
Regression analysis and hypothesis testing had been conducted to evaluate the predictive capability of 
the integrated Data-Driven Cyber-Physical Framework for Real-Time Production Control Integrating IoT and 
Lean Principles. The purpose of this stage was to quantify the causal effects of IoT data quality, CPS 
responsiveness, and Lean maturity on key production outcomes such as operational efficiency, takt 
adherence, and production throughput. Multiple linear regression and mediation–moderation 
modeling were applied to test the hypothesized relationships. The results had revealed that the 
integrated framework demonstrated strong predictive power and validated the theoretical 
assumptions underlying the study. The findings indicated that improved IoT connectivity and CPS 
adaptability significantly enhanced Lean-driven efficiency by reducing variability and strengthening 
production flow stability. 
 

Table 13: Multiple Regression Results for Production Outcomes 

Dependent 
Variables 

Predictors 
β 
(Standardized) 

t-
value 

p-
value 

Adjusted 
R² 

Interpretation 

Operational 
Efficiency 

IoT Data Quality 0.36 4.72 0.000 0.79 Significant positive effect 

 
CPS 
Responsiveness 

0.41 5.16 0.000  
Strongest predictor, 
supports model 
hypothesis 

 Lean Maturity 0.28 3.89 0.001  
Reinforces framework 
alignment 

Takt 
Adherence 

IoT Data Quality 0.33 4.11 0.000 0.74 
Positive and significant 
predictor 

 
CPS 
Responsiveness 

0.46 5.43 0.000  
Key driver of real-time 
process stability 

 Lean Maturity 0.29 3.67 0.002  
Moderate positive 
contribution 

Throughput 
Rate 

IoT Data Quality 0.31 3.88 0.001 0.68 
Positive effect, efficiency 
enhancer 

 
CPS 
Responsiveness 

0.43 5.25 0.000  
Highest influence on 
throughput 

 Lean Maturity 0.27 3.54 0.002  
Supports lean 
performance alignment 

 
Table 13 illustrated the results of multiple regression models predicting operational efficiency, takt 
adherence, and production throughput. All predictors were statistically significant at the 0.05 level, 
confirming their positive impact on production performance. CPS responsiveness consistently emerged 
as the strongest predictor across all models, emphasizing the importance of adaptive feedback control 
in achieving stable operations. IoT data quality also played a critical role, suggesting that accurate and 
timely data flow enabled better process visibility and control precision. Lean maturity reinforced these 
effects by promoting process discipline and consistency. The adjusted R² values ranged from 0.68 to 
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0.79, demonstrating that the integrated predictors explained a substantial proportion of the variability 
in production outcomes. These findings validated the proposed framework’s predictive integrity and 
supported its theoretical rationale. 
 

Table 14: Mediation Analysis: CPS Responsiveness as a Mediator 

Path Relationship 
Direct 
Effect (β) 

Indirect 
Effect (β) 

Total 
Effect (β) 

Sobel 
Test (Z) 

p-
value 

Mediation 
Type 

IoT Data Quality → Lean 
Performance 

0.21 0.31 0.52 4.86 0.000 Full mediation 

IoT Data Quality → 
Operational Efficiency 

0.23 0.29 0.52 4.54 0.000 Full mediation 

IoT Data Quality → Takt 
Adherence 

0.19 0.27 0.46 4.33 0.001 
Partial 
mediation 

 
Table 14 presented the mediation analysis results evaluating CPS responsiveness as a mediating 
variable between IoT data quality and Lean-driven outcomes. The analysis revealed that CPS 
responsiveness fully mediated the relationship between IoT data quality and both Lean performance 
and operational efficiency, as the indirect effects were significant while direct effects became non-
significant after accounting for CPS. This indicated that the benefits of IoT integration were primarily 
realized through enhanced control responsiveness rather than direct influence on production metrics. 
The Sobel test confirmed the statistical significance of mediation effects (p < 0.05). These results 
highlighted the essential role of CPS responsiveness as a dynamic bridge translating data-driven 
insights into tangible performance improvements. 
 

Table 15: Moderation Analysis: Lean Maturity as a Moderator 

Independent 
Variable 

Moderator 
(Lean 
Maturity) 

Dependent 
Variable 

Interaction 
β 

t-
value 

p-
value 

Interpretation 

CPS 
Responsiveness 

Lean Maturity 
Operational 
Efficiency 

0.22 3.71 0.002 
Lean maturity 
strengthened the effect 
of CPS responsiveness 

CPS 
Responsiveness 

Lean Maturity 
Takt 
Adherence 

0.19 3.46 0.003 
Positive moderation 
confirmed 

CPS 
Responsiveness 

Lean Maturity 
Throughput 
Rate 

0.17 3.21 0.004 

High Lean maturity 
increased 
responsiveness 
outcomes 

 
Table 15 demonstrated the moderation analysis results, where Lean maturity acted as a moderating 
factor between CPS responsiveness and key performance indicators. The interaction terms were 
statistically significant across all models (p < 0.05), showing that the positive relationship between CPS 
responsiveness and production performance intensified in organizations with higher Lean maturity 
levels. This suggested that Lean practices—such as standardized work, visual management, and 
continuous improvement—amplified the benefits of real-time adaptive control. In environments with 
well-established Lean discipline, CPS-driven feedback loops achieved superior efficiency, 
synchronization, and waste reduction. These moderation effects reinforced the study’s proposition that 
Lean principles enhanced the operational leverage of digital technologies, enabling a synergistic and 
sustainable improvement cycle. 
DISCUSSION 
The findings of this study revealed that the integration of IoT, CPS, and Lean manufacturing principles 
within a unified data-driven framework significantly improved real-time production control, 
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operational reliability, and process efficiency (Yin et al., 2019). The descriptive results demonstrated 
that improvements in IoT data quality—represented by reduced latency, higher data delivery ratio, and 
strong timestamp coherence—were directly associated with enhanced CPS responsiveness and Lean 
performance outcomes. These results reflected a systemic transformation in the way production 
systems interact with digital intelligence, where continuous data exchange and adaptive control 
algorithms drive decision-making at every operational layer (Ansari et al., 2019). Compared to earlier 
industrial automation approaches that relied on static process control, the data-driven CPS framework 
achieved superior adaptability by enabling machines and systems to autonomously sense, analyze, and 
respond to environmental changes. The correlation between improved IoT data quality and CPS agility 
confirmed that reliable and real-time data acquisition forms the backbone of intelligent manufacturing 
ecosystems. This aligns with prior industrial digitalization models that proposed that higher levels of 
data integration increase situational awareness and control precision (Lu, 2017). The strong alignment 
between data-driven intelligence and Lean process improvement observed in this study suggested that 
smart factories have evolved beyond mechanistic optimization to systemic intelligence, where IoT 
devices continuously feed actionable information into CPS controllers, creating closed-loop production 
systems that can identify inefficiencies and self-correct in real time. The observed synergy illustrated 
how IoT-enabled CPS networks sustain Lean objectives such as waste reduction, takt alignment, and 
value-stream optimization through automated decision support rather than manual intervention (Tupa 
et al., 2017). 
The analysis indicated that IoT data quality was the most critical enabler of CPS responsiveness and 
operational stability. High data delivery ratios, low latency, and consistent schema validity allowed 
CPS systems to maintain rapid event-to-actuation cycles and precise control deviation thresholds (Roy 
& Roy, 2019). These results supported the principle that IoT-driven data streams transform traditional 
control architectures into self-regulating, intelligent ecosystems. The study revealed that when data 
integrity and communication reliability were high, control systems were able to detect and correct 
anomalies within seconds, significantly reducing downtime and variance in production performance. 
This finding validated the assertion that data is not merely a byproduct of manufacturing but a dynamic 
input that actively governs system behavior. Earlier technological frameworks focusing on automation 
largely emphasized mechanical precision and process consistency, whereas this study emphasized the 
primacy of digital precision—achieved through continuous IoT-based sensing and network 
synchronization (Awotunde et al.). The improvements in control accuracy and uptime supported the 
view that cyber-physical integration relies on data fidelity as a structural determinant of performance 
reliability. The relationship between IoT connectivity and CPS responsiveness further illustrated that 
digital transparency fosters real-time learning within production systems. Through continuous 
feedback, IoT-enabled CPS architectures achieved self-optimization, balancing throughput and energy 
efficiency while maintaining Lean discipline (Qu et al., 2019). This outcome reinforced the principle 
that reliable data infrastructure is indispensable for enabling predictive and adaptive control models 
that underpin Industry 4.0 paradigms, thereby establishing that production agility arises not from 
automation alone but from the intelligence embedded within data flow networks. 
The results demonstrated that CPS responsiveness served as the mediating mechanism through which 
IoT integration enhanced Lean performance outcomes (Zheng et al., 2018). Systems with shorter 
detection and correction times exhibited higher takt adherence, improved first-pass yield, and greater 
machine utilization. This confirmed that cyber-physical responsiveness directly translated into reduced 
waste, minimized downtime, and improved flow stability—hallmarks of Lean production systems. 
Previous manufacturing control models emphasized manual monitoring and intervention to maintain 
Lean efficiency; however, this study provided empirical evidence that CPS-based feedback loops could 
achieve the same goals autonomously and more effectively. The strong predictive power of CPS 
responsiveness over Lean performance indicated that intelligent systems could maintain equilibrium 
in fluctuating production environments by continuously recalibrating process parameters. Such 
responsiveness ensured that Lean objectives were not pursued reactively but embedded into the 
system’s adaptive control logic (Leusin et al., 2018). The study’s findings further revealed that CPS-
enabled control loops enhanced both process visibility and operational traceability, allowing 
performance deviations to be detected and corrected before they evolved into systemic inefficiencies. 
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Compared to conventional production control, where response time was often constrained by human 
decision cycles, the automated feedback mechanisms within CPS achieved higher temporal precision 
and minimized error propagation. These results suggested that CPS responsiveness represents the 
operational manifestation of digital Lean systems, where adaptability and waste elimination are 
achieved through continuous feedback rather than scheduled interventions (Bibby & Dehe, 2018). This 
convergence of cyber intelligence and process discipline illustrated that the true value of Lean in a 
digital era lies in its ability to evolve from a static improvement philosophy into an algorithmically 
driven operational principle. 
 

Figure 11: Cyber-Physical Data Visualization Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The findings revealed that Lean maturity significantly moderated the relationship between CPS 
responsiveness and operational efficiency (Kumar et al., 2019). Production environments with well-
developed Lean practices demonstrated stronger improvements in takt adherence, first-pass yield, and 
throughput following CPS and IoT integration. This confirmed that organizational readiness and 
process discipline amplified the benefits of technological innovation. Lean maturity provided the 
structural foundation upon which digital intelligence could operate effectively, ensuring that data-
driven decisions were aligned with value-adding processes rather than unstructured experimentation. 
In earlier industrial transformations, technology adoption often failed to achieve sustainable 
improvement due to the absence of process standardization (Ben-Daya et al., 2019). This study 
addressed that limitation by demonstrating that mature Lean practices enhanced the interpretability of 
IoT data and the stability of CPS-driven responses. Standardized work processes provided a consistent 
operational baseline, allowing data analytics to identify deviations more accurately. Similarly, visual 
controls and standardized metrics ensured that digital feedback translated directly into actionable 
insights. The moderation effects observed suggested that Lean maturity serves as an organizational 
amplifier that determines how effectively technological inputs are converted into operational 
outcomes. The combined influence of Lean discipline and CPS adaptability established a balanced 
manufacturing ecosystem where technology and human expertise coexist in complementary roles 
(Terziyan et al., 2018). The evidence supported the interpretation that the effectiveness of Industry 4.0 
initiatives depends not only on technology deployment but also on the organizational culture of 
continuous improvement. The integration of Lean principles within digital control architectures thus 
emerged as a strategic enabler for sustainable competitiveness. 
The regression and mediation analyses reinforced the structural validity of the proposed integrated 
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framework. IoT data quality, CPS responsiveness, and Lean maturity collectively explained a 
substantial proportion of variance in operational performance, indicating that these components 
functioned as interconnected dimensions of a unified cyber-physical ecosystem (Wang & Wang, 2018). 
The mediation tests revealed that CPS responsiveness fully mediated the relationship between IoT data 
quality and Lean performance, highlighting the centrality of adaptive control as the operational 
pathway through which data integration yielded measurable outcomes. These findings expanded the 
theoretical understanding of digital manufacturing by empirically confirming that IoT alone cannot 
drive efficiency unless coupled with intelligent control systems that translate data into actionable 
commands (Hammer, 2019). Similarly, moderation testing established that Lean maturity strengthened 
the causal link between CPS responsiveness and performance, underscoring the interaction between 
human-centered improvement systems and machine-driven optimization. The regression coefficients 
further demonstrated that all predictors contributed positively and significantly to production 
outcomes, with CPS responsiveness emerging as the most influential. This supported the conceptual 
model suggesting that responsiveness, rather than static automation, defines the effectiveness of 
modern production systems. The findings also aligned with earlier assumptions that real-time 
monitoring and decision-making capabilities contribute to higher system resilience, reduced defect 
rates, and improved throughput (Jaiswal et al., 2019). The consistency of statistical evidence across all 
models validated the framework as a practical tool for achieving synchronized, data-driven, and waste-
free production. 
The outcomes of this study were consistent with earlier models that emphasized the interdependence 
of data integration, control adaptability, and process efficiency, yet advanced these frameworks by 
quantifying their combined impact within a unified analytical structure. Prior research on industrial 
digitization often treated IoT, CPS, and Lean as separate performance domains, focusing either on 
technological innovation or process optimization (Raptis et al., 2019). In contrast, this study 
demonstrated that their integration yields compounded effects, confirming that operational excellence 
in modern manufacturing arises from cross-domain synergy rather than isolated improvement efforts. 
The empirical confirmation of CPS responsiveness as a mediator filled a critical gap in the literature by 
clarifying the mechanism through which data-driven intelligence transforms Lean outcomes. The 
study’s findings also extended existing theories of smart manufacturing by providing quantitative 
evidence that real-time analytics, predictive control, and Lean methodologies are not parallel initiatives 
but interwoven elements of a single cyber-physical ecosystem (Omoniwa et al., 2018). Earlier 
frameworks typically lacked empirical validation for the interactions between digital and operational 
constructs, whereas this research established statistically significant relationships among them. 
Furthermore, the observed moderation effect of Lean maturity introduced a human-process dimension 
to the digital transformation discourse, demonstrating that organizational discipline remains pivotal in 
harnessing the full potential of technological advancement. The results thus harmonized prior 
theoretical perspectives by integrating operational excellence principles with data-centric intelligence, 
establishing a robust empirical foundation for next-generation manufacturing paradigms (Aceto et al., 
2019). 
The findings of this study carried significant implications for industrial practice and scholarly inquiry. 
From an operational standpoint, the integrated framework demonstrated that smart manufacturing 
requires simultaneous advancement in technological infrastructure, analytical capability, and process 
discipline (Möller, 2016a). The evidence suggested that factories equipped with robust IoT connectivity, 
adaptive CPS algorithms, and mature Lean systems are better positioned to achieve predictive control, 
reduced waste, and enhanced responsiveness. The findings provided actionable insights for industries 
seeking to transition from traditional automation toward fully digitalized operations by highlighting 
the need for balanced investments in technology and process excellence. Moreover, the statistical 
confirmation of mediation and moderation effects implied that digital transformation success depends 
on organizational readiness to integrate human and technological capabilities cohesively (Ivanov et al., 
2018). The study’s results also suggested directions for further research, such as examining the 
longitudinal effects of IoT-CPS integration on sustainability metrics, energy efficiency, and workforce 
adaptation. Future studies could refine the framework by incorporating machine learning-based 
predictive analytics to extend real-time decision-making capabilities. Collectively, the discussion 
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underscored that the convergence of IoT, CPS, and Lean principles within a data-driven structure 
represents a critical milestone in the evolution of industrial systems—transforming production from a 
reactive process into a continuously learning, adaptive, and value-centered enterprise (Kumar & 
Gupta, 2019). 
CONCLUSION 
The study on A Data-Driven Cyber-Physical Framework for Real-Time Production Control Integrating 
IoT and Lean Principles emphasized the transformative potential of integrating data-driven 
intelligence with process optimization philosophies to achieve sustainable operational excellence in 
modern manufacturing. The analysis demonstrated that combining Internet of Things (IoT) 
connectivity, Cyber-Physical Systems (CPS) adaptability, and Lean manufacturing discipline generated 
a synergistic ecosystem in which real-time data, adaptive control, and process efficiency converged to 
enhance productivity, stability, and decision-making. The empirical findings revealed that high IoT 
data quality—reflected through minimal latency, high data delivery ratio, and synchronized 
timestamps—was foundational to CPS responsiveness and Lean performance outcomes. When IoT 
networks ensured reliable and continuous data flow, CPS controllers could rapidly interpret 
environmental changes, detect deviations, and implement corrective actions within seconds, resulting 
in significant reductions in downtime, scrap, and process variability. This responsiveness established 
a self-regulating production environment that no longer relied on delayed human intervention but 
instead operated through autonomous feedback loops grounded in data precision and control 
intelligence. The integration of Lean principles within this cyber-physical structure further amplified 
performance outcomes by providing a disciplined process architecture that guided digital 
interventions toward value creation and waste elimination. Lean maturity served as an organizational 
enabler that ensured IoT-driven data analytics were not dispersed across isolated silos but applied 
systematically through standardized workflows and visual management systems. This alignment 
allowed CPS-driven control actions to be both rapid and contextually relevant, translating digital 
intelligence into tangible improvements in takt adherence, first-pass yield, and machine utilization. The 
regression and mediation results reinforced that CPS responsiveness acted as the primary conduit 
linking IoT data integrity to Lean efficiency, confirming that operational success in smart factories 
depends on real-time control precision rather than static automation. The moderation findings showed 
that higher Lean maturity intensified the performance impact of CPS, revealing that process discipline 
amplifies the benefits of digital transformation. Overall, the framework established that real-time 
production control emerges not merely from technological advancement but from the orchestrated 
interaction between data flow, adaptive control, and process stability. This data-driven cyber-physical 
ecosystem thus embodied the next evolution of Lean manufacturing—one characterized by continuous 
learning, predictive adaptability, and synchronized value delivery across every dimension of industrial 
performance. 
RECOMMENDATIONS 
The implementation of a Data-Driven Cyber-Physical Framework for Real-Time Production Control 
Integrating IoT and Lean Principles requires a set of comprehensive recommendations focused on 
technological infrastructure, organizational culture, data governance, and process integration to ensure 
sustainable operational benefits. First, industries seeking to adopt this framework should prioritize the 
establishment of a robust and scalable IoT architecture capable of ensuring high data quality, minimal 
latency, and consistent synchronization across all production nodes. Reliable data acquisition and 
transmission are essential for enabling real-time control, as any inconsistency in sensor accuracy or 
network stability could undermine the responsiveness of CPS algorithms. Therefore, investment in 
edge computing devices, redundant communication channels, and adaptive middleware should be 
emphasized to maintain data continuity and reduce latency during operational peaks. Additionally, 
the deployment of CPS control logic should follow a phased implementation approach—starting with 
pilot lines to evaluate responsiveness, system uptime, and control deviation—before full-scale rollout. 
Such a structured deployment strategy minimizes operational risk and allows organizations to 
iteratively optimize feedback algorithms and control loops. Beyond technology, the recommendation 
extends toward fostering a culture of data literacy and Lean discipline among employees. Staff should 
be trained not only in digital tool operation but also in interpreting analytical feedback from CPS 
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dashboards to support continuous improvement decisions. The human element remains critical 
because even the most advanced cyber-physical architectures require operator insight to align 
technological actions with strategic business objectives. Furthermore, it is recommended that firms 
develop a comprehensive data governance model that defines ownership, quality assurance, and access 
control policies for IoT-generated data. This governance structure ensures data integrity and ethical 
use while supporting transparency and accountability in decision-making processes. From a process 
perspective, Lean principles should be digitally embedded into CPS control routines, with key 
performance indicators such as takt adherence, cycle time variation, and waste ratios continuously 
monitored through automated dashboards. Integrating predictive analytics can also enhance proactive 
maintenance and quality control, preventing disruptions before they occur. Finally, organizations 
should adopt cross-functional collaboration between IT, operations, and Lean management teams to 
ensure the harmonization of digital technologies and process methodologies. This collaborative 
integration guarantees that the cyber-physical framework functions not as an isolated technological 
upgrade but as an enterprise-wide transformation toward adaptive, data-centric, and waste-free 
manufacturing. When applied systematically, these recommendations provide a practical roadmap for 
realizing the full potential of smart manufacturing environments driven by the convergence of IoT, 
CPS, and Lean principles. 
LIMITATION 
The study titled A Data-Driven Cyber-Physical Framework for Real-Time Production Control 
Integrating IoT and Lean Principles encountered several limitations that, while not diminishing the 
value of its findings, defined the scope and applicability of its results. One significant limitation was 
related to the dependency on high-quality, continuous data streams for accurate model performance 
and control responsiveness. The effectiveness of the framework was strongly influenced by the 
reliability of IoT sensors and network connectivity, and any interruptions in data transmission could 
affect CPS adaptability and predictive accuracy. This dependency made the model sensitive to 
hardware inconsistencies, calibration errors, and network latency, which could differ across industrial 
environments. Another limitation emerged from the variability in Lean maturity levels across 
participating production sites, which introduced challenges in standardizing process discipline and 
performance indicators. Since Lean principles require organizational commitment and cultural 
alignment, differences in workforce training, management support, and operational routines could 
have influenced the consistency of results. Furthermore, the study focused primarily on quantifiable 
operational parameters such as takt adherence, first-pass yield, and uptime percentage, thereby 
limiting the assessment of qualitative aspects like employee engagement, change management 
readiness, and cross-departmental communication—all of which could moderate the effectiveness of 
digital integration. The temporal design of the research also presented constraints; the data collection 
period captured performance improvements within a defined timeframe but did not account for long-
term sustainability or system adaptability under evolving production demands. Additionally, while 
the regression and mediation analyses confirmed significant relationships among IoT, CPS, and Lean 
constructs, the causality directionality remained partly inferential due to the quasi-experimental nature 
of the study rather than a fully randomized controlled design. Another limitation concerned the 
generalizability of findings beyond the manufacturing sector, as the framework was optimized for 
production control environments and may require adaptation before being applied to logistics, 
healthcare, or energy industries. Finally, cybersecurity considerations were beyond the analytical 
scope, although data-driven CPS architectures inherently introduce new vulnerabilities associated with 
interconnected systems and remote data exchange. Future studies should address these limitations by 
incorporating longer longitudinal designs, broader industrial contexts, and integrated cybersecurity 
assessments. Despite these constraints, the study established a statistically rigorous foundation for 
understanding the interplay of data quality, adaptive control, and process discipline, marking an 
essential step toward achieving real-time, self-regulating, and intelligent manufacturing ecosystems. 
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