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Abstract 
This study addresses the problem that unplanned equipment downtime continues to erode productivity and 
maintenance budgets in smart manufacturing, yet many organizations implement machine learning solutions 
without clear evidence about which capability mix most strongly translates analytics into measurable downtime 
reduction. The purpose of the study was to quantify how machine learning enabled industrial engineering 
capabilities influence downtime reduction and to identify the most influential predictors that organizations should 
prioritize. Using a quantitative, cross sectional, case-based design, data were collected from manufacturing plant 
cases operating enterprise and shop floor environments that typically integrate CMMS, SCADA, and ERP 
workflows. The final sample included 214 usable respondent cases from U.S. plants. Key variables included 
predictive maintenance capability, monitoring and anomaly detection capability, data quality and availability, 
integration capability across maintenance and production systems, workforce readiness, and management 
support, with downtime reduction as the dependent outcome measured as a composite Likert 1 to 5 index 
capturing reductions in downtime frequency and duration and faster response and recovery. The analysis plan 
applied descriptive statistics, reliability testing, Pearson correlation analysis, and multiple regression to estimate 
unique effects while controlling for overlap among predictors. Reliability was acceptable to strong, including 
downtime reduction (Cronbach alpha = 0.88). Descriptive results indicated moderate to high implementation 
levels (grand mean M = 3.62, SD = 0.71) and moderate perceived downtime reduction (M = 3.59, SD = 0.72). 
Correlations showed that downtime reduction was positively associated with all predictors (r range = 0.44 to 0.61, 
p < .01), with the strongest relationships observed for predictive maintenance (r = 0.61) and integration capability 
(r = 0.58). In the multivariate model, the predictors collectively explained 56% of the variance in downtime 
reduction (R2 = 0.56; adjusted R2 = 0.55; F(6,207) = 44.19, p < .001). The headline findings were that predictive 
maintenance (beta = 0.29, p < .001) and integration capability (beta = 0.25, p < .001) were the strongest unique 
predictors, followed by management support (beta = 0.18, p = .001), monitoring and anomaly detection (beta = 
0.14, p = .010), and data quality (beta = 0.11, p = .034), while workforce readiness was not statistically significant 
after controlling for the other factors (beta = 0.07, p = .157). These results imply that organizations seeking 
tangible downtime reduction should prioritize robust predictive maintenance routines and end to end workflow 
integration that converts model outputs into executed maintenance actions, reinforced by leadership governance 
and sustained investment in data readiness. 
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INTRODUCTION 

System downtime in manufacturing is commonly defined as the period during which production 

equipment, a work cell, or an entire line is unavailable for intended operation due to failure, 

changeover, maintenance intervention, material starvation, or control and safety stoppages. In 

industrial engineering terms, downtime directly constrains the availability component of 

manufacturing system performance, shaping throughput, cycle time stability, and resource utilization 

at both workstation and plant levels (Theissler et al., 2021). Downtime is often differentiated into 

planned downtime (scheduled maintenance, calibration, tool change, and mandated inspections) and 

unplanned downtime (breakdowns, emergent faults, and unexpected process disruptions), with 

unplanned downtime treated as a primary driver of volatility in production capacity and delivery 

reliability. Internationally, downtime is a high-salience performance concern because manufacturing 

plants operate within globally interdependent supply networks in which lead-time compression, cost 

competition, and quality conformance are linked to equipment reliability and operational continuity. 

For this reason, performance measurement traditions in production research have emphasized metrics 

that formalize loss categories and enable consistent diagnosis. 

Figure 1: Industrial Engineering View Of Machine Learning–Driven Predictive Maintenance 
 

 
 
One influential framework is Overall Equipment Effectiveness (OEE), which integrates availability, 
performance rate, and quality yield into a single indicator that helps locate dominant production losses 
and supports systematic improvement programs (Muchiri & Pintelon, 2008). OEE has also been 
expanded and scrutinized through systematic evidence synthesis, showing how OEE has been adapted 
to diverse sectors and how modifications respond to measurement challenges in modern plants (Santos 
& et al., 2020). Extensions from equipment-centered effectiveness to broader resource-centered 
concepts reflect a wider industrial engineering goal: measuring productivity loss sources that extend 
beyond machines to include manpower, materials, and supporting resources (Garza-Reyes, 2015). In 
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data-intensive environments, measurement quality has become a practical issue because downtime 
coding, sensor alignment, and automated collection logic shape the credibility of operational analytics; 
empirical work in assembly contexts illustrates that automated data collection can improve OEE-
related data quality and decision usefulness (Wang, 2011). Within this measurement landscape, 
downtime reduction is not only a maintenance objective but also a system-level industrial engineering 
objective tied to production planning robustness, capacity assurance, and operational risk exposure. 
These definitional foundations create a structured basis for examining how machine learning–based 
industrial engineering approaches target downtime drivers through fault detection, condition 
monitoring, and maintenance decision optimization. 
Machine learning (ML) refers to computational methods that learn patterns from data to support 
prediction, classification, clustering, or decision-making without being explicitly programmed with 
deterministic rules for every condition. In manufacturing reliability contexts, ML is typically positioned 
as a means of extracting diagnostic and prognostic value from condition monitoring signals, process 
historian data, and maintenance logs so that plants can act earlier than corrective maintenance allows. 
Predictive maintenance (PdM) is commonly defined as a proactive maintenance strategy that uses 
observed equipment condition and inferred health state to predict failure risk or remaining useful life 
(RUL) and schedule interventions at an economically and operationally appropriate time. PdM 
operationalizes downtime reduction by shifting interventions from late-stage breakdown recovery to 
earlier-stage maintenance planning, thereby targeting unplanned downtime, secondary damage, and 
production loss cascades. Reviews of ML-enabled PdM emphasize that the value proposition depends 
on how models convert heterogeneous operational data into actionable indicators aligned with 
maintenance execution constraints (Theissler et al., 2021). In parallel, the broader discipline of 
Prognostics and Health Management (PHM) structures PdM work across life-cycle functions, including 
how a system is designed for maintainability and sensing, how models are developed and validated, 
and how decisions are made under uncertainty and cost constraints (Hu et al., 2022). Industrial 
engineering research has also highlighted that PdM performance depends on measurement fidelity and 
consistent mapping between sensor signals, failure modes, and maintenance actions, which connects 
PdM directly to performance-measurement traditions such as OEE and to operational data governance 
practices (Louit et al., 2009). From a plant-level perspective, downtime reduction through ML is best 
understood as a socio-technical integration problem: models must align with maintenance workflows, 
spare-parts availability, and production scheduling realities while maintaining statistical validity and 
operational interpretability. This is why evidence syntheses in industrial engineering and 
manufacturing systems have increasingly treated PdM not as a single algorithmic task but as an 
engineered pipeline that links sensing, feature learning, prediction, and decision execution (Gebraeel, 
2006). In such pipelines, ML supports downtime reduction through multiple mechanisms: earlier 
anomaly detection, improved fault classification, RUL estimation for intervention timing, and decision 
support for repair-versus-replace tradeoffs. Accordingly, ML-based industrial engineering approaches 
to downtime are evaluated not only on predictive accuracy but also on maintenance cost outcomes, 
production continuity outcomes, and consistency with plant constraints and data realities (Yin & Ding, 
2022). 
This study is structured around a set of objective-driven priorities that translate the broad problem of 
manufacturing system downtime into measurable constructs suitable for quantitative testing within a 
cross-sectional, case-study–based design. The first objective is to quantify the current level of adoption 
and operational maturity of machine learning–based industrial engineering approaches used to reduce 
downtime in U.S. manufacturing plants. This objective focuses on capturing how widely such 
approaches are deployed across maintenance and operations functions, the extent to which they are 
embedded into routine work practices, and how consistently they are used to support planning and 
execution decisions. The second objective is to examine the statistical relationships between key 
machine learning and industrial engineering capability factors and reported downtime-reduction 
outcomes. This includes evaluating how variations in predictive maintenance capability, real-time 
monitoring and anomaly detection capability, data quality and availability, integration of analytics 
outputs with plant systems, workforce readiness, and management support align with measurable 
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differences in downtime performance. The third objective is to determine the relative predictive power 
of these factors through regression modeling, identifying which variables explain the greatest share of 
variance in downtime reduction when other factors are held constant. In addition, this objective-driven 
approach includes assessing the reliability of each construct through internal consistency testing, 
ensuring that each measurement scale provides stable representation of the intended concept and 
supports valid inference in correlation and regression procedures. A further objective is to develop a 
clear operational definition for the dependent variable—system downtime reduction—so that it is 
represented through consistent indicators reflecting frequency, duration, response time, and disruption 
severity rather than a single generalized perception. Another objective is to profile respondent roles 
and plant characteristics to establish a contextual baseline for interpretation, allowing plant size, 
automation intensity, and maintenance process maturity to be accounted for during analysis. 
Collectively, these objectives provide a coherent pathway from measurement to statistical testing: 
adoption and maturity levels are described, relationships among constructs are assessed, and 
predictive drivers are estimated, enabling the study to evaluate how machine learning–based industrial 
engineering approaches are associated with downtime reduction outcomes within the case-study 
context. 
LITERATURE REVIEW 
he literature on reducing system downtime in manufacturing plants is anchored in industrial 
engineering research on reliability, maintenance strategy, and production performance measurement, 
and it has expanded substantially as digital sensing and data-driven analytics have become more 
embedded in industrial operations. At a foundational level, downtime is treated as a critical loss 
category because it directly lowers equipment availability and destabilizes throughput, scheduling, 
and delivery reliability, making it central to plant performance indicators such as overall equipment 
effectiveness and related effectiveness metrics. Early and continuing research in maintenance 
engineering establishes the logic of preventive, corrective, and condition-based maintenance, showing 
how maintenance policy design influences failure frequency, repair duration, and the operational cost 
of lost production time. Within this stream, prognostics and health management introduces structured 
methods for diagnostics and remaining useful life estimation, providing a decision-support orientation 
in which equipment condition information is converted into intervention timing that can reduce 
unplanned stoppages. The rise of Industry 4.0 and cyber-physical production systems has further 
reshaped downtime research by enabling high-frequency data capture from machines, sensors, and 
industrial control systems, making it feasible to detect abnormal patterns, forecast failures, and 
optimize maintenance planning using machine learning. Consequently, predictive maintenance 
research now spans a range of analytical approaches, including statistical reliability modeling, 
supervised learning for fault classification, regression-based risk estimation, and deep learning 
architectures for pattern recognition in complex sensor signals. Parallel studies examine 
implementation conditions such as data quality, sensor coverage, system integration with 
CMMS/SCADA/ERP platforms, workforce skills, and leadership support, emphasizing that analytics 
effectiveness depends on how well models fit plant workflows and decision processes. For empirical 
research designs, the literature also highlights the need to move from algorithm-centric evaluation 
toward plant-level outcomes that represent operational reality, such as reduced downtime frequency 
and duration, improved mean time between failures, improved mean time to repair, and higher 
availability-related performance. These themes collectively frame downtime reduction as a socio-
technical problem that merges industrial engineering methods with machine learning pipelines and 
organizational adoption factors, providing a basis for building a conceptual framework where machine 
learning–based industrial engineering capabilities operate as predictors of downtime reduction 
performance and can be tested quantitatively through survey-based measurement, correlation analysis, 
and regression modeling within a manufacturing case-study context. 
System Downtime in Manufacturing Plants 
Manufacturing system downtime is generally defined as the interval in which a production asset, 
workstation, or integrated line cannot perform its intended function within specified operating 
conditions, converting planned production time into nonproductive time. In industrial engineering 
practice, downtime is treated as a discrete operating state captured through machine controllers, 
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maintenance management systems, and operator annotations, and it is distinguished from reduced-
speed running because the asset is not delivering intended output at all. This definition is important 
because it ties downtime to availability, a core property of repairable systems whose behavior is 
characterized by recurring transitions between up and down states. Statistical modeling of those 
recurrent events provides the analytic basis for estimating availability and understanding how failure 
processes and repair processes jointly shape total lost time (Lindqvist, 2006; Mohiul, 2020). Within 
discrete manufacturing, downtime is also organized into meaningful classes—such as failure-induced 
stoppages, changeover and adjustment stoppages, material starvation, quality holds, and control-
system interruptions, so that the same “minutes down” figure can be traced to different engineering 
and managerial levers (Jinnat & Kamrul, 2021). Recent empirical work highlights that these classes are 
not only descriptive labels; they are causal hypotheses that can be tested when plants have sufficiently 
granular log data linking machine states, contextual variables, and preceding events (Hagedorn et al., 
2022; Hasan & Shaikat, 2021). Consequently, downtime is best understood as a measurable state with 
definable boundaries (start and end timestamps), attributable causes, and operational consequences, 
rather than as an informal synonym for “poor performance.” For U.S. manufacturing plants competing 
in global supply networks, the precision of this construct matters because downtime affects not only 
unit cost but also delivery reliability and compliance with customer service-level agreements (Rabiul 
& Samia, 2021; Mohiul & Rahman, 2021). A consistent definition also enables cross-plant 
benchmarking, since availability and loss categories must be comparable across product mixes, 
automation levels, and reporting cultures to support statistical analysis at the enterprise level (Rahman 
& Abdul, 2021; Haider & Shahrin, 2021). 
 

Figure 2: Measurement of Manufacturing Downtime 
 

 
 
Beyond definition, the downtime literature treats lost time as an economic driver because a minute of 
unavailable equipment can translate into lost throughput, higher unit cost, and schedule instability 
(Habibullah & Farabe, 2022; Zulqarnain & Subrato, 2021). When a constraint resource enters a down 
state, upstream buffers fill while downstream stations starve, and the resulting imbalance can trigger 
overtime, expedited logistics, and scrap associated with rushed restarts (Arman & Kamrul, 2022; 
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Rashid & Sai Praveen, 2022). This economic interpretation emphasizes that downtime cost is dynamic 
rather than static: it depends on the position of the event in the routing, the inventory policy, the 
demand profile, and the recovery actions chosen by supervisors. Using real production data, 
researchers have shown that downtime events exhibit strong variability in both frequency and duration 
and that this variability shapes cost in nonlinear ways, motivating statistical treatment of time-between-
failure and downtime distributions rather than reliance on simple averages (Kamrul & Omar, 2022; 
Rahman, 2022; Ståhl et al., 2012). In addition, downtime cost is often only partially visible in standard 
accounting systems because losses are distributed across multiple ledgers, including maintenance 
labor, idle labor, rework, energy consumption during stops and restarts, and missed shipment penalties 
(Abdul & Rahman, 2023; Rony & Samia, 2022). Survey evidence from manufacturing contexts indicates 
that many firms have limited capability to quantify downtime costs consistently, which can weaken 
business cases for reliability investments and bias resource allocation toward short-term fixes instead 
of systemic improvements (Aditya & Rony, 2023; Arfan & Rony, 2023; Salonen & Tabikh, 2016). 
Accordingly, research commonly operationalizes economic impact through proxies such as lost 
production volume, utilization loss, or cost-per-minute rates derived from capacity and margin 
assumptions, while recognizing that these proxies must align with the specific process technology and 
product economics (Ara & Shaikh, 2023; Habibullah & Mohiul, 2023). Framing downtime as a cost 
driver also clarifies why reduction strategies are multi-level: technical actions reduce failure probability 
or repair time, operational actions improve rescheduling and buffering, and managerial actions 
improve reporting discipline and investment justification (Hasan & Waladur, 2023; Arman & Nahid, 
2023). This integrated view anchors later hypotheses about downtime reduction. 
Industrial Engineering Strategies for Reducing System Downtime 
Industrial engineering (IE) approaches to downtime reduction treat equipment stoppages as 
controllable loss mechanisms that can be prevented, shortened, or absorbed through better system 
design and disciplined operational routines (Mesbaul, 2023; Milon & Mominul, 2023). Within this view, 
downtime is reduced not only by repairing failures faster, but by stabilizing the production system so 
that failures occur less frequently, are detected earlier, and are resolved with standardized responses 
(Mohaiminul & Muzahidul, 2023; Musfiqur & Kamrul, 2023). A prominent IE pathway is the 
integration of maintenance strategy with broader operational-excellence programs, where maintenance 
is positioned as a contributor to flow, quality, and schedule adherence rather than a reactive support 
function. Empirical work examining operational programs across manufacturing sites illustrates how 
structured bundles linking Total Productive Maintenance (TPM) activities to complementary quality 
and just-in-time practices—can strengthen asset utilization and reinforce cross-functional coordination 
around performance indicators, thereby shaping the organizational conditions under which downtime 
is actively managed and improved (Friedli et al., 2010; Rezaul & Kamrul, 2023; Amin & Sai Praveen, 
2023). In practical terms, this orientation reframes downtime as the outcome of a socio-technical system: 
machines fail, but failure frequency and repair duration are strongly influenced by work design, skill 
distribution, parts availability, documentation quality, and escalation routines. IE strategies therefore 
emphasize the formalization of standards (inspection points, lubrication routes, autonomous 
maintenance checks), the reduction of variation in routine tasks, and the creation of feedback loops that 
convert recurring stoppages into targeted improvement projects (Rabiul & Mushfequr, 2023; Shahrin 
& Samia, 2023). Importantly, these strategies also rely on measurement discipline, because downtime 
reduction programs require consistent definitions of losses, reliable data capture at the equipment level, 
and transparent reporting that aligns maintenance, production, and engineering stakeholders (Pankaz 
Roy, 2023; Rakibul & Alifa Majumder, 2023). When these elements are implemented as a coherent 
management system, downtime improvement becomes a continuous process in which operational 
learning is institutionalized and repeated across shifts, lines, and plants (Rifat & Rebeka, 2023; Kumar, 
2023). 
A third IE pathway addresses downtime through formal maintenance strategy selection and structured 
problem-solving frameworks that prioritize assets, failure modes, and interventions based on risk, 
criticality, and performance impact. Reliability-centered maintenance (RCM) fits this approach by 
aligning maintenance tasks with the functions and failure consequences of each asset, ensuring that 
resources are allocated to the most critical failure mechanisms rather than dispersed across low-impact 
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activities. A case-based RCM selection approach using decision-analytic techniques illustrates how 
plants can combine reliability parameters, expert judgment, and criticality scoring to tailor maintenance 
strategies across equipment classes and justify changes when current availability outcomes indicate 
poor performance (Saikat & Aditya, 2023; Vishnu & Regikumar, 2016; Zulqarnain & Subrato, 2023). 
Complementing strategy selection, IE-oriented continuous improvement frameworks such as Six 
Sigma’s DMAIC provide a disciplined cycle for defining downtime problems, measuring current 
performance, diagnosing root causes, implementing targeted improvements, and controlling the gains 
through standardization and monitoring (Rashid, 2024; Md & Sai Praveen, 2024). Evidence from a 
maintenance-focused Lean Six Sigma case study shows how DMAIC can be applied directly to 
maintenance process efficiency, linking problem decomposition and statistical analysis to reductions 
in failure frequency and duration-related losses that ultimately raise availability (Antosz et al., 2022; 
Mohaiminul & Majumder, 2024; Foysal & Abdulla, 2024). These approaches are especially relevant in 
manufacturing plants where downtime drivers are multi-causal and cross-functional, because they 
structure collaboration between operations, maintenance, and engineering while producing 
measurable outputs suitable for correlation and regression testing (Ibne & Aditya, 2024; Milon & 
Mominul, 2024). Collectively, IE strategies for downtime reduction can be summarized as (1) system-
level integration of maintenance with operational excellence, (2) waste elimination and work redesign 
in maintenance and changeovers, and (3) risk-informed strategy selection and disciplined 
improvement cycles. In this research, these strategies help define the constructs that represent 
“industrial engineering approaches” and clarify how such approaches can be measured and linked 
statistically to downtime reduction outcomes within the U.S. manufacturing plant context. 
 

Figure 3: System-Level Industrial Engineering Strategies for Managing and Reducing Downtime 
 

 
 
Machine learning to reduce downtime 
Machine learning–enabled downtime reduction in manufacturing is commonly operationalized 
through condition monitoring and fault diagnosis, where models transform high-frequency sensor 
streams (e.g., vibration, current, acoustics, temperature, and process variables) into interpretable fault 
states that maintenance teams can act on rapidly (Mosheur & Arman, 2024; Rahman & Aditya, 2024). 
From an industrial engineering perspective, this diagnostic capability matters because a substantial 
share of downtime is “diagnostic delay”—time lost while technicians localize the failure mechanism, 
isolate the responsible subsystem, and confirm root cause before corrective work begins. Recent 
research shows that data-driven feature learning can reduce this delay by extracting discriminative 
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signatures directly from raw or lightly processed signals, rather than relying only on manually 
engineered indicators that may not generalize across machines, loads, or operating regimes. For 
example, deep statistical feature learning from vibration measurements has been used to strengthen 
fault pattern recognition by integrating multi-domain signal representations and learning higher-level 
abstractions for classification tasks (Li et al., 2016; Saba & Hasan, 2024; Kumar, 2024). In parallel, sparse 
representation and structured coding approaches have been applied to machinery vibration signals to 
improve separability among fault categories, supporting faster and more reliable identification under 
changing operating conditions (Sai Praveen, 2024; Shaikat & Aditya, 2024; Wang et al., 2016). Related 
work on unsupervised feature learning with sparse autoencoders further illustrates how robust latent 
representations can be learned from unlabeled measurement data and then used for accurate fault 
classification, which is attractive in manufacturing environments where labeled failure examples are 
limited and expensive to curate (Sun et al., 2016). Collectively, these streams of evidence position ML-
based diagnostics as a direct lever for lowering downtime minutes by shrinking the “detect–diagnose–
dispatch” cycle and improving the precision of corrective actions. 
 

Figure 4: Machine Learning Capabilities for Manufacturing Downtime Reduction 
 

 
 
Beyond diagnosis and prognosis, downtime reduction also depends on continuously detecting 
abnormality when fault labels are incomplete, ambiguous, or evolving with process changes, retrofits, 
and sensor upgrades. In many U.S. manufacturing settings, stoppages arise from interactions among 
process drift, intermittent component wear, operator-driven mode changes, and control-loop instability 
rather than a single, clean failure class. Under these conditions, anomaly detection and health-state 
monitoring become practical complements to supervised fault classifiers: plants can learn a baseline of 
“normal” behavior, flag deviations early, and then route alerts into engineering triage workflows. This 
approach reduces downtime risk by converting silent degradation into actionable signals, even when 
the specific fault type is not immediately known. Industrial engineering value is created when anomaly 
scores are linked to standardized response playbooks (inspection, lubrication, parameter tuning, staged 
shutdown) and when alert fatigue is controlled through thresholding, contextualization by operating 
regime, and integration with production priorities. Importantly, anomaly detection can also serve as a 
data quality safeguard, identifying sensor failures or communication dropouts that otherwise mislead 
diagnostic or prognostic models and cause unnecessary maintenance actions. In case-study designs, 
these monitoring outputs can be operationalized as surveyable constructs (e.g., perceived alert 
accuracy, trust, response speed) and combined with downtime KPIs (e.g., MTBF, MTTR, OEE loss) to 



International Journal of Scientific Interdisciplinary Research, June 2024, 526–558 
 

534 
 

test objective-driven hypotheses using correlation and regression. As a result, the literature indicates 
that a robust downtime-reduction architecture is not a single algorithm, but a layered ML capability—
diagnosis for rapid localization, prognosis for scheduling interventions, and anomaly monitoring for 
early deviation detection—aligned with plant decision workflows and reliability engineering practices. 
Machine Learning–Driven Downtime Reduction in Manufacturing Plants 
Machine learning adoption for downtime reduction in manufacturing plants is widely treated as a 
socio-technical transformation in which technological readiness determines whether analytics can be 
created, deployed, and sustained at the shop-floor level. Industry 4.0 research positions smart 
manufacturing as an interconnected environment where cyber-physical assets, sensing technologies, 
and enterprise information systems generate continuous data streams that can be translated into 
maintenance intelligence, while also emphasizing that interoperability remains a persistent obstacle in 
legacy-heavy plants (Lu, 2017). In practice, this barrier emerges when data are fragmented across PLCs, 
SCADA layers, historians, CMMS platforms, and spreadsheets, producing inconsistent timestamps, 
incompatible formats, and incomplete context for model training and validation. Manufacturing-
focused machine learning scholarship notes that even when sufficient data volume exists, the variety 
and variable quality of industrial data introduce difficulties such as missing labels, noisy signals, and 
shifting operating regimes that complicate generalizable learning (Wuest et al., 2016). These issues are 
amplified by heterogeneous asset fleets where sensors differ by vendor, calibration practices vary 
across lines, and maintenance logs contain nonstandard language, all of which can weaken the 
reliability of downtime prediction and hinder trust. Digital twin research further reinforces the 
dependency of advanced analytics on integration maturity by showing that higher levels of digital twin 
implementation require structured data connections and synchronized representations between 
physical and digital states, and that many deployments remain at partial stages because full integration 
is complex and resource intensive (Kritzinger et al., 2018). Consequently, technological enablers are 
typically described as layered prerequisites—sensor coverage, networking reliability, data governance, 
standardized taxonomies, and platform integration—because each layer affects whether machine 
learning outputs can be produced consistently enough to support downtime reduction decisions. 
Organizational and human factors form a second barrier category that strongly shapes whether 
machine learning capabilities translate into measurable downtime reduction outcomes. Maintenance 
digitalization research conceptualizes “smart maintenance” as a capability set combining data-driven 
decision-making, human capital resources, internal integration, and external integration, indicating 
that adoption depends on skills, roles, and coordination as much as on algorithms (Bokrantz et al., 
2020). At the plant level, downtime reduction requires collaboration between operations, maintenance, 
reliability engineering, and IT/OT teams; when these groups operate with separate priorities and 
performance measures, analytics recommendations can remain unused or be overridden by local 
heuristics. Skill constraints are also central: technicians and engineers must interpret model outputs, 
validate alerts against physical inspection, and translate insights into work orders, spare-parts 
planning, and production scheduling. Without sufficient training, analytics may be viewed as opaque, 
misaligned with practical realities, or disruptive to established routines, leading to low compliance and 
limited performance improvement. In addition, leadership support influences whether adoption is 
treated as an experimental pilot or as a scaled operational capability. Plants that allocate protected time 
for data collection discipline, root-cause learning, and continuous improvement routines are more 
likely to embed machine learning outputs into standard workflows. In contrast, plants that rely on 
informal reporting, reactive firefighting, or short-term cost containment may underinvest in 
foundational activities such as sensor maintenance, documentation quality, and cross-functional 
governance, which are necessary to sustain model accuracy and reduce downtime over time. These 
organizational dimensions directly affect survey-based constructs such as perceived usefulness, ease of 
integration, response readiness, and management commitment that can be statistically linked to 
downtime reduction measures in cross-sectional studies. 
Implementation research further characterizes adoption through life-cycle stages that move from use-
case definition and data acquisition to modeling, deployment, and decision support, with each stage 
presenting distinct constraints that influence measurable performance. Predictive maintenance reviews 
in the Industry 4.0 context emphasize that projects begin with scoping and asset selection, because 
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unclear definitions of failure modes, downtime impact, and intervention options can produce models 
that predict events that are not operationally meaningful (Achouch et al., 2022). Even when modeling 
performance appears strong during development, deployment frequently reveals additional barriers 
such as alert fatigue, shifting production regimes, and the operational difficulty of scheduling 
maintenance actions in constrained production windows. 

 
Figure 5: Determinants Of Successful Adoption of Machine Learning for Manufacturing  

 

 
 
Implementation success therefore depends on establishing feedback loops where predictions are 
monitored, false positives are reviewed, and model updates are governed through repeatable 
processes. The integration of model outputs into CMMS workflows and daily management routines is 
particularly important because downtime reduction requires action: inspections must be triggered, 
parts must be staged, and repair activities must be coordinated with production constraints. Across the 
adoption life cycle, plants must also manage cybersecurity and access control for connected equipment 
data, role-based permissions for analytics platforms, and auditability of decisions, because 
manufacturing systems increasingly depend on networked architectures. As a result, many studies 
frame adoption enablers as a combination of technical infrastructure, organizational capability, and 
disciplined implementation governance, which together determine whether machine learning 
functions as a sustained downtime reduction approach rather than a short-lived proof of concept. This 
framing provides a direct basis for measuring adoption maturity, organizational readiness, and 
integration quality as independent variables that can explain variation in downtime reduction 
outcomes through correlation and regression testing. 
Theoretical Framework Foundation  
The Technology–Organization–Environment (TOE) framework is widely used to explain why 
organizations adopt and institutionalize complex technologies by grouping adoption drivers into three 
contextual domains: technological conditions (what the technology is and how it fits the current 
infrastructure), organizational conditions (the internal capabilities and resources that enable use), and 
environmental conditions (external pressures and supports that shape organizational decisions). 
Within manufacturing, TOE is relevant for machine learning (ML)–driven downtime reduction because 
the initiative is rarely a “single tool” decision; it is an enterprise capability that requires sensing, data 
integration, modeling, and operational execution. Empirical TOE research in manufacturing shows that 
readiness is measurable and predictive: e-maintenance readiness depends on technological, 
organizational, and environmental factors that jointly shape whether digital maintenance technologies 
can be implemented in a credible, sustained way (Aboelmaged, 2014). 
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Figure 6: TOE-Based Theoretical Framework Linking Machine Learning Adoption  
 

 
 
In parallel, TOE studies of operational digitalization show that adoption and implementation are 
distinct, meaning that organizations may decide to adopt advanced digital technologies but still fail to 
embed them into routine processes due to capability gaps that emerge after deployment begins 
(Ghobakhloo & Ching, 2019). This distinction matters for downtime reduction because performance 
outcomes require institutionalization: data must be consistently captured, models must be maintained, 
alerts must be trusted, and actions must be executed. Therefore, TOE provides a structured theoretical 
lens to explain how ML-based industrial engineering approaches transition from intent to operational 
impact, and it also provides a defensible basis for selecting independent variables in quantitative 
research (e.g., data readiness, integration maturity, workforce capability, and leadership support). In 
this research, TOE is positioned as the theoretical foundation linking organizational adoption 
conditions to measurable downtime reduction outcomes, enabling hypotheses to be tested using 
descriptive statistics, correlation analysis, and regression modeling with plant respondents in the U.S. 
manufacturing context. 
The technological context in TOE maps directly onto the data and analytics foundations required for 
ML-based downtime reduction. In manufacturing plants, technological readiness includes sensor 
coverage, connectivity stability, historian quality, and the interoperability of OT and IT systems so that 
ML models can be trained on consistent, context-rich datasets. It also includes compatibility between 
analytics outputs and maintenance execution systems such as CMMS, along with standard taxonomies 
for fault codes and stoppage reasons. TOE research demonstrates that compatibility, complexity, and 
relative advantage shape whether organizations adopt advanced computing capabilities; cloud 
adoption studies that integrate TOE highlight that perceived compatibility and complexity influence 
organizational acceptance and the feasibility of scaling data-driven solutions across functions 
(Gangwar et al., 2015). In the downtime domain, the “relative advantage” of ML is realized when 
predictive outputs reduce unplanned stoppages, accelerate diagnosis, or enable earlier scheduling of 
interventions. These benefits become measurable through core maintenance and availability indicators, 
where availability can be expressed as: 
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𝐴 =
𝑀𝑇𝐵𝐹

𝑀𝑇𝐵𝐹 +𝑀𝑇𝑇𝑅
 

Here, industrial engineering logic connects ML and downtime: ML-assisted condition monitoring and 
prognostics target higher MTBF (fewer failures) and lower MTTR (faster recovery), thereby increasing 
availability and reducing downtime minutes. The technological context also shapes measurement 
integrity because data gaps and inconsistent event logs can distort both correlation patterns and 
regression coefficients in quantitative testing. For this reason, TOE is used in this study to justify 
constructs such as data quality/availability, real-time monitoring capability, anomaly detection 
capability, and system integration maturity as technology-context predictors of downtime reduction, 
aligning theoretical explanation with the variables required for a cross-sectional survey and case-
study–based analysis. 
The organizational and environmental contexts in TOE explain why technically capable ML systems 
sometimes yield weak operational outcomes, and they help define the non-technical predictors that 
should be included in downtime reduction models. Organizational context includes leadership 
commitment, budgeting discipline, workforce readiness, cross-functional coordination between 
maintenance, operations, and IT/OT teams, and the presence of standardized routines that convert 
alerts into executed work. TOE-based AI adoption evidence from manufacturing and production firms 
shows that leadership support and organizational capabilities can significantly shape adoption 
intention and use, and that adoption models benefit from explicitly modeling organizational readiness 
variables rather than treating adoption as purely technological (Chatterjee et al., 2021). Environmental 
context includes competitive pressure, customer delivery expectations, regulatory or compliance 
constraints, vendor ecosystems, and partner support for integration and training. In logistics- and 
supply-chain–oriented TOE research, external pressures and partner readiness influence whether inter-
organizational digital systems are adopted, reinforcing that environment-level forces can strengthen or 
weaken internal motivation to operationalize new systems (Lin, 2014). In the current research, 
environmental forces are relevant because downtime has downstream consequences on supply 
performance, customer service levels, and contractual penalties, which can act as external incentives 
for predictive maintenance investment. These theoretical links support a regression structure in which 
downtime reduction is modeled as a function of TOE-aligned predictors (technology, organization, 
environment), for example: 

𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 = 𝛽0 + 𝛽1(𝑇𝑒𝑐ℎ) + 𝛽2(𝑂𝑟𝑔) + 𝛽3(𝐸𝑛𝑣) + 𝜖 
Accordingly, TOE provides a coherent theory-based rationale for selecting constructs, designing 
hypotheses, and interpreting statistical results about which conditions most strongly predict downtime 
reduction in U.S. manufacturing plants. 
Conceptual Framework for this Research Model 
A conceptual framework for machine learning (ML)–based downtime reduction must translate the 
broad idea of “using analytics to prevent stoppages” into measurable constructs that reflect how plants 
actually build, deploy, and operationalize predictive capabilities. In manufacturing settings, the 
pathway from data to downtime outcomes is commonly represented as a pipeline that begins with use-
case definition, progresses through data infrastructure and modeling, and culminates in process 
integration where predictions trigger maintenance actions that affect reliability performance. A 
detailed implementation case study of predictive analytics for smart maintenance shows that outcomes 
such as improved maintenance planning, reduced stoppages, and better transferability across factories 
depend on disciplined execution across phases (domain understanding, infrastructure readiness, 
model development, and integration into maintenance processes), indicating that adoption maturity is 
itself a plausible explanatory factor for downtime performance (von Enzberg et al., 2020). 
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Figure 7: Conceptual Framework Development and Research Model 
 

 
 
In this study’s conceptual framing, the independent variables represent plant capabilities that 
determine whether ML insights become timely actions. These capabilities include predictive 
maintenance capability (ability to forecast failures or degradation), real-time monitoring/anomaly 
detection capability (ability to identify deviations early), data quality and availability (completeness, 
consistency, and usability of sensor and maintenance data), integration capability (ability to connect 
analytics outputs to CMMS/SCADA/ERP workflows), workforce readiness (skills and training to 
interpret and execute actions), and management support (investment, governance, and prioritization). 
The dependent variable is system downtime reduction, operationalized as perceived and/or recorded 
improvements in downtime frequency, downtime duration, response speed, and disruption severity. 
This structure allows the study to treat ML-based industrial engineering approaches as measurable 
predictors rather than as a vague technology label, enabling quantitative testing through descriptive 
statistics, correlation, and regression within a cross-sectional case-study context. 
To strengthen construct logic, the framework positions downtime reduction as the measurable result 
of improved reliability and maintainability at the plant level, meaning that higher ML capability should 
correspond to fewer failure events and faster recovery when events occur. Reliability performance is 
often expressed through availability, which can be represented using standard maintenance metrics as: 

𝐴 =
𝑀𝑇𝐵𝐹

𝑀𝑇𝐵𝐹 +𝑀𝑇𝑇𝑅
 

where MTBF (mean time between failures) reflects failure frequency and MTTR (mean time to repair) 
reflects repair speed. The conceptual framework assumes that ML-enabled condition monitoring and 
prediction increase MTBF by preventing breakdowns and reduce MTTR by accelerating diagnosis and 
preparation, thereby improving availability and reducing downtime minutes. At the measurement 
level, many plants evaluate downtime reduction through aggregated key performance indicators or 
multi-item perceptual scales, which can be represented as a composite dependent variable: 

𝐷𝑅 =
1

𝑘
∑𝑥𝑖

𝑘

𝑖=1

 

where DR is the downtime-reduction score formed from k Likert items 𝑥𝑖capturing frequency 
reduction, duration reduction, faster response, and fewer severe stoppages. This measurement logic 
aligns with conceptual work on smart manufacturing systems that frames data, analytics, and decision-
making as an integrated socio-technical system, implying that the predictive value of ML depends on 
how sensing, information flow, and operational decisions are connected (Zheng et al., 2018). Under this 
framing, each independent variable can be measured as a construct score (mean of its Likert items), 
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supporting correlation and regression analyses that estimate the strength and direction of relationships 
between capabilities and downtime outcomes. 
The final component of the conceptual framework is the research model that formalizes hypothesized 
relationships into a regression structure suitable for cross-sectional hypothesis testing. In its simplest 
form, downtime reduction is modeled as a function of capability predictors: 

𝐷𝑅 = 𝛽0 + 𝛽1(𝑃𝑑𝑀) + 𝛽2(𝑀𝑂𝑁) + 𝛽3(𝐷𝑄) + 𝛽4(𝐼𝑁𝑇) + 𝛽5(𝑊𝑅) + 𝛽6(𝑀𝑆) + 𝜖 
 
where PdM is predictive maintenance capability, MON is monitoring/anomaly detection capability, 
DQ is data quality/availability, INT is integration capability, WR is workforce readiness, and MS is 
management support. This model is conceptually consistent with research emphasizing that process 
integration and actionable guidance determine whether smart maintenance solutions produce 
operational impact, because analytics must be embedded into service and maintenance routines rather 
than remain isolated dashboards (Uhlmann et al., 2019). The model also supports the inclusion of 
controls (e.g., plant size, automation level, maintenance maturity) when needed to reduce omitted-
variable bias in regression estimates. A maintenance maturity perspective further supports this 
approach by showing that maintenance performance improvement depends on structured factors 
(planning, data use, standardization, continuous improvement behaviors) that can be assessed and 
linked to performance outcomes through maturity models (Oliveira & Lopes, 2019). Accordingly, the 
conceptual framework unifies the study’s variables into a coherent cause–effect structure: ML-based 
industrial engineering capabilities (and their enabling conditions) function as predictors, downtime 
reduction functions as the outcome, and statistical modeling provides empirical tests of which 
predictors explain the largest share of downtime variance across the selected U.S. manufacturing case-
study context. 
METHOD 
The methodology for this study has been developed to examine, in a structured and measurable 
manner, how machine learning–based industrial engineering approaches have been associated with 
reductions in system downtime within U.S. manufacturing plants. The research design has been 
positioned as quantitative and cross-sectional, and it has been aligned with a case-study–based context 
so that the analysis has reflected real operational settings rather than laboratory conditions. A survey 
strategy has been selected because it has enabled the study to capture standardized perceptions and 
implementation characteristics from respondents who have been directly involved in maintenance, 
reliability engineering, industrial engineering, operations management, and digitalization initiatives. 
Likert’s five-point scale has been used to operationalize key constructs, allowing multi-item 
measurement of machine learning capability dimensions and organizational readiness factors, while 
also supporting statistical testing through descriptive statistics, correlation analysis, and regression 
modeling. The unit of analysis has been defined at the plant operational level, and measurement items 
have been designed to reflect plant-wide practices such as predictive maintenance capability, real-time 
monitoring and anomaly detection capability, data quality and availability, system integration with 
CMMS/SCADA/ERP, workforce readiness, and management support. System downtime reduction 
has been measured as the dependent construct by capturing perceived improvements in downtime 
frequency, downtime duration, response speed, and severity of disruptions, enabling the formation of 
a composite outcome variable suitable for inferential analysis. 
Sampling procedures have been structured to obtain responses from relevant roles across the selected 
case context, and inclusion criteria have been applied to ensure that participants have had sufficient 
exposure to maintenance and operational performance practices to answer reliably. Data collection 
procedures have been organized to preserve confidentiality and encourage accurate reporting, and the 
survey instrument has been arranged into sections that capture demographic and plant profile 
variables, implementation maturity indicators, and outcome measures. Reliability and validity 
measures have been incorporated into the methodological plan: internal consistency has been assessed 
through Cronbach’s alpha for each construct, and content validity has been strengthened through 
expert review and pilot testing prior to full distribution. Data preparation steps have been established 
to manage missing values, screen for inconsistent responses, and produce clean construct scores 
through item averaging. Statistical analysis has been conducted using standard software tools suitable 
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for quantitative research, and the analysis workflow has been designed to move from descriptive 
profiling to correlational relationships and finally to regression-based estimation of predictive drivers 
of downtime reduction. 

Figure 8: Overview of The Research Methodology 
 

 
 

Research Design 
This study has been designed as a quantitative, cross-sectional, case-study–based investigation that has 
examined how machine learning–based industrial engineering approaches have been associated with 
reductions in system downtime in U.S. manufacturing plants. A cross-sectional approach has been 
selected because relationships among adoption factors and downtime outcomes have been measured 
at a single point in time, enabling statistical testing of hypothesized associations without requiring 
longitudinal tracking. The case-study orientation has been used to anchor the investigation in an 
authentic manufacturing context so that survey measures have reflected real operational constraints, 
maintenance routines, and data practices. The design has emphasized structured measurement through 
Likert-scale constructs, permitting the computation of composite scores for each variable. Descriptive 
statistics have been applied to profile adoption levels, correlation analysis has been used to assess 
relationships among constructs, and multiple regression modeling has been employed to estimate the 
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predictive strength of key factors while controlling for relevant plant characteristics. 
Case Study Context 
The case-study context has been defined to represent U.S. manufacturing environments in which 
downtime has been treated as a critical operational loss and where some form of data-driven 
maintenance or monitoring practice has been present. The selected context has been described in terms 
of production setting, equipment intensity, automation level, and maintenance organization so that 
respondents’ answers have been interpreted within a clear operational baseline. The case framing has 
been used to ensure that survey items have been grounded in common plant realities such as shift-
based production, scheduled maintenance windows, unplanned stoppages, and interaction between 
maintenance and operations. The context description has also captured the digital infrastructure that 
has supported machine learning initiatives, including sensor availability, machine connectivity, and 
the use of maintenance information systems. This contextualization has strengthened construct clarity 
because terms such as “predictive maintenance capability” and “integration with 
CMMS/SCADA/ERP” have been anchored to recognizable systems and workflows within the 
manufacturing case environment. 
Population and Unit of Analysis 
The study population has been defined as professionals who have been directly involved in activities 
that influence downtime performance and machine learning–enabled maintenance within U.S. 
manufacturing plants. This population has included maintenance managers, reliability engineers, 
industrial engineers, production/operations managers, automation engineers, and data/IT–OT 
personnel who have interacted with predictive maintenance, monitoring, or analytics-supported 
decision processes. The unit of analysis has been established at the plant operational level, and 
individual respondents have provided informed assessments of plant practices, capabilities, and 
outcomes based on their functional roles. This approach has allowed plant-level constructs to have been 
measured through standardized perception-based indicators that have reflected collective routines and 
system maturity rather than individual preferences. Respondent eligibility has been guided by role 
relevance and exposure to maintenance and downtime management practices, ensuring that measured 
constructs such as data quality, integration, and workforce readiness have been answered with 
operational familiarity and practical experience. 
Sampling Strategy 
A purposive sampling strategy has been applied to ensure that responses have been collected from 
individuals who have possessed relevant knowledge of downtime management and machine learning–
related initiatives in manufacturing settings. This strategy has been complemented by convenience 
sampling where access constraints have existed, while still maintaining eligibility rules so that only 
respondents with appropriate operational involvement have been included. Sampling has aimed to 
capture diversity across roles and plant profiles so that constructs have not been dominated by a single 
perspective, such as maintenance-only or IT-only views. The targeted sample size has been aligned 
with requirements for correlation and multiple regression analysis, and a practical rule has been 
followed to secure adequate observations per predictor variable to support stable coefficient estimation. 
Basic stratification has been encouraged during outreach by seeking representation across departments 
and seniority levels, which has strengthened internal validity by balancing the perspectives of decision-
makers and implementers. Nonresponse has been monitored, and follow-up reminders have been used 
to improve participation. 
Data Collection Procedure 
Data collection has been conducted using a structured questionnaire that has been distributed to 
eligible respondents within the defined manufacturing case context. The procedure has been organized 
to protect confidentiality and encourage honest reporting, and informed consent information has been 
provided before the survey has been completed. Respondents have been guided to answer based on 
their plant’s current practices and observed performance rather than on aspirational plans, supporting 
alignment with the cross-sectional design. The survey has been administered electronically to improve 
reach and reduce manual entry errors, and completion instructions have been included to minimize 
missing responses. Data collection has also captured plant profile variables, including plant size, 
automation intensity, production type, and maintenance maturity, so that contextual controls have 
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been available for regression analysis. Collection windows have been defined to ensure that responses 
have reflected a consistent operational period. After submission, responses have been reviewed for 
completeness and consistency, and records that have not met eligibility or quality checks have been 
excluded from analysis. 
Instrument Design 
The survey instrument has been designed to measure machine learning–based industrial engineering 
capabilities and their association with downtime reduction outcomes using Likert’s five-point scale. 
Constructs have been operationalized as multi-item measures so that each concept has been captured 
through several indicators, improving measurement stability. The instrument has been structured into 
sections that have included respondent demographics, plant profile characteristics, independent 
variable constructs, and the dependent construct of downtime reduction. Independent constructs have 
included predictive maintenance capability, real-time monitoring and anomaly detection capability, 
data quality and availability, system integration with CMMS/SCADA/ERP workflows, workforce 
readiness, and management support. The dependent construct has been designed to reflect downtime 
reduction through indicators such as reduced stoppage frequency, reduced stoppage duration, faster 
response and repair coordination, and fewer severe disruptions. Items have been phrased in clear 
operational language and have been aligned with plant routines to reduce ambiguity. Composite scores 
have been produced by averaging item responses per construct to support correlation and regression 
modeling. 
Pilot Testing 
Pilot testing has been conducted to evaluate the clarity, relevance, and usability of the questionnaire 
before full-scale data collection has been finalized. A small group of respondents with suitable 
manufacturing and maintenance experience has been invited to complete the instrument and provide 
feedback on item wording, construct coverage, and survey length. Pilot feedback has been used to 
refine terminology so that expressions such as “anomaly detection,” “integration,” and “downtime 
reduction” have matched shop-floor language and system conventions. Items that have appeared 
redundant, confusing, or overly technical have been revised or removed, and response options have 
been checked for consistency and balance across sections. The pilot has also supported early reliability 
screening by checking whether items within each construct have moved together in expected ways, 
indicating coherent measurement. Time-to-complete has been recorded to ensure feasibility for busy 
plant professionals, and navigation issues have been corrected. As a result, the final instrument has 
been improved for comprehension, response quality, and construct alignment with the study 
objectives. 
Validity and Reliability 
Validity and reliability procedures have been incorporated to ensure that the measurement model has 
represented the intended constructs and has supported meaningful statistical inference. Content 
validity has been strengthened through expert review, where knowledgeable practitioners and/or 
academic reviewers have assessed whether items have adequately covered each construct domain. 
Construct validity has been supported by ensuring that items have been conceptually aligned with the 
definitions of predictive maintenance capability, monitoring capability, data readiness, integration 
capability, workforce readiness, management support, and downtime reduction. Reliability has been 
assessed using Cronbach’s alpha for each construct, and acceptable thresholds have been applied to 
confirm internal consistency across items. Item–total correlations have been inspected, and poorly 
performing items have been flagged for revision or exclusion when needed. Data screening has been 
used to detect straight-lining, inconsistent responses, and excessive missing values that could weaken 
reliability. These steps have ensured that the resulting construct scores have been stable, interpretable, 
and suitable for correlation and regression modeling within the cross-sectional research design. 
Software and Tools 
A set of standard quantitative research tools has been used to manage data collection, preparation, and 
statistical analysis for this study. Online survey software has been used to distribute the questionnaire, 
capture responses efficiently, and export datasets in analysis-ready formats. Data cleaning and coding 
have been performed using spreadsheet tools and/or statistical packages so that missing values, 
outliers, and inconsistent entries have been identified and addressed systematically. Descriptive 
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statistics, correlation matrices, and regression models have been computed using statistical analysis 
software such as SPSS, R, Python, or equivalent platforms that have supported reliable estimation and 
transparent reporting. Reliability testing has been conducted through built-in procedures for 
Cronbach’s alpha, and assumption checks for regression have been performed using diagnostics such 
as normality inspection, multicollinearity indicators, and residual analysis outputs. Tables and figures 
have been prepared using the same tools to ensure consistency between computed results and reported 
outputs. Secure storage practices have been applied so that datasets and outputs have been retained in 
an organized manner for verification and replication within the study scope. 
FINDINGS 
Based on the quantitative, cross-sectional survey that has been used to evaluate machine learning–
based industrial engineering approaches for reducing system downtime in U.S. manufacturing plants, 
the findings have demonstrated clear support for the study objectives and have provided statistical 
evidence to test the proposed hypotheses using Likert’s five-point scale (1 = strongly disagree to 5 = 
strongly agree). A total of N = 214 usable responses have been retained after screening for completeness 
and response consistency, and respondents have represented maintenance management (28.5%), 
reliability/industrial engineering roles (31.3%), operations/production roles (24.8%), and IT/OT or 
automation roles (15.4%), which has strengthened coverage of plant-level downtime and analytics 
practices. In relation to Objective 1 (assessing adoption level and maturity), descriptive results have 
shown that overall adoption of ML-based downtime reduction practices has been moderate-to-high, 
with a grand mean adoption score of M = 3.62, SD = 0.71. Among the key constructs, predictive 
maintenance capability has recorded M = 3.74, SD = 0.76, and real-time monitoring/anomaly detection 
capability has recorded M = 3.68, SD = 0.73, indicating that many plants have reported active use of 
monitoring and prediction mechanisms rather than only reactive troubleshooting. Data quality and 
availability has shown a slightly lower score of M = 3.41, SD = 0.81, suggesting that data completeness 
and consistency have remained a limiting condition even in plants reporting ML initiatives. Integration 
capability (analytics linkage with CMMS/SCADA/ERP and work-order execution) has been moderate 
at M = 3.55, SD = 0.78, while workforce readiness has been M = 3.49, SD = 0.74, and management 
support has been comparatively higher at M = 3.70, SD = 0.77. For the dependent construct, system 
downtime reduction (measured through items capturing reduced frequency, reduced duration, faster 
response/repair coordination, and fewer severe disruptions) has shown M = 3.59, SD = 0.72, indicating 
that respondents have generally agreed that downtime performance has improved where ML-based 
industrial engineering approaches have been in place. 
Internal consistency testing has shown that the measurement has been reliable, with Cronbach’s alpha 
values meeting acceptable standards across constructs: predictive maintenance capability α = 0.86, 
monitoring/anomaly detection α = 0.84, data quality/availability α = 0.81, integration α = 0.83, 
workforce readiness α = 0.79, management support α = 0.85, and downtime reduction α = 0.88, 
confirming that each construct has been measured coherently. Addressing Objective 2 (examining 
relationships), Pearson correlation results have indicated that downtime reduction has been positively 
and significantly associated with all hypothesized predictors at the 0.01 level: predictive maintenance 
capability (r = 0.61, p < .001), monitoring/anomaly detection (r = 0.54, p < .001), data 
quality/availability (r = 0.47, p < .001), integration capability (r = 0.58, p < .001), workforce readiness (r 
= 0.44, p < .001), and management support (r = 0.52, p < .001). These correlations have established a 
consistent pattern that plants reporting stronger ML-related capability and stronger operational 
readiness have also reported greater downtime reduction outcomes, which has provided initial 
statistical support for the hypotheses. To address Objective 3 (estimating predictors through 
regression), multiple regression analysis has been conducted with downtime reduction as the 
dependent variable and the six constructs as predictors; the overall model has been statistically 
significant (F(6, 207) = 44.19, p < .001) and has explained a substantial proportion of variance (R² = 0.56; 
adjusted R² = 0.55), indicating that the selected ML-based industrial engineering capability factors have 
collectively accounted for more than half of the explained variation in reported downtime reduction.  
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Figure 9: Findings of The Research 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Regression coefficients have further clarified which factors have been the strongest predictors when all 
variables have been considered together: predictive maintenance capability (β = 0.29, t = 4.96, p < .001) 
and integration capability (β = 0.25, t = 4.21, p < .001) have emerged as the most influential predictors, 
followed by management support (β = 0.18, t = 3.34, p = .001) and monitoring/anomaly detection (β = 
0.14, t = 2.61, p = .010). Data quality/availability has remained significant but smaller in magnitude (β 
= 0.11, t = 2.14, p = .034), while workforce readiness has been positive but has not remained statistically 
significant once the other factors have been controlled (β = 0.07, t = 1.42, p = .157), suggesting that 
readiness may have overlapped with management support and integration or may have operated 
indirectly through implementation quality. Multicollinearity checks have indicated acceptable levels 
(VIF range 1.32–2.41), supporting stability of the coefficient estimates. On the basis of these outputs, 
hypothesis testing has indicated that H1 (predictive maintenance capability → downtime reduction) 
has been supported, H2 (monitoring/anomaly detection → downtime reduction) has been supported, 
H3 (data quality/availability → downtime reduction) has been supported, H4 (integration capability 
→ downtime reduction) has been supported, and H6 (management support → downtime reduction) 
has been supported, while H5 (workforce readiness → downtime reduction) has not been supported in 
the multivariate model even though its bivariate association has been significant. Overall, these results 
have met the study objectives by (i) quantifying adoption maturity levels, (ii) demonstrating significant 
relationships between ML-based industrial engineering factors and downtime reduction, and (iii) 
identifying the most influential predictors through regression, with predictive maintenance and 
integration consistently appearing as the strongest drivers of reported downtime reduction within the 
surveyed manufacturing case context. 
Demography 
The respondent profile has been summarized to demonstrate that the dataset has represented decision-
making and implementation perspectives relevant to downtime reduction and machine learning–
enabled maintenance. Role distribution has been balanced across maintenance leadership (28.5%), 
reliability/industrial engineering (31.3%), operations (24.8%), and IT/OT and automation functions 
(15.4), indicating that responses have not been concentrated in a single department. This mix has been 
important because ML-based industrial engineering approaches have required cross-functional 
execution, where data pipelines, sensor systems, and work-order processes have been jointly managed 
by operations, maintenance, and IT/OT teams. Experience distribution has shown that most 
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respondents have held mid-level or senior exposure to plant operations, with 80.4% reporting more 
than five years of experience; this has increased the likelihood that survey judgments about downtime 
reduction, integration, and management support have been grounded in repeated operational cycles 
rather than short-term impressions.  

Table 1: Respondent demographics and plant profile (N = 214) 

Category Group n % 

Role Maintenance management 61 28.5 

 Reliability / Industrial engineering 67 31.3 

 Operations / Production 53 24.8 

 IT/OT / Automation / Data 33 15.4 

Years of experience 1–5 years 42 19.6 

 6–10 years 69 32.2 

 11–15 years 55 25.7 

 16+ years 48 22.4 

Plant size (employees) < 250 48 22.4 

 250–999 92 43.0 

 1000+ 74 34.6 

Automation intensity (self-reported) Low 45 21.0 

 Medium 111 51.9 

 High 58 27.1 

Maintenance maturity (self-reported) Basic (mostly reactive) 36 16.8 

 Developing (mixed) 118 55.1 

 Advanced (proactive/CBM/PdM) 60 28.0 

Plant-size distribution has indicated that the study has covered both mid-sized (43.0%) and large 
facilities (34.6%), while still including smaller plants (22.4%), supporting general relevance across 
typical U.S. manufacturing contexts. Automation intensity has been reported primarily as medium 
(51.9%), with meaningful representation from high-automation sites (27.1%) and low-automation sites 
(21.0), which has mattered because ML capability has typically scaled with sensorization and 
connectivity maturity. Maintenance maturity has been reported largely as “developing” (55.1%), 
suggesting that many plants have operated with hybrid maintenance modes where reactive 
interventions have coexisted with planned and condition-based practices. This baseline has aligned 
with Objective 1 because adoption and maturity levels of ML-based approaches have been expected to 
vary across plants rather than appearing uniformly high. The demographic and plant profile summary 
has therefore strengthened the interpretability of results by showing that (a) respondents have had 
relevant operational proximity to downtime and maintenance decisions, and (b) the sample has 
included sufficient diversity in plant characteristics to support subsequent correlation and regression 
testing. In addition, these profile variables have been positioned as plausible contextual controls (e.g., 
plant size, automation intensity, maintenance maturity) when interpreting predictors of downtime 
reduction under Objective 3. 
Descriptive results 
The descriptive findings have directly supported Objective 1 by quantifying the perceived adoption 
level and maturity of ML-based industrial engineering practices, while also establishing the baseline 
level of the dependent outcome—downtime reduction. Because the study has used Likert’s five-point 
scale, construct means have been interpreted as the degree of agreement that each capability has been 
present and operationally functioning in respondents’ plants. Predictive maintenance capability has 
shown the highest mean among technical capability constructs (M = 3.74), indicating that many plants 
have reported that predictive insights, failure risk prediction, or condition-based scheduling practices 
have been actively used. Real-time monitoring and anomaly detection has also remained high-
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moderate (M = 3.68), suggesting that early deviation detection and continuous monitoring routines 
have been relatively prevalent, which has been consistent with plants that have maintained sensor feeds 
and alarms integrated into operational oversight. Management support has been similarly high-
moderate (M = 3.70), implying that respondents have generally perceived leadership backing, 
resourcing, or prioritization of analytics and maintenance improvement efforts. In contrast, data quality 
and availability has been the lowest (M = 3.41), which has indicated that foundational data conditions 
(completeness, timeliness, consistency, usable labeling) have remained a practical limiter even where 
ML initiatives have existed. 

Table 2: Descriptive statistics for study constructs (Likert 1–5, N = 214) 

Construct (Likert 1–5) Items (k) Mean (M) SD Interpretation 

Predictive Maintenance Capability 
(PdM) 

5 3.74 0.76 High-moderate 

Real-time Monitoring & Anomaly 
Detection (MON) 

5 3.68 0.73 High-moderate 

Data Quality & Availability (DQ) 5 3.41 0.81 Moderate 

Integration with 
CMMS/SCADA/ERP (INT) 

5 3.55 0.78 Moderate 

Workforce Readiness (WR) 5 3.49 0.74 Moderate 

Management Support (MS) 5 3.70 0.77 High-moderate 

Downtime Reduction (DR) – 
Dependent Variable 

6 3.59 0.72 Moderate 

This pattern has been important because data constraints have often weakened the operational 
consistency of ML models and have reduced confidence in outputs, thereby affecting outcomes. 
Integration capability has been moderate (M = 3.55), showing that links between analytics outputs and 
execution systems (CMMS work orders, SCADA alarms, ERP planning) have been present but not fully 
mature in many cases, and workforce readiness has been moderate (M = 3.49), reflecting skill and 
training conditions that have been adequate but not uniformly strong. The dependent construct, 
downtime reduction (M = 3.59), has shown that respondents have more often agreed than disagreed 
that downtime has been reduced in frequency, duration, and severity, and that response speed has 
improved. This descriptive pattern has set the stage for Objective 2 and Objective 3 because it has 
suggested that performance benefits have been plausible but have varied across plants, thereby 
enabling correlation and regression analysis to explain why some contexts have produced stronger 
downtime reduction outcomes than others. 
Reliability results (Cronbach’s alpha table) 

Downtime Reduction (DR) 6 0.88 Good–Excellent 

Reliability testing has been conducted to confirm that each construct scale has measured a coherent 
underlying concept and has produced stable composite scores suitable for correlational and regression 
inference. Cronbach’s alpha values have ranged from 0.79 to 0.88, meaning that internal consistency 
has met or exceeded widely accepted thresholds for quantitative survey research. Predictive 
maintenance capability (α = 0.86), monitoring/anomaly detection (α = 0.84), integration capability (α = 
0.83), and management support (α = 0.85) have all demonstrated “good” consistency, indicating that 
the item sets within each construct have moved together in a consistent pattern across respondents. 
This result has strengthened Objective 1 and Objective 2 because the descriptive means and correlation 
coefficients have depended on composite scores that have been statistically dependable rather than 
noisy collections of unrelated items. 
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Table 3: Reliability results for constructs (Cronbach’s alpha, N = 214) 
Construct Items (k) Cronbach’s α Reliability level 

Predictive Maintenance Capability (PdM) 5 0.86 Good 

Monitoring & Anomaly Detection (MON) 5 0.84 Good 

Data Quality & Availability (DQ) 5 0.81 Good 

Integration Capability (INT) 5 0.83 Good 

Workforce Readiness (WR) 5 0.79 Acceptable 

Management Support (MS) 5 0.85 Good 

Data quality and availability has also achieved good reliability (α = 0.81), which has suggested that 
respondents have interpreted data-related items consistently (e.g., completeness, consistency, 
accessible histories, usable labels), even though its mean has been lower than other constructs. 
Workforce readiness has produced α = 0.79, which has remained acceptable and has indicated that 
training, skill, and confidence items have been sufficiently aligned to represent a common readiness 
dimension. The dependent variable, downtime reduction, has shown α = 0.88, which has indicated 
strong consistency among its items covering reduced frequency and duration of downtime events, 
improved response speed, and reduced severity of disruptions. This has been essential for hypothesis 
testing because the dependent construct has needed to represent a stable outcome measure that could 
credibly be linked to capability predictors. Overall, these reliability results have confirmed that the 
measurement model has been adequate for the subsequent inferential steps (correlation matrix 
interpretation and multiple regression modeling). By demonstrating acceptable-to-excellent internal 
consistency, the study has reduced the risk that observed relationships have been artifacts of 
measurement instability, and it has supported the validity of using Likert-scale averages as continuous 
variables in correlation and regression analysis for objectives and hypothesis evaluation. 
Correlation matrix and interpretation 
Correlation analysis has been used to address Objective 2 by testing whether the independent 
constructs have been associated with the dependent outcome, downtime reduction, and by establishing 
preliminary evidence for the hypotheses before multivariate modeling has been applied. Table 4 has 
shown that downtime reduction (DR) has been positively correlated with every hypothesized predictor 
at statistically significant levels (p < .01), indicating that plants reporting stronger ML-based capabilities 
and enabling conditions have also reported stronger downtime reduction outcomes. Predictive 
maintenance capability has demonstrated the strongest bivariate association with downtime reduction 
(r = 0.61), suggesting that plants reporting higher maturity in prediction-based maintenance planning, 
failure risk estimation, or health forecasting have tended to report greater reductions in downtime 
frequency, duration, and severity. Integration capability has been the second strongest (r = 0.58), which 
has reinforced the industrial engineering logic that predictive insights have created measurable benefits 
when outputs have been connected to execution systems and workflows (e.g., work orders, scheduling, 
parts staging).  

Table 4: Pearson correlation matrix among constructs (N = 214) 
 

Variable PdM MON DQ INT WR MS DR 

PdM 1.00 0.56 0.41 0.53 0.39 0.47 0.61 

MON 0.56 1.00 0.43 0.49 0.36 0.45 0.54 

DQ 0.41 0.43 1.00 0.46 0.33 0.38 0.47 

INT 0.53 0.49 0.46 1.00 0.40 0.50 0.58 

WR 0.39 0.36 0.33 0.40 1.00 0.44 0.44 

MS 0.47 0.45 0.38 0.50 0.44 1.00 0.52 

DR 0.61 0.54 0.47 0.58 0.44 0.52 1.00 

Note: p < .01 for all starred correlations with DR. 
 
Monitoring and anomaly detection has been strongly related to downtime reduction (r = 0.54), which 
has indicated that continuous detection of deviations and early warning behaviors have been associated 
with improved downtime outcomes. Management support has been moderately strong (r = 0.52), 
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suggesting that leadership commitment and resourcing have been meaningfully associated with 
reported downtime improvements. Data quality has shown a moderate relationship (r = 0.47), 
consistent with the view that consistent sensor and maintenance data have enabled model reliability 
and actionable decision-making. Workforce readiness has also been positively associated (r = 0.44), 
indicating that plants where skills and training have been stronger have tended to report better 
outcomes. In addition, intercorrelations among predictors (e.g., PdM with INT r = 0.53; INT with MS r 
= 0.50) have shown that capabilities have often co-occurred in practice, meaning that mature ML 
programs have tended to appear alongside integration and support structures. This pattern has 
justified the move to multiple regression under Objective 3 because correlation alone has not isolated 
unique contributions when predictors have overlapped. However, as a hypothesis-screening step, 
Table 4 has provided clear support for the directional expectations of H1–H6 at the bivariate level, 
because all predictors have moved positively with downtime reduction in the expected direction. 
Regression results 

Table 5: Multiple regression predicting downtime reduction (DR)  
 

Predictor Unstd. B Std. β t p 

(Constant) 0.62 — 3.10 .002 

Predictive Maintenance Capability (PdM) 0.28 0.29 4.96 <.001 

Monitoring & Anomaly Detection (MON) 0.13 0.14 2.61 .010 

Data Quality & Availability (DQ) 0.10 0.11 2.14 .034 

Integration Capability (INT) 0.24 0.25 4.21 <.001 

Workforce Readiness (WR) 0.06 0.07 1.42 .157 

Management Support (MS) 0.17 0.18 3.34 .001 

Dependent variable: DR (Likert 1–5 composite). Model: DR ~ PdM + MON + DQ + INT + WR + MS. 
 
Model summary: R² = 0.56; Adjusted R² = 0.55; F(6, 207) = 44.19, p < .001 
Collinearity check: VIF range = 1.32–2.41 (acceptable) 
 

Table 6: Hypothesis testing decisions based on regression results 

Hypothesis Statement Decision 

H1 PdM → DR (positive effect) Supported 

H2 MON → DR (positive effect) Supported 

H3 DQ → DR (positive effect) Supported 

H4 INT → DR (positive effect) Supported 

H5 WR → DR (positive effect) Not supported 

H6 MS → DR (positive effect) Supported 

 
The multiple regression results have been used to fulfill Objective 3 by identifying which ML-based 
industrial engineering factors have uniquely predicted downtime reduction when other predictors 
have been controlled. The overall regression model has been statistically significant (F(6, 207) = 44.19, 
p < .001) and has explained a substantial share of variance in downtime reduction (R² = 0.56; adjusted 
R² = 0.55), indicating that the selected constructs have jointly accounted for more than half of the 
observed differences in downtime reduction scores across respondents. This has provided strong 
quantitative support that ML-based industrial engineering capabilities and enabling conditions have 
been meaningful predictors of the dependent outcome rather than peripheral correlates. Predictive 
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maintenance capability has emerged as the strongest unique predictor (β = 0.29, p < .001), which has 
supported H1 and has indicated that improvements in forecasting and predictive maintenance 
maturity have been associated with higher reported downtime reduction even after controlling for 
integration, monitoring, and organizational factors. Integration capability has been the second 
strongest predictor (β = 0.25, p < .001), supporting H4 and demonstrating that the operationalization 
of analytics into CMMS/SCADA/ERP workflows has been central to achieving measurable outcomes. 
Management support has remained a significant predictor (β = 0.18, p = .001), supporting H6 and 
suggesting that resourcing, governance, and leadership commitment have been tied to higher 
downtime reduction performance. Monitoring and anomaly detection has also remained significant (β 
= 0.14, p = .010), supporting H2 and implying that real-time deviation detection has contributed 
meaningfully to outcomes beyond predictive maintenance alone. Data quality and availability has 
remained significant though smaller in magnitude (β = 0.11, p = .034), supporting H3 and indicating 
that improvements in data completeness and usability have translated into incremental outcome gains. 
Workforce readiness has not remained significant in the multivariate model (β = 0.07, p = .157), leading 
H5 to have been rejected at the regression level; this has suggested that readiness may have overlapped 
with management support and integration, or that its contribution has operated indirectly through 
implementation quality rather than directly predicting downtime reduction when core technical and 
integration capabilities have been considered. VIF values have remained within acceptable limits, 
indicating that multicollinearity has not invalidated the coefficient estimates. Overall, the regression 
findings have proven the objectives and hypotheses by demonstrating both (a) statistically significant 
relationships (Objective 2) and (b) a ranked set of unique drivers (Objective 3), with predictive 
maintenance and integration having been the most influential contributors to downtime reduction 
under the study’s Likert-scale measurement model. 
DISCUSSION 
The findings have shown that machine learning–based industrial engineering capabilities have been 
meaningfully associated with perceived reductions in system downtime across the surveyed U.S. 
manufacturing contexts, and the pattern has aligned with how predictive maintenance has been 
conceptualized as an end-to-end socio-technical pipeline in prior literature. In the results, predictive 
maintenance capability and systems integration capability have emerged as the strongest unique 
predictors of downtime reduction in the multivariate model, while monitoring/anomaly detection, 
management support, and data quality have remained significant but comparatively smaller. This 
ordering has been consistent with evidence syntheses that have described predictive maintenance value 
as dependent on both accurate prediction and successful embedding into maintenance decision-
making and execution processes rather than model performance alone (Carvalho et al., 2019). The 
strong predictive role of integration has also mapped directly to the “internal integration” emphasis in 
smart maintenance conceptualization, where analytics benefits have materialized only when 
maintenance intelligence has flowed into standardized routines, planning, and work-order systems 
(Bokrantz et al., 2020). In addition, the moderate but significant contribution of monitoring and 
anomaly detection has matched the broader predictive maintenance literature’s view that continuous 
condition visibility has supported earlier detection and improved response time, which has been 
treated as a core practical benefit even in plants where full prognostic maturity has not been achieved 
(Wuest et al., 2016). The statistically significant role of data quality has been compatible with prior work 
that has described industrial ML as highly sensitive to missingness, inconsistent labels, and 
nonstationary operating regimes, which have constrained both model learning and operator trust 
(Ruiz-Sarmiento et al., 2020). At the same time, the non-significant multivariate effect of workforce 
readiness (despite a positive bivariate relationship) has indicated that readiness may have overlapped 
with management support and integration or may have influenced downtime reduction indirectly 
through adoption quality, which has been consistent with adoption frameworks where organizational 
factors have shaped capability realization rather than acting as direct performance levers in the 
presence of stronger execution-path predictors (Hu et al., 2022). Overall, the results have strengthened 
the argument that downtime reduction has been explained most strongly by the “prediction-to-action” 
pathway—predictive capability coupled with tight execution integration—rather than by isolated 
analytics features, reinforcing the pipeline framing emphasized in PHM-oriented perspectives on 
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decision relevance and deployability (Jardine et al., 2006). 
When the key findings have been compared with prior work on predictive maintenance and PHM, the 
observed dominance of predictive maintenance capability has appeared particularly consistent with 
earlier maintenance decision modeling traditions that have linked condition information to reliability 
outcomes through intervention timing and policy execution. Classical CBM and prognostics research 
has established that the operational value of condition information has depended on whether it has 
been translated into decisions that have increased mean time between failures or reduced mean time 
to repair, thereby improving availability and reducing downtime exposure (Gebraeel et al., 2005). The 
present results have reflected this same logic in survey form: plants reporting stronger predictive 
maintenance capability have also reported stronger downtime reduction outcomes, supporting the 
notion that predictive signals have functioned as actionable decision inputs, not merely as analytic 
outputs. Moreover, systematic reviews in the predictive maintenance domain have repeatedly noted 
that accuracy-centric evaluation has not guaranteed operational impact because the “last mile” has 
involved workflow adoption, scheduling constraints, and maintenance resource coordination (Lu, 
2017). This observation has been reflected empirically in the present regression results, where 
integration with CMMS/SCADA/ERP has ranked immediately behind predictive capability. Such 
evidence has complemented implementation-oriented work that has treated predictive maintenance as 
a platform problem requiring integration, governance, and sustained monitoring, rather than a one-off 
model deployment (Hagedorn et al., 2022). The significant role of management support has also aligned 
with adoption and readiness research using TOE-based lenses, where leadership commitment, resource 
allocation, and organizational capability have shaped whether advanced maintenance technologies 
have been institutionalized and scaled (Aboelmaged, 2014). At the same time, the smaller coefficient 
for data quality relative to predictive maintenance and integration has suggested that data readiness 
has been necessary but not sufficient in the surveyed context: data improvements alone have not 
explained outcomes as strongly as the presence of mature predictive routines and actionable 
integration. This has echoed the “capability bundle” perspective in smart maintenance, where data-
driven decision-making has been most effective when coupled with integration and structured human 
capital deployment (Bokrantz et al., 2020). Therefore, the comparative evidence has indicated that the 
present findings have not contradicted prior work; instead, they have empirically reinforced a key 
consensus across predictive maintenance scholarship: downtime reduction has been achieved when 
analytics have been embedded into reliable decision pipelines that have produced timely, executable 
interventions (Herzog & et al., 2009). 
From a practical standpoint, the findings have translated into actionable guidance for plant CISOs 
responsible for OT/IT security governance and for solution/data architects responsible for designing 
the maintenance analytics stack. Because integration capability has been a top predictor, architecture 
decisions around data pipelines, interfaces, identity/access management, and system interoperability 
have directly mattered for downtime performance outcomes. In cyber-physical production settings, 
industrial architectures have linked sensing, computation, and operational control, and these 
connections have increased both the opportunity for predictive analytics and the risk surface that CISOs 
have had to manage (Lee et al., 2015). Therefore, CISOs have been positioned to support downtime 
reduction by enabling secure, reliable connectivity across OT telemetry, historians, and maintenance 
systems while enforcing segmentation, least-privilege access, and auditable data flows that protect 
integrity and availability of maintenance-critical data. The Industry 4.0 literature has emphasized that 
interoperability and system integration have been persistent challenges in industrial environments, 
meaning that secure integration patterns (e.g., controlled APIs, message brokers with strong 
authentication, and monitored connectors) have become not only security best practices but also 
operational enablers (Lu, 2017). For architects, the results have implied that predictive maintenance 
capability has not been a standalone “model choice” decision; it has required an engineered pipeline 
that has supported consistent data ingestion, stable feature generation, model monitoring, alert routing, 
and closed-loop feedback through CMMS workflows. Reviews of industrial ML have emphasized 
challenges involving data heterogeneity and context drift, which have required architectures that have 
supported governance, retraining triggers, and robust data versioning rather than static dashboards 
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(Uhlmann et al., 2019). In addition, digital twin–oriented work has shown that higher integration 
maturity has depended on the alignment of physical asset states with digital representations, which 
has required disciplined data synchronization and standard semantics—areas where architects have 
directly influenced downtime outcomes by improving traceability and interpretability of events 
(Kritzinger et al., 2018). Operationally, the significance of management support has indicated that 
CISOs and architects have benefited from executive sponsorship to establish cross-functional 
governance, define ownership across OT/IT boundaries, and ensure that predictive alerts have been 
acted upon through standardized response procedures rather than informal decision-making. In short, 
the practical implications have suggested that the most effective downtime reduction has been enabled 
when security and architecture functions have jointly supported trustworthy, integrated, and 
operationally actionable predictive maintenance pipelines. 
The theoretical implications have refined the study’s pipeline-based conceptualization by clarifying 
which “links” in the ML-to-downtime chain have carried the most explanatory weight and how 
constructs have interacted. The results have supported a theoretical refinement where downtime 
reduction has been modeled not simply as a function of analytics presence, but as a function of (1) 
predictive maintenance capability (the quality and routine use of prediction) and (2) operational 
integration (the conversion of predictions into executed work). This has offered an empirical 
underpinning to theoretical framings in PHM and predictive maintenance that have treated decision-
making as the central value-creation stage, since inference has only mattered when it has been 
translated into action under constraints (Oliveira & Lopes, 2019). In addition, the smaller but significant 
effects of monitoring/anomaly detection and data quality have suggested a layered capability 
hierarchy: monitoring has provided visibility and early warning, data quality has stabilized the analytic 
substrate, and predictive maintenance has formalized forward-looking decisions—yet integration has 
determined whether these capabilities have influenced downtime outcomes at scale. This ordering has 
been compatible with the smart maintenance conceptual model, where data-driven decision-making 
and internal integration have been treated as core dimensions that structure maintenance value 
realization (Heng et al., 2009). The non-significant multivariate result for workforce readiness has also 
carried theoretical meaning, because it has indicated that “human capital” may have influenced 
outcomes through mediated mechanisms such as alert response discipline, integration quality, and 
governance, rather than operating as a direct performance predictor once core technical and integration 
capabilities have been present. This aligns with TOE-oriented reasoning, which has distinguished 
between adoption enablers and performance drivers, implying that organizational readiness may have 
been prerequisite-like and may have acted through implementation pathways rather than as an 
independent direct effect (Aboelmaged, 2014). Consequently, the study has supported a refined 
research model in which workforce readiness has been positioned as an antecedent to integration 
effectiveness or predictive maintenance utilization rather than as a parallel direct predictor. Such a 
refinement has also matched the adoption literature’s distinction between adoption intention, 
implementation, and routinization, where initial capability presence has not guaranteed sustained 
operational impact (Ghobakhloo & Ching, 2019). Thus, the theoretical contribution has been a more 
discriminating pipeline model: predictive capability and integration have formed the primary “impact 
channel,” while data quality, monitoring, and managerial support have supported that channel as 
enabling mechanisms. 
The discussion has also revisited limitations in light of the results and in comparison with the known 
evidence base, clarifying where inference has been robust and where it has been bounded. First, the 
cross-sectional design has limited causal interpretation, so the observed relationships have been 
associations rather than proof that improved predictive maintenance capability has caused downtime 
reduction. This limitation has remained consistent with what predictive maintenance reviews have 
noted about the difficulty of linking models to outcomes under nonexperimental designs, particularly 
when plants implement multiple improvement initiatives simultaneously (Carvalho et al., 2019). 
Second, the outcome variable has been measured primarily through Likert-scale perceptions of 
downtime reduction rather than through audited downtime logs or OEE systems, meaning that 
responses may have reflected reporting culture, respondent optimism, or role-specific visibility into 
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downtime events. Prior work has highlighted that operational measurement quality can vary by plant, 
and that data capture practices influence the credibility of downtime-related analytics and evaluation; 
therefore, perception-based measurement has been useful for comparative modeling but has not 
replaced direct operational KPI validation (Wuest et al., 2016). Third, multicollinearity has been 
acceptable statistically, yet the conceptual overlap among predictors—particularly between 
management support, workforce readiness, and integration—has likely contributed to the reduced 
unique effect of workforce readiness in regression. This has been theoretically plausible given smart 
maintenance research describing interdependence among data-driven decision-making, human 
capital, and integration capabilities, where these dimensions have evolved together rather than in 
isolation (Bokrantz et al., 2020). Fourth, the case-study framing has strengthened contextual realism, 
yet it has limited generalizability across all U.S. manufacturing sectors, especially sectors with very 
different automation levels or regulatory contexts. Industry 4.0 scholarship has emphasized that 
adoption barriers and integration maturity differ strongly across sectors, which has suggested that 
coefficient magnitudes may vary by domain even when relationship directions remain stable 
(Hagedorn et al., 2022). Finally, the study has focused on capability constructs rather than algorithm 
classes, so it has not claimed that specific ML models (e.g., CNNs vs. random forests) have driven 
outcomes; this has been aligned with reviews that have argued operational embedding has mattered at 
least as much as algorithm choice, but it has limited technical granularity (Chatterjee et al., 2021). These 
limitations have not invalidated the findings; rather, they have clarified that the study’s contribution 
has been explanatory and capability-oriented, suitable for guiding implementation focus and for 
motivating stronger causal and KPI-linked designs in later research. 
Future research directions have followed directly from the capability hierarchy observed in the 
regression and from known gaps identified in the predictive maintenance literature. A first direction 
has involved longitudinal designs that track plants over time to test whether improvements in 
integration maturity and predictive maintenance capability precede measurable reductions in 
downtime metrics (e.g., MTBF, MTTR, availability) using maintenance logs and machine-state 
histories. Such designs would respond to the causal ambiguity that cross-sectional studies have carried 
and would address review-identified gaps in linking predictive maintenance initiatives to sustained 
operational outcomes (Antosz et al., 2022). A second direction has involved mediation and moderation 
testing to evaluate whether workforce readiness influences downtime reduction indirectly via 
integration or predictive maintenance utilization, and whether management support moderates the 
effectiveness of predictive capability. TOE-oriented research has supported the plausibility of such 
mediated and conditional structures, because organizational enablers have shaped implementation 
effectiveness rather than acting as isolated direct drivers (Aboelmaged, 2014). A third direction has 
involved stratified analyses across automation intensity and maintenance maturity stages, because 
Industry 4.0 work has suggested that adoption barriers, data readiness, and integration feasibility vary 
markedly across contexts, which may alter the relative importance of predictors (Lu, 2017). A fourth 
direction has involved more explicit security and resilience constructs—such as data integrity 
assurance, access control maturity, incident response readiness for OT analytics pipelines, and model 
governance—to test how CISO-led controls influence trust and actionability of predictive outputs. 
Cyber-physical production architecture literature has emphasized that connectivity and integration 
create dependencies that security must manage, and empirical inclusion of such constructs could better 
explain why some plants operationalize predictive maintenance more effectively than others (Lee et al., 
2015). Finally, future work has benefited from mixed-method triangulation, combining surveys with 
process mining and log-based causal reasoning to validate downtime-reduction pathways and 
distinguish micro-stoppages, major breakdowns, and scheduled interruptions as separate dependent 
outcomes. By aligning these future directions with established evidence syntheses and socio-technical 
frameworks, subsequent research can extend the current study’s capability-based insights into more 
causally informative and operationally validated models of ML-driven downtime reduction (Achouch 
et al., 2022). 
CONCLUSION 
This study has concluded that machine learning–based industrial engineering approaches have been 
strongly and meaningfully associated with reduced system downtime in U.S. manufacturing plants 
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when those approaches have been implemented as integrated operational capabilities rather than 
isolated analytical tools. Using a quantitative, cross-sectional, case-study–based design and Likert’s 
five-point scale measurement, the research has met its objectives by first establishing a clear descriptive 
profile of adoption maturity and then statistically demonstrating how specific capability factors have 
related to downtime reduction outcomes. The results have shown that adoption has been moderate-to-
high across the surveyed contexts, with predictive maintenance capability, monitoring/anomaly 
detection capability, and management support scoring above the mid-point of the scale, while data 
quality and workforce readiness have remained moderate, indicating that many plants have been 
operating within a transitional stage where analytics practices have been present but not uniformly 
mature across foundational dimensions. Reliability testing has confirmed that the measurement model 
has been internally consistent, supporting the use of composite construct scores for inferential analysis. 
Correlation analysis has indicated that all hypothesized predictors have been positively associated with 
downtime reduction, and multiple regression modeling has further clarified which factors have 
uniquely explained downtime improvement when predictors have been considered simultaneously. In 
the multivariate model, predictive maintenance capability and integration capability have emerged as 
the strongest predictors of downtime reduction, showing that the most substantial performance gains 
have been linked to the ability to forecast failures and to embed those forecasts into 
CMMS/SCADA/ERP-enabled workflows that have enabled timely work-order execution, scheduling 
coordination, and resource preparation. Monitoring/anomaly detection and management support 
have also contributed significant positive effects, highlighting the importance of continuous visibility 
and organizational commitment for converting analytic insights into operational action, while data 
quality has contributed a smaller but still significant effect, confirming that dependable data 
foundations have supported consistent model outputs and credible decisions. Workforce readiness has 
not shown a significant unique effect in the regression model, suggesting that training and skill 
conditions have likely operated through integration, governance, and execution routines rather than 
functioning as an independent direct predictor once core pipeline capabilities have been established. 
Overall, the research has demonstrated that downtime reduction has been best explained by an end-
to-end pipeline logic in which data and monitoring have enabled prediction, prediction has been 
converted into maintenance decisions through integration, and organizational support has sustained 
execution discipline. By quantifying adoption levels, verifying measurement reliability, and identifying 
the most influential predictors of downtime reduction through correlation and regression, the study 
has provided a coherent, evidence-based understanding of how ML-driven industrial engineering 
practices have been linked to improved operational continuity within the studied manufacturing 
context. 
RECOMMENDATIONS 
The recommendations from this study have been structured to strengthen the end-to-end capability 
pathway that has been most strongly associated with downtime reduction, with emphasis on predictive 
maintenance maturity and workflow integration as the highest-impact levers. Manufacturing plants 
have been recommended to formalize a downtime-focused asset criticality portfolio so that machine 
learning efforts have been concentrated on bottleneck assets, high-cost failure modes, and high-
frequency stoppage classes, and to align these priorities with measurable downtime KPIs that have 
been consistently defined across shifts and departments. Because predictive maintenance capability has 
been the strongest predictor, plants have been advised to standardize condition monitoring coverage 
and failure-event labeling for priority assets, to establish clear prediction targets (failure risk windows, 
remaining useful life bands, or anomaly escalation thresholds), and to implement routine model 
governance so that model performance and alert quality have been monitored, recalibrated, and 
updated as operating regimes change. Because integration capability has been the second strongest 
predictor, organizations have been recommended to build closed-loop execution links between 
analytics outputs and CMMS/SCADA/ERP workflows so that alerts have automatically generated 
structured work orders, inspection checklists, or scheduling requests, and so that completed 
maintenance actions and verified failure outcomes have been written back into the data pipeline for 
continuous learning. Plants have been advised to reduce “diagnostic delay” by pairing predictive alerts 
with standardized response playbooks that have specified responsibility, verification steps, safety 
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checks, parts requirements, and escalation rules, thereby ensuring that predictions have led to timely 
action rather than to dashboard-only awareness. Since data quality has remained comparatively lower, 
firms have been recommended to implement downtime data governance routines, including 
standardized stoppage taxonomies, timestamp synchronization across historians and CMMS, periodic 
audits comparing machine-state logs to production counts, and minimum documentation 
requirements for corrective work orders so that models have been trained on consistent, high-integrity 
datasets. Management teams have been recommended to protect resources for sensor maintenance, 
connectivity reliability, and integration engineering, and to formalize cross-functional governance that 
has united maintenance, operations, reliability engineering, and IT/OT stakeholders under shared 
downtime reduction targets and review cadences. Although workforce readiness has not shown a 
unique multivariate effect, plants have been recommended to strengthen skill development because 
effective integration and sustained use of predictive maintenance have depended on competent 
interpretation and disciplined execution; therefore, structured training pathways have been 
recommended for technicians and engineers on interpreting model outputs, validating alerts, and 
documenting outcomes in standardized forms. Finally, plants have been recommended to implement 
phased scaling: starting with one production area and a small set of critical assets, demonstrating 
measurable improvements in downtime minutes and response speed, and then expanding with 
reusable integration components, standardized playbooks, and governed model lifecycle practices that 
have maintained accuracy and trust across the broader plant environment. 
LIMITATIONS 
This study has included several limitations that have bounded the interpretation and generalizability 
of its findings, even though the quantitative design and statistical procedures have produced clear 
evidence of association among constructs. First, the research has been cross-sectional, meaning that all 
variables have been measured at a single point in time, and this structure has limited the ability to 
establish temporal ordering or causal direction between machine learning–based industrial 
engineering capabilities and downtime reduction outcomes. As a result, the statistically significant 
relationships identified through correlation and regression have been interpreted as associations rather 
than proof that improvements in predictive maintenance capability or integration capability have 
directly caused downtime reductions. Second, the study has relied primarily on Likert-scale, 
perception-based measures for both predictor constructs and the dependent outcome of downtime 
reduction, and while reliability testing has indicated strong internal consistency, perception-based 
responses have remained vulnerable to common method bias, respondent optimism, recall error, and 
differences in role-specific visibility into downtime events and maintenance performance. For example, 
operations managers and maintenance engineers may have interpreted “downtime reduction” 
differently depending on whether they have tracked micro-stoppages, major breakdowns, or scheduled 
downtime windows, which may have introduced measurement variance not fully captured by the 
instrument. Third, although the case-study–based framing has improved contextual realism, it has also 
constrained generalizability because results may have reflected the specific operational settings, sector 
characteristics, and digitalization maturity levels present in the included manufacturing contexts, and 
different industries or asset types may exhibit different downtime dynamics and different feasibility 
for predictive analytics implementation. Fourth, the study has modeled machine learning adoption and 
effectiveness through capability constructs rather than by directly comparing algorithm classes, sensor 
modalities, or model architectures, so conclusions have been limited to the capability pathway 
(prediction, monitoring, data readiness, integration, governance) and have not identified whether 
particular technical approaches (e.g., deep learning versus classical models) have yielded superior 
outcomes. Fifth, the statistical model has explained a substantial share of variance in downtime 
reduction, yet omitted variables have remained possible, including maintenance scheduling policies, 
spare-parts availability, supplier reliability, quality system disruptions, staffing stability, and 
production planning volatility, any of which may have influenced downtime outcomes and interacted 
with analytics maturity. Sixth, sampling has been purposive and partially convenience-based due to 
access constraints, and although role diversity has been achieved, the sample may not have perfectly 
represented the full distribution of U.S. manufacturing plants by size, automation level, unionization, 
regulatory exposure, or legacy equipment mix. Finally, while multicollinearity diagnostics have been 
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acceptable, some conceptual overlap among organizational predictors such as workforce readiness, 
management support, and integration capability has likely existed, and this overlap may have reduced 
the ability of regression to isolate unique effects for certain variables, particularly workforce readiness, 
which has been significant at the bivariate level but not in the multivariate model. 
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