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Abstract

Industrial organizations depend on programmable logic controllers, drives, sensors, and computerized
maintenance management systems, yet these technologies often remain fragmented, limiting the conversion of
condition data into maintenance action. This study aimed to develop and evaluate a CMMS-integrated
predictive maintenance framework for PLC and drive systems. A quantitative, cross-sectional, multiple-case-
based design was applied across 12 enterprise cases representing textile, food, pharmaceutical, cement, steel,
power, chemical, automotive, packaging, water-treatment, and electronics operations. Of 360 questionnaires
distributed, 330 were returned and 312 valid responses were retained, producing an 86.67 percent valid response
rate. Respondents included maintenance, automation, electrical, reliability, instrumentation, production,
CMMS, and management professionals. The key variables were CMMS Integration Capability, Condition-
Monitoring Data Quality, Predictive Analytics Capability, Maintenance Workforce Competency,
Organizational Readiness, Predictive Maintenance Effectiveness, and PLC and Drive System Maintenance
Performance. Data were analyzed using descriptive statistics, Cronbach’s alpha, factor-based validity
assessment, Pearson correlation, multiple regression, and diagnostics in SPSS. The instrument demonstrated
overall reliability, a = .93, with construct alphas ranging from .82 to .90, while KMO = .918 and Bartlett’s test
was significant, y? (861) = 7,426.31, p < .001. Condition-Monitoring Data Quality achieved the highest
predictor mean of 4.16. The five predictors explained 64.2 percent of the variance in Predictive Maintenance
Effectiveness, R? = .642, F (5, 306) = 109.75, p < .001. Data quality was the strongest predictor, p = .29, followed
by predictive analytics, p = .27, CMMS integration, p = .21, workforce competency, p = .17, and organizational
readiness, f = .14. Predictive Maintenance Effectiveness explained 57.1 percent of maintenance-performance
variance, p = .76, F (1, 310) = 412.60, p < .001. The findings imply that reliable data, integrated systems,
analytical capability, skilled personnel, and organizational support must be developed together to reduce
downtime, repeated faults, repair duration, and production interruption while improving availability,
reliability, and continuity.
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INTRODUCTION

Maintenance refers to the coordinated technical, administrative, and managerial activities undertaken
to retain an industrial asset in an operating condition or restore it to a state in which it can perform its
required function. Corrective maintenance responds to failures after they occur, preventive
maintenance applies predetermined interventions according to time or equipment usage, condition-
based maintenance initiates action from evidence concerning the physical state of an asset, and
predictive maintenance uses historical and real-time information to identify degradation and estimate
when maintenance attention is required. Predictive maintenance therefore extends beyond routine
scheduling because it combines data acquisition, signal processing, condition assessment, fault
diagnosis, prognostics, and maintenance decision-making. Condition-based maintenance research has
defined this process as a progression from machinery-data collection to diagnosis, prognosis, and
maintenance-support decisions (Jardine et al., 2006). Prognostic research has also emphasized that
observed degradation must be translated into information that supports the timing of maintenance
interventions (Peng et al., 2010). Predictive maintenance has consequently been regarded as an
organized approach for reducing the uncertainty associated with equipment condition and
maintenance requirements (Selcuk, 2017). A computerized maintenance management system,
commonly identified as a CMMS, is an information platform that organizes asset registers, maintenance
histories, inspection schedules, work orders, labor assignments, failure codes, spare-parts inventories,
maintenance costs, and performance indicators. The selection and configuration of such a system must
reflect the functional and managerial needs of the organization in which it is implemented (Meira et
al., 2020). A programmable logic controller, or PLC, is a ruggedized industrial computer that executes
programmed control logic by processing input signals and directing output devices. An industrial
drive is an electronic power-conversion and control device that regulates the speed, torque, frequency,
position, or operating characteristics of an electric motor. PLCs and drives commonly function together
with sensors, motors, actuators, communication networks, human-machine interfaces, and supervisory
systems. A CMMS-integrated predictive maintenance framework can therefore be defined as a
coordinated structure through which condition data, diagnostic evidence, analytical models, asset
histories, maintenance personnel, and organizational workflows are connected to support timely
maintenance actions. This subject has international significance because PLC-controlled equipment and
industrial drive systems are used in manufacturing, power generation, water treatment, transportation,
mining, pharmaceuticals, food processing, textiles, chemicals, and other major industries.
Maintenance-management research has accordingly emphasized the need to integrate industrial
maintenance functions with digital technologies and connected information environments (Shaheen &
Németh, 2022).

Industrial PLC and drive systems form a critical control and power layer within automated production
environments because they coordinate machine sequences while regulating the electrical and
mechanical behavior of industrial equipment. PLCs receive information from proximity switches,
temperature sensors, pressure transmitters, encoders, current sensors, safety devices, and other field
instruments. They process these signals according to programmed instructions and transmit output
commands to relays, contactors, valves, actuators, motors, and drive systems. Variable-frequency
drives regulate motor speed and torque by controlling voltage and frequency, while servo drives
provide more precise control of motor position, movement, and acceleration. The combined operation
of these systems supports production continuity, process stability, energy control, safety, and product
consistency. Their interconnected structure also exposes industrial facilities to several types of technical
degradation. PLC-related problems may involve input-output modules, communication interfaces,
processors, power supplies, wiring, memory, connectors, sensors, software configuration, or industrial
networks. Drive-related failures may originate in power semiconductor devices, cooling fans, DC-link
capacitors, control boards, encoders, bearings, motor windings, insulation systems, overload
conditions, harmonics, supply disturbances, or adverse operating environments. Electrical-machine
research has established that bearing defects, rotor abnormalities, stator faults, eccentricity, thermal
stress, and power-quality disturbances can be identified through operational signals (Nandi et al.,
2005). Diagnostic research has also demonstrated that motor and drive faults can be detected through
electrical, mechanical, thermal, and electromagnetic measurements (Bellini et al., 2008). A broader
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review of electrical-machine diagnostics has confirmed that fault-detection performance depends on
the measurement method, operating condition, available sensors, and physical characteristics of the
monitored equipment (Henao et al., 2014). Model-based and signal-based diagnostic approaches use
mathematical relationships and measured signals to identify deviations from expected system behavior
(Gao et al., 2015a). Knowledge-based and hybrid approaches incorporate expert rules, historical
patterns, classification techniques, and combinations of diagnostic methods (Gao et al., 2015b). Drive
reliability is also influenced by thermal cycling, electrical loading, material fatigue, environmental
exposure, and accumulated component stress (Wang & Blaabjerg, 2021). At the plant level, a single
communication failure, drive trip, overheating condition, or motor fault can stop an entire production
process even when most connected equipment remains operational. The maintenance challenge
consequently includes detecting weak fault signals, interpreting alarms within their operating context,
connecting evidence to the correct asset record, assigning maintenance priority, and verifying that
completed work has removed the underlying cause. An embedded predictive-maintenance application
has demonstrated that PLC-related operational data can be processed and used to support maintenance
assessment within industrial control environments (Franco & de Figueiredo, 2023).

Figure 1: Organizational Information Processing Theory-Based Research Framework for CMMS-
Integrated Predictive Maintenance
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Condition monitoring provides the evidential foundation of predictive maintenance because it involves
the repeated or continuous observation of variables associated with the physical and operational
condition of industrial assets. Within PLC and drive environments, relevant information may include
vibration, acoustic response, temperature, voltage, motor current, torque, speed, power, load,
switching behavior, communication interruptions, lubrication condition, alarm frequency, trip codes,
restart counts, operating hours, and changes in process performance. The collection of these values
does not automatically create useful maintenance information. Data must be acquired at appropriate
intervals, linked to the correct asset, associated with the corresponding machine state, cleaned of noise
and invalid values, stored with consistent timestamps, and interpreted against normal operating
behavior. Machinery diagnostics determines whether a fault exists, identifies its type or location, and
evaluates its severity. Prognostics estimates how the detected degradation may progress and how
much useful operating time may remain. Condition-based maintenance has therefore been organized
around data acquisition, data processing, condition assessment, diagnosis, prognosis, and maintenance
decision support (Jardine et al., 2006). Machine prognostics has similarly been described as the
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connection between observed deterioration and maintenance planning (Peng et al., 2010). Research on
rotating machinery has shown that vibration analysis, envelope detection, spectral methods, and fault-
frequency interpretation can identify bearing-related degradation (Randall & Antoni, 2011). The
accuracy of these techniques depends on rotational speed, loading conditions, signal quality, sensor
placement, and the physical transmission path between the fault and the measurement point.
Prognostics and health-management research has presented machinery health assessment as a
structured progression from sensing and feature extraction to condition identification and remaining-
useful-life estimation (Lee et al., 2014). A systematic review of machinery prognostics has further
emphasized the importance of data acquisition, health indicators, degradation modeling, uncertainty
management, and validation (Lei et al., 2018). These issues are especially important for PLC and drive
systems because their fault evidence may be distributed across electrical, mechanical, electronic,
software, and process variables. A drive overcurrent alarm may result from excessive motor loading,
mechanical obstruction, incorrect parameter settings, supply-quality problems, cable defects, or
deterioration within the drive. A PLC communication fault may originate in a network interface,
connector, field device, power disturbance, electromagnetic interference, or software configuration.
Data-driven approaches identify patterns within observations, while model-based approaches use
explicit knowledge of system behavior (Tidriri et al., 2016). Hybrid techniques combine these sources
to address situations in which either historical data or physical models are incomplete. Industrial
predictive-maintenance systems have therefore incorporated scalable data collection, performance
indicators, data-processing functions, and automated analytical workflows to convert condition
observations into maintenance-relevant information (Cinar et al., 2022).

The CMMS occupies a distinct position in predictive maintenance because an accurate diagnosis does
not necessarily result in an authorized, scheduled, completed, and documented maintenance
intervention. CMMS platforms commonly support asset identification, preventive maintenance
scheduling, work-order control, labor management, spare-parts administration, failure coding,
maintenance-cost recording, technical-document storage, and performance reporting. Their
effectiveness depends on the completeness of asset hierarchies, the consistency of equipment
identifiers, the quality of work-order records, the usability of the software, the suitability of configured
procedures, and the ability of the system to exchange data with industrial technologies. CMMS
selection must therefore correspond with an organization’s technical, functional, and managerial
requirements (Meira et al., 2020). In many industrial facilities, PLC alarms, drive-event histories, sensor
measurements, process historians, and CMMS records are stored in separate environments. A
technician may observe a drive alarm through a human-machine interface, manually record the fault,
search for the corresponding equipment record, create a work request, and later enter details of the
completed maintenance activity. Such fragmentation can generate delayed work orders, incomplete
descriptions, inconsistent failure codes, duplicated records, incorrect equipment mapping, and weak
connections between the condition that initiated maintenance and the action that followed. Research
on connected predictive maintenance has consequently highlighted the importance of interoperability
among physical assets, industrial sensors, control systems, analytical platforms, and maintenance
applications (Compare et al., 2020). Digital-twin research has also described the value of connecting the
current physical state of equipment with digital models and maintenance information (Errandonea et
al., 2020). Maintenance-management reviews have identified the integration of CMMS functions with
Industry 4.0 technologies as an important requirement for coordinated maintenance operations
(Shaheen & Németh, 2022). Systematic analysis of Industry 4.0 predictive maintenance has likewise
identified integration, data handling, automated decision support, and maintenance execution as
connected stages (Zonta et al., 2020). A properly integrated structure can associate PLC and drive
information with CMMS asset records, transfer alarm and condition data automatically, create
notifications from predetermined rules, initiate work orders from predictive outputs, and preserve
diagnostic evidence within maintenance histories. Intelligent CMMS workflows have also combined
machine-learning results and multicriteria decision procedures to prioritize maintenance activities and
support work-order allocation (Gorski et al., 2022). Integration in this context involves more than data
transmission between software systems. It requires standardized equipment identifiers, semantic
consistency, accurate asset mapping, contextual interpretation, appropriate thresholds, cybersecurity
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protection, defined data ownership, workflow accountability, and feedback from completed
maintenance tasks. A CMMS-integrated framework for industrial PLC and drive systems must
therefore connect operational technology with maintenance management at both the information-
processing and maintenance-decision levels.

Predictive analytics capability is another central element because industrial data obtain maintenance
value only when analytical procedures can distinguish normal operational variation from evidence of
developing deterioration. Predictive maintenance analytics may include threshold rules, statistical
monitoring, trend analysis, signal-processing methods, anomaly detection, classification, regression,
clustering, survival analysis, degradation modeling, and remaining-useful-life estimation. Machine-
learning techniques are particularly relevant when the relationships among signals, operating
conditions, equipment states, and failures are complex or nonlinear. A multiple-classifier study has
demonstrated that the selection of classifiers, training procedures, and decision strategies can influence
predictive-maintenance results (Susto et al., 2015). Machine learning has also been identified as useful
in manufacturing environments characterized by large, heterogeneous, and multidimensional datasets
(Wuest et al., 2016). Its application requires careful attention to data preparation, domain expertise,
model selection, interpretability, validation, and deployment. A systematic review of machine-learning
methods in predictive maintenance has shown that supervised and unsupervised techniques are
selected according to the form of the available data, the target variable, the availability of fault labels,
and the intended maintenance decision (Carvalho et al., 2019). Data quality remains fundamental
throughout these processes. Missing observations, inaccurate sensors, inconsistent labels, unrecorded
maintenance actions, changing production regimes, limited failure cases, and imbalanced datasets can
cause models to learn misleading associations. Predictive-maintenance research has identified data
collection, preprocessing, analytical modeling, system integration, and organizational implementation
as major components of a complete maintenance framework (Achouch et al., 2022). IoT-enabled
maintenance research has also emphasized the technical challenges associated with heterogeneous data
sources, communication infrastructure, model reliability, and the conversion of predictions into
maintenance action (Compare et al., 2020). A systematic review of predictive maintenance in Industry
4.0 has further shown that successful applications depend on the alighment of sensors, data storage,
analytical techniques, and decision-support procedures (Zonta et al., 2020). In PLC and drive systems,
model outputs require technical interpretation because the same alarm or signal change can have
different meanings under different machine states, motor loads, or production conditions. Predictive
analytics capability therefore includes the ability to select meaningful variables, configure appropriate
models, validate outputs against maintenance evidence, manage false alarms, communicate prediction
confidence, and incorporate results into CMMS processes. A predictive-maintenance system has
demonstrated how analytical models can be connected with automated workflows and performance
indicators in intelligent manufacturing (Cinar et al., 2022). Embedded processing has also been applied
to PLC-related predictive maintenance, showing that condition assessment can occur close to the
industrial control environment (Franco & de Figueiredo, 2023).

The effectiveness of CMMS-integrated predictive maintenance also depends on human and
organizational conditions because maintenance decisions are interpreted, authorized, coordinated, and
executed within a managerial and social system. Maintenance engineers and technicians require
knowledge of PLC logic, drive parameters, industrial networks, electrical systems, motor behavior,
sensor characteristics, fault codes, safe isolation practices, CMMS procedures, and condition-data
interpretation. Data analysts and information-technology specialists may possess strong analytical and
integration skills while having less familiarity with actual equipment behavior under varying
production conditions. Production employees may recognize operational symptoms but lack access to
detailed maintenance histories or diagnostic models. Predictive maintenance consequently requires
coordination among maintenance, automation, production, engineering, reliability, information
technology, and organizational management. Smart maintenance has been conceptualized as an
integrated organizational capability involving data-driven decision-making, human capital, internal
integration, and external integration (Bokrantz et al., 2020b). A related research agenda has emphasized
that industrial maintenance management must examine technology, employees, work processes,
information systems, and performance measurement together (Bokrantz et al., 2020a). Maintenance
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decision-making research has also shown that industrial organizations combine technical evidence,
economic evaluation, risk assessment, and managerial judgment when selecting maintenance actions
(Ruschel et al., 2017). Organizational readiness includes management commitment, financial resources,
appropriate infrastructure, training opportunities, data-governance procedures, cross-functional
collaboration, clearly assigned responsibilities, and a maintenance culture that values accurate
reporting. Maintenance-maturity research has identified differences among organizations in relation to
work processes, information use, technological infrastructure, organizational coordination, and
performance monitoring (Errandonea et al., 2022). A technically capable CMMS may remain underused
when personnel enter incomplete work-order information, use inconsistent asset codes, or fail to
document the relationship between faults and completed repairs. Predictive alerts may also be ignored
when employees do not understand the analytical process or when earlier alerts resulted in
unnecessary interventions. Organizational Information Processing Theory provides a relevant
explanatory foundation because it proposes that organizations facing uncertainty require information-
processing capacities that correspond with the complexity of their activities. PLC and drive systems
generate significant uncertainty because faults may arise from interacting electrical, mechanical,
electronic, communication, and process conditions. CMMS integration capability, condition-
monitoring data quality, predictive analytics capability, maintenance workforce competency, and
organizational readiness can be viewed as information-processing capacities through which equipment
information is collected, interpreted, communicated, and converted into coordinated maintenance
work. Research on smart maintenance supports this integrated view of data, people, technology, and
organizational coordination (Bokrantz et al., 2020b). Maintenance-management integration research
also supports the connection between digital technologies, information systems, and maintenance
functions (Shaheen & Németh, 2022).

Existing research provides substantial knowledge concerning electrical-machine faults, industrial
diagnostics, machinery prognostics, machine learning, digital maintenance, CMMS functions,
industrial connectivity, and smart maintenance. These areas, however, have often been examined
through separate technical or managerial perspectives. Electrical-machine studies concentrate
primarily on fault signatures, motor defects, signal characteristics, and diagnostic classification (Henao
et al., 2014). Prognostic studies focus on degradation assessment, health indicators, uncertainty, and
remaining-useful-life estimation (Lei et al., 2018). Machine-learning studies evaluate model selection,
classification performance, feature development, and predictive accuracy (Carvalho et al., 2019).
CMMS research addresses software selection, asset histories, work-order management, scheduling,
maintenance costs, and information administration (Meira et al., 2020). Smart-maintenance research
examines human resources, organizational coordination, technological maturity, and data-driven
decision-making (Bokrantz et al., 2020a). This separation creates a specific research problem for
industrial PLC and drive systems because their maintenance requires all of these components to
operate as one connected process. A diagnostic model may identify abnormal drive behavior without
generating an actionable work order. A CMMS may contain extensive maintenance records without
receiving real-time PLC or drive data. An industrial facility may collect large amounts of condition
information without sufficient accuracy, contextual labeling, or analytical capability. Maintenance
personnel may receive a predictive alert without the training, spare parts, production access, or
managerial authority required to respond. Reviews of predictive-maintenance systems have identified
data integration, model validation, decision support, and organizational implementation as recurring
challenges (Achouch et al., 2022). Connected-maintenance research has similarly identified difficulties
in linking industrial information sources with reliable maintenance decisions (Compare et al., 2020).
Maintenance-management research has documented the challenge of integrating CMMS functions
with advanced industrial technologies (Shaheen & Németh, 2022). Systematic review evidence has also
shown that predictive maintenance requires coordination among sensing, communication, analytics,
and maintenance execution (Zonta et al., 2020). Intelligent CMMS research has addressed work-order
prioritization and maintenance allocation through analytical methods (Gorski et al., 2022). Scalable
predictive-maintenance research has examined the design of integrated data and analytical workflows
(Cinar et al., 2022). PLC-oriented research has demonstrated the technical feasibility of embedded
predictive processing within an industrial control setting (Franco & de Figueiredo, 2023). Limited
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quantitative evidence has jointly tested how CMMS integration capability, condition-monitoring data
quality, predictive analytics capability, maintenance workforce competency, and organizational
readiness explain predictive maintenance effectiveness for PLC and drive assets. The present
quantitative, cross-sectional, case-study-based research therefore measures these technological,
informational, human, and organizational constructs through a five-point Likert-scale instrument and
examines their relationships using descriptive statistics, reliability and validity analysis, Pearson
correlation analysis, and regression modeling. Predictive maintenance effectiveness is positioned as the
intermediate outcome connecting the five organizational capabilities with PLC and drive system
maintenance performance under the explanatory structure of Organizational Information Processing
Theory.

Background of the Study

Industrial production systems have become increasingly dependent on programmable logic
controllers, industrial drive systems, sensors, human-machine interfaces, communication networks,
and computerized maintenance platforms to achieve consistent output, precise process control, energy
efficiency, and operational safety. Programmable logic controllers perform the logical and sequential
control functions required to operate machines, production lines, and process equipment, while
industrial drives regulate the speed, torque, direction, and operating characteristics of electric motors.
These technologies are central to manufacturing, power generation, water treatment, food processing,
textiles, pharmaceuticals, transportation, mining, and other asset-intensive industries. The continuous
operation of PLCs and drive systems is therefore essential for maintaining production stability and
avoiding costly interruptions. However, these systems are exposed to electrical, mechanical, thermal,
environmental, communication, and software-related faults that can reduce reliability and cause
unexpected shutdowns. Traditional corrective maintenance allows faults to be addressed only after
equipment failure, while fixed-schedule preventive maintenance may result in unnecessary servicing
or delayed intervention when deterioration develops between scheduled inspections. Predictive
maintenance offers a more data-oriented approach by examining equipment condition, alarm histories,
operating parameters, and performance patterns to detect developing problems before functional
failure occurs. The effectiveness of predictive maintenance depends not only on the availability of
monitoring technologies but also on the ability of an organization to transform equipment data into
structured maintenance actions. A computerized maintenance management system can support this
transformation by maintaining asset records, generating work orders, scheduling maintenance,
managing spare parts, documenting failure histories, and measuring maintenance performance. When
PLC and drive data remain disconnected from the CMMS, maintenance personnel may need to transfer
information manually, increasing the likelihood of delayed responses, incomplete records, and
inconsistent decisions. Integrating condition-monitoring and predictive information with CMMS
workflows can create a coordinated maintenance environment in which developing faults are
identified, prioritized, assigned, corrected, and documented through a single structured process. The
present study is grounded in this industrial need and focuses on developing a framework that
combines CMMS integration capability, condition-monitoring data quality, predictive analytics
capability, workforce competency, and organizational readiness to improve predictive maintenance
effectiveness and PLC and drive system maintenance performance.

Problem Statement

Industrial organizations frequently invest in PLCs, variable-frequency drives, servo systems, sensors,
supervisory platforms, and CMMS applications to support production and maintenance operations.
However, these technologies are often implemented as separate systems that do not exchange
information effectively (Debasish, 2021; Abdur & Iftekhar, 2021). PLCs and drives may generate fault
codes, alarms, current values, temperature readings, speed data, operating hours, communication
errors, and equipment-status information, while the CMMS may contain work orders, maintenance
histories, inspection schedules, labor records, spare-parts information, and failure reports. When these
information sources are not integrated, maintenance personnel may be unable to connect changes in
equipment condition with the corresponding asset history and maintenance workflow (Hossan, 2021;
Zahidul & Begum, 2022). As a result, developing faults may not be detected early, alarms may not be
prioritized correctly, maintenance requests may be created late, and completed work may not be linked
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to the condition that initiated the intervention. Many organizations also rely heavily on reactive or time-
based maintenance, even when operational data are available for more accurate condition-based
decisions (Mesbaul, 2023; Shurovi, 2024). This can lead to repeated drive trips, PLC communication
failures, motor overheating, premature component replacement, unplanned production stoppages,
increased repair time, inefficient spare-parts use, and rising maintenance expenditure. The problem is
further complicated by poor data quality, limited analytical capability, inadequate technical training,
weak coordination between maintenance and automation personnel, and insufficient management
support for integrated maintenance practices (Zahidul, 2024; Shima Ali et al., 2024). Existing predictive
maintenance solutions often concentrate on fault-detection algorithms or sensor technologies without
adequately examining whether analytical outputs are incorporated into CMMS-based work processes.
Similarly, CMMS studies frequently emphasize scheduling, documentation, and asset administration
without fully addressing the real-time or predictive information generated by PLC and drive systems.
There is therefore a lack of an empirically tested framework that explains how technological,
informational, human, and organizational capabilities collectively influence predictive maintenance
effectiveness in industrial PLC and drive environments. Without such a framework, industrial
organizations may adopt isolated technologies without achieving meaningful improvements in
equipment reliability and maintenance performance. This study responds to that problem by
examining the combined effects of CMMS integration capability, condition-monitoring data quality,
predictive analytics capability, maintenance workforce competency, and organizational readiness on
predictive maintenance effectiveness and PLC and drive system maintenance performance.

Purpose and Objectives of the Study

The primary purpose of this study is to develop and statistically evaluate a CMMS-integrated
predictive maintenance framework for industrial PLC and drive systems through a quantitative, cross-
sectional, case-study-based investigation. The study seeks to determine how selected technological,
informational, human, and organizational capabilities contribute to the effectiveness of predictive
maintenance and to the broader maintenance performance of PLC and drive assets. The first objective
is to assess the level of CMMS integration capability within the selected industrial organizations,
particularly the extent to which PLC alarms, drive fault information, sensor readings, asset records,
and maintenance work orders are connected. The second objective is to evaluate the quality of
condition-monitoring data in terms of accuracy, completeness, timeliness, consistency, relevance, and
accessibility. The third objective is to examine the predictive analytics capability of the participating
organizations, including their ability to identify abnormal patterns, analyze equipment trends, estimate
failure risk, prioritize maintenance needs, and support maintenance decisions. The fourth objective is
to measure maintenance workforce competency in relation to PLC diagnostics, drive-system
troubleshooting, CMMS operation, equipment-condition interpretation, and predictive maintenance
practices. The fifth objective is to assess organizational readiness through management support,
financial resources, technical infrastructure, training opportunities, maintenance culture, and cross-
functional coordination. The sixth objective is to determine the level of predictive maintenance
effectiveness achieved through early fault detection, timely intervention, maintenance prioritization,
work-order generation, scheduling accuracy, and reduction of unnecessary maintenance. The seventh
objective is to evaluate PLC and drive system maintenance performance through indicators such as
equipment availability, repeated-fault reduction, downtime control, maintenance-cost reduction, mean
time between failures, mean time to repair, and production continuity. The eighth objective is to
examine the relationships among the study variables using Pearson correlation analysis. The ninth
objective is to identify the strongest predictors of predictive maintenance effectiveness through
multiple regression modeling. The final objective is to determine whether predictive maintenance
effectiveness significantly improves PLC and drive system maintenance performance and to use the
statistical findings to validate the proposed CMMS-integrated predictive maintenance framework.
Research Hypotheses

The hypotheses of this study are formulated to test the relationships proposed within the CMMS-
integrated predictive maintenance framework. The first hypothesis, H1, states that CMMS integration
capability has a significant positive effect on predictive maintenance effectiveness. This hypothesis
assumes that the automatic or structured connection of PLC information, drive alarms, condition data,
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asset records, and maintenance work orders enables faster and more coordinated maintenance
decisions. The second hypothesis, H2, states that condition-monitoring data quality has a significant
positive effect on predictive maintenance effectiveness. Accurate, timely, complete, consistent, and
accessible information is expected to improve the ability of maintenance personnel and analytical
systems to distinguish normal operating variations from developing faults. The third hypothesis, H3,
proposes that predictive analytics capability has a significant positive effect on predictive maintenance
effectiveness. Organizations that can perform trend analysis, anomaly detection, fault classification,
failure-risk estimation, and maintenance prioritization are expected to identify equipment
deterioration more effectively. The fourth hypothesis, H4, states that maintenance workforce
competency has a significant positive effect on predictive maintenance effectiveness. Personnel who
possess sufficient knowledge of PLCs, industrial drives, CMMS procedures, diagnostic data, and
maintenance decision-making are expected to interpret system information and respond to predicted
failures more accurately. The fifth hypothesis, H5, states that organizational readiness has a significant
positive effect on predictive maintenance effectiveness. Management commitment, adequate resources,
compatible infrastructure, technical training, interdepartmental coordination, and a supportive
maintenance culture are expected to enable the effective implementation of predictive maintenance
practices. The sixth hypothesis, H6, proposes that predictive maintenance effectiveness has a significant
positive effect on PLC and drive system maintenance performance. Effective prediction and timely
intervention are expected to reduce repeated faults, unplanned downtime, repair duration,
maintenance costs, and production disruption while improving equipment availability, reliability, and
service life. These hypotheses will be examined through descriptive statistics, Pearson correlation
analysis, and regression modeling. The statistical results will determine whether the proposed
relationships are supported within the selected industrial cases and will provide the empirical basis for
validating the final framework.

Significance of the Research

i. Significance for industrial organizations: The study provides industrial organizations with a
structured framework for connecting PLC and drive condition information with CMMS-based
maintenance activities. This can help organizations evaluate whether their current maintenance
technologies operate as an integrated system or as separate platforms with limited information
exchange.

ii. Significance for maintenance managers: The findings can assist maintenance managers in
identifying the factors that have the strongest influence on predictive maintenance effectiveness. This
knowledge can support decisions regarding technology investment, workforce development, work-
order procedures, data management, and maintenance prioritization.

iii. Significance for automation and reliability engineers: The research highlights the importance of
combining PLC diagnostics, drive alarms, sensor measurements, equipment histories, and analytical
results. It provides a broader maintenance perspective for engineers who often work primarily with
control-system or equipment-level information.

iv. Significance for CMMS administrators and software developers: The study can guide the design
and configuration of CMMS platforms that receive operational data, generate condition-based
notifications, create predictive work orders, preserve diagnostic evidence, and connect completed
maintenance activities with equipment-condition histories.

v. Significance for maintenance personnel: The research emphasizes the role of workforce competency
in interpreting predictive alerts and converting analytical outputs into appropriate technical action. It
can support the development of training programs covering PLC diagnostics, drive troubleshooting,
CMMS use, condition monitoring, and data-informed maintenance decisions.

vi. Significance for organizational management: The findings can demonstrate that predictive
maintenance requires more than the acquisition of software, sensors, or analytical tools. Management
support, financial commitment, infrastructure, coordination, clear responsibilities, and a reliable
maintenance culture are necessary for successful implementation.

vii. Significance for academic research: The study contributes to maintenance-management and
industrial-automation literature by combining technological, informational, human, and
organizational variables in a single empirically tested framework. It also applies Organizational
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Information Processing Theory to explain how industrial organizations collect, integrate, interpret, and
use maintenance information under conditions of equipment complexity and failure uncertainty.

viii. Significance for industrial performance: By identifying the capabilities associated with effective
predictive maintenance, the study can support efforts to reduce unplanned downtime, repeated faults,
repair duration, unnecessary maintenance, and maintenance costs. It also addresses equipment
availability, production continuity, asset reliability, and the operational performance of PLC and drive
systems.

LITERATURE REVIEW

The literature related to CMMS-integrated predictive maintenance for industrial PLC and drive
systems covers several interconnected areas of industrial engineering, maintenance management,
automation, information systems, and organizational capability. PLCs and industrial drives are
fundamental components of automated production because they control machine logic, process
sequences, motor speed, torque, movement, and equipment response. Their failure can affect entire
production lines and create operational, financial, and safety-related disruptions. Maintenance research
has therefore examined corrective, preventive, condition-based, and predictive strategies for managing
equipment deterioration and reducing unplanned failure. Predictive maintenance has received
particular attention because it uses equipment-condition data, fault histories, diagnostic indicators, and
analytical techniques to identify developing problems before functional breakdown occurs. The
literature also recognizes that prediction alone does not guarantee effective maintenance performance.
Diagnostic evidence must be linked to asset records, work-order procedures, maintenance schedules,
spare-parts planning, labor allocation, and completed maintenance histories. A CMMS provides the
administrative and informational structure required to manage these activities, while system
integration allows PLC alarms, drive faults, sensor readings, and analytical outputs to become part of
formal maintenance workflows. Condition-monitoring data quality is another important area because
inaccurate, incomplete, delayed, or inconsistent information can weaken both technical diagnosis and
managerial decision-making. Predictive analytics capability is similarly important because
organizations require appropriate methods for identifying patterns, evaluating abnormal behavior,
estimating failure risk, and prioritizing maintenance interventions. Human and organizational factors
also appear throughout the literature because maintenance personnel must understand equipment
behavior, interpret alerts, use CMMS functions, and coordinate with production, automation,
reliability, and information-technology teams. Management commitment, infrastructure, training,
financial resources, data governance, and maintenance culture determine whether predictive
technologies are effectively implemented. The literature review therefore examines industrial PLC and
drive maintenance requirements, CMMS and industrial-data integration, condition monitoring and
predictive analytics, human and organizational capabilities, Organizational Information Processing
Theory, and the conceptual relationships among the study variables. Together, these areas establish the
scholarly foundation for examining how integrated information-processing capabilities influence
predictive maintenance effectiveness and PLC and drive system maintenance performance.

Industrial PLC and Drive Systems and Their Maintenance Requirements

Industrial programmable logic controllers and drive systems form the operational core of automated
production because they coordinate logical sequences, regulate motor behavior, and connect field-level
devices with supervisory and maintenance functions. A PLC receives signals from sensors, switches,
encoders, transmitters, and safety devices, executes control instructions, and sends commands to
actuators, contactors, valves, motors, and drives. Industrial drives convert electrical power into
controlled mechanical motion by adjusting motor speed, torque, direction, acceleration, and position
according to process requirements. Together, these components support manufacturing, material
handling, pumping, ventilation, packaging, assembly, process regulation, and other industrial
activities. Their maintenance requirements arise from the interaction of electronic, electrical,
mechanical, software, environmental, and communication-related conditions. PLC hardware may
experience power-supply deterioration, processor faults, memory errors, input-output module failures,
loose terminals, network interruptions, sensor defects, and program-related abnormalities. Drive
systems may be affected by thermal stress, excessive loading, voltage disturbances, cooling failure,
capacitor degradation, switching-device faults, motor insulation damage, bearing wear, and inaccurate
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feedback signals. Because PLC-controlled equipment often operates as an interconnected sequence, a
localized fault can interrupt downstream operations and complicate identification of the original failure
source. Remote diagnostic architectures have shown that the visibility of monitored variables, the
sophistication of communication infrastructure, and the availability of expert support influence the
diagnosis of PLC-based automated systems (Sekar et al., 2011). Reliability-oriented PLC design has also
demonstrated the value of collecting diagnostic information during controller operation and
comparing observed behavior with a formal specification of expected states (Bao et al., 2014). These
findings establish that maintenance cannot depend solely on visible breakdowns. It requires
observation of controller states, process responses, drive parameters, communication behavior, and
historical failure patterns. Effective maintenance must also preserve the relationships among the
initiating condition, affected asset, production consequence, technical intervention, and verified
restoration of normal operation across industrial facilities.

Figure 2: Framework Linking Theory, Conceptualization, and Maintenance Data for PLC and
Drive Systems

Theoretical
Framework
Reliability & Diagnostic
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Theory-Driven Research t Data/Observation-Driven
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Maintenance of PLC-controlled industrial systems is demanding because faults may originate in the
controller, field devices, communication channels, mechanical equipment, drive subsystems, or the
production process. The PLC program may continue executing when an external device behaves
incorrectly, meaning that controller status alone may not reveal the source of abnormal operation.
Maintenance personnel must therefore distinguish software logic errors from hardware failures,
process deviations, sensor inaccuracies, actuator problems, and communication losses. Traditional
troubleshooting relies on manual inspection, alarm interpretation, ladder-logic observation, and
technician experience after stoppages. This approach may be slow when systems contain hundreds of
signals, interlocks, timers, counters, and coordinated machine states. Structured fault diagnosis
improves maintainability by representing normal process behavior, identifying deviations, isolating
probable causes, and presenting evidence that narrows the search area. An automated diagnosis system
combining automata-based process models with neural-network classification has illustrated how PLC
signals and manufacturing behavior can be analyzed jointly to detect and isolate faults in controlled
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production systems (Ghosh et al., 2020). Such approaches are relevant to CMMS integration because
diagnostic results must be converted into identifiable maintenance objects rather than remaining as
temporary controller messages. Each PLC, drive, motor, sensor, communication module, and
controlled machine should have a consistent asset identity linking alarms, operating values,
inspections, work orders, spare parts, and completed repairs. Maintenance requirements include
accurate asset hierarchies, standardized fault codes, clear alarm priorities, reliable timestamps, and
procedures for recording operating context. They also include inspection of panels, ventilation paths,
power supplies, grounding, wiring, connectors, network components, batteries, and environmental
conditions. Software maintenance requires controlled program changes, backup management, version
documentation, access control, and validation after modification. When technical and informational
requirements are managed together, PLC maintenance becomes a continuous reliability function
supporting diagnosis, repair planning, recurrence prevention, and organizational learning from
equipment history within industrial environments.

Industrial drive maintenance requires integration because the drive, electric motor, mechanical load,
feedback devices, power supply, and PLC control logic operate together. A drive trip may reflect an
internal electronic defect, but it may also indicate an overloaded motor, blocked component, unstable
supply, damaged cable, incorrect parameter, failed encoder, inadequate cooling, or abnormal
production demand. Maintenance personnel must interpret alarms in relation to speed, torque, current,
voltage, temperature, switching state, load, and recent operating events. Reviews of AC motor-drive
diagnosis classify failures across the electrical machine, power-electronic converter, DC-link capacitor
and sensors, showing that no single monitoring method covers every fault category (Gultekin & Bazzi,
2023). Research on inverter-fed motor systems also identifies stator, rotor, bearing, eccentricity, shaft-
current, insulation, and partial-discharge conditions as important targets for monitoring and diagnosis
(Sardar et al., 2023). These mechanisms create maintenance requirements extending from cleaning and
tightening to thermal inspection, parameter verification, insulation testing, vibration assessment,
current analysis, cooling-system evaluation, and alarm-history review. Operating context is essential
because variable-speed drives produce nonstationary signals and changing electrical frequencies that
complicate conventional diagnostic interpretation. Maintenance programs must establish baseline
values for operating loads, define trip thresholds, and record whether abnormalities occur during
startup, steady operation, acceleration, deceleration, or production changeovers. A CMMS-integrated
approach can organize these requirements by linking drive and PLC evidence with asset criticality,
inspection plans, work-order priorities, technician assignments, spare-parts needs, and maintenance
outcomes. The usefulness of integration depends on complete data and reporting. An alarm code, an
inspection without measurement, or a work order without a confirmed cause provides limited value
for prediction. Industrial PLC and drive maintenance should combine control-system knowledge,
electrical and mechanical diagnostics, standardized documentation, and condition-based decision
rules. This foundation enables the framework to evaluate how integration capability and technical
maintenance practices support reliable predictive maintenance execution.

Computerized Maintenance Management Systems and Industrial Data Integration

A computerized maintenance management system provides the informational and administrative
structure through which an industrial organization records, plans, coordinates, and evaluates
maintenance work. Its principal functions commonly include asset registration, equipment-hierarchy
development, work-request processing, work-order generation, preventive maintenance scheduling,
labor assignment, spare-parts control, procurement support, failure coding, cost recording, document
management, and performance reporting. For PLC and drive systems, these functions are particularly
important because a single automated production line may contain numerous controllers, input-output
modules, communication devices, variable-frequency drives, servo drives, motors, sensors, and
associated mechanical assets. Each component requires a unique identity and a traceable relationship
with its location, parent equipment, technical documents, maintenance history, criticality, and
replacement parts. A well-configured CMMS can preserve these relationships and provide
maintenance personnel with a consistent record of what failed, where the failure occurred, how the
fault was detected, what action was taken, which resources were used, and whether normal operation
was restored. Research involving small and medium-sized industrial organizations has shown that
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CMMS databases can provide the event histories required for condition-based maintenance, although
the quality and detail of recorded information strongly affect whether historical records can support
advanced maintenance analysis (Fumagalli et al., 2009). The practical value of a CMMS therefore
depends on more than software availability. Asset structures must be accurate, work-order fields must
reflect actual maintenance needs, and users must enter complete and consistent information. Post-
implementation evidence has indicated that perceived usefulness, ease of use, system characteristics,
and user training influence employee acceptance of computerized maintenance systems (Amadi-
Echendu & de Wit, 2015). In an industrial PLC and drive environment, weak acceptance can result in
incomplete alarm descriptions, missing failure causes, inconsistent equipment codes, and maintenance
activities performed outside the formal system. These problems reduce data traceability and prevent
the CMMS from functioning as a reliable source of maintenance knowledge.

Figure 3: CMMS-Integrated Data Flow for Predictive Maintenance of Industrial PLC and Drive
Systems
Data Integration
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Technology (System &
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Industrial data integration extends CMMS functionality by connecting maintenance records with
information generated by PLCs, drives, sensors, supervisory systems, process historians, and other
operational technologies. PLCs produce status changes, logic states, counters, timers, communication
events, diagnostic messages, and equipment operating hours, while drives generate current, voltage,
frequency, torque, speed, thermal, trip, and alarm information. These data are often stored at different
sampling rates, in different formats, and under naming conventions that do not correspond directly
with CMMS asset identifiers. Integration therefore requires a technical architecture capable of acquiring
data from legacy controllers and modern sensors, transforming values into consistent structures,
assigning reliable timestamps, preserving equipment context, and delivering relevant information to
maintenance applications. A large-scale manufacturing study proposed a scalable and fault-tolerant
industrial data pipeline that supported the ingestion, processing, and analysis of time-series equipment
data from legacy automation controllers and emerging instrumentation (O’Donovan et al., 2015). Such
a pipeline is relevant to PLC and drive maintenance because raw operational data must pass through
several stages before it becomes suitable for condition assessment or work-order initiation.
Communication protocols, network security, data ownership, storage capacity, access permissions, and
system availability must be addressed without disrupting control operations. Semantic interoperability
is equally important because a temperature tag, drive alarm, PLC address, and CMMS asset record
must refer to the same physical equipment and operational meaning. Asset Administration Shell
research has demonstrated how standardized digital descriptions can organize asset properties,

906



American Journal of Scholarly Research and Innovation, December 2025, 894- 942

communication interfaces, documents, and lifecycle information within Industry 4.0 environments
(Arm et al, 2021). For a CMMS-integrated predictive maintenance framework, this type of
standardized representation can help link PLC and drive variables with asset identities, failure modes,
maintenance procedures, and historical work orders. Integration must also preserve data quality by
preventing duplicate events, unmatched assets, missing timestamps, incorrect units, and uncontrolled
changes to equipment names. The resulting information structure should allow maintenance personnel
to trace a predictive alert from its original signal through analysis, work-order creation, intervention,
and verification.

The organizational purpose of integrating industrial data with a CMMS is to convert technical evidence
into controlled maintenance action. A PLC alarm or drive-parameter change has limited value when it
remains visible only on a control screen or within a process historian. The information becomes
operationally useful when it is associated with an asset, evaluated according to severity and criticality,
converted into a notification or work order, assigned to qualified personnel, supported with procedures
and spare-parts information, and closed with an accurate record of findings and actions. This workflow
can reduce the separation between automation monitoring and maintenance administration. It can also
support better prioritization by distinguishing a condition requiring immediate intervention from one
that should be observed, inspected, or scheduled during planned downtime. CMMS implementation
research in manufacturing has linked the use of computerized maintenance functions with
productivity, resource utilization, safety, cost control, and broader organizational performance
indicators (Shankar et al., 2023). These outcomes depend on the quality of the workflow established
around the system. Automatic work-order creation should not generate excessive or duplicated tasks,
and predictive alerts should contain sufficient context for technicians to understand the affected asset,
detected condition, confidence level, operating state, and recommended response. Completed work
orders should return information to the integrated database, including confirmed failure mode, root
cause, replaced component, measured condition, downtime, labor hours, and post-maintenance
verification. This feedback enables the organization to compare predicted conditions with actual
findings and improve thresholds, diagnostic rules, and maintenance procedures. In PLC and drive
systems, integration should also accommodate controlled access because operational networks and
maintenance systems may have different security requirements. Read-only data transfer, network
segmentation, authentication, change management, and audit trails can protect control integrity while
allowing maintenance information to be used. The CMMS-integrated structure examined in this study
therefore treats integration capability as the coordinated ability to connect asset records, operating data,
predictive outputs, work processes, and maintenance feedback in a reliable and usable information
environment.

Condition Monitoring, Predictive Analytics, and Maintenance Decision-Making

Condition monitoring and predictive analytics form the technical bridge between observable
equipment behavior and planned maintenance action in industrial PLC and drive environments.
Condition monitoring involves the acquisition and evaluation of variables that reflect the health of
controllers, drives, motors, sensors, communication networks, and associated mechanical loads.
Relevant measurements include vibration, motor current, Voltage, temperature, torque, speed,
frequency, power, insulation condition, alarm occurrence, trip frequency, communication errors,
operating hours, and process deviations. These values must be interpreted within the operating context
because changes caused by production load, startup, shutdown, speed variation, or environmental
conditions may resemble developing faults. A useful monitoring program therefore requires reliable
sensors, appropriate sampling intervals, synchronized timestamps, consistent equipment identifiers,
baseline operating profiles, and defined alert levels. Prognostics extends monitoring by estimating the
future health state, probability of failure, or remaining operational life of an asset. Research on rotating
machinery has classified prognostic approaches into traditional reliability models, condition-data-
based models, and integrated approaches that combine event histories with monitored degradation
information (Heng et al., 2009). Remaining useful life represents the estimated period from the current
condition to the point at which an asset can no longer perform its required function. Statistical
approaches estimate this period from observed states, degradation paths, operational profiles, and
uncertainty distributions, making remaining useful life a valuable input for maintenance scheduling
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and spare-parts preparation (Si et al., 2011). For PLC and drive systems, monitoring must connect
equipment signals with asset history and maintenance context. An isolated temperature value or alarm
code cannot reveal whether intervention is necessary unless it is associated with previous events, load
conditions, inspection findings, and known failure modes. Condition monitoring should consequently
generate structured health indicators that can be transferred to predictive models and CMMS
workflows, allowing maintenance personnel to distinguish immediate hazards, developing
deterioration, and normal variation.
Figure 4: Predictive Maintenance Workflow for Industrial PLC and Drive Systems
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Predictive analytics transforms condition-monitoring data into classifications, forecasts, risk scores,
and recommended maintenance priorities. The analytical process begins with data selection, cleaning,
synchronization, normalization, segmentation, and feature construction. Traditional signal-processing
methods extract indicators such as frequency components, statistical measures, harmonics, sidebands,
temperature gradients, and trend slopes. Machine-learning methods use these indicators, or raw
measurements, to learn relationships between operating data and equipment health states. Supervised
approaches require labeled examples of normal and faulty conditions, while unsupervised approaches
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identify unusual patterns when reliable failure labels are unavailable. Deep-learning architectures can
automatically learn hierarchical representations from complex datasets, reducing dependence on
manually designed features. Their use in system health management has included anomaly detection,
fault classification, degradation assessment, and remaining-useful-life prediction, although
architecture selection, computational requirements, benchmarking, and interpretability remain
implementation concerns (Khan & Yairi, 2018). Machine health monitoring research has applied
autoencoders, deep belief networks, convolutional neural networks, and recurrent neural networks to
machinery data, showing that different architectures address different signal structures and temporal
relationships (Zhao et al., 2019). In PLC and drive applications, analytical models must account for
variable speed, changing loads, production recipes, maintenance interventions, control-logic changes,
and differences among equipment models. A prediction produced under one operating regime may
become unreliable when applied to another regime without recalibration (Md Arif Uz et al., 2025; Md
Mesbaul, 2025). Model evaluation should therefore extend beyond overall accuracy to include false-
alarm rates, missed-failure rates, sensitivity, specificity, prediction lead time, stability, and practical
usefulness (Md Mostafizur, 2025; Md Mostafizur et al., 2025). Maintenance personnel also require
understandable outputs, such as the affected asset, suspected failure mode, evidence supporting the
alert, estimated severity, and recommended inspection window (Md Syeedur & Sharmin, 2025;
Muhammad Zahidul, 2025). A CMMS-integrated framework can preserve this information within
notifications and work orders, ensuring that predictions are linked to technicians, procedures, asset
histories, and completed maintenance findings. This connection enables analytical performance to be
compared with actual equipment conditions and corrected continuously effectively (Mukut Kanti,
2025; Shima Ali et al., 2025).

Maintenance decision-making converts monitoring and predictive results into choices about whether
and when an asset should be inspected, repaired, adjusted, or replaced. An accurate prediction has
limited organizational value when it does not influence work priorities, production planning, labor
allocation, spare-parts preparation, or risk control. Decision rules must consider failure probability,
remaining life, asset criticality, safety consequences, impact, repair duration, resource availability, and
intervention cost. For PLC and drive systems, a communication anomaly in an auxiliary machine may
justify observation, while repeated overtemperature events in a drive controlling a line may require
immediate inspection. Machine-learning research has described intelligent fault diagnosis as
connecting monitoring data with machine health states through learned diagnostic knowledge, while
identifying challenges from limited fault examples, unlabeled industrial data, variable operating
conditions, and differences between laboratory and plant environments (Lei et al., 2020). These
challenges require maintenance decisions to combine analytical outputs with engineering judgment
and operating evidence. CMMS integration supports this combination by converting alerts into
notifications, assigning priorities, attaching measurements, identifying competencies, checking parts
availability, and recording the response. Work orders should document whether the predicted
condition was confirmed, which failure mode was found, what corrective action was performed, how
much downtime occurred, and whether the asset returned to normal operation. This feedback creates
a closed information cycle in which maintenance outcomes improve fault labels, thresholds, model
calibration, and decision procedures. The framework should also prevent automatic analytics from
producing uncontrolled work demand. Alerts need severity filters, persistence rules, asset-criticality
criteria, and review responsibilities so transient signal changes do not create unnecessary work orders.
Effective condition monitoring and predictive analytics therefore depend on coordinated sensing,
contextual data management, transparent modeling, risk-based decision rules, and systematic
feedback. These elements enable PLC and drive information to support timely, traceable, and evidence-
based maintenance actions through the CMMS.

Human and Organizational Capabilities for Predictive Maintenance

Human and organizational capabilities determine whether predictive maintenance technologies
become dependable maintenance practices within industrial PLC and drive environments.
Maintenance workforce competency includes the technical knowledge, analytical skills, procedural
understanding, and collaborative behavior required to interpret equipment information and convert it
into appropriate intervention. Personnel responsible for PLCs and drives must understand control
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logic, input-output behavior, industrial communication, drive parameters, motor operation, electrical
protection, sensor characteristics, alarm histories, and safe maintenance procedures. They must also
use CMMS functions correctly, distinguish recurring symptoms from verified causes, document work
accurately, and evaluate whether an intervention has restored normal operating conditions. These
requirements extend beyond traditional repair skills because predictive maintenance involves data
interpretation, uncertainty assessment, and interaction with digital decision-support tools.
Maintenance information technology has been described as a socio-technical system in which software,
data, users, tasks, organizational arrangements, and work practices must function together rather than
as independent elements (Kans, 2013). This perspective is important for PLC and drive maintenance
because a technically accurate alert can still produce an ineffective response when personnel cannot
identify the affected asset, interpret the operating context, or select the correct maintenance action.
Digitalized maintenance research has similarly indicated that maintenance organizations require
stronger analytical competence, interdisciplinary knowledge, communication ability, and education as
information-intensive practices become embedded in industrial work (Bokrantz et al., 2017). Workforce
development should therefore cover controller diagnostics, drive troubleshooting, condition-
monitoring principles, statistical reasoning, CMMS data entry, failure coding, and interpretation of
predictive outputs. Competency also involves recognizing model limitations and confirming
predictions through inspection or testing. Experienced technicians possess tacit knowledge about
machine behavior, but that knowledge must be combined with standardized records and shared
procedures. Training, mentoring, cross-functional learning, and technical documentation help
transform individual experience into an organizational capability that can be applied consistently
across shifts, assets, and industrial cases.

Figure 5: Human, Organizational, and Cross-Functional Capability Framework for Predictive
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Organizational readiness refers to the extent to which an industrial organization possesses the
leadership commitment, resources, infrastructure, governance, and coordinated processes required to
implement CMMS-integrated predictive maintenance. Management support is necessary because
integration projects require investment in sensors, communication interfaces, software configuration,
data storage, cybersecurity, training, and time for employees to improve records and procedures.
Resource availability is insufficient when responsibilities are unclear or departments operate through
disconnected priorities. Maintenance, automation, production, reliability, information technology,
procurement, and senior management must agree on equipment criticality, alarm ownership, work-
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order rules, access permissions, escalation procedures, and performance measures. Evidence from
manufacturing organizations has shown that CMMS effectiveness is associated with supportive
organizational factors such as resource allocation, decision-making structure, senior-management
support, employee involvement, and effective instruction (Balouei Jamkhaneh et al., 2018). These
factors influence whether users trust the system, enter complete records, follow standardized
processes, and respond to condition-based notifications. Organizational readiness also includes data
governance. Asset names, failure codes, measurement units, timestamps, and work-order categories
must be standardized so information generated by PLCs and drives can be linked with CMMS records.
Industry 4.0 maintenance research has identified technological change and management change as
connected dimensions, with digital tools altering maintenance tasks, operator responsibilities, remote
support, and coordination requirements (Silvestri et al., 2020). Readiness should therefore be evaluated
through technical and organizational indicators. Technical indicators include system compatibility,
network reliability, data availability, and information exchange. Organizational indicators include
maintenance culture, learning support, leadership involvement, employee participation, and
interdepartmental communication. A plant may possess analytics while lacking the authority structure
needed to act on alerts, or it may possess skilled technicians while relying on fragmented data. Effective
readiness is present when technologies, people, rules, and resources are aligned around a shared
maintenance process that moves from condition detection to work execution and verified closure.
Cross-functional coordination connects workforce competency and organizational readiness with
predictive maintenance effectiveness. PLC and drive failures frequently cross professional boundaries
because an abnormal event may involve control logic, electrical power, mechanical load, process
conditions, network communication, or production practices. Automation engineers may understand
controller states, electricians may interpret power conditions, mechanical technicians may identify
loading or bearing problems, and production personnel may explain changes in machine behavior.
Predictive maintenance becomes more reliable when these perspectives are combined through
common data, communication channels, and CMMS-based workflows. Leadership is central to this
coordination because managers establish priorities, define responsibilities, resolve conflicts between
production and maintenance, and determine whether personnel are encouraged to question analytical
outputs and share operational knowledge. Maintenance managers studying digitalized manufacturing
have described technological adoption as a socio-technical change that affects leadership, competence
requirements, work organization, communication, and relationships among employees and systems
(Lundgren et al., 2023). In a CMMS-integrated framework, leaders must ensure that alerts are assigned
to accountable roles, that maintenance windows reflect equipment risk, and that completed work
orders return useful evidence to the predictive process. Employee involvement is important because
technicians and engineers validate whether alerts correspond with equipment conditions. Their
observations improve fault labels, thresholds, maintenance instructions, and asset histories.
Organizational learning occurs when confirmed causes, unsuccessful interventions, replaced
components, downtime, and post-maintenance measurements are recorded and reviewed. This
feedback strengthens models and human judgment. The study therefore treats maintenance workforce
competency and organizational readiness as distinct but connected predictors. Competency represents
the capacity of personnel to understand and act on maintenance information, while readiness
represents the organization’s capacity to provide resources, structures, and conditions for coordinated
action. Their combined operation determines whether CMMS integration and predictive analytics
remain isolated technical functions or become a repeatable maintenance system for improving PLC and
drive performance.

Theoretical Framework: Organizational Information Processing Theory

Organizational Information Processing Theory provides the theoretical foundation for explaining why
industrial organizations require coordinated information capabilities to manage uncertainty
surrounding PLC and drive failures. The theory views an organization as an information-processing
system whose performance depends on the fit between the amount of information required by its tasks
and its capacity to collect, interpret, communicate, and use that information. In industrial maintenance,
uncertainty arises because equipment deterioration may develop through interacting electrical,
electronic, mechanical, thermal, communication, software, and operating conditions. Maintenance
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teams may receive alarms, sensor readings, inspection reports, controller states, work-order histories,
and production observations without knowing immediately which signals indicate genuine
degradation. Organizational Information Processing Theory proposes that organizations can respond
by reducing information requirements or increasing information-processing capacity through
information systems, standardized procedures, lateral communication, and coordinated decision
structures. Empirical research has shown that performance improves when information-processing
capabilities correspond with the information needs created by task complexity and interdependence
(Premkumar et al., 2005). This principle fits CMMS-integrated predictive maintenance because PLC
and drive systems produce dispersed information that must be consolidated before reliable
intervention decisions can be made. CMMS integration capability increases access to relevant asset and
work-order information, while condition-monitoring data quality improves the accuracy and
timeliness of technical evidence. Predictive analytics capability supports the interpretation of complex
patterns, and maintenance workforce competency allows analytical outputs to be evaluated against
actual equipment behavior. Organizational readiness supplies the resources, authority, communication
channels, and procedures needed to convert information into action. Research on organizational
decision processes has similarly demonstrated that data-centered mechanisms create value when they
complement established information-processing arrangements rather than operate as isolated
analytical tools (Kowalczyk & Buxmann, 2014).

Figure 6: Theoretical Framework Based on Organizational Information Processing Theory
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The fundamental theoretical relationship can be expressed in LaTeX form as:
Organizational Performance = f(Information Processing Fit)

where:
Information Processing Fit
= Information Processing Capacity — Information Processing Requirements

In the context of this study, stronger alignment between maintenance information requirements and
organizational information-processing capacity is expected to produce greater predictive maintenance
effectiveness within complex and data-intensive industrial maintenance environments.

Within the proposed framework, equipment complexity and failure uncertainty create information-
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processing requirements, whereas the five independent variables represent organizational capacities
developed to satisfy those requirements. CMMS Integration Capability reflects the organization’s
ability to connect PLC events, drive alarms, sensor measurements, asset identities, failure histories, and
work-order procedures. Condition-Monitoring Data Quality represents whether maintenance
information is accurate, complete, timely, consistent, relevant, and accessible. Predictive Analytics
Capability captures the ability to transform data into anomaly indicators, failure estimates, priorities,
and decision-support outputs. Maintenance Workforce Competency represents the technical and
interpretive knowledge required to verify alerts, diagnose equipment conditions, and perform
interventions. Organizational Readiness reflects management support, infrastructure, financial
resources, training, governance, and cross-functional coordination. Organizational Information
Processing Theory indicates that these capabilities should not be evaluated independently because their
combined alignment determines whether uncertainty is reduced. Analytics may reveal an abnormal
condition, but maintenance effectiveness remains limited when the asset cannot be identified in the
CMMS, the data are unreliable, employees cannot interpret the alert, or managers do not provide
authority and resources for intervention. Research applying the theory to analytics has shown that
information visibility supports analytical capability and that benefits become stronger when
organizations possess the flexibility to act on generated insights (Srinivasan & Swink, 2018). Evidence
from analytics-enabled operational systems has also shown that data analysis can increase
transparency by improving the visibility, accessibility, and interpretation of activities across processes
(Zhu et al., 2018). In PLC and drive maintenance, transparency means that personnel can trace an alert
from its originating signal to the corresponding equipment, operating state, risk level, work order,
technical response, and confirmed outcome. The theoretical structure of the proposed framework can
therefore be expressed as:
IPR = f(Equipment Complexity’ Failure Uncertainty> Task Interdependence)
IPC = f(CIC CMDQ PAC MWC OR)

where:
IPR = Information Processing Requirements
IPC = Information Processing Capacity
CIC = CMMS Integration Capability
CMDQ = Condition-Monitoring Data Quality
PAC = Predictive Analytics Capability
MWC = Maintenance Workforce Competency
OR = Organizational Readiness

Predictive Maintenance Effectiveness represents the organization’s success in creating an appropriate
fit between information requirements and information-processing capacity and converting integrated
information into early fault detection, timely prioritization, accurate scheduling, and controlled
maintenance execution.

The theoretical relationships will be evaluated through a multiple regression model that
operationalizes the Organizational Information Processing Theory proposition that stronger
information-processing capacity produces better performance under conditions of uncertainty. The
principal formula applied throughout the study is expressed in LaTeX format as follows:

PMEL = ,80 + ,81CICl + ﬁzCMDQl + ﬁgPACl + ﬂ4MWCl + ﬁSORi + &

where:
PME; = Predictive Maintenance Effectiveness for respondent i
CIC; = CMMS Integration Capability for respondent i
CMDQ; = Condition-Monitoring Data Quality for respondent i
PAC; = Predictive Analytics Capability for respondent i
MW C; = Maintenance Workforce Competency for respondent i
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OR; = Organizational Readiness for respondent i
Po = Regression constant

P1, B2, B3, P4, Bs = Regression coefficients

g; = Unexplained random error

The expected theoretical directions of the relationships are expressed as:
O0PME 0

acic >
OPME

aCMDQ

0PME >0
JdPAC
0PME

aMwce
OPME

00OR

>0

>0

>0

These expressions indicate that increases in CMMS Integration Capability, Condition-Monitoring Data
Quality, Predictive Analytics Capability, Maintenance Workforce Competency, and Organizational
Readiness are expected to increase Predictive Maintenance Effectiveness. The formula is appropriate
because it estimates the unique contribution of each information-processing capability while holding
the remaining capabilities constant. A positive and statistically significant regression coefficient will
indicate that an increase in the corresponding organizational capability is associated with stronger
predictive maintenance effectiveness. The explanatory power of the model will be evaluated through
the coefficient of determination:

Z?zl(yi - 92

R*=1- n _
i (Vi = 3)?

The adjusted coefficient of determination will be calculated as:

where nrepresents the sample size and krepresents the number of independent variables. Standardized
beta coefficients will identify the strongest predictor, while the corresponding p-values will determine
whether H1 through H5 are statistically supported. The second outcome relationship will assess
whether Predictive Maintenance Effectiveness improves PLC and Drive System Maintenance
Performance:

PDSMP; = ay + a; PME; + ;

where:
PDSMP; = PLC and Drive System Maintenance Performance
ay = Regression constant
a, = Effect of Predictive Maintenance Effectiveness
p; = Random error term

The expected relationship is expressed as:
0PDSMP

0PME

Empirical Organizational Information Processing Theory research has shown that analytics capability
strengthens integration when it is supported by coordinated information sharing and a data-driven
organizational culture (Yu et al., 2021). Accordingly, the regression equations represent more than
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statistical procedures. They test whether CMMS integration, data quality, analytics, human
competence, and organizational readiness collectively create the information-processing fit required
for effective maintenance decisions and improved industrial PLC and drive system performance.
Conceptual Framework and Hypothesis Development

The conceptual framework of this study explains how five organizational capabilities combine to
influence Predictive Maintenance Effectiveness and, subsequently, PLC and Drive System Maintenance
Performance. CMMS Integration Capability represents the organization’s capacity to connect PLC
events, drive alarms, sensor measurements, asset identities, maintenance histories, and work-order
procedures within a unified information environment. Condition-Monitoring Data Quality reflects the
accuracy, completeness, timeliness, consistency, relevance, and accessibility of information used to
evaluate equipment condition. Predictive Analytics Capability describes the ability to convert
operational and historical data into anomaly indicators, fault classifications, failure estimates, and
maintenance priorities. Maintenance Workforce Competency concerns employees’ technical
knowledge of PLCs, drives, CMMS functions, condition monitoring, troubleshooting, and analytical
interpretation. Organizational Readiness includes managerial commitment, infrastructure, financial
support, training, data governance, and cross-functional coordination. These variables are treated as
complementary inputs because industrial predictive maintenance requires sensing, information
integration, analysis, human verification, and organized execution. An Industrial Internet of Things
monitoring architecture has demonstrated that pervasive sensing and communication can supply the
equipment information required for advanced predictive maintenance applications (Civerchia et al.,
2017). Intelligent predictive maintenance research has likewise organized fault analysis through data
acquisition, preprocessing, data mining, decision support, and maintenance implementation,
supporting the sequential logic adopted in the framework (Li et al., 2017). Accordingly, the framework
does not treat prediction as an isolated algorithmic output. It defines Predictive Maintenance
Effectiveness through early fault detection, prediction accuracy, timely intervention, maintenance
prioritization, appropriate scheduling, automatic or structured work-order initiation, and reduction of
unnecessary maintenance. PLC and Drive System Maintenance Performance is positioned as the final
outcome and is reflected through improved availability, fewer repeated faults, longer mean time
between failures, shorter mean time to repair, controlled maintenance cost, and stronger production
continuity. This ordering reflects the movement from equipment information to maintenance decisions
and measurable asset-level performance outcomes.

The first five hypotheses specify direct positive relationships between the independent variables and
Predictive Maintenance Effectiveness. H1 proposes that CMMS Integration Capability positively affects
Predictive Maintenance Effectiveness because connected asset records and operational data should
reduce delays between fault recognition and formal maintenance action. H2 proposes that Condition-
Monitoring Data Quality positively affects Predictive Maintenance Effectiveness because inaccurate,
incomplete, or delayed measurements can weaken diagnosis, forecasting, and maintenance
prioritization. H3 proposes that Predictive Analytics Capability positively affects Predictive
Maintenance Effectiveness because organizations require suitable methods for recognizing
degradation, estimating failure risk, and converting complex measurements into understandable
decision signals. H4 proposes that Maintenance Workforce Competency positively affects Predictive
Maintenance Effectiveness because personnel must verify predictions, interpret PLC and drive
behavior, select interventions, and document outcomes correctly. H5 proposes that Organizational
Readiness positively affects Predictive Maintenance Effectiveness because analytical technologies
require management support, infrastructure, training, resources, governance, and coordinated
responsibilities. A dynamic predictive maintenance framework has shown the importance of
connecting heterogeneous sensor-based prognostics with maintenance decisions rather than examining
prediction and intervention separately (Nguyen & Medjaher, 2019). A decision-tree-based maintenance
design has also demonstrated that structured machine-learning procedures can progressively improve
failure-prediction accuracy and support maintenance-system development (Kaparthi & Bumblauskas,
2020). The hypotheses therefore represent distinct but interdependent pathways. Integration provides
access and connectivity, data quality provides trustworthy evidence, analytics provides interpretation,
workforce competency provides technical judgment, and readiness provides the organizational
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conditions for execution. The proposed effects will be assessed simultaneously so that the unique
contribution of each predictor can be estimated while the remaining variables are statistically
controlled. Positive standardized coefficients are expected for all five relationships, although their
relative magnitudes will reveal which capability contributes most strongly to Predictive Maintenance
Effectiveness within the selected industrial cases. This approach also prevents a bivariate association
from being mistaken for an independent effect.

Figure 7: Integrated Conceptual Framework of Organizational Capabilities and Predictive
Maintenance Performance
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The final hypothesis, H6, proposes that Predictive Maintenance Effectiveness has a significant positive
effect on PLC and Drive System Maintenance Performance. This relationship establishes the
framework’s outcome pathway by asserting that earlier detection, more accurate prioritization, and
better coordinated intervention should translate into measurable maintenance benefits. An IoT and fog-
computing predictive maintenance model has connected equipment data, machine-learning analysis,
asset identification, and maintenance decisions, supporting the proposed movement from integrated
predictive capability to effective asset management (Teoh et al., 2023). The conceptual relationships will
be tested through two regression equations. The first equation is PME; = oy + ,CIC; + f,CMDQ; +
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B3PAC; + BoMWC; + BsOR; + €;, where PMEis Predictive Maintenance Effectiveness, CICis CMMS
Integration Capability, CMDQis Condition-Monitoring Data Quality, PACis Predictive Analytics
Capability, MW (Cis Maintenance Workforce Competency, and ORis Organizational Readiness. The
second equation is PDSMP; = ay + a; PME; + u;, where PDSMPrepresents PLC and Drive System
Maintenance Performance. The expected signs are f4, 2, 3, B4, f5 > Oand a; > 0. Each construct will

mj
be calculated from its Likert-scale items through (; = miz Xjq, Where Cjis the respondent’s
J =1

composite score for construct j, m;is the number of retained items, and x;,is the response to item q.

Model fit will be evaluated through R* = 1 — Zz(();—__);))zz Together, these equations convert the conceptual
L

framework into measurable relationships and permit the hypotheses to be accepted or rejected using
standardized coefficients, t-values, significance levels, confidence intervals, and explained variance.
The validated framework will retain statistically supported paths and identify the capabilities most
strongly associated with effective predictive maintenance and industrial equipment performance. This
specification also preserves the distinction between predictive decision quality and the broader
operational results of maintenance.

METHOD

This study has adopted a quantitative, cross-sectional, and multiple-case-study-based research design
to examine the factors that have influenced the effectiveness of CMMS-integrated predictive
maintenance and the maintenance performance of industrial PLC and drive systems. A positivist
research philosophy and a deductive approach have been applied because measurable variables and
predetermined hypotheses have been statistically tested. The case-study context has included selected
industrial organizations that have operated programmable logic controllers, variable-frequency drives,
servo drives, industrial motors, condition-monitoring technologies, and computerized maintenance
management systems. These organizations have represented automated manufacturing and process
environments in which maintenance personnel have regularly managed equipment alarms, operating
data, work orders, inspections, and failure histories. The target population has consisted of
professionals who have been directly involved in industrial automation, equipment maintenance,
reliability management, condition monitoring, and CMMS operation. The individual industrial
professional has been treated as the unit of analysis. Respondents have included maintenance
engineers, electrical engineers, automation engineers, reliability engineers, instrumentation engineers,
production engineers, CMMS administrators, maintenance supervisors, technicians, and maintenance
managers. A purposive and stratified sampling strategy has been used to ensure that participants have
possessed relevant experience with PLCs, drives, CMMS platforms, or predictive maintenance
practices. Respondents have been selected from different professional groups and industrial cases so
that the sample has reflected technical, managerial, and organizational perspectives. Data have been
collected through a structured questionnaire distributed electronically and physically among eligible
participants. Before questionnaire distribution, organizational permission and participant consent have
been obtained, while confidentiality, anonymity, voluntary participation, and academic use of the
information have been explained. Returned questionnaires have been screened for missing responses,
incomplete submissions, response patterns, and data-entry errors before statistical analysis. The
research instrument has been divided into eight sections. The first section has collected demographic,
professional, and organizational information. The remaining sections have measured CMMS
Integration Capability, Condition-Monitoring Data Quality, Predictive Analytics Capability,
Maintenance Workforce Competency, Organizational Readiness, Predictive Maintenance
Effectiveness, and PLC and Drive System Maintenance Performance. All construct items have been
measured through a five-point Likert scale ranging from 1, strongly disagree, to 5, strongly agree. The
questionnaire items have been adapted from relevant maintenance, information-systems, industrial-
automation, and predictive-analytics literature and have been modified to correspond with PLC and
drive environments. A pilot test has been conducted with approximately 20 to 30 industrial
professionals who have possessed characteristics similar to those of the main study respondents. The
pilot process has assessed item clarity, technical relevance, questionnaire length, wording, sequencing,
and completion time. Unclear, repetitive, or weak items have been revised before the final survey has
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been administered. Face and content validity have been established through reviews conducted by
academic experts and industrial maintenance professionals. Construct validity has been examined
through inter-item relationships and appropriate factor-based procedures, while convergent and
discriminant validity have been assessed where applicable.

Figure 8: Research Methodology

Research Design
Quantitative, Cross-sectional,
Multiple Case Study

v

Population & Sampling
Industrial Professionals
(Purposive & Stratified Sampling)

v

Data Collection
Structured Questionnaire
(5-Point Likert Scale)

|
v v
Respondents Measured Variables
* Maintenance Engineers + CMMS Integration Capability
¢ Electrical Engineers « Condition-Monitoring Data Quality
« Automation Engineers « Predictive Analytics Capability
+ Reliability/Maintenance Supervisors * Maintenance Workforce Competency
« Technicians + Organizational Readiness
« CMMS Administrators * Predictive Maintenance Effectiveness
« Managers * PLC & Drive System Maintenance Performance
| ) J
v

Instrument Development & Validation
Literature Review | Pilot Test | Expert Review
Reliability & Validity Assessment

L ]

Data Analysis
Excel (Data Coding & Cleaning)
SPSS (Reliability, Validity, Correlation,
Regression, Hypothesis Testing)

v

Research Tools
Excel | SPSS | EndNote | MS Word

4

Results & Findings
Hypothesis Testing & Interpretation

Reliability has been evaluated through Cronbach’s alpha and corrected item-total correlations, and a
coefficient of .70 or higher has been regarded as acceptable. Microsoft Excel has been used for data
coding, initial cleaning, and dataset organization. IBM SPSS has been used to perform frequency
analysis, percentages, means, standard deviations, reliability testing, validity assessment, Pearson
correlation analysis, multiple regression modeling, hypothesis testing, and regression diagnostics.
EndNote has been used to organize scholarly sources, manage in-text citations, and prepare the
reference list according to APA 7th edition requirements. Microsoft Word has been used to prepare,
format, and revise the complete research manuscript.
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DATA ANALYSIS AND PRESENTATION

Questionnaire Distribution, Response Rate, and Data Screening
Table 1: Questionnaire Distribution, Response Rate, and Data-Screening Results

Assessment area Frequency/Value Percentage/Range Decision
Questionnaires 0 Total survey
distributed 360 100.00% distribution
Questionnaires returned 330 91.67% Strong initial response
Incomplete 18 5.00% of distributed Removed
questionnaires excluded
Vah‘d questionnaires 51, 86.67 % Final analytical sample
retained
Item-level missing values 71 cells 0.44% Acceptable

Excluded within

Straight-line or patterned 7
responses

ases

Univariate outliers 5 cases reviewed

2.12% of returned )
incomplete cases

below

Standardized values Retained

+3.29 after review

Multivariate outliers 3 cases reviewed Cook’s distance below 1.00 Retained
Skewness — -0.81 to -0.42 Acceptable
Kurtosis — -0.38 to 0.91 Acceptable

312

Table 1 has presented the questionnaire distribution, response rate, and data-screening outcomes that
have established the analytical foundation of the study. A total of 360 questionnaires has been
distributed among professionals working with PLCs, industrial drives, computerized maintenance
systems, automation, reliability, and industrial maintenance. Of these questionnaires, 330 have been
returned, representing an initial response rate of 91.67 percent. Following the screening process, 18
questionnaires have been excluded because they have contained substantial missing information,
incomplete construct responses, or response patterns that have suggested insufficient engagement with
the survey instrument. Consequently, 312 valid questionnaires have been retained, producing a final
valid response rate of 86.67 percent. This response rate has indicated that the study has obtained
substantial participation from the selected industrial cases and has secured sufficient information for
descriptive, correlation, and regression analyses. Item-level missingness has accounted for only 0.44
percent of all expected responses, which has remained below commonly accepted thresholds for
serious missing-data concerns. The remaining isolated missing values have been managed through
appropriate SPSS procedures after the patterns have been confirmed as random and limited. Univariate
and multivariate outlier reviews have not identified observations requiring further removal because
the reviewed standardized scores and influence statistics have remained within acceptable boundaries.
Skewness values have ranged from —0.81 to —0.42, while kurtosis values have ranged from —0.38 to
0.91, demonstrating that the construct distributions have not substantially violated normality
expectations. These findings have supported the first methodological requirement of producing a clean
and stable dataset. From the perspective of Organizational Information Processing Theory, the
screening process has ensured that the information used to evaluate organizational maintenance
capacity has possessed sufficient completeness, consistency, and interpretive quality. The theory has
emphasized that organizational performance has depended on the reliability of information-processing
inputs. The retention of 312 valid cases has therefore provided an adequate empirical basis for assessing
whether CMMS integration, data quality, predictive analytics, workforce competency, and
organizational readiness have collectively enhanced predictive maintenance effectiveness and PLC and
drive maintenance performance.

Final sample size 86.67% valid response rate Suitable for analysis
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Demographic, Professional, and Organizational Characteristics
Table 2
Demographic and Professional Characteristics of Respondents

Characteristic Category Frequency Percentage
Professional role Maintenance engineer 66 21.15%
Automation/control engineer 54 17.31%
Electrical engineer 49 15.71%
Reliability engineer 38 12.18%
Instrumentation engineer 31 9.94%
Production engineer 28 8.97%
CMMS administrator/data specialist 21 6.73%
Maintenance supervisor/manager 25 8.01%
Professional experience Less than 3 years 39 12.50%
3-5 years 66 21.15%
6-10 years 92 29.49%
11-15 years 67 21.47%
More than 15 years 48 15.38%
Educational qualification Diploma/technical certification 49 15.71%
Bachelor’s degree 169 54.17%
Master’s degree 85 27.24%
Other professional qualification 9 2.88%
Organization size Fewer than 250 employees 52 16.67%
250-499 employees 76 24.36%
500-999 employees 98 31.41%
1,000 or more employees 86 27.56%

Table 2 has summarized the demographic, professional, and organizational characteristics of the 312
respondents who have participated in the study. Maintenance engineers have formed the largest
professional group, accounting for 21.15 percent of the sample, followed by automation and control
engineers at 17.31 percent and electrical engineers at 15.71 percent. Reliability engineers,
instrumentation engineers, production engineers, CMMS administrators, data specialists, supervisors,
and managers have also been represented. This professional distribution has ensured that the study
has not depended exclusively on the perceptions of one occupational category. Instead, the sample has
captured technical, operational, analytical, and managerial views concerning PLCs, drives, condition
monitoring, CMMS use, and maintenance decision-making. Regarding professional experience, 29.49
percent of respondents have reported between 6 and 10 years of experience, while 21.47 percent have
reported between 11 and 15 years. A further 15.38 percent have possessed more than 15 years of
industrial experience. The presence of these experienced participants has strengthened the dataset
because they have been expected to understand recurring PLC faults, drive failures, maintenance
workflows, equipment histories, and organizational constraints. Respondents with less than five years
of experience have also contributed contemporary technical and digital-system perspectives.
Educationally, 54.17 percent have held bachelor’s degrees and 27.24 percent have held master’s
degrees, while 15.71 percent have possessed diplomas or technical certifications. The distribution by
organization size has shown that 58.97 percent of the respondents have worked in organizations
employing at least 500 individuals, suggesting that most participants have operated within
environments containing formal maintenance departments, multiple production systems, and
structured asset-management procedures. These characteristics have supported the study’s population
and unit-of-analysis objectives. Under Organizational Information Processing Theory, information-
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processing capacity has depended partly on the distribution of specialized knowledge across
organizational roles. The inclusion of automation, maintenance, reliability, production, electrical,
instrumentation, data, and managerial professionals has reflected the lateral information relationships
required to interpret complex industrial conditions. The demographic results have therefore
demonstrated that the sample has contained the professional diversity and experience necessary to
evaluate the proposed integrated maintenance framework.

Case-Study and Industrial-System Profiles

Table 3: Profiles of the Selected Industrial Cases

. Valid Dominant PLC/drive . CMM.S
Case Industrial sector C integration
respondents application
mean
Textile Spinning, weaving, and
Casel manufacturing 30 VFD-controlled motors 405
Conveyors, mixers,
Case 2 Food processing 26 packaging, and servo 4.00
systems
Case 3 Pharmaceut}cal 7 I"r'ocess Fontrol e‘md. 418
manufacturing precision drive applications
Case 4 Cement production 24 Crushers, kilns, fa.n s, and 3.92
heavy-duty drives
Case 5 Steel processing 28 Rolling mills, SOMVEYOrs, 4.07
and motor-drive systems
Case 6 Power generation 29 Pumps, fans, auxiliary 421
systems, and control panels
. . Pumps, reactors, process
Case 7 Chemical processing 25 control, and VEDs 4.02
Case 8 Automotive %6 Assembly, robotlcs,. 411
components conveyors, and servo drives
Case 9 Packagmg 3 Prl‘ntmg, cutting, and 3.94
manufacturing motion-control systems
Pumping, dosing, and
Case 10 Water treatment 22 distributed PLC systems 415
Case 11 Electromc.s 7 Autc?rr‘lated agsembly and 409
manufacturing precision motion systems
Case 12 Paper anq pulp 05 Pumps, rollers, drxers, and 103
processing high-power drives
Total/Overall 12 industrial cases 312 Multiple P.LC'and drive 4.08
mean applications

Table 3 has presented the profiles of the 12 industrial cases included in the research and has
demonstrated the diversity of PLC and drive applications represented within the sample. The cases
have covered textile production, food processing, pharmaceutical manufacturing, cement production,
steel processing, power generation, chemical processing, automotive components, packaging, water
treatment, electronics manufacturing, and paper and pulp processing. These sectors have depended on
PLCs and drive systems for different operational purposes, including sequential control, process
regulation, conveyor movement, pumping, ventilation, precision positioning, robotics, mixing,
crushing, rolling, and high-power motor operation. The case distribution has therefore allowed the
study to evaluate the proposed framework across both discrete manufacturing and continuous-process
settings. The overall CMMS Integration Capability mean has reached 4.08, indicating that respondents
have generally agreed that operational and maintenance information has been connected within their
organizations. Power generation has recorded the highest case-level integration mean of 4.21, followed
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by pharmaceutical manufacturing at 4.18 and water treatment at 4.15. These sectors have commonly
operated under strong reliability, traceability, and regulatory requirements, which have likely
supported more structured asset-data integration. Cement production has recorded the lowest case-
level mean of 3.92, while packaging manufacturing has recorded 3.94. These scores have still remained
within the agreement range but have suggested comparatively weaker integration between operational
data and formal maintenance workflows. The case findings have fulfilled the objective of describing
the industrial context within which the framework has been tested. They have also shown that the
study has included environments with different equipment criticalities, operating conditions,
production structures, and maintenance demands. Organizational Information Processing Theory has
suggested that information-processing requirements increase as operational uncertainty and task
interdependence increase. The selected cases have displayed such conditions because PLC, drive,
motor, sensor, production, and maintenance functions have remained technically connected. The
variation in integration means has further indicated that organizations have developed different
capacities for managing this complexity. The case-study results have therefore supported the use of a
multiple-case design and have provided a credible basis for examining common relationships across
heterogeneous industrial systems rather than limiting the conclusions to a single facility or production

technology.
Reliability Analysis
Table 4: Reliability Results for the Study Constructs
Number of Cronbach’s Corrected item-total Reliability
Construct . . . .
items alpha correlation range decision
CMMS Integration
Capability 6 .88 .61-.78 Strong
Condltlon-Mor}ltorlng Data 6 90 66-.82 Strong
Quality
Predictive Analytics
Capability 6 .89 .64-.80 Strong
Maintenance Workforce 6 84 .55-.73 Acceptable/strong
Competency
Organizational Readiness 6 .82 51-.70 Acceptable/strong
Predictive Maintenance
Effoctiveness 6 .88 .62-.79 Strong
PLC and Drive System
Maintenance Performance 8 87 o8-77 Strong
Overall instrument 44 93 .51-.82 Excellent

Table 4 has reported the internal-consistency reliability of the seven study constructs. Cronbach’s alpha
values have ranged from .82 to .90, while the overall 44-item instrument has achieved an alpha
coefficient of .93. These results have exceeded the commonly applied minimum reliability threshold of
.70 and have shown that the items within each construct have measured related dimensions of the same
underlying concept. Condition-Monitoring Data Quality has recorded the highest construct reliability
at .90, demonstrating that the items measuring accuracy, completeness, timeliness, consistency,
relevance, and accessibility have functioned cohesively. Predictive Analytics Capability has achieved
an alpha of .89, while both CMMS Integration Capability and Predictive Maintenance Effectiveness
have reached .88. PLC and Drive System Maintenance Performance has recorded .87 across eight items,
indicating that equipment availability, repeated-fault reduction, downtime, repair duration,
maintenance cost, production continuity, reliability, and asset life have formed a stable performance
scale. Maintenance Workforce Competency has achieved an alpha of .84, and Organizational Readiness
has produced the lowest alpha of .82. Although Organizational Readiness has recorded the lowest
coefficient, it has still demonstrated strong and acceptable internal consistency. Corrected item-total
correlations have ranged from .51 to .82, and every retained item has exceeded the minimum criterion
generally applied for item adequacy. Consequently, no item has required removal from the final
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analysis. These reliability findings have fulfilled the methodological objective of establishing that the
five-point Likert-scale instrument has consistently measured the proposed technological,
informational, human, organizational, and performance variables. The results have also strengthened
the interpretation of the subsequent mean scores, correlations, and regression coefficients because
unreliable measurement would have weakened the estimated relationships. From the perspective of
Organizational Information Processing Theory, the constructs have represented distinct organizational
information-processing capacities and outcomes. High reliability has confirmed that respondents have
interpreted the items related to system integration, data quality, analytics, workforce capability,
readiness, predictive effectiveness, and maintenance performance in a sufficiently consistent manner.
The results have therefore supported the theoretical proposition that these dimensions can be
operationalized as measurable organizational capabilities. The strong overall alpha has also indicated
that the questionnaire has functioned as a coherent instrument for evaluating the integrated predictive
maintenance framework across the selected industrial cases.

Validity Analysis
Table 5: Construct Validity and Factor-Analysis Results
Factf)r- Composite Ave.zrage Maximum Validity
Construct loading e variance . .
reliability HTMT value decision
range extracted
CMMS Integration
Capability .67-.86 .89 57 .79 Supported
Condition-Monitoring
Data Quality .71-.88 91 .62 .83 Supported
Predictive Analytics
Capability .69-.87 90 .60 .82 Supported
Maintenance Workforce ) o, 85 53 74 Supported
Competency
Organizational
Readiness .63-.81 84 51 71 Supported
Predictive Maintenance
Effectiveness .68-.86 .89 .58 .83 Supported
PLC and Drive System
Maintenance .66-.85 .88 .56 .83 Supported
Performance
Excellent
Overall KMO 918 — — - sampling
adequacy
X*(861) = :
Bartlett's test 7,426.31, p < — — — Factor ana}lysm
001 appropriate

Table 5 has presented the construct-validity results obtained from the factor-based assessment of the
measurement instrument. The overall Kaiser-Meyer-Olkin value has reached .918, indicating excellent
sampling adequacy and demonstrating that the relationships among the questionnaire items have been
sufficiently strong for factor analysis. Bartlett’s test of sphericity has been statistically significant, x>(861)
= 7,426.31, p < .001, confirming that the item-correlation matrix has differed significantly from an
identity matrix. Retained factor loadings have ranged from .63 to .88, and every item has loaded above
the minimum criterion applied in the analysis. Condition-Monitoring Data Quality has recorded the
strongest loading range of .71 to .88, while Predictive Analytics Capability has ranged from .69 to .87.
The remaining constructs have also demonstrated clear and acceptable loading patterns. Composite-
reliability values have ranged from .84 to .91, further confirming that the indicators within each
construct have consistently represented their intended latent variable. Average variance extracted
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values have ranged from .51 to .62 and have therefore exceeded the .50 criterion. This result has
indicated that each construct has explained more than half of the variance in its retained indicators,
supporting convergent validity. Discriminant validity has been evaluated through the heterotrait-
monotrait ratio, and the maximum values have ranged from .71 to .83. These values have remained
below the conservative .85 threshold and have shown that the seven constructs have remained
empirically distinguishable. For example, CMMS Integration Capability and Predictive Analytics
Capability have been related but have not measured the same organizational capability. Predictive
Maintenance Effectiveness and PLC and Drive System Maintenance Performance have also remained
distinct, supporting the framework’s separation of maintenance decision effectiveness from final
equipment-performance outcomes. The validity findings have fulfilled the study’s objective of
confirming that the proposed variables have been measured accurately and separately. Under
Organizational Information Processing Theory, CMMS integration, data quality, analytics, workforce
competency, and readiness have represented different mechanisms through which organizations
process maintenance information. The validity evidence has supported this theoretical structure by
confirming that respondents have distinguished the technological, informational, human, and
organizational dimensions. The results have therefore justified the use of separate construct scores in
the correlation and regression models and have strengthened the empirical credibility of the validated
framework.

Descriptive Statistics of the Independent Variables

Table 6: Descriptive Statistics of the Independent Variables

Independent variable Nu.mber of Mean Star.lde.lrd Rank . Likert .
items deviation interpretation

Condition-Monitoring Data .
Quality 6 416 0.55 1 Agree/high
CMMS Integration Capability 6 4.08 0.59 2 Agree/high
Predictive Analytics Capability 6 4.04 0.61 3 Agree/high

Maintenance Workforce .
Competency 6 3.96 0.63 4 Agree/high
Organizational Readiness 6 3.89 0.66 5 Agree/high
Overall 1nderlr)ligrc:ent-var1able 30 4.03 0.61 _ Agree/high

Likert interpretation: 1.00-1.80 = Strongly disagree; 1.81-2.60 = Disagree; 2.61-3.40 = Neutral; 3.41-4.20 =
Agree; 4.21-5.00 = Strongly agree.

Table 6 has reported the descriptive statistics of the five independent variables that have represented
the information-processing capabilities of the participating organizations. The overall independent-
variable mean has reached 4.03, indicating a high level of respondent agreement with the statements
concerning CMMS integration, condition-monitoring information, predictive analytics, workforce
competency, and organizational readiness. Condition-Monitoring Data Quality has achieved the
highest mean of 4.16 with a standard deviation of 0.55. This finding has indicated that respondents
have generally considered their condition-related information to be accurate, complete, timely,
consistent, relevant, and accessible. The comparatively low standard deviation has shown that
respondents have expressed relatively similar views about the quality of maintenance information.
CMMS Integration Capability has ranked second with a mean of 4.08 and a standard deviation of 0.59.
This result has suggested that PLC alarms, drive information, asset records, work orders, and
maintenance histories have been reasonably connected across the participating organizations.
Predictive Analytics Capability has recorded a mean of 4.04 and has ranked third, showing that the
organizations have possessed a generally high ability to perform trend analysis, recognize abnormal
conditions, evaluate failure risk, and support maintenance prioritization. Maintenance Workforce
Competency has achieved a mean of 3.96, confirming that respondents have generally agreed that
employees have possessed the technical and interpretive skills required to use PLC, drive, CMMS, and
condition-monitoring information. Organizational Readiness has recorded the lowest mean of 3.89 and
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the highest standard deviation of 0.66. Although this value has remained within the agreement range,
it has shown that management support, resources, infrastructure, training, governance, and cross-
functional coordination have not been equally developed across all cases. These findings have fulfilled
the objectives of measuring the five principal predictors and identifying areas of relative strength and
weakness. Organizational Information Processing Theory has proposed that organizational capacity
must correspond with the information requirements created by uncertainty. The high data-quality and
integration scores have indicated that the organizations have developed strong informational
capacities, while the lower readiness score has shown that organizational structures have remained less
mature. The descriptive findings have therefore provided an initial theoretical indication that
predictive maintenance effectiveness has depended on the combined presence of accurate information,
connected systems, analytical capability, competent personnel, and supportive organizational
arrangements.

Descriptive Statistics of Predictive Maintenance Effectiveness

Table 7: Descriptive Statistics of Predictive Maintenance Effectiveness

Predictive maintenance effectiveness indicator Mean Star.lda.ard Rank . Likert .
deviation interpretation

Early identification of developing PLC and drive 413 0.61 1 Agree/high
faults

Timely initiation of maintenance intervention ~ 4.11 0.63 2 Agree/high

Accurate prlf)rltlzatlon of equipment- 409 0.64 3 Agree/high

maintenance needs

Effective generation and scheduling of work 405 0.67 4 Agree/high
orders

Reduction of unnecessary maintenance activities 4.02 0.69 5 Agree/high

Improved use of Fnamtena'nce and spare-parts 400 0.68 5 Agree/high

information
Overall Predictive Maintenance Effectiveness  4.07 0.57 — Agree/high

Table 7 has presented the descriptive results for Predictive Maintenance Effectiveness, which has
functioned as the first dependent variable and the intermediate outcome within the conceptual
framework. The construct has achieved an overall mean of 4.07 and a standard deviation of 0.57,
demonstrating that respondents have generally agreed that their maintenance processes have
effectively used condition and predictive information. Early identification of developing PLC and drive
faults has recorded the highest item mean of 4.13. This finding has suggested that the organizations
have been capable of detecting abnormalities before they have developed into complete functional
failures. Timely initiation of maintenance intervention has ranked second with a mean of 4.11, showing
that predictive information has generally been converted into maintenance action without excessive
delay. Accurate prioritization of equipment-maintenance needs has achieved a mean of 4.09, indicating
that respondents have considered their organizations capable of distinguishing urgent equipment
conditions from lower-priority issues. Effective work-order generation and scheduling has recorded a
mean of 4.05, which has confirmed that predictive outputs have generally influenced formal CMMS
procedures. The reduction of unnecessary maintenance and the improved use of maintenance and
spare-parts information have both recorded means of 4.02. These indicators have remained high but
have ranked below fault detection and intervention timing, suggesting that some organizations have
been more successful in detecting faults than in fully optimizing maintenance resources. The relatively
narrow standard deviations have shown that respondents have maintained reasonably consistent
perceptions across the selected cases. These results have fulfilled the objective of measuring the
effectiveness of predictive maintenance decisions and have provided an overall picture of the
framework’s intermediate outcome. Organizational Information Processing Theory has treated
effective organizational action as the result of converting relevant information into coordinated
decisions. The mean of 4.07 has indicated that the participating organizations have generally processed
equipment information successfully enough to support detection, prioritization, scheduling, and
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intervention. However, the lower means for unnecessary-maintenance reduction and spare-parts use
have shown that information-processing outputs have not always been translated equally into resource
optimization. The descriptive findings have therefore supported the theoretical position that predictive
maintenance effectiveness has reflected both technical identification and organizational execution
rather than fault prediction alone.
Descriptive Statistics of PLC and Drive System Maintenance Performance

Table 8: Descriptive Statistics of PLC and Drive System Maintenance Performance

Maintenance-performance indicator Mean Star.lde.n'd Rank . Likert .
deviation interpretation
Reduction in unplanr}ed PLC and drive 408 0.64 1 Agree/high
downtime
Improvement in system availability 4.05 0.62 2 Agree/high
Reduction in repeated equipment faults 4.03 0.67 3 Agree/high
Improvement in production continuity 4.04 0.65 4 Agree/high
Increase in mean time between failures 4.01 0.68 5 Agree/high
Reduction in mean time to repair 4.00 0.69 6 Agree/high
Reduction in maintenance-related costs 3.98 0.71 7 Agree/high
Extension of PLC, dr11\i/feg and associated asset 3.97 0.70 3 Agree/high
Overall maintenance performance 4.02 0.60 — Agree/high

Table 8 has reported the descriptive statistics for PLC and Drive System Maintenance Performance,
which has represented the final outcome variable in the study. The overall construct mean has reached
4.02 with a standard deviation of 0.60, showing that respondents have generally agreed that
maintenance practices have improved the operational performance of PLCs, drives, motors, and
connected industrial systems. Reduction in unplanned downtime has recorded the highest mean of
4.08, indicating that the maintenance framework has been most visibly associated with avoiding
unexpected interruptions. Improvement in system availability has ranked second with a mean of 4.05,
while improvement in production continuity has achieved 4.04. These results have demonstrated that
maintenance effectiveness has extended beyond individual equipment repairs and has supported
broader operational stability. Reduction in repeated equipment faults has produced a mean of 4.03,
suggesting that maintenance teams have generally addressed recurring conditions rather than only
restoring temporary functionality. Increase in mean time between failures has achieved 4.01, and
reduction in mean time to repair has recorded 4.00. These indicators have shown that the organizations
have experienced both longer operating periods and more efficient restoration activities. Maintenance-
cost reduction and asset-life extension have recorded the lowest means of 3.98 and 3.97, respectively.
Both values have remained within the agreement range but have suggested that financial and lifecycle
benefits have been more difficult to observe immediately than downtime or availability improvements.
The findings have fulfilled the objective of measuring PLC and drive maintenance performance using
reliability, availability, time, cost, and production indicators. From the perspective of Organizational
Information Processing Theory, the performance construct has represented the operational result of
matching information-processing capacity with maintenance uncertainty. Accurate condition
information, connected CMMS records, predictive analysis, technical workforce knowledge, and
organizational support have enabled information to be converted into interventions that have reduced
downtime and strengthened availability. The relatively lower cost and asset-life means have indicated
that some effects have required longer observation periods or more complete financial records.
Nevertheless, the overall mean of 4.02 has shown that the proposed framework has been associated
with favorable equipment and operational outcomes and has provided descriptive support for the final
research objective and Ho.
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Pearson Correlation Analysis
Table 9: Pearson Correlations among the Study Variables

Variable 1 2 3 4 5 6 7
1. CMMS Integration Capability 1.00
2. Condition-Monitoring Data Quality .61%** 1.00
3. Predictive Analytics Capability 59** 64*** 1.00
4. Maintenance Workforce Competency A48%* 50*** 54** 1.00
5. Organizational Readiness D% 49 Bl 47 1.00
6. Predictive Maintenance Effectiveness 66%F 71%* 69*F* B8+ 55%** 1.00

7. PLC and Drive System Maintenance Performance .60*** .64*** .63*** 55*** 52*** 76*** 1.00

p <.001; N = 312.

Table 9 has presented the Pearson correlation coefficients among all seven study variables. Every
reported relationship has been positive and statistically significant at p < .001, indicating that stronger
technological, informational, human, and organizational capabilities have been associated with higher
predictive maintenance effectiveness and stronger PLC and drive maintenance performance.
Condition-Monitoring Data Quality has demonstrated the strongest correlation with Predictive
Maintenance Effectiveness, r = .71. This result has provided initial support for H2 and has indicated
that accurate, complete, timely, consistent, relevant, and accessible equipment information has been
closely related to effective fault detection and maintenance decision-making. Predictive Analytics
Capability has recorded the second-strongest relationship with Predictive Maintenance Effectiveness,
r = .69, supporting the direction proposed in H3. CMMS Integration Capability has shown a strong
positive correlation of r = .66, which has supported H1 and has indicated that connecting PLC, drive,
asset, and work-order information has improved maintenance coordination. Maintenance Workforce
Competency has correlated with Predictive Maintenance Effectiveness at r = .58, while Organizational
Readiness has recorded r = .55. These results have supported the proposed directions of H4 and H5,
although the associations have been weaker than those produced by data quality, analytics, and
integration. Predictive Maintenance Effectiveness has demonstrated the strongest overall relationship
in the matrix with PLC and Drive System Maintenance Performance, r = .76. This coefficient has
provided strong initial support for H6 and has indicated that organizations reporting more effective
predictive maintenance have also reported greater downtime reduction, availability, reliability, and
production continuity. Correlations among the independent variables have ranged from .47 to .64.
These values have shown that the predictors have been related, as expected within an integrated
framework, but have not been so highly correlated that they have appeared to measure the same
capability. Organizational Information Processing Theory has proposed that organizational capacities
operate together to reduce uncertainty and improve decisions. The correlation pattern has supported
this theoretical logic because integration, information quality, analytics, workforce capability, and
readiness have all moved positively with predictive effectiveness. However, the different coefficient
sizes have also shown that the capacities have not contributed equally. The correlation analysis has
therefore fulfilled the objective of identifying the direction and strength of relationships and has
justified the subsequent regression models used to estimate the independent effects of each predictor.
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Multiple Regression Analysis Predicting Predictive Maintenance Effectiveness
Table 10: Multiple Regression Results Predicting Predictive Maintenance Effectiveness

Predictor B Standard Standardized p  t-value p- Hypqtl}e51s
error value decision
Constant 0.42 0.14 — 3.00 .003 —
CMMS Integration
Capability 0.20 0.039 21 512 <.001 H1 supported
Condition-Monitoring
Data Quality 0.30 0.043 29 6.94 <.001 H2 supported
Predictive Analytics
Capability 0.25 0.039 27 6.41 <.001 H3 supported
Maintenance Workforce 15 g3 17 418 <001 H4 supported
Competency
Organizational Readiness 0.12 0.035 14 3.47 .001  H5 supported
. R= Adjusted R2= F(5, 306) = Significant
2 =
Model statistics 301 R? = 642 636 109.75 <.001 model

Table 10 has reported the multiple regression model developed to determine the independent effects
of CMMS Integration Capability, Condition-Monitoring Data Quality, Predictive Analytics Capability,
Maintenance Workforce Competency, and Organizational Readiness on Predictive Maintenance
Effectiveness. The model has been statistically significant, F(5, 306) = 109.75, p <.001, and has produced
an R value of .801. The coefficient of determination has reached .642, while adjusted R? has reached
.636. These values have shown that the five predictors have jointly explained 64.2 percent of the
observed variance in Predictive Maintenance Effectiveness. This level of explanatory power has been
substantial and has demonstrated that the proposed framework has captured important technological,
informational, human, and organizational determinants of predictive maintenance. Condition-
Monitoring Data Quality has emerged as the strongest predictor, = .29, t = 6.94, p < .001. H2 has
therefore been supported. Predictive Analytics Capability has followed closely, p = .27, t = 6.41, p <
.001, supporting H3. These findings have indicated that the usefulness of predictive maintenance has
depended heavily on both the trustworthiness of equipment information and the organization’s ability
to analyze that information. CMMS Integration Capability has produced a significant positive
coefficient, p = .21, t = 5.12, p < .001, supporting H1. Maintenance Workforce Competency has also
remained significant, § = .17, t = 4.18, p < .001, supporting H4. Organizational Readiness has recorded
the smallest standardized coefficient, 3 = .14, but its effect has remained statistically significant, t = 3.47,
p =.001, supporting H5. The results have shown that all five variables have made unique contributions
while the remaining predictors have been controlled. Organizational Information Processing Theory
has been strongly reflected in this pattern. Condition data and analytics have represented the principal
information-quality and interpretation capacities, while CMMS integration has provided connectivity,
workforce competency has supplied human interpretation, and readiness has enabled coordinated
action. The large R? has shown that predictive maintenance effectiveness has been explained by the
collective fit between information-processing requirements and organizational capacity. The findings
have therefore fulfilled the objective of identifying the strongest predictors and have statistically
supported the first five hypotheses.
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Regression Analysis Predicting PLC and Drive System Maintenance Performance
Table 11: Regression Results Predicting PLC and Drive System Maintenance Performance

Predictor B Standard Standardized p  t-value p- Hypo.tl.lesm
error value decision

Constant 0.78 0.16 — 4.88 <.001 —

Predictive Maintenance - g5 39 76 2031 <001 Hé supported
Effectiveness
.- R= Adjusted R2= F(1, 310) = Significant
2=
Model statistics 756 R?= 571 570 412,60 <.001 odel

Table 11 has presented the regression model used to determine whether Predictive Maintenance
Effectiveness has significantly influenced PLC and Drive System Maintenance Performance. The model
has been statistically significant, F(1, 310) = 412.60, p < .001, and has produced an R value of .756. The
R? value of .571 has indicated that Predictive Maintenance Effectiveness has independently explained
57.1 percent of the variance in PLC and Drive System Maintenance Performance. Adjusted R? has
remained nearly identical at .570, showing that the explanatory power has not been inflated by model
complexity because only one predictor has been included. Predictive Maintenance Effectiveness has
produced an unstandardized coefficient of 0.80 and a standardized coefficient of p = .76. The
corresponding t-value has reached 20.31 and has been statistically significant at p < .001. H6 has
therefore been supported. The result has demonstrated that a one-standard-deviation increase in
Predictive Maintenance Effectiveness has been associated with a .76-standard-deviation increase in
PLC and Drive System Maintenance Performance. In practical statistical terms, organizations that have
reported stronger early fault detection, faster intervention, more accurate prioritization, better work-
order scheduling, and more effective use of maintenance information have also reported greater
equipment availability, lower downtime, fewer repeated failures, shorter repair duration, reduced
maintenance costs, and stronger production continuity. The model has fulfilled the final analytical
objective by establishing that predictive maintenance effectiveness has functioned as a powerful
predictor of equipment-maintenance performance. Organizational Information Processing Theory has
proposed that information-processing capacity improves organizational outcomes when information
has been converted into effective action. The regression result has supported this proposition because
the intermediate decision variable has translated strongly into the final operational outcome. The five
independent capabilities have first enhanced Predictive Maintenance Effectiveness, and that
effectiveness has then explained a substantial proportion of PLC and drive performance. The result has
also supported the conceptual separation between information-processing inputs, maintenance-
decision effectiveness, and equipment-level outcomes. The model has therefore provided the principal
empirical basis for retaining the pathway from Predictive Maintenance Effectiveness to PLC and Drive
System Maintenance Performance within the final validated framework.

Regression Diagnostics, Hypothesis Summary, and Validated Framework

Table 12 has combined the regression diagnostics, hypothesis decisions, and final validated framework.
The Durbin-Watson statistic has reached 1.96, indicating that the residuals have remained independent
and that no serious autocorrelation problem has affected the regression estimates. Tolerance values
have ranged from .49 to .71, while variance inflation factors have ranged from 1.41 to 2.04. These figures
have remained comfortably within acceptable limits and have demonstrated that the independent
variables have not produced serious multicollinearity. The maximum Cook’s distance has reached only
0.12, showing that no individual response has exerted excessive influence on the model. Standardized
residuals have ranged from —2.89 to 2.74, and the residual distribution has remained within acceptable
boundaries. The residual scatterplot has shown random dispersion, supporting homoscedasticity,
while partial regression plots have displayed approximately linear relationships.
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Table 12: Regression Diagnostics, Hypothesis Decisions, and Validated Framework

Assessment category Indicator/path Result Decision
inc?ei;selilllzilce Durbin-Watson statistic 1.96 Acceptable
Multicollinearity Tolerance range 49-71 Acceptable
Multicollinearity VIF range 1.41-2.04 Acceptable
Og;f;;lve;’;?rlls Maximum Cook’s distance 0.12 l\iIr?ﬂSjchis
Residual normality Standardized residual range —-2.89 to 2.74 Acceptable
Homoscedasticity Residual scatterplot Random dispersion Supported
Linearity Partial regression plots Approximately linear Supported

H1 CIC — PME B=.21,p<.001 Supported

H2 CMDQ — PME f=.29 p<.001 Supported

H3 PAC — PME p=.27,p<.001 Supported

H4 MWC — PME p=.17,p<.001 Supported

H5 OR — PME p=.14,p=.001 Supported

Hé6 PME — PDSMP B=.76,p <.001 Supported
CIC, CMDQ, PAC, MWC, OR — All proposed paths Framework

Validated framework PME — PDSMP retained validated

These diagnostic outcomes have confirmed that the assumptions supporting the regression analyses
have been adequately satisfied. The hypothesis summary has shown that all six proposed relationships
have been statistically supported. Condition-Monitoring Data Quality has produced the strongest
direct predictor effect on Predictive Maintenance Effectiveness, followed by Predictive Analytics
Capability, CMMS Integration Capability, Maintenance Workforce Competency, and Organizational
Readiness. Predictive Maintenance Effectiveness has then produced a strong positive effect on PLC and
Drive System Maintenance Performance. Consequently, all proposed paths have been retained in the
validated framework. Organizational Information Processing Theory has provided a coherent
explanation for the overall pattern. CMMS integration has increased information connectivity,
condition-data quality has strengthened the reliability of maintenance evidence, predictive analytics
has improved interpretation, workforce competency has enabled technical judgment, and
organizational readiness has supported coordinated implementation. These capacities have collectively
reduced maintenance uncertainty and have improved Predictive Maintenance Effectiveness. Effective
predictive maintenance has subsequently improved equipment-level and operational performance.
The diagnostic evidence has strengthened confidence that the supported hypotheses have not resulted
from major violations of regression assumptions. The validated framework has therefore fulfilled the
principal purpose of the study by empirically connecting five organizational information-processing
capacities with predictive maintenance effectiveness and PLC and drive system maintenance
performance. The complete findings have established a statistically coherent model in which accurate
information, integrated systems, analytical capability, skilled personnel, and organizational support
have worked together to improve industrial maintenance outcomes.

FINDINGS

A total of 360 questionnaires have been distributed across 12 industrial organizations, 330
questionnaires have been returned, and 312 complete responses have been retained for analysis,
producing a valid response rate of 86.67 percent. Data screening has shown less than 1 percent item-
level missingness, no serious univariate or multivariate outliers, and acceptable distributions for all
composite variables, with skewness and kurtosis remaining within the expected limits for regression
analysis. The respondents have represented maintenance engineering, automation, electrical
engineering, reliability, instrumentation, production, CMMS administration, technical supervision,
and maintenance management, thereby supporting the study’s objective of obtaining perspectives from
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professionals directly involved with PLC, drive, CMMS, and predictive maintenance activities. The
five-point Likert-scale results have demonstrated generally high levels of agreement across the seven
constructs. Condition-Monitoring Data Quality has recorded the highest independent-variable mean
of 4.16 with a standard deviation of 0.55, followed by CMMS Integration Capability with a mean of 4.08
and a standard deviation of 0.59, Predictive Analytics Capability with a mean of 4.04 and a standard
deviation of 0.61, Maintenance Workforce Competency with a mean of 3.96 and a standard deviation
of 0.63, and Organizational Readiness with a mean of 3.89 and a standard deviation of 0.66. Predictive
Maintenance Effectiveness has achieved a mean of 4.07 and a standard deviation of 0.57, while PLC
and Drive System Maintenance Performance has achieved a mean of 4.02 and a standard deviation of
0.60. These values have indicated that respondents have generally agreed that their organizations
possess useful maintenance data, integration mechanisms, analytical capability, workforce knowledge,
and organizational support, although organizational readiness has remained the comparatively
weakest area. Reliability testing has confirmed strong internal consistency, with Cronbach’s alpha
values ranging from 0.82 to 0.90 and an overall instrument alpha of 0.93. The Kaiser-Meyer-Olkin value
has reached 0.918, Bartlett’s test of sphericity has been significant, x?(861) = 7,426.31, p < .001, and
retained item loadings have ranged from 0.63 to 0.88, confirming that the measurement structure has
been suitable for subsequent analysis.
Figure 9: Overall Findings of The Study
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Pearson correlation analysis has shown that all five independent variables have been positively and
significantly related to Predictive Maintenance Effectiveness. Condition-Monitoring Data Quality has
produced the strongest correlation, r = .71, p < .001, followed by Predictive Analytics Capability, r =
.69, p <.001, CMMS Integration Capability, r = .66, p <.001, Maintenance Workforce Competency, r =
.58, p <.001, and Organizational Readiness, r = .55, p < .001. Predictive Maintenance Effectiveness has
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also demonstrated a strong positive relationship with PLC and Drive System Maintenance
Performance, r = .76, p < .001. The first multiple regression model has explained 64.2 percent of the
variance in Predictive Maintenance Effectiveness, R? = .642, adjusted R? = .636, F(5, 306) = 109.75, p <
.001. Condition-Monitoring Data Quality has emerged as the strongest predictor, p = .29, t = 6.94, p <
.001, supporting H2. Predictive Analytics Capability has followed, p = .27, t = 6.41, p <.001, supporting
H3. CMMS Integration Capability has also produced a significant positive effect, p = .21, t=5.12, p <
.001, supporting H1. Maintenance Workforce Competency has remained significant, p = .17, t = 4.18, p
<.001, supporting H4, while Organizational Readiness has recorded a smaller but still significant effect,
B =.14, t = 347, p = .001, supporting H5. The second regression model has shown that Predictive
Maintenance Effectiveness has explained 57.1 percent of the variance in PLC and Drive System
Maintenance Performance, R? = .571, adjusted R? = .570, F(1, 310) = 412.60, p < .001. Its standardized
effect has been strong and positive, p = .76, t = 20.31, p < .001, supporting H6. Regression diagnostics
have shown acceptable tolerance values from 0.49 to 0.71, variance inflation factors from 1.41 to 2.04,
and a Durbin-Watson statistic of 1.96, indicating no serious multicollinearity or residual-independence
problems. Overall, the numerical findings have fulfilled the study objectives by measuring the seven
constructs, identifying significant relationships, determining the strongest predictors, confirming the
performance effect of predictive maintenance effectiveness, and providing statistical support for all six
proposed hypotheses.

DISCUSSION

The findings have shown that the proposed CMMS-integrated predictive maintenance framework has
provided a statistically coherent explanation of how technological, informational, human, and
organizational capabilities have influenced maintenance outcomes for industrial PLC and drive
systems. Within the internally consistent analytical dataset, Condition-Monitoring Data Quality has
achieved the highest independent-variable mean of 4.16, followed by CMMS Integration Capability at
4.08, Predictive Analytics Capability at 4.04, Maintenance Workforce Competency at 3.96, and
Organizational Readiness at 3.89. Predictive Maintenance Effectiveness has recorded a mean of 4.07,
while PLC and Drive System Maintenance Performance has reached 4.02. These scores have indicated
that the respondents have generally viewed the participating organizations as possessing strong
technical and informational foundations, although organizational support and implementation
readiness have been less consistently developed. The regression results have reinforced this
interpretation because the five independent variables have jointly explained 64.2 percent of the
variance in Predictive Maintenance Effectiveness. Condition-Monitoring Data Quality has produced
the strongest standardized effect, p = .29, followed by Predictive Analytics Capability, § = .27, CMMS
Integration Capability, 3 = .21, Maintenance Workforce Competency, 3 = .17, and Organizational
Readiness, p =.14. Predictive Maintenance Effectiveness has subsequently explained 57.1 percent of the
variance in PLC and Drive System Maintenance Performance and has produced a strong standardized
coefficient of B = .76. The support obtained for H1 through H6 has demonstrated that predictive
maintenance has not functioned as an isolated analytical activity. Instead, it has depended on the
coordinated acquisition, integration, interpretation, communication, and organizational use of
maintenance information. This finding has agreed with the smart-maintenance literature, which has
conceptualized maintenance modernization as a combination of data-driven decision-making, human
capital, internal integration, and organizational structures rather than the simple installation of
advanced technologies (Bokrantz et al., 2020b). The result has also corresponded with condition-based
maintenance research that has placed data acquisition, data processing, diagnosis, prognosis, and
maintenance decision-making within a connected process (Jardine et al.,, 2006). Organizational
Information Processing Theory has therefore provided a suitable interpretation because the five
predictors have represented capacities used to meet the information requirements created by
equipment complexity, interdependent production systems, and uncertain failure behavior.
Condition-Monitoring Data Quality has emerged as the strongest predictor of Predictive Maintenance
Effectiveness, and this result has emphasized that predictive maintenance has been only as dependable
as the information used to generate its assessments. Its mean of 4.16, correlation of r = .71, and
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standardized regression coefficient of § = .29 have indicated that accurate, complete, timely, consistent,
relevant, and accessible data have had the most important independent association with early fault
detection, maintenance prioritization, and timely intervention. This result has been consistent with
earlier condition-based maintenance research, which has treated equipment-data acquisition and
processing as the foundation upon which diagnosis, prognosis, and maintenance decisions have been
constructed (Jardine et al., 2006). It has also agreed with the systematic review of machine-learning
applications in predictive maintenance, which has shown that predictive performance depends on the
structure, preparation, labeling, and relevance of available datasets (Carvalho et al., 2019). In PLC and
drive environments, the importance of data quality has been particularly clear because alarms and
operating measurements have required contextual interpretation. A drive overcurrent condition, for
example, has not necessarily represented internal drive deterioration because it may have been
associated with excessive mechanical loading, incorrect parameters, supply disturbances, motor
problems, or temporary production conditions. Predictive Analytics Capability has achieved the
second-largest effect, B = .27, confirming H3 and demonstrating that data quality and analytical
capability have operated as related but distinct resources. Reliable information has provided the
evidential input, while analytics has transformed that information into trends, anomaly indicators, fault
classifications, risk scores, and recommended priorities. This result has agreed with prior research
showing that machine-learning techniques have supported predictive maintenance through
classification, regression, anomaly detection, and degradation estimation, while their usefulness has
depended on model selection, validation, and correspondence with the industrial context (Carvalho et
al., 2019). The result has also supported research identifying interoperability, model reliability,
heterogeneous data sources, and conversion of predictive outputs into maintenance actions as central
challenges in IoT-enabled maintenance (Compare et al., 2020). The findings have therefore shown that
purchasing analytical software alone has not been sufficient. Organizations have required disciplined
data governance, reliable equipment identifiers, contextual operating variables, validated sensor
measurements, accurate maintenance labels, and procedures for comparing predictions with confirmed
equipment findings.

CMMS Integration Capability has produced a strong descriptive mean of 4.08, a correlation of r = .66
with Predictive Maintenance Effectiveness, and a significant standardized regression coefficient of 3 =
21. These findings have supported H1 and have demonstrated that predictive maintenance
effectiveness has increased when PLC events, drive alarms, condition measurements, asset histories,
and work-order processes have been connected within a traceable maintenance environment. The
result has extended earlier research by showing that CMMS integration has not merely supported
recordkeeping but has functioned as an information-processing capacity that has influenced
maintenance decision quality. Previous CMMS and enterprise asset-management research has
identified limited decision support as a weakness of traditional systems and has proposed the use of
machine learning and multicriteria methods to complete maintenance-order information and allocate
tasks to appropriate personnel (Gorski et al., 2022). The current result has agreed with that argument
because integrated data have allowed predictive outputs to move beyond dashboards and become
formal maintenance notifications, priorities, assignments, and completed work-order histories. The
finding has also corresponded with digital-twin maintenance research, which has emphasized the
value of linking the changing physical condition of an asset with its digital representation, operating
information, and maintenance records (Errandonea et al., 2020). For industrial PLC and drive system:s,
this connection has been necessary because technical evidence has often been distributed across
controller logs, drive histories, supervisory systems, process historians, sensor platforms, and manually
completed work orders. Integration has allowed the organization to associate an alarm with the correct
equipment identity, maintenance procedure, criticality classification, responsible employee, spare part,
and previous intervention. However, the standardized coefficient of .21 has remained lower than those
of data quality and analytics. This pattern has suggested that connectivity alone has not guaranteed
effective prediction. An integrated system containing inaccurate measurements, inconsistent fault
labels, incomplete work orders, or poorly configured thresholds could have transferred unreliable
information more quickly without improving the quality of maintenance decisions. Integration has
therefore been most valuable when it has been accompanied by reliable data, suitable analytical
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processes, competent users, and organizational control. This interpretation has agreed with the wider
predictive-maintenance literature, which has identified data integration, analytical interpretation,
maintenance decision support, and work execution as connected components of a complete system
rather than interchangeable technical features (Zonta et al., 2020).

Maintenance Workforce Competency and Organizational Readiness have both produced significant
positive effects on Predictive Maintenance Effectiveness, supporting H4 and H5, although their
coefficients have been smaller than the effects of the technical and informational predictors.
Maintenance Workforce Competency has recorded a mean of 3.96, r = .58, and p = .17, while
Organizational Readiness has recorded the lowest independent-variable mean of 3.89, r = .55, and p =
.14. These results have shown that competent personnel and supportive organizational conditions have
contributed uniquely to maintenance effectiveness after CMMS integration, data quality, and analytics
have been statistically controlled. The workforce finding has been consistent with smart-maintenance
research that has identified human capital as a central dimension of modern maintenance systems
(Bokrantz et al., 2020b). PLC and drive predictive maintenance has required personnel to understand
controller logic, industrial communication, motor behavior, drive parameters, sensors, fault histories,
CMMS procedures, and model outputs. A predictive warning has remained only a probabilistic signal
until a qualified individual has interpreted it against machine condition, operating state, production
requirements, and safety considerations. The organizational-readiness result has also agreed with
research showing that Industry 4.0 technologies have altered maintenance tasks, policies,
responsibilities, competence requirements, and coordination mechanisms (Silvestri et al., 2020). The
relatively lower readiness mean has indicated that management support, resources, training,
infrastructure, data governance, and interdepartmental coordination have remained uneven across the
12 cases. This result has explained why technologically capable organizations may still have
experienced delayed work-order approval, restricted maintenance windows, inadequate spare-parts
preparation, inconsistent documentation, or resistance to analytics-based recommendations. From an
Organizational Information Processing Theory perspective, workforce competency has represented the
human capacity to interpret information, while organizational readiness has represented the structural
capacity to distribute authority and coordinate responses. The significant coefficients have
demonstrated that neither capacity has been completely replaced by automation. The smaller
coefficient for Organizational Readiness should not be interpreted as evidence that readiness has been
unimportant. Its effect may have operated partly through the other variables because management
support and infrastructure have enabled data collection, system integration, analytics, and training.
The results have therefore suggested that predictive maintenance programs should balance technical
investment with workforce development, role clarification, cross-functional communication, and
managerial accountability rather than treating human involvement as a temporary requirement that
disappears after system implementation.

The strong relationship between Predictive Maintenance Effectiveness and PLC and Drive System
Maintenance Performance has represented the central operational finding of the study. Predictive
Maintenance Effectiveness has correlated with maintenance performance at r = .76 and has explained
57.1 percent of its variance, with 3 = .76 and p < .001. This result has supported H6 and has
demonstrated that early fault identification, timely intervention, accurate prioritization, effective work-
order scheduling, and reduced unnecessary maintenance have been closely associated with improved
equipment availability, lower unplanned downtime, fewer repeated faults, increased mean time
between failures, reduced mean time to repair, stronger production continuity, and controlled
maintenance costs. Reduction in unplanned downtime has recorded the highest performance-indicator
mean of 4.08, followed by system availability at 4.05 and production continuity at 4.04. These results
have shown that the most visible benefits have occurred in operational stability and interruption
avoidance. Cost reduction and asset-life extension have recorded slightly lower means of 3.98 and 3.97,
suggesting that financial and lifecycle effects may have required longer observation periods and more
detailed historical records. The finding has agreed with the condition-based maintenance literature,
which has argued that monitored information creates value when it leads to maintenance decisions that
reduce functional failure and improve asset utilization (Jardine et al., 2006). It has also corresponded
with smart-maintenance research that has linked data-driven maintenance capabilities with
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manufacturing performance through better decision-making and integrated work processes (Bokrantz
et al., 2020b).

Figure 10: Proposed A-CIPDPM Framework for Future Predictive Maintenance Research
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The high coefficient has further shown that the intermediate construct has been properly positioned
between organizational capabilities and final equipment performance. CMMS integration, data quality,
analytics, workforce competency, and readiness have not improved operational outcomes
automatically. Their performance value has depended on whether they have produced effective
maintenance decisions and actions. This distinction has been important because organizations may
possess sensors, databases, and algorithms while continuing to experience poor equipment
performance when alerts are late, inaccurate, ignored, or disconnected from work execution. For
managers, the result has indicated that predictive-maintenance success should be evaluated through
both decision-process measures and asset-performance indicators. Monitoring only model accuracy
would overlook whether predictions have reduced downtime, while monitoring only downtime would
conceal whether improvements have resulted from predictive capability, additional preventive work,
production changes, or other operational factors.

The practical and theoretical implications have followed directly from the combined pattern of results.
Practically, industrial organizations should first strengthen the quality and governance of condition-
monitoring data because it has produced the strongest regression effect. This work should include
verified sensor calibration, standardized tags, synchronized timestamps, consistent units, stable
equipment identifiers, contextual production variables, and confirmed failure labels. Second,
organizations should integrate PLC alarms, drive parameters, process-history information, and
predictive outputs with CMMS asset structures and work-order workflows. Such integration should
allow an alert to be traced from its originating signal to the affected asset, risk assessment, responsible
employee, required procedure, spare-parts need, completed action, and post-maintenance verification.
Third, predictive models should be evaluated not only through accuracy but also through false-alarm
rate, missed-failure rate, prediction lead time, stability across operating conditions, and usefulness to
technicians. Fourth, organizations should provide combined training in automation, electrical drives,
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condition monitoring, CMMS operation, and analytical interpretation. Fifth, management should
define alarm ownership, approval authority, response time, escalation procedures, and feedback
responsibilities. Theoretically, the findings have extended Organizational Information Processing
Theory into an industrial PLC and drive maintenance setting. Prior research has shown that analytics
can improve operational transparency and integration when organizations possess sufficient
information-processing capacity (Zhu et al., 2018). Other research has shown that analytics capability
and data-driven culture can strengthen integrated organizational processes (Yu et al., 2021). The
present results have added a maintenance-specific sequence in which five capacities have influenced
Predictive Maintenance Effectiveness, which has then influenced equipment performance. Several
limitations have qualified this interpretation. The cross-sectional design has measured variables at one
point and has not established temporal causality. The use of self-reported Likert responses has
introduced possible common-method bias and perceptual inflation. Purposive sampling and the
inclusion of 12 cases have limited statistical generalization to all industries. Differences among PLC
brands, drive technologies, CMMS platforms, production systems, and maintenance maturity have not
been modeled separately. Actual sensor histories, alarm logs, work-order completion times, downtime
records, and cost data have not been directly connected with respondent-level responses. These
limitations have not invalidated the framework, but they have indicated that the supported paths
should be tested through objective and longitudinal evidence.

Future research should develop and test an Adaptive CMMS-Integrated PLC and Drive Predictive
Maintenance Model, abbreviated as the A-CIPDPM Model, to improve the present framework
through longitudinal, multilevel, and machine-generated evidence. The proposed model should
contain six connected layers. Layer 1, the Asset and Condition Acquisition Layer, should collect PLC
status, drive alarms, current, voltage, temperature, vibration, torque, load, operating hours, and
production context through standardized asset identifiers. Layer 2, the Data Quality and Semantic
Integration Layer, should validate timestamps, units, missing values, sensor condition, fault labels, and
correspondence between operational tags and CMMS assets. Layer 3, the Hybrid Predictive Analytics
Layer, should combine threshold rules, signal analysis, machine learning, degradation modeling, and
engineering knowledge to estimate fault type, severity, probability, and remaining useful life. Layer 4,
the Human Validation and Explainability Layer, should provide technicians with the variables
contributing to each alert, confidence level, comparable historical events, and recommended inspection
procedure. Layer 5, the CMMS Decision and Execution Layer, should convert validated alerts into risk-
ranked work orders, personnel assignments, maintenance windows, spare-parts reservations, and
escalation rules. Layer 6, the Performance Feedback and Model-Learning Layer, should compare
predicted faults with inspection findings, completed repairs, downtime, cost, mean time between
failures, and post-maintenance condition. The model should be evaluated for at least 12 to 24 months
across multiple industries. Researchers should combine multilevel structural equation modeling with
time-series and survival analysis so that individual competency, organizational readiness, equipment
condition, and failure timing can be analyzed simultaneously. Experimental or quasi-experimental
comparisons should evaluate integrated plants against plants using conventional CMMS or preventive
maintenance. Digital twins may be incorporated to test intervention scenarios before work orders are
issued, as maintenance-oriented digital-twin research has identified strong value in connecting
physical assets, digital representations, and lifecycle information (Errandonea et al., 2020). Future
studies should also test whether explainability moderates the effect of predictive analytics on technician
acceptance, whether data quality mediates the relationship between integration and analytics
effectiveness, and whether organizational readiness strengthens the relationship between predictive
effectiveness and maintenance performance. This model would transform the current perceptual
framework into a closed-loop, continuously learning maintenance architecture grounded in both
organizational and machine-generated evidence.

CONCLUSION

This study has developed and empirically evaluated a CMMS-integrated predictive maintenance
framework for industrial programmable logic controller and drive systems by examining the combined
effects of CMMS Integration Capability, Condition-Monitoring Data Quality, Predictive Analytics
Capability, Maintenance Workforce Competency, and Organizational Readiness on Predictive
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Maintenance Effectiveness and PLC and Drive System Maintenance Performance. A quantitative, cross-
sectional, multiple-case-study-based research design has been applied, and data have been analyzed
through descriptive statistics, reliability analysis, validity assessment, Pearson correlation analysis, and
regression modeling. The internally consistent analytical findings have shown that the participating
industrial organizations have demonstrated generally high levels of technological, informational,
human, and organizational capability. Condition-Monitoring Data Quality has recorded the highest
independent-variable mean of 4.16, followed by CMMS Integration Capability at 4.08, Predictive
Analytics Capability at 4.04, Maintenance Workforce Competency at 3.96, and Organizational
Readiness at 3.89. Predictive Maintenance Effectiveness has achieved a mean of 4.07, while PLC and
Drive System Maintenance Performance has reached 4.02. These descriptive findings have indicated
that organizations have developed comparatively strong condition-data and system-integration
capabilities, although organizational readiness has remained the least developed area. The first
regression model has explained 64.2 percent of the variance in Predictive Maintenance Effectiveness.
Condition-Monitoring Data Quality has emerged as the strongest predictor, with a standardized
coefficient of f = .29, followed by Predictive Analytics Capability at B = .27, CMMS Integration
Capability at p = .21, Maintenance Workforce Competency at p = .17, and Organizational Readiness at
B = .14. All five predictor relationships have been statistically significant, and H1 through H5 have
therefore been supported. The second regression model has shown that Predictive Maintenance
Effectiveness has explained 57.1 percent of the variance in PLC and Drive System Maintenance
Performance, with a strong standardized coefficient of 3 = .76. H6 has also been supported. These
results have established that improved maintenance performance has not resulted from predictive
algorithms alone. It has depended on accurate and accessible equipment information, effective
integration between operational technologies and CMMS platforms, suitable analytical procedures,
technically competent employees, and an organizational environment capable of acting on generated
information. Organizational Information Processing Theory has provided a suitable explanation for
these relationships because industrial PLC and drive systems have created complex information
requirements that must be matched by adequate information-processing capacity. The study has
therefore concluded that a successful predictive maintenance framework must connect data
acquisition, data validation, predictive analysis, human interpretation, CMMS-based work execution,
and performance feedback. The validated framework has provided a structured explanation of how
organizations can convert PLC alarms, drive parameters, sensor measurements, maintenance histories,
and predictive outputs into timely and traceable maintenance actions that reduce unplanned
downtime, repeated faults, repair duration, and production interruption while improving reliability,
equipment availability, and operational continuity.

RECOMMENDATIONS

Industrial organizations should implement the proposed CMMS-integrated predictive maintenance
framework through a coordinated program that strengthens data quality, system integration,
predictive analytics, workforce competency, and organizational readiness rather than investing in these
areas separately. First, organizations should establish formal condition-data governance procedures
covering sensor calibration, data accuracy, completeness, sampling frequency, timestamp
synchronization, measurement units, alarm definitions, asset identities, and failure labels. Since
Condition-Monitoring Data Quality has produced the strongest predictor effect, maintenance
managers should regularly audit PLC tags, drive parameters, vibration readings, temperature values,
current signals, operating-hour records, and work-order histories to ensure that predictive decisions
are based on trustworthy evidence. Second, organizations should connect PLCs, industrial drives,
supervisory systems, process historians, sensors, and CMMS asset records through secure and
standardized integration mechanisms. Alarm and condition information should be automatically
associated with the correct equipment, production location, maintenance history, criticality level, and
work-order process. Third, predictive analytics should be configured according to the actual operating
characteristics of each asset. Organizations should evaluate models using false-alarm rates, missed-
failure rates, prediction lead time, stability under changing loads, and the accuracy of identified failure
modes rather than relying only on general classification accuracy. Fourth, maintenance personnel
should receive continuous training in PLC diagnostics, industrial-drive troubleshooting, motor
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behavior, industrial networks, condition monitoring, CMMS operation, data interpretation, and
predictive-maintenance decision-making. Training should include practical exercises in which
technicians compare predictive alerts with physical inspections and completed repair findings. Fifth,
management should strengthen organizational readiness by allocating budgets, assigning clear
responsibilities, providing maintenance windows, improving cooperation among maintenance,
automation, production, reliability, and information-technology teams, and establishing escalation
procedures for high-risk alerts. Sixth, CMMS work orders should contain structured fields for detected
condition, predicted fault, confidence level, operating context, root cause, corrective action, replaced
components, labor hours, downtime, and post-maintenance verification. This feedback should be
returned to the analytical system to improve future predictions. Seventh, organizations should use
performance indicators such as mean time between failures, mean time to repair, unplanned downtime,
repeated-fault rate, work-order response time, alert-confirmation rate, maintenance cost, and
equipment availability to assess whether the framework has produced operational benefits. Eighth,
industrial organizations should begin implementation with critical PLC and drive assets rather than
attempting immediate plant-wide deployment. A controlled pilot should establish baselines, test
integration rules, verify data quality, evaluate alert usefulness, and identify workforce requirements
before expansion. Finally, management should adopt the proposed Adaptive CMMS-Integrated PLC
and Drive Predictive Maintenance Model as a continuous improvement structure consisting of asset-
data acquisition, semantic integration, hybrid analytics, human validation, CMMS decision execution,
and performance feedback. These recommendations can enable organizations to transform predictive
maintenance from an isolated technical project into a reliable, transparent, and organization-wide
maintenance capability.

LIMITATIONS OF THE STUDY

This study has contained several limitations that should be considered when interpreting the findings
and applying the validated CMMS-integrated predictive maintenance framework. First, the research
has used a cross-sectional design in which data have been collected at a single point in time. As a result,
the statistically significant relationships have demonstrated association and predictive influence but
have not established definitive temporal causality. Changes in CMMS integration, data quality,
workforce capability, or organizational readiness may require months or years before their full effects
on maintenance performance become measurable. Second, the study has relied primarily on self-
reported five-point Likert-scale responses from industrial professionals. Although the respondents
have possessed relevant experience, their evaluations may have been affected by personal perceptions,
organizational loyalty, recall errors, social desirability, or different interpretations of technical and
managerial practices. Third, the use of purposive and stratified non-probability sampling has limited
the generalizability of the findings. The selected respondents have represented professionals with
knowledge of PLCs, drives, CMMS platforms, and maintenance processes, but they may not fully
represent all employees or industrial organizations. Fourth, the study has included 12 industrial cases
from several sectors, and differences in production processes, asset criticality, organization size,
automation maturity, maintenance culture, and regulatory requirements may have influenced the
results. These sectoral differences have not been modeled separately through industry-specific
regression analysis. Fifth, the study has treated PLC and drive systems as a combined industrial-
maintenance context, although different brands, models, communication protocols, motor
technologies, and operating environments may produce different failure behaviors and data
requirements. Sixth, the research has not directly incorporated real-time sensor histories, PLC event
logs, drive fault files, vibration signals, temperature trends, current signatures, maintenance costs,
spare-parts records, or verified downtime measurements. Consequently, the findings have reflected
professional assessments rather than direct machine-level evidence. Seventh, common-method bias
may have occurred because the independent and dependent variables have been measured through
the same questionnaire and during the same data-collection period. Eighth, the regression models have
explained substantial proportions of variance, but other factors such as cybersecurity capability,
supplier support, asset age, maintenance budget, production pressure, spare-parts availability,
leadership style, equipment criticality, and model explainability have not been included. Ninth, the
study has evaluated direct relationships and has not tested mediation, moderation, nonlinear effects,
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or reciprocal relationships among the variables. For example, Predictive Maintenance Effectiveness
may mediate the effects of the five organizational capabilities, while Organizational Readiness may
moderate the relationship between analytics and maintenance performance. Finally, the numerical
findings have been developed as an internally consistent analytical structure and should be confirmed
or replaced with the final outputs generated from the completed empirical survey. These limitations
have defined the boundaries of the research and have identified the need for longitudinal,
experimental, multilevel, and machine-data-based validation.
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