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Organizations are under pressure to increase productivity and lower
operating costs because facility operations and maintenance (O&M) account
for a significant portion of a facility's life-cycle cost. By facilitating real-
time monitoring and data-driven decision-making, artificial intelligence (Al)
has become a promising catalyst for enhancing predictive maintenance. In
order to investigate how Al can be combined with predictive maintenance to
lower operational and maintenance overhead, this systematic review
examines peer-reviewed studies that have been published in the last five
years. Using an evidence-based review methodology and adaptive
structuration theory (AST), the study synthesized results from 14 excellent
publications. Unbiased maintenance planning, cost-effective resource
utilization, and Al-enabled operational visibility emerged as three key
themes. According to the review, Al-driven predictive maintenance greatly
increases operational effectiveness and reduces costs; however, successful
implementation necessitates better data governance and organizational

preparedness.
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1. INTRODUCTION

The operational and the maintenance phase takes into consideration nearly 70-80% of a facility’s
total life-cycle cost [1]. Buildings across the United States collectively spend more than $50 billion annually
on operation and maintenance activities, placing considerable financial strain on organizations. Routine
maintenance is essential to preserve asset performance, avoid failures, and retain operational continuity
throughout the building’s lifespan [2]—[4].

To manage rising costs, organizations increasingly seek data-driven approaches to improve
operational efficiency. Studies indicate that artificial intelligence (Al) can reduce redundancies, accelerate
maintenance processes, and enhance decision-making accuracy within facility management programs [5].
This systematic review evaluates the potential of Al-enabled predictive maintenance to lower facility
operations and maintenance (O&M) expenses.

The findings contribute to facility managers, technology leaders, and stakeholders by offering an
evidence-based understanding of how Al tools improve responsiveness, reduce labor requirements, and
support data-driven investment decisions [6]—[9].
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2. PROPOSED FRAMEWORK (OPTIONAL)

Before discussing the methodology, a conceptual representation of the Al-enabled predictive
maintenance process is introduced. The Figure 1 framework illustrates the evolution of industrial
maintenance from a simple "watch-and-wait" approach to a sophisticated, Al-driven strategy. Rather than
treating maintenance as a series of isolated repair tasks, this model treats it as a continuous lifecycle of data
and intelligence. Here is how the process unfolds:

Monitor Equipment
(Real-time Observation)

A

Detect Operational
Deviations (Anomalies)

‘

Document Observations
(Sensor Data / Logs)

h

Al-Driven Analysis and Decision Support
Fault prediction
Condition-based alerts
Maintenance prioritization

Perform Predictive
Proactive Maintenance

Figure 1. The Al-enhanced maintenance workflow

The vigilant eye (monitor equipment) the cycle begins with the fundamental layer of Real-time
Observation. Much like a doctor checking a patient’s vitals, sensors and monitoring tools keep a constant
watch on the equipment's heartbeat. This isn't about deep analysis yet; it is simply about ensuring the
machinery is running and gathering the raw signals of operation.

Catching the whisper (detect operational deviations) before a machine fails, it usually "whispers"a
slight vibration, a minor temperature spike, or a delay in processing. In this stage, the system identifies these
Operational Deviations or Anomalies. It captures the subtle cues that indicate the equipment is drifting away
from its standard performance baseline, even if the machine hasn't failed yet.

The digital paper trail (document observations) observation without memory is useless. In this
phase, the system documents observations by logging sensor data and anomaly reports. This builds a
historical record, transforming fleeting moments of "weird behavior” into a structured dataset. This data
serves as the fuel for the next, critical step.

The "Brain" of the operation (ai-driven analysis) this is the transformative step. Instead of drowning
human operators in raw logs, the Al-Driven Analysis engine steps in to make sense of the noise. It performs
three critical cognitive tasks:

— Fault prediction: it looks into the future, using historical patterns to predict when a part will fail.

— Condition-based alerts: it filters out false alarms, notifying technicians only when specific conditions
warrant attention.

— Maintenance prioritization: it acts as a triage nurse, telling the team which machine needs immediate help
and which one can wait, optimizing resource allocation.

Preventive maintenance at last, the realization is put into practice. Predictive or proactive
maintenance can be carried out by the team thanks to the intelligence gathered upstream. Technicians step in
at the perfect time to save money, avoid downtime, and prolong the asset's life rather than rushing to fix a
breakdown (reactive) or replacing parts that are still good (preventive).
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3.  RESEARCH METHODOLOGY

This approach employs an evidence-based methodology to offer timely suggestions within
constrained resource frameworks [6]. Evidence-based management research utilizes diverse study designs to
collect peer-reviewed, scholarly data on management concerns and develop well-supported research
conclusions for informed decision-making purposes. AST analysis serves as a theoretical framework, as
illustrated in Figure 2. The framework draws on concepts from the AST as outlined in reference [10]-[12].
The person responsible for maintenance supervises the functioning of an asset within a building's supporting
structure. The technician verifies that the facility asset complies with its pre-defined operational
specifications. The technician makes a record of the observations according to the set procedural rules. The
technician subsequently conducts maintenance at a level that restores the asset to its standard operational
parameters. This activity streamlines existing methods by evaluating an asset's functional attributes and
conducting proactive maintenance before a failure occurs through the use of the asset's data. The person
responsible for maintenance supervises the functioning of an asset within a building's supporting structure.
The technician verifies that the facility asset complies with its pre-defined operational specifications. The
technician makes a record of the observations according to the set procedural rules.

A J

Observe Equipment Operation

v

Is Operation Normal?

\

Document Perform Predictive/Proactive
Observations Maintenance Based on
Observation

v v

Figure 2. Predictive maintenance framework

3.1. Evaluation of critical qualities

The study selection followed a structured screening and quality evaluation process to ensure
methodological rigor and relevance to the research objectives. An initial pool of studies was identified
through systematic searches of selected digital libraries using predefined keywords and inclusion criteria.
Seventeen articles that met the screening requirements were subjected to quality appraisal using the
TAPUPAS framework. This assessment evaluated studies based on transparency, accuracy, purposivity,
utility, propriety, accessibility, and specificity. Each criterion was scored on a three-point scale, resulting in a
maximum possible score of 21 per article. The detailed appraisal criteria and scoring outcomes are presented
in table, with Table 1 summarizing the assessment structure and Table 2 reporting individual study scores.
Studies achieving an overall score of 14 or higher, without receiving the lowest score in any assessment
category, were considered suitable for inclusion. Articles that scored the lowest value in any criterion were
excluded due to concerns regarding methodological robustness. Following this evaluation, three studies were
excluded, resulting in a final set of fourteen articles retained for synthesis. This quality-based screening
ensured that only methodologically sound and relevant studies contributed to the subsequent analysis, thereby
strengthening the reliability of the review findings [13].

Quality appraisal of selected studies: this table presents the quality appraisal results of the studies
included in the systematic review. The TAPUPAS (transparency, accuracy, purposivity, utility, propriety,
accessibility, and specificity) framework was employed to evaluate the methodological quality of each
selected article. This framework is widely used for assessing qualitative, quantitative, and mixed-methods
research. Each study was assessed across seven predefined criteria, with individual scores assigned on a
three-point scale. The maximum achievable score for each article was 21. Studies scoring 14 or above,
without receiving the lowest score in any criterion, were considered methodologically sound and retained for
synthesis. Articles that scored the lowest value in any assessment criterion were excluded due to concerns
regarding reliability or validity. Table 1 summarizes the aggregated quality scores across all criteria, while
Table 2 presents the individual evaluation outcomes for each retained study. This appraisal process ensured
that only robust and credible studies contributed to the final analysis.
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Table 1. Summary of quality appraisal scores
Criterion Description Score Range
T Transparency 1-3
A Accuracy 1-3
P Purposivity 1-3
U Utility 1-3
Pr Propriety 1-3
A Accessibility 1-3
S Specificity 1-3
Total Maximum possible score 21

Table 2. Quality appraisal results for included studies

ArticlelID T A P U Pr A S Total Score Decision
Al 3 3 2 3 2 3 2 18 Included
A2 2 3 2 3 2 2 2 16 Included
A3 3 2 3 2 2 3 2 17 Included

3.2. Procedure

Professionals in facility management have implemented a variety of maintenance strategies to
improve the effectiveness, efficiency, and responsiveness of operations. $50 billion was spent on outsourcing
maintenance and repair in 2016, according to a 2018 national institute of standards and technology (NIST)
report written by D. Thomas [14]. The same report estimated that predictive maintenance could potentially
save between 15% to 98% of total maintenance costs, although exact figures remain unverified. Research by
Kim et al. confirms that multiple maintenance approaches have maintained operational continuity, helping
conserve resources for broader business needs. Currently, the industry applies three main strategies:
preventive, corrective, and predictive maintenance. Preventive maintenance follows a scheduled routine
based on OEM or industry guidelines, involving regular replacement of parts and protective materials.
Corrective maintenance is reactive, conducted after equipment fails or no longer functions effectively,
restoring machinery to operational status. The growth of Al technologies, including neural networks,
robotics, expert systems, and machine learning, has revolutionized predictive models and data analysis in
facilities management. Deep learning allows machines to assess data, thereby continually improving
maintenance approaches. Applications of Al span areas such as speech recognition, language processing,
visualizations, and automated decision-making, with growing relevance in energy management and system
optimization [15]-[17]. Tan and colleagues introduced MIGRATE, a machine learning system that uses a
three-step framework consisting of disaggregation and activity forecasting to predict energy load profiles.

3.3. Research question

Researchers utilizing CIMO logic create review questions, conduct design science research to
address these queries, and generate evidence-based outcomes and recommendations to inform data-driven
decision-making processes. This article employs design science research to address the question driving its
content. The CIMO framework used to develop the research question is outlined in Table 3, which shows the
CIMO table. The existing body of knowledge on Al research is expected to be augmented by the introduction
of a new method for integrating Al into the facility's maintenance procedures. The approach is expected to
offer a fair, peer-reviewed, and evidence-based assessment of the existing body of research carried out in the
last 5 years. Readers of this article should leave with the knowledge that Al boosts the efficiency of
maintenance operations, reduces costs, and enhances the facility management program.

Table 3. CIMO Model for Al-based predictive maintenance

CIMO element Guiding guestion Description (based on article)
Which individuals, relationships, institutional Property or asset management system; infrastructure
Context (C) configurations, or broader frameworks are the subject and specialized knowledge base; operational data

Intervention (I)

being researched?

What is the event or action being implemented?
What activities or processes are being investigated?
What are the underlying processes that explain the

sources relevant for predictive maintenance.
Utilizing Al techniques for predictive maintenance
methodology in property/asset management.

. - . . Al-driven operational data review; technology-
Mechanism connection between intervention and outcome? In supported  decision-making:  predictive ~ models
(M) what.snuatlons are these mechanisms activated or identifying maintenance needs in advance.

deactivated?
What are the consequences of the intervention? How  Decrease in upkeep expenses; fewer unexpected
Outcome () will the situation be resolved? How can the outcomes  failures; improved asset lifecycle; outcomes measurable

be measured? What are the intended or unintended
consequences?

through cost savings, system uptime, and maintenance
records.

Enhancing predictive maintenance capabilities by integrating artificial intelligence ... (Thippeswamy G. N)



786 a ISSN:2502-4752

3.4. Coding

A structured quality appraisal was conducted to assess the methodological rigor of the studies
selected for synthesis. Seventeen articles were initially evaluated using the TAPUPAS assessment
framework, which is widely recognized for its applicability across qualitative, quantitative, and mixed-
methods research designs. The assessment criteria and scoring outcomes are documented in table.

Each study was evaluated across multiple quality dimensions, with a maximum attainable score of
21. Studies achieving a cumulative score of 14 or higher, without receiving the lowest score in any individual
criterion, were considered methodologically robust and suitable for inclusion. Conversely, studies receiving
the lowest score in at least one criterion were excluded due to concerns regarding validity or reliability.

Following this appraisal process, three studies were excluded, resulting in a final set of fourteen
articles retained for detailed analysis. Among these, the majority employed quantitative research methods,
while a smaller number adopted qualitative and mixed-methods approaches. This distribution reflects the
predominance of data-driven evaluation techniques within the domain under investigation.

Although the TAPUPAS framework provides a comprehensive and systematic means of quality
assessment, it is acknowledged that the scoring process involves a degree of subjectivity. To mitigate
potential bias, evaluations were conducted with careful adherence to predefined criteria; however, subjective
interpretation remains an inherent limitation of self-review-based appraisal methods.

The initial coding phase involved categorizing 14 selected articles using a total of 19 codes,
including 16 deductive codes based on the adaptive structuration theory's concepts of structure, system, and
outcome, and 3 inductive codes derived from the analysis. The researcher in the second coding cycle
condensed these codes to create more thorough categories, revealing patterns and common traits throughout
the entire dataset. This stage entailed decreasing the 19 codes and related article excerpts to six preliminary
classifications, which were then further refined and consolidated into three definitive categories, as detailed
in table. The categories were operationalized by employing the AST framework. According to Saldana's
framework, the process of forming themes arose from these categories, which identify patterned responses or
meanings within the data and offer a deeper understanding of the research question.

4. THEORY

Adaptive structuration theory (AST) examines how groups and organizations adopt and use
information and communication technologies in practice. DeSanctis and Poole conceptualize AST as a lens
through which organizational change can be understood from two complementary perspectives: the structural
features embedded within advanced technologies and the structures that emerge through the interaction of
human actors with these technologies. This perspective highlights the importance of technological
integration, user engagement, and the development of context-specific operational practices.

Within the AST framework, the core variables of task, people, and technology are analyzed
individually to understand their respective roles and interactions in organizational processes [18]-[22]. The
fundamental elements of the theory include structures, systems, and outcomes, which together explain how
technology influences organizational routines and decision-making. Although AST has been criticized for
adopting an optimistic stance and for diverging from Anthony Giddens’ original structuration theory, these
limitations have been acknowledged in the literature. Despite such critiques, AST continues to be widely
applied in contemporary research due to its relevance in analyzing technology-mediated organizational
practices.

5. RESULTS

Results from coding and findings, based on the AST and the CIMO model, as well as the central
research question of "How can Al be used with predictive maintenance to decrease O&M expenses in facility
operations?" demonstrate several key insights from the reviewed literature. Integrating advanced
technologies into facility management has been demonstrated to enhance operational efficiency through real-
time monitoring of systems, the early identification of performance problems, and the provision of support
for predictive maintenance strategies. Frameworks including the industrial data analysis improvement cycle
and digital twin models help in visualizing system health and detecting initial signs of equipment
deterioration, particularly in components such as air handling units.

Research also suggests that predictive tools, such as neural networks, support vector machines, and
decision trees, improve decision-making by removing personal bias and providing data-driven evaluations for
repair and investment planning. These tools facilitate reduced labor requirements, prevent unwarranted
replacements, and improve safety through timely warnings. Scheduling repairs during periods of low demand
and having technicians prepared with precise diagnostic information supports predictive maintenance in
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reducing system downtime. The use of modeling systems also facilitates the effective management of
mechanical, electrical, and plumbing infrastructure, leading to resource optimization and cost savings.
Overall, the results confirm that predictive technologies, when implemented strategically, result in improved
system uptime, proactive maintenance, reduced operational downtime, and more efficient allocation of
facility resources.

CERQual provides a transparent and systematic framework for assessing the reliability of qualitative
research results [23]-[25]. To establish credibility in research findings, a comprehensive evaluation of the
confidence in the results is required, involving a systematic assessment of the data. CERQual consists of four
critical components to assess the grading criteria; methodological limitations, coherence, data adequacy, and
relevance. The CERQual terms and grading criteria are detailed in table.

The CERQual criteria were used to evaluate each finding for this REA, with the results documented
in table. The CERQual assessment assigns moderate confidence levels to findings 1, 2, and 3. The overall
rating is a reflection of the level of confidence in the research quality in relation to the context of the review
question. All 14 articles were published over the past five years, are relevant to the research question and
have undergone peer review. Hence, there is no cause for concern regarding the confidence of these articles
or the results.

6. DISCUSSION

Facility management is evolving through the integration of Al, which is proving valuable in
optimizing O&M. Current literature reveals multiple successful implementations of Al in managing
individual systems within facility operations. These systems operate in alignment with adaptive structuration
theory, where Al supports monitoring and predictive maintenance. Through deep learning, Al continuously
observes system behavior and identifies anomalies, initiating control actions or alerting technicians with
suggested resolutions.

When fully integrated, Al can manage entire facility systems, monitor conditions in real-time, and
issue automated work orders through systems like CMMS. It contributes to reducing downtime, extending
system life, and optimizing resource use. The system learns and adapts from data, helping decision-makers
act on accurate insights. AI’s role in analyzing work orders, prioritizing tasks, and adjusting operational
settings minimizes manual processes. As a result, organizations benefit from improved efficiency, faster
response times, and reduced staffing demands.

In facility management, the implementation of Al should be started with limited, targeted
applications, which then aim to achieve ambitious long-term goals, as studies suggest that only specific Al
components have so far shown proven efficiency and cost-saving potential as shown in Figure 3. A full-scale
transition is currently unwarranted due to issues like insufficient high-quality real-world data to train Al
algorithms and a scarcity of detailed equipment fault records. In cases where full automation is not cost-
effective, a partially automated, sensor-driven system linked to a building management system can be
installed to track operations and suggest enhancements. Al implementation should be driven by a company-
wide effort, supported by effective senior management. Executive leaders should create a business charter to
steer the adoption process, address risks, align with technological and business opportunities, and establish
data governance policies and necessary competencies. Final conceptual framework of theory as shown in
Figure 3.

v
Observe Equipment Operation

v

Operation characteristic Normal?

VAR

Document Perform Predictive
Observations Maintenance Based
on Observation

v v

Figure 3. Final conceptual framework of theory
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7. CONCLUSION

This study investigates how Al can be utilized with predictive maintenance to reduce the expenses
linked to O&M in facility operations management. This study investigated academic research on adopting Al
technology through the AST framework, aiming to provide guidance for facility management executives in
making informed choices. This study investigated existing research on predictive maintenance and found that
integrating Al with predictive maintenance in a facility operations programme will lead to cost savings in
labor hours, analysis time, and provide unbiased predictive maintenance and investment recommendations.
More investigation is required to determine the process of acquiring and maintaining full operational
capabilities with Al. Examples of Al in real-life facility management programs should also be studied and
recorded for potential use in future research studies. Studies have shown that Al can lower facility operation
costs, and this study has demonstrated the potential for even greater Al adoption. Future research will need to
determine the further repercussions of Al implementation. A central focus of the scholarship review is that
Al constitutes a new paradigm with considerable benefits, which is being utilized across all sectors.
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