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Abstract - To manage assets effectively, companies must also manage how efficiently they operate, minimize the cost involved 
with doing business, and be able to deliver services consistently and reliably [1]. Many companies depend on disparate 
systems with limited functionality while still relying heavily on manual processes for maintaining and tracking their asset 
inventory [2]. This often results in unplanned and excessive legal liability due to niche practices that create opportunities to 
operate outside the scope of their license agreements, thereby increasing their total costs [3]. In this paper we introduce a 
comprehensive architecture for building an Enterprise Asset Management (EAM) solution that would integrate the IT Asset 
Management (ITAM) module of ServiceNow [4], build on a single database to track and manage all assets - including 
hardware, software, cloud, Internet of Things - and incorporate a fully automated process to orchestrate the entire life cycle 
of an asset from its creation through to its endpoint. The authors present a case study demonstrating a 25% reduction in 
downtime of assets for a real-world customer after implementing our solution [8]. A predictive optimization model that 
utilizes telemetry and predictive machine Learning capabilities [7] is introduced as a way of anticipating asset maintenance 
requirements and enabling proactive response after identifying the requirement for maintenance. This approach creates an 
evolving infrastructure enabling improved asset management methodologies well into the future [9]. 

Keywords - Asset Management, ITAM, CMDB, Predictive Maintenance, ServiceNow, Asset Lifecycle Management, 
Enterprise Systems. 

1. Introduction 
The past ten years have seen dramatic changes in Asset 

Management, which transitioned from a back-office 
inventory role to become recognised as one of the primary 
business functions of an enterprise [1]. This shift has 
allowed asset managers to provide direct support to service 
continuity, regulatory compliance, and operational cost 
containment. As companies grow their digital footprints 
through on-premises data centres, public cloud platforms, 
private cloud platforms, and a wide range of distributed 
endpoints, the amount, variety, and significance of the assets 
they manage have dramatically increased [2]. 

Today’s enterprises must take responsibility for 
managing physical hardware, licensed software, virtual 
machines, cloud-native services, containerised workloads, 
Internet of Things (IoT)-enabled devices, all of which have 
different life cycles, risk levels, and compliance 
requirements [1]. With this increasing complexity, the stakes 
for asset management have risen dramatically. Rather than 
being treated as passive items that are recorded at purchase 
and decommissioned upon disposal, assets are now active 
contributors to service quality delivery, security posture, and 
financial results [9]. Poor asset visibility or lifecycle 
management can lead to service interruptions, audit 
findings, data breaches, and unanticipated capital costs. As 
a result of these issues, asset management now occupies a 
position at the intersection of technology operations, the 
finance area, security, and compliance. 

While some have changed their methods of managing 
Corporate Assets to improve Corporate Performance, many 
other companies remain using disconnected spreadsheets 
and Legacy Systems for HW/SW Asset Management, along 
with the manual reconciliations of the data that the company 
collects regarding its assets [2]. These methods create a 
situation where companies have fragmented data on their 
assets in different systems and for different periods. 

This results in a limited and often outdated view of the 
health, usage, and risk of their assets. As a consequence, 
most IT Departments are forced to react to disruptions 
caused by Asset Failures or to Audit License Positions as a 
result of Vendor Audits [3] rather than to proactively 
manage their assets to avoid these situations. 

To address these issues, this paper proposes that a 
predictive, CMDB-based architecture [4] will allow the 
management of Enterprise Assets to occur as a continuous 
evolution of an Asset rather than the storage of Static Data 
in a database. 

By anchoring Corporate Assets to their corresponding 
Configuration Items (CI) within the CMDB [4] along with 
real-time (in the moment) telemetry, along with Historical 
Data, the Enterprise will have continuous visibility into an 
Asset’s condition and behaviours. When coupled with 
Machine Learning based forecasting [7] and automated 
Asset Lifecycle Management processes, companies will 
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transition from traditional to a predictive, proactive 
management of their Assets. Thus, allowing them to 
optimise the Utilisation of Licences, Avoid Future Asset 
Failures, and Align their Asset Decisions with Corporate 
Priority [8]. 

In this research paper, we have introduced the 
Predictive Asset Optimisation Framework (PAOF) [8], 
which shows how ServiceNow IT Asset Management [4] 
can be enhanced through enterprise applications that have 
been developed specifically for your company. By 
integrating telemetrics, predictive analytics [7], and 
automated orchestration of activities into one framework, 
PAOF creates an intelligent, resilient, and scalable approach 
to improving asset management practices within today’s 
enterprise environment. 

2. Research Gap and Objectives 
Although prior research has explored predictive 

maintenance models and CMDB governance independently, 
limited academic work integrates real-time telemetry, 
machine learning forecasting, and automated lifecycle 
orchestration within a unified enterprise IT Asset 
Management (ITAM) architecture [10], [11]. Existing 
literature primarily addresses equipment-level predictive 
analytics or configuration management integrity, but does 
not comprehensively bridge these capabilities into a closed-
loop enterprise optimization framework [10]. 

 
Accordingly, this study addresses the following 

research questions: 
RQ1: How can predictive machine learning models be 

integrated with CMDB-based ITAM systems to 
reduce operational downtime? 

RQ2: What measurable operational and financial 
improvements can be achieved through predictive 
lifecycle orchestration? 

RQ3: How does predictive asset orchestration compare 
with traditional reactive asset management 
approaches? 

The objective of this research is to design and 
empirically evaluate a CMDB-aligned predictive asset 
optimization framework capable of improving asset 
availability, compliance posture, and cost efficiency. 

 
3. Literature Context 

Predictive maintenance has been widely studied in 
industrial and cyber-physical systems environments. Lee et 
al. (2014) introduced a cyber-physical systems architecture 
integrating prognostics and health management into 
manufacturing ecosystems [10]. Carvalho et al. (2019) 
conducted a systematic review of machine learning methods 
for predictive maintenance, identifying time-series 
forecasting and ensemble learning as dominant techniques 
[11]. 

 
Time-series statistical modeling approaches such as 

ARIMA remain foundational in forecasting applications [6], 
while scalable ensemble learning methods such as gradient-
boosted trees (e.g., XGBoost) have demonstrated strong 

predictive performance across operational datasets [7]. 
However, these studies primarily focus on industrial 
equipment and do not address enterprise IT service 
environments characterized by complex configuration 
relationships, license compliance governance, and lifecycle 
orchestration requirements. Therefore, a gap exists between 
predictive analytics research and enterprise ITAM 
implementation frameworks. 

3. Problem Statement 
An executive from a large international retailer shared 

his view on this problem in a nutshell when he said [3]: 

“We found 18,000 unlicensed software seats through a 
vendor audit.” 

This event is not an isolated incident of poor asset 
management but rather reflects systemic weaknesses in 
traditional asset management practices [2]. 

Many organizations use multiple different systems to 
manage their assets—procurement platforms, endpoint 
management systems, discovery tools, spreadsheets, and 
finance systems—all with their own unique identifiers, 
ownership attributes, and lifecycle states. 

Because there is no single source of information for 
asset management, the asset will fall out of alignment as it 
progresses through the cycle of procurement, deployment, 
use, and retirement [1]. Therefore, hardware failures often 
occur only when an operation has already been disrupted, 
rather than by anticipating them through condition 
monitoring or usage pattern analysis. Similarly, software 
license compliance positions are generally reconciled on a 
manual basis and rarely, if ever, prior to a vendor audit [3]. 

This reactive management posture places organizations 
at risk for compliance penalties, necessitates last-minute 
remediative activity, and ultimately leads to a lack of trust 
in an organization’s asset data. Large organizations deal 
with many common problems on a repetitive basis due to 
systemic issues associated with those companies [2]. 

This is due to excessive reactive maintenance that is the 
basis of their daily operational processes; therefore, 
companies experience an increase in unplanned downtime. 
Additionally, because many larger organizations are not 
complying with license agreements [3], many are at risk for 
major fines from software companies and deteriorated 
relationships with vendors. In addition, ghost assets exist in 
high volume for many companies, which are devices/legal 
licenses/cloud resources that the company has abandoned or 
are no longer useful to them; this leads to high, inflated 
operational costs [5]. Adding to this issue is the amount of 
manual work performed every month, which is utilized to 
reconcile asset data across multiple asset management tools; 
this has resulted in hundreds of staff hours each month with 
no long-term accuracy. 

 
Companies are continuing to expand their asset 

portfolios into cloud environments, including Remote 
workforces and IoT-enabled infrastructure [2]. 
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As companies increase their asset capabilities at these 
increased rates and locations, the problems of this expansion 
become larger. Due to issues surrounding scale and 
geographical distribution of asset portfolios, using manual 
reconciliation and periodic audits is not effective; as such, 
traditional methods of managing asset portfolios are no 
longer sustainable [1]. Therefore, companies must shift to 
predictive, automated, and intelligence-based architectures 
to ensure uninterrupted visibility, compliance, and 
optimization of asset activity [8]. 

4. Predictive Asset Optimization Framework 
(PAOF) 

The PAOF (Predictive Asset Optimization Framework) 
[8] embeds intelligence into all asset lifecycle steps, 
allowing asset management to be more than merely 
updating records, but rather utilizes data to operate 
effectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 1 Predictive Asset Optimization Framework and process flow 

In contrast to viewing assets as static and regularly 
updated, the PAOF views each asset as an evolving entity 
with attributes (health, utilization, performance, risk) that 
change over time. A CMDB (Configuration Management 
Database) aligned to the CSDM (Common Service Data 
Model) [4] forms the basis of the PAOF. This alignment 
provides a standardised and consistent data structure across 
different types of assets (hardware, software, cloud-based, 
and IoT). 

Relationships between asset types and business service, 
location, owner, and cost centre are also explicit. As a result, 
asset data stored in a CSDM-compliant CMDB is a reliable 
and trusted source for operational, financial, and 
compliance-related activities [4]. The use of continuous 
discovery mechanisms and integration with other systems 
helps ensure asset records remain accurate, preventing 
inaccuracies introduced through manual updates and 
disconnected tools. Drawing from this telemetry collection 
layer, PAOF uses multiple data sources such as monitoring 
platforms, endpoint agents, IoT sensors and system logs to 
collect live signals on how Asset(s) are functioning within 
your environment by providing you with key metrics that 

will give you continuous visibility into Asset behaviour, 
including performance trends, usage behaviours, error rate 
trends and conditions surrounding the Assets Environmental 
state [8]. 

PAOF creates enhanced Asset records by adding the 
additional context of Operational data instead of only 
focusing on static data elements such as date purchased and 
warranty status associated with each Asset. Once the 
Telemetry signals have been collected within PAOF’s 
predictive analytical engine, the engine applies Time Series 
Forecasting (TSF) [6] and anomaly detection algorithms to 
estimate when an Asset could potentially fail, degrade in 
Performance, or experience capacity constraints prior to 
impacting Service Availability. This predictive component 
provides the ability of Planned Maintenance (i.e., before 
Service Availability is impacted) instead of having to 
perform Maintenance in a reactive, unplanned basis in 
response to Service Outages [8]. 

 
Lifecycle orchestration workflows [4] facilitate the 

automated execution of actions based on the insights 
generated through Predictive Analytics. 
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When the threshold of Pre-Defined Risk levels has been 
exceeded, the orchestration workflow will automatically 
trigger the scheduling of Predictive Maintenance, initiate 
the request for replacement Hardware, reclaim unused or 
underutilised Software Licenses, and notify the appropriate 
Stakeholders. Continuous reconciliation procedures are 
used to ensure Software entitlements are reconciled to usage 
and always remain compliant with no requirement for 
periodic manual audits [3], allowing for dynamic 
optimisation of software Licensing assignments. 

All of these elements come together with PAOF to 
create a complete closed-loop method of optimising assets 
[8]. Using data as the driver to make decisions, while actions 
taken feed back into the Asset record, this method allows for 
decreased downtime, reduced compliance risk, and 
assurance that investments in assets remain connected to 
real business requirements. With this structure, Asset 
Management will transition from a reactive to a proactive 
function within your Enterprise that relies on intelligence 
for its effectiveness [9]. 

5. Research Methodology 
Using a combination of empirical and experimental 

methods [8], the research collected data from 24 months of 
telemetry and lifecycle records across more than 500,000 
configuration items. Included in this data were hardware 
performance metrics, the history of incidents, maintenance 
logs, and software usage. Time-series forecasting methods 
[6] and anomaly detection were combined to create 
predictive models to provide an early warning indicator of 
asset failures. 

 
The predictive models were validated by creating an 

A/B test in a controlled production environment over a 6-
month period, whereby a group of assets was subject to the 
traditional reactive maintenance method, and the other 
group had their assets maintained using PAOF-based 
predictive workflows [8]. The framework was fully 
implemented within the ServiceNow Vancouver 
environment [4] in Q2 2025, allowing for company-wide 
evaluation of operations’ impact. 

5.1. Methodology Detail   
5.1.1. Evaluation Metrics and Experimental Design 

To ensure rigorous evaluation, the following 
performance metrics were applied, consistent with 
reliability engineering and predictive maintenance research 
[10], [11]: Mean Time Between Failures (MTBF): 

MTBF = Total Operating Time / Number of Failures 

Mean Time To Repair (MTTR): 

MTTR = Total Downtime / Number of Incidents 

License Utilization Ratio (LUR): 

LUR = Active Installations / Purchased Licenses 

A controlled A/B testing approach was conducted over 
a six-month period. One asset group continued under 
traditional reactive maintenance processes, while the second 

group operated under PAOF-driven predictive workflows. 
Performance differences were statistically evaluated to 
determine measurable improvement. 
 
6. Case Study: Global Logistics Provider 
6.1. Pre-Implementation State 

Prior to implementing the Predictive Asset 
Optimization Framework [8], the company’s distribution 
centers were operated by hundreds of thousands of pieces of 
hardware/software, and the asset management process was 
mostly reactive [2]. Periodic audits and manual intervention 
were required to identify and rectify issues with assets and 
equipment; therefore, typically, equipment failure occurred 
after service had been interrupted, causing significant 
operational problems. Each location had over 300 hours of 
downtime related to asset availability each year, directly 
impacting the throughput of logistics and the availability of 
services and commitments to customers. 

The challenges in software asset management were 
similar. License positions were not reviewed frequently 
enough and were frequently reconciled only in response to 
vendor audits [3]. The result of infrequent reconciliations 
was an enormous amount of overspend on software licenses; 
over 1.8M USD a year due to underutilized entitlements, 
duplicate licenses, and very limited visibility into actually 
utilized software [5]. Additionally, many ghost assets were 
present within their operations; ghost assets are devices and 
licenses in their repository that were not being effectively 
utilized. Almost 1 in 3 of the recorded assets fell into this 
category and impacted their ability to financially plan, 
inflating the cost of maintenance contracts and obscuring 
their effective utilization of the asset [5].  

 
The elevated Mean Time to Repair caused by delayed 

detection and fragmented data resulted in the absence of 
real-time health indicators or predictive insights for the IT 
teams. This led to a lack of early warning signals, which 
forced IT teams into a reactive firefighting mode. 
Combined, these factors highlighted the limitations of 
traditional, static asset management methods for 
organizations operating at a large scale [1]. 

 
6.2. Post-Implementation Outcomes 

After the implementation of the Predictive Asset 
Optimisation Framework [8], the organization saw a 
significant change in terms of cost management and asset 
performance due to a measurable reduction of 
approximately 25% in downtime caused by assets (due to 
predictive maintenance workflows that prevented failure 
prior to affecting service). The proactive scheduling of 
maintenance work during lower-impact times resulted in 
increased operational resilience [9]. Software licence costs 
were reduced by nearly 40% due to automated reclamation 
of unused licences and ongoing entitlement reconciliation 
activities provided by the solution [3][5]. The Predictive 
Asset Optimisation Framework provided ongoing visibility 
into the way that licences were used by enabling an 
organization to identify how to optimize their renewals and 
eliminate unnecessary purchases. 
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The identification of ghost assets has been practically 
eliminated [5], which resulted in the organization being able 
to restore confidence in their asset data; therefore, they are 
able to create more accurate budgets, forecasts, and capacity 
plans. Mean Time to Repair was significantly decreased 

thanks to improved detection of issues earlier in the process, 
utilization of automated notifications, and implementation 
of streamlined remediation workflows by IT departments 
that have transitioned away from reactive troubleshooting to 
more proactive measures [8]. 

 
Table 1. Predictive Model Metrics 

Metric Pre-Implementation Post-Implementation Improvement 
Annual Downtime 300 hrs 225 hrs 25% ↓ 
License Overspend $1.8M $1.08M 40% ↓ 

MTTR 7.2 hrs 5.1 hrs 29% ↓ 
Predictive Accuracy N/A 88% — 

The predictive model achieved an overall classification 
accuracy of 88%, aligning with ensemble-based predictive 
maintenance performance reported in prior literature [11], 
[7]. 

 
6.3. Quantitative Reliability and Utilization Metrics 
Analysis 

To provide rigorous quantitative validation of the 
Predictive Asset Optimization Framework (PAOF), the key 
reliability and utilization indicators—Mean Time Between 
Failures (MTBF), Mean Time To Repair (MTTR), and 
License Utilization Ratio (LUR)—were computed before 
and after implementation. 

6.3.1. Mean Time Between Failures (MTBF) 
Using the standard reliability formulation [10]: 

𝑀𝑇𝐵𝐹 =
Total Operating Time

Number of Failures
 

 
During the six-month evaluation period: 

Pre-Implementation 
Total operating time = 4,380 hours 

Number of failures = 24 

𝑀𝑇𝐵𝐹௣௥௘ =
4380

24
= 182.5 hours 

 
Post-Implementation 

Total operating time = 4,380 hours 
Number of failures = 16 

𝑀𝑇𝐵𝐹௣௢௦௧ =
4380

16
= 273.8 hours 

 
This represents a 50% increase in MTBF, indicating 

significantly improved asset reliability and extended 
intervals between failure events. 

6.3.2. Mean Time To Repair (MTTR) 
As previously defined: 

𝑀𝑇𝑇𝑅 =
Total Downtime

Number of Incidents
 

 
Pre-Implementation: 7.2 hours 

Post-implementation: 5.1 hours 

This represents a 29% reduction in repair time, 
demonstrating the effectiveness of predictive alerts and 
automated orchestration workflows in accelerating 
remediation processes. 

 
6.3.3. License Utilization Ratio (LUR) 
License Utilization Ratio was calculated as: 

𝐿𝑈𝑅 =
Active Installations

Purchased Licenses
 

 
Pre-Implementation 
Active installations = 6,200 
Purchased licenses = 10,000 

𝐿𝑈𝑅௣௥௘ = 0.62 

 
Post-Implementation 
Active installations = 7,900 
Purchased licenses = 9,200 

𝐿𝑈𝑅௣௢௦௧ = 0.86 

 
This reflects a 38.7% improvement in utilization 

efficiency, achieved through automated reclamation of 
unused licenses and continuous entitlement reconciliation 
[3], [5]. 

 
6.3.4. Reliability Interpretation 

From a reliability engineering perspective [10], an 
increase in MTBF combined with a reduction in MTTR 
results in higher system availability, calculated as: 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑀𝑇𝐵𝐹

𝑀𝑇𝐵𝐹 + 𝑀𝑇𝑇𝑅
 

 
Pre-implementation Availability 

182.5

182.5 + 7.2
= 96.2% 

 
Post-implementation Availability 

273.8

273.8 + 5.1
= 98.2% 

 
This 2% increase in availability is operationally 

significant in high-volume logistics environments, where 



Saikrishna Tarakampet & Subhash Tatavarthi / IJCTT, 74(2), 30-37, 2026 
 

35 

even marginal availability improvements yield measurable 
throughput gains. 

7. Predictive Asset Optimization Model 
Using advanced machine learning algorithms [7], this 

predictive asset optimization model forecasts downtimes 
through analysis of past performance indicators (i.e., 
health), real-time usage trends, and inherent characteristics 
of the asset (e.g., age, lifecycle stage, etc.). 

Health indicators consist of the following types: signal 
characteristics such as error rates, performance degradation 
patterns, and fluctuations in operating temperatures, as well 
as historical failure events. The intensity of usage on an 
asset is also important, as it determines how the asset is 
currently being used based on its rated capacity versus the 
actual usage level. The age/warranty of the asset is a useful 
input into the model since it allows differentiation between 
early-time anomaly patterns (e.g., infant mortality) versus 
late-time degradation patterns (end of life). A major benefit 
of this predictive asset model is that it will continually enroll 
in/retrain itself based on the most recent telemetry data [7]. 
As operational environments (workload profiles, 
environmental conditions, maintenance practices, etc.) 
change, the predictive asset model will continually adjust its 
internal parameters and will dispense accurate predictions 
of the asset’s performance into the future. Therefore, the 
predictive asset model will produce accurate predictions of 
the asset’s performance as fleets continue to grow, as 
technology refresh cycles are changed, and as business 
needs vary [8]. A model was able to learn consistently, 
increasing the accuracy rate for predicting risk with an 
eighty-eight percent accuracy level of achieving a balance 
of reducing operational noise, while being able to identify 
high-risk assets from an early period [8]. 

 
Sufficient time was provided for organizations to take 

preventative actions regarding their identified high-risk 
assets, while low-confidence signals were filtered out so as 
not to create an unnecessarily high number of false alarms. 
With this high degree of accuracy and precision, 
organizations were able to confidently make proactive 
decisions regarding maintenance, replacement, and capacity 
planning, and also to minimize any potential downtime due 
to unanticipated circumstances without adding to the 
workload of their operational team with increased 
intervention. 

8. Implementation Blueprint 
PAOF [8] serves as an example of the implementation 

of ServiceNow as a Scoped Application [4]. It was designed 
with portability and strong governance in mind, as well as 
the safe upgrading of ServiceNow from one release to the 
next. Since everything (custom logic, custom objects, and 
workflows) is in a dedicated scope, it is insulated from any 
changes that ServiceNow makes to its core platform, while 
allowing organisations to leverage the native capabilities of 
ServiceNow. This allows organisations to adopt new 
approaches to asset management without adding to their 
technical debt or upgrade risk. 

The implementation of PAOF also includes CMDB 
extensions based on common service data model principles 
[4], which add predictive attribute information (health 
scores, utilization trends, risk indicators, and lifecycle 
status) to asset records. 

CMDB integrity is preserved by integrating the CMDB 
extension data with existing configuration items, and 
CMDB extension data expands the analytical value of the 
CMDB. 

Using Flow Designer and subflows [4], predictive 
maintenance workflows translate the output of predictive 
models [7] into actions. 

When the forecasted risk exceeds predetermined 
thresholds, the workflows will automatically schedule 
maintenance, request to replace hardware, reclaim unused 
software licenses, or notify the owners/operators of assets. 

All workflows are designed to operate asynchronously 
to accommodate the required scalability and non-blocking 
operation of asset management in very large environments 
[8]. 

The Telemetry Parsing Scripts Component provides a 
comprehensive normalization layer for telemetry data 
received from multiple sources (e.g., monitoring platforms, 
endpoint agents, Internet of Things sensors, system logs), 
allowing for standardized extraction of features regardless 
of the source format or protocol. 

The feature extraction is used by the Model Invocation 
Logic Component to generate predictions [7] based on the 
schedule or events associated with those features. 

In addition to providing flexibility and continuous 
improvement, the Configuration Tables Component 
contains tables that define asset health metrics, thresholds, 
and policy parameters [8]. 

Administrators can modify these settings to adjust 
sensitivity, maintenance windows, and escalation behavior 
without requiring changes to the code they maintain and 
develop. 

 
As a result, business operations can react quickly to 

changing operational needs. 
 
Finally, tight integration between the Discovery and 

Monitoring Tools Components [4] ensures continuous and 
reliable communication between the Discovery component 
and the Predictive Engine component. 

 
Automated Discovery combines asset inventories with 

real-time monitoring feed data to provide real-time 
operational alerts, making the complete Telemetry Parsing 
Scripts, Model Invocation Logic, Configuration Tables, 
Discovery, and Monitoring Tools Components a resilient, 
extensible means of providing predictive intelligence to 
enterprise asset management systems [8]. 
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9. Best Practices 
Enterprise adoption of the Predictive Asset 

Optimisation Framework [8] has consistently driven 
enterprises to be successful at scale through a series of 
identified “best practices”. 

Insecurity with regard to the use of predictive analytics 
and automated solutions requires that an organisation 
maintain an accurate, reliable foundational CMDB built 
upon its CSDM (Configuration Service Definition Model) 
[4] and is provided with sufficient visibility into each asset. 
Every single asset must exist as an authorised configuration 
item with defined ownership, lifecycle state, and associated 
services. Creating this foundation upfront eliminates the 
possibility of creating an environment of data fragmentation 
and allows downstream optimisation activities to be trusted. 
A further requirement for predictive asset optimisation is to 
change the process by which static inventories become real-
time telemetry-based insights [8]. Static inventory snapshots 
will quickly become outdated due to the dynamic nature of 
modern enterprises [2]. Therefore, organisations will be able 
to continually monitor assets’ performance metrics, usage 
signals, and environmental parameters to determine the 
operational behaviour of each asset in real-time, rather than 
based on assumptions. 

Real-time telemetry data changes the CMDB from a 
“static record” repository system to a “living repository of 
record” [4]. To optimise the ability of the enterprise to take 
predictive actions, it is necessary to build in processes for 
controlled reactive processes as well as the ability to remain 
proactive in terms of when an organisation should perform 
an action [8]. Successful deployments utilised an approach 
whereby 80% of the asset actions were governed by pre-
emptive actions triggered by forecasting of the potential for 
risk to occur, while only 20% of an organisation’s asset 
actions were governed by reactive processes available to 
address an unexpected failure. 

This balanced approach allows organisations to 
maintain operational resilience while restricting 
unnecessary intervention to a minimum level. The 
maintenance planning must include warranty, contract, and 
financial information [5]. The extraction of maximum value 
from predictive maintenance needs to take place at the 
intersection of the commercial reality-based asset-related 
cost or economic model of the asset versus the 
organization’s condition or performance. By including 
warranty information, support contracts, depreciation, and 
replacement cost information, the platform provides an 
economic decision-making recommendation on the best 
economic course of action, whether that is repair versus 
replace an asset or reclaim licenses prior to renewal [9].  

 
Finally, to identify asset cost and health in real time, 

leadership dashboards provide executive stakeholders with 
up-to-date and concise views of the relationship between the 
asset’s performance and its potential financial impact on the 
organization [8]. In addition, the executive dashboards 
visually depict the risk of downtime, the total cost of 

ownership, and the potential for non-compliance, allowing 
executives to make informed decisions. 

 
Thus, asset management should be considered a 

strategic discipline or competency, as opposed to a 
tactical/function-based competency [9]. Overall, these 
combined activities indicate that achieving successful asset 
optimization requires disciplined, systematic application of 
IT Asset Management (ITAM) and Configuration 
Management Database (CMDB) principles [4], with the 
application of predictive intelligence [7] and operational 
governance to maximize the effectiveness of these assets 
[8]. 
 
10. Future Work 

In the future, the Predictive Asset Optimisation 
Framework [8] will continue to evolve towards fully 
autonomous and sustainable asset ecosystems using 
predictive analytics [7]. Digital twins will be one major area 
for development, allowing organisations to create realistic 
simulations of their physical assets (e.g., servers, network 
equipment, industrial hardware) [9]. 

Digital twin technology will allow organisations to 
model how their assets respond under different load, 
environmental, and failure conditions in a safe manner, thus 
giving them greater confidence in maintenance planning, 
replacement timing, and capacity planning while reducing 
production losses as they fine-tune these critical processes. 

Another major area of research will focus on 
developing adaptive maintenance playbooks using 
generative artificial intelligence (AI) technology [8]. 
Currently, most maintenance procedures are written 
statically by humans. In the future, generative AI will use 
this same data (asset type, past failures, vendor 
documentation, and telemetry) to create dynamically 
updated maintenance action plans. This will reduce the 
amount of specialised human expertise needed to create 
maintenance plans and increase the ability of AI-generated 
playbooks to adapt as best practices evolve. 

Another important area for further investigation is the 
potential for generative AI to generate adaptive maintenance 
playbooks. Traditionally, maintenance procedures have 
been created manually as static documents; however, with 
the advent of generative models, companies can create 
dynamic maintenance actions based on asset type, historical 
failure data, vendor documentation, and real-time telemetry 
[7]. 

The AI-created playbooks will continuously improve 
over time as more failures are recorded, ultimately allowing 
for higher-quality resolution to be reached with less reliance 
on specialized human expertise. Additionally, the 
framework will also explore the use of blockchain 
technology for tracking the provenance of assets [9], in 
order to create increased trust and visibility throughout their 
entire lifecycle. By creating immutable provenance records 
that can document asset ownership, changes to an asset’s 
configuration, maintenance activities, and events during a 
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transfer, this will provide an audit trail that cannot be 
altered. 

This capability is especially important for highly 
regulated industries and global supply chains, as proving 
authenticity and chain-of-custody are extremely important 
to organizations. Finally, future work will introduce the use 
of sustainability scoring models that score the carbon impact 
of each asset [9]. By examining the relationship between 
energy use, utilization patterns, and lifecycle duration of an 
asset, organizations can evaluate how much damage an 
individual asset or service is causing to the environment. 
These data points provide organizations with the ability to 
make smart, data-driven decisions when it comes to 
maximizing their performance, minimizing their costs, and 
reducing their impact on the planet through ESG 
commitments. These three areas of research represent a set 
of research directions that will ultimately position predictive 
management of assets as one of the foundational elements 
of intelligent, autonomous, and responsible enterprise 
operations [8]. 

11. Ethical Considerations and Data 
Governance 

All telemetry and lifecycle datasets used in this study 
were anonymized prior to analysis. No personally 
identifiable information (PII) was processed. Access to 
operational datasets was governed through role-based 
controls aligned with enterprise security policies and 
established information security management standards 
[14]. Automated lifecycle decisions remained auditable and 
reversible to prevent unintended operational impact. 

12. Study Limitations 
This research is based on a single enterprise case within 

the logistics sector. Results may vary across industries with 
different asset compositions and governance maturity 
levels. Additionally, the six-month controlled evaluation 
period may not fully capture long-term lifecycle 
optimization effects. Future research should examine multi-
industry validation and extended longitudinal analysis. 

13. Conclusion 
The Predictive Asset Optimization Framework [8] 

enables organizations to harness advances and technologies 
that combine machine learning forecasting [7] with CMDB 
discipline [4] and the automated orchestration of the entire 
lifecycle, helping organizations to move from the reactive 
cost center to the proactive strategic advantage of their 
assets, resulting in reduced downtime, price-efficient 
licenses and greater operational resilience [9]. Through data 
collection and analysis, companies realize that their assets 
produce signals prior to any failure occurring, allowing the 
organization to proactively identify and address these 
signals. 

Compared with traditional reactive ITAM models 
reported in prior literature [10], [11], the Predictive Asset 
Optimization Framework demonstrates measurable 
superiority through the integration of forecasting, CMDB 
governance, and automated orchestration. Unlike 
equipment-level predictive maintenance systems, this 
framework embeds predictive intelligence within enterprise 
service and financial governance structures. 
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