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Abstract

In service-based industries, sustainable competitive advantage is closely related to the continuity, quality, and adaptability
to innovation of the services offered to customers. As service systems become increasingly complex due to the impact of
digital transformation, Industry 4.0, and increasing competition, traditional Service Lifecycle Management (SLM) systems
are insufficient to meet emerging operational and customer demands. Therefore, a different approach to SLM systems using
current technologies has become a major necessity. This research aims to examine how SLM can be algorithmically
improved through the systematic integration of data analytics (DA), machine learning (ML), and artificial intelligence (Al)
into service management stages, and to explore the intelligent management system provided by this transformation.
Adopting a conceptual and analytical approach, this research proposes a different approach to the Intelligent Service
Lifecycle Management (SSLM) model by integrating intelligent technologies into the fundamental stages of the classical
SLM framework. The findings demonstrate that DA, ML, and Al-supported SLM transforms service management from a
reactive and static structure into a proactive, predictive, and data-driven system. It also improves decision-making
accuracy, risk mitigation, and resource optimization throughout the service lifecycle. Consequently, service-based
organizations will be able to achieve higher operational efficiency, improved service quality, and increased organizational
agility through SSLM.
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1. Introduction

Today's rapidly evolving and changing business environment must cope with intense competition. This competition
brings various challenges across fields of activity. Service-focused organizations are among these activities. This is because
traditional management methods related to the services, they offer struggle to manage business processes and are
insufficient in improving service quality. Therefore, considering the service itself as a product is gaining importance. Not
only commercial businesses providing services, but also public institutions want to diversify and improve the services they
offer. These organizations aim to increase public satisfaction with new services in addition to those they currently provide.
However, the increasing number of people and the complexity of the variety of services needed make the process difficult
for these organizations to manage. They struggle to maintain the quality standards of the services they provide. Service
management, drawing on experience gained from similar service management systems created previously, has taken its
current form by being specifically developed and adapted for the service sector. Thus, studies that started in specific areas
of the sector have been generally extended and made more systematic.

Although the concept of service may not initially resemble physical products, when considered as a process, it shares
many similarities. An approach like Product Lifecycle Management (PLM) [1] which focuses on the manufacturing
industry, has been adapted to the service sector [2]. Service Lifecycle Management (SLM), which encompasses all
processes from the concept stage to design, market launch, operational management, and continuous improvement, has
been developed over time [3].

The manufacturing industry, recognizing its need for the service sector to meet its production process requirements,
has invested in service management. These investments have contributed to the development of service management
systems. This allows the manufacturing industry to find new business opportunities and reach different customers. This
change has paved the way for the combined use of PLM and SLM. Product Services Systems (PSS) were designed and
implemented with this approach [4]. PLM is a system for managing a company's products most effectively throughout their
entire lifecycle. SLM, on the other hand, represents the coordination and management of activities throughout the service
lifecycle, thus establishing an organic link with products.

The relationship between management information systems and Industry 4.0 is a significant factor in explaining the
subject’s intriguing nature. This necessitates examining Industry 4.0 from the perspective of management information
systems [5]. Increased global competition, driven by digital transformation and the widespread adoption of Industry 4.0
technologies, is intensifying the need for all firms to accelerate their digital transformation. Thanks to the Industrial Internet
of Things (110T), factory production processes can be optimized through predictive maintenance and similar applications.

The use of SLM systems in conjunction with PLM systems has become a necessity for many industrial products in
extending their lifecycles [6]. Most products launched on the market may require regular or condition-based maintenance
throughout their lifecycles. The integration of SLM and PLM systems in managing these maintenance tasks improves
process management. Furthermore, advancements in predictive maintenance technologies enable increased product
lifecycles and operational efficiency [7].

Most factories and businesses require large and small service operations in their production processes. The availability
of parts for complex products to be assembled on assembly lines is ensured through small service operations within the
factory. This necessitates the use of different management systems in product manufacturing. Improving production and
service processes is also crucial for the continuity of businesses. Artificial intelligence and data analytics applications in
managing the volume of personalized data generated in SLM accelerate operational processes and simplify management.

In addition to manufacturing the product or providing the service, product development and smartening efforts are
enabled by systemic advancements. Service-Oriented Product Systems (PSS) are essential for bringing smart products to
life. This necessitates the combined, harmonious use of traditional PLM, SLM, and software-oriented Application Lifecycle
Management (ALM). The overall functionality of smart products is a combination of mechanical, electronic, and software
components.

The development of intelligent products and services requires systematic use of PLM, ALM, and SLM together.
However, using different lifecycle models and various toolchains for the same product creates inefficiencies and can lead to
inconsistent data management. To overcome these challenges and prepare for rapid market competition, it is important for
manufacturers to have efficient product lifecycle processes and shared data centers [8]. This is possible by integrating and
working together with other systems through a core system, according to the structure of the product that business brings to
market.

In today's digital ecosystem, with the advent of the Internet of Events (IoE), the volume of data (Big Data) is
expanding, offering significant opportunities for businesses. However, this also brings with it the challenge of managing
and analyzing this data [9]. In this context, Artificial Intelligence (Al) and Data Analytics (DA) play a crucial role in
optimizing both SLM and PLM/SLM integration [10].

The service sector is rapidly growing thanks to technologies like 10T. This increases the diversity and complexity of
data. Companies can use the insights gained from this data to make their service processes more agile, predictable, and
customer-centric. Thus, service sectors have seized the opportunity for rapid growth in global economies.

As the complexity of services increases, managing all stages of the lifecycle effectively and in a data-driven manner
becomes crucial. The SLM concept is particularly important for small and medium-sized enterprises (SMEs) and large
organizations alike that provide these services.
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Public institutions and organizations, such as hospitality businesses or municipalities, need to continuously manage
and improve the value and quality of the services they offer [11]. Furthermore, regardless of business size, traditional SLM
approaches are largely based on manual decision-making processes, which don’t provide sufficient opportunity for data-
driven dynamic optimization. Traditional methods often fail to adapt to real-time data, customer behavior patterns, and
operational fluctuations. However, advancements in Al and DA make it possible for every stage of the service lifecycle to
be automated, predictable, and responsive to customer behavior. Recent developments in Al, machine learning (ML), and
predictive analytics have provided opportunities to improve service design, delivery, maintenance, and processes.

2. Service Lifecycle Management

Service lifecycle management (SLM) can be addressed with different models depending on the scope and
sector. One of the best-known and most generally accepted approaches is the ITIL (Information Technology
Infrastructure Library) model, which was specifically developed for the IT (Information Technology) sector [12].
Although this model was designed for IT services, it has been adapted to general service management over time
[13].

2.1. ITIL: Information Technology Infrastructure Library

IT service management (ITSM) evolved naturally as services became underpinned in time by the developing
technology [14]. According to the ITIL model, SLM consists of five phases that optimize the value creation
process of a service [15]. These phases, supported by digital tools, have the potential to increase service quality
and efficiency. ITIL also forms the backbone of the SLM system.

Table 1.
ITIL Service Lifecycle Phases.
Phase Focus Objective Summary
1 Service Why are we | It establishes the core strategy that determines how IT services will support
Strategy doing this? business objectives and compete in the market.
2 Service How will it be | It enables the design of new or modified services, processes, architecture, and
Design done? measurement methods in line with the strategy.
3 Service Go-live It manages the successful, secure, and minimally disruptive deployment of the
Transition designed services to the operational environment.
4 Service Periodic It ensures that services operate efficiently and effectively on a periodic basis,
Operation Operation and that agreed service levels are met.
5 Continual How can we | By continuously evaluating the performance of services and processes, it
Service do better? identifies and implements improvement opportunities according to defined
Improvement goals.

This diagram illustrates the value-oriented and continuous improvement-focused structure that forms the basis
of the ITIL framework.
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Figure 1.
The ITIL Service Lifecycle Diagram.

The ITIL Service Lifecycle diagram shows the flow of a service from its initiation with a strategic decision,
through its design, implementation, daily operation, and continual improvement. This visualization emphasizes
that the Phase of ITIL are not merely a linear process, but a continuous cycle of improvement.
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2.2. SLM: Service Lifecycle Management
ITIL provides an example of a service lifecycle model. Similarly, the general scheme of SLM, which has been
developed in a more general and comprehensive way, is shown below.

1 2 3

Planning and Needs Service Design and Service Transition
Analysis Configuration Analysis
{Strategy Definition)

6 5 4

Service Termination Continual Service Service Operation
Improvement and
Maintenance

Figure 2.
Service Lifecycle Management Diagram.

Service Lifecycle Management (SLM) is a holistic approach that enables the structured and systematic
management of a service from its initial conception to its termination. The process begins with the Planning and
Needs Analysis (Strategy Definition) phase, during which the purpose, scope, and strategic objectives of the
service are defined. This is followed by the Service Design and Configuration Analysis phase, where the technical,
operational, and structural requirements of the service are determined and the design is finalized. Next, during the
Service Transition phase, the designed service is tested and deployed into the live environment in a controlled
manner. Once the service goes live, it enters the Service Operation phase, where it is delivered, monitored, and
managed daily. Performance data and feedback collected during service operation are then analyzed in the
Continual Service Improvement and Maintenance phase to enhance service quality, efficiency, and sustainability.
Finally, when the service no longer delivers sufficient value, it proceeds with the Service Termination phase,
during which it is systematically and controllably retired.

This diagram also illustrates how the connections between the stages of the SLM are related. This type of
relationship shows the nature of the inter-stage link. This, in turn, expresses the connection between the different
phases within the service's lifecycle.

2.2.1. Planning and Needs Analysis (Strategy Definition)

At this stage, strategic planning and needs analysis are conducted to determine the service's position in the
market. The target customer group and how the service will create value are identified. In the digital age, strategic
decisions are made through the interpretation of historical data and predictive analysis. The role of Al in
Management Information Systems is to enable decision-makers to make informed decisions by accessing accurate
and timely information. Thus, the service strategy can be proactively determined according to the current and
future needs of the market. This is the stage where the business determines which services to offer, to whom, at
what cost, and how, and where goals and policies are defined.

2.2.2. Service Design and Configuration Analysis

This is the stage where the service is meticulously planned in line with strategic goals and confidently
transferred to the operational environment. Literature shows that data mining and Natural Language Processing
(NLP) techniques are frequently used to anticipate customer needs during the service design phase [16].

Digital components, such as Cyber-Physical Systems, are added to service design to ensure the harmonious
functioning of both the physical and digital aspects of the service. During service design, feature extraction from
customer feedback, feature extraction through sentiment analysis, and the automatic generation of service delivery
diagrams are all achieved through Al.

2.2.3. Service Transition

It manages the secure deployment of designed or modified services to the live environment. It is tested in a
virtual environment using Al-powered testing and validation tools. Potential errors and risks are minimized before
the service is deployed live. The security and speed of the transition are improved.

2.2.4. Service Operation

This is the stage where the service is delivered daily, and user requests and problems are managed. Ensuring
uninterrupted delivery service and minimizing costs is a priority for businesses. Customer feedback is collected
during delivery. This data provides valuable information for improving the process. Digital transformation benefits
at this stage include increasing service efficiency and cost-effectiveness. Al-based systems automate repetitive and
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routine tasks. This reduces human intervention, lowers errors, and increases productivity. In service delivery, Al is
applied in areas such as process mining, intensity estimation, and workload optimization.

Public service providers, such as municipalities, facilitate service delivery by incorporating Al into decision-
making and operational processes through digital transformation offices. Al is used to increase autonomous service
interactions and improve the service process through chatbots.

In queue management, ML (Machine Learning) models are used to increase decision-making efficiency. By
building models with queue theory, queue length and waiting times can be predicted, leading to improvements.
Optimal decisions can be made regarding the number of personnel and machines needed for service delivery. It is
used to estimate waiting times, plan capacity, and analyze service congestion.

2.2.5. Continual Service Improvement and Maintenance

The final stage of SLM (Service Level Management) is based on the continuous measurement, monitoring, and
improvement of services. This stage ensures the cyclical nature and sustainability of the service. System
performance and processes are continuously measured, evaluated, and improved throughout the service operation.

The strongest area in literature at this stage is predictive maintenance and anomaly detection. With machine
learning, failure prediction, customer churn probability analysis, prediction of service level agreement violations,
implementation of improvement plans, service reporting, and process maturity management analyses can be
performed.

At the same time, data-driven improvement, using Al and DA (Data Analytics), enables rapid analysis of
accurate, functional data needed for improvement by continuously monitoring the service's key performance
indicators (KPIs). In services such as distance education, Al-based measurement systems play a significant role in
identifying students' individual differences and learning styles. This type of personalized data not only improves
the service but also provides crucial data input for the Service Design stage in the next cycle.

2.2.6. Service Termination

At the end of the service lifecycle, an analysis of service costs is conducted, and service efficiency is
evaluated based on user behavior. Data generated during the service process is analyzed using Al to assess service
efficiency and decide whether to terminate or revise the service.

2.3. The Role of Artificial Intelligence and Data Analytics in SLM Optimization

In the context of Management Information Systems (MIS), Al plays a central role in providing accurate and
timely information for managers to make informed decisions. Data Analytics is a fundamental method for
providing this information. This method allows us to derive meaningful conclusions from numbers and figures. In
both industrial and social settings, DA optimizes the entire structure from root to end, ensuring continuous
productivity improvements. Data analytics models used in SLM include:

2.3.1. Descriptive Analytics

It is used to transform raw data into summarized and understandable information. Insights from large datasets
are presented through tables, graphs, and reports. Business intelligence tools and data visualization tools are used.
It enables SLM to understand its operational status and past events by interpreting feedback.

2.3.2. Diagnostic Analytics

Diagnostic analytics performs root cause analysis by first answering the question "what happened” and then
asking, "why did it happen?". This process involves examining relationships and dependencies and searching for
anomalies or outliers. It uses data mining, in-depth analysis, correlation, and regression techniques.

During strategy and transition phases, it is used to predict future trends and risks. This, in turn, guides service
or product production, thereby increasing business profitability.

2.3.3. Predictive Analytics

It aims to predict future outcomes or trends using past data. It doesn't say exactly what will happen, but it
indicates the probability of an event occurring or the expected range of an outcome. Machine learning (ML)
algorithms, especially regression and classification models, are used in time series analysis.

2.3.4. Prescriptive Analytics

This is the most advanced stage of analytics. After understanding both the past and the potential future, it
suggests the most appropriate step or decision to take to achieve a specific goal. It is the area where Artificial
Intelligence (Al) is most widely used. Tools such as optimization algorithms, simulation, Al systems, and decision
trees are employed.

Throughout the entire cycle, it provides direct optimization by identifying the best course of action. It answers
the question: Which resource should we allocate and when?
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3. Optimization of SLM Stages with Artificial Intelligence and Data Analytics

Al and DA modify each stage of SLM, leading to significant improvements in service management and ensuring
seamless process execution. Al-powered adjustments within the system allow for continuous optimization of the entire
system over time, resulting in consistently improved overall system efficiency.

3.1. Optimizing Predictive Decision Making in the Strategy Phase

Service strategy defines the fundamental principles for market presence and competition. Traditional methods
generally rely on historical data. However, with the impact of the digital world, DA leverages the power of
information from the past to shape the process for the future. To forecast demand and plan capacity, Al algorithms
can analyze big data such as seasonal changes, economic indicators, and customer behavior, predicting future
service demand with high accuracy.

In hotel management, DA determines the most appropriate strategy for room pricing and occupancy rates. In
municipalities, it ensures accurate planning of services such as emergency services or public transportation
capacity.

The risks of launching a service can be simulated using Al-based models. This allows for the optimization of
the return on investment (ROI) of strategic investments from the outset. Strategic units, such as the Digital
Transformation Office, contribute to digital transformation by positioning Al and DA as important tools, aligning
service strategy with the organization's overall digital vision.

3.2. Smart Infrastructure and Risk Mitigation Optimization During Design and Transition Phases

The design phase, which determines how the service will be delivered, and the transition phase, which
translates this into operation, become smarter and more error-free with Al and DA. Cyber-Physical Systems, which
form the basis of Industry 4.0, mediate the integration of physical and digital components into service design.

During the transition phase, the testing of new service processes is simulated using Al-powered automation
tools (RPA). This allows for the identification of potential errors and bottlenecks before the service is deployed to
the live environment, significantly reducing the risk and cost of the transition.

In services like distance education, Al algorithms are used during the design phase to establish data collection
mechanisms that identify individual differences.

3.3. Automated Proactive Management Optimization During the Operational Phase
Operation is the stage where the value of the service is actually delivered and consumed. Al and DA optimize
two key areas here.

3.3.1. Process Automation

These are Al-powered automations that automate the workflow during service delivery and simplify the
implementation process. Digital transformation also impacts HR (Human Resources) processes. This is especially
true for routine tasks, such as payroll and initial applicant screening, which can be automated with Al-powered
robotic process automation (RPA). Chatbots and virtual assistants automatically resolve simple requests 24/7. This
allows human resources to focus on more complex issues, reducing operational costs.

3.3.2. Error and Outage Management

Sensor data collected from machines and systems via 10T is displayed and stored. The stored data is analyzed
with DA, and an Al model is trained. This model can predict potential equipment failures that could lead to service
interruptions through real-time analysis during system operation, initiating the repair process without downtime.
This prevents interruptions in the process, minimizing costs and increasing operational efficiency.

3.4. Optimization of Circular Learning in the Continual Service Improvement Phase

CSl is the most critical, iterative phase of SLM. Al and DA transform this phase from a mere measurement
activity into a learning and automated adaptation mechanism. Al algorithms can quickly extract root causes
affecting service efficiency and customer satisfaction from data sets that are too complex to be identified through
manual analysis. This allows for accurate decisions on which improvement projects should be made to maximize
efficiency. Particularly in service sectors such as education, monitoring individual learning styles and
performances with Al enables the dynamic adaptation of services to the individual. This personalization output is
used as feedback in the Service Design phase in the next cycle. Similarly, in higher education, the aim of digital
transformation is not only to guide students towards knowledge but also to create interactive learning
environments. CSI measures the effectiveness of these environments and ensures their continuous improvement
with Al.

4. Transformational Impacts of Al and Data Analytics-Optimized SLM
4.1. Cost Efficiency and Resource Optimization

This effect focuses on eliminating waste (time, labor, money, etc.) that occurs during service delivery.
Chatbots or RPA automation minimize the waste of human and technological resources during the operational
phase.
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SSLM improves workforce efficiency, particularly by automating repetitive tasks during the service operation
phase [17]. These tasks include simple incident management, demand fulfillment, and routine system checks.

DA predicts future service demand with high accuracy by analyzing past demand patterns. This enables
accurate capacity management during the service strategy and service design phases.

4.2. Proactive and Predictive Management

The operational and strategic phases of SLM shift from a "reactive" to a "proactive" structure. This is a
significant factor in increasing citizen satisfaction, especially in public services. Al and DA transform SLM from a
system that merely reports the past into a structure that predicts the future.

Predictive analytics analyzes real-time data from service systems (loT devices, servers, software logs). This
detects signs of failure or service disruption in advance. It shifts the incident management process from
"responding when an incident occurs" to "warning and preventing incidents before they happen.” Particularly in
public services, DA can predict where a service will fail by modeling user behavior (complaint trends, frequency
of service use). This is a significant benefit in increasing citizen satisfaction.

4.3. Complete Improvement in Service Quality

Traditional improvement efforts often focus on the most obvious symptoms. Al and DA enable finding the
source of the improvement. Accurate and in-depth data analysis from the CSI phase ensures that improvements are
directed not at symptoms, but at the root causes of service quality issues.

Diagnostic analytics quickly processes event and problem data, finding complex relationships and patterns that
human analysts might miss. In the CSI (Continuo Service Improvement) phase, improvement efforts focus on
recurring and underlying causes of failure in the system, rather than "treating symptoms."

Al analyzes unstructured data (call logs, emails, social media comments), providing more accurate and in-
depth insights for CSI into what the customer truly values and what aspects of the service are causing them
dissatisfaction.

4.4. Organizational Agility

Agility is the ability to quickly adapt to market changes or meet new customer expectations. Al-powered SLM
(SSLM) helps organizations adapt to these changes more quickly.

Al-powered data collection and analysis shorten the feedback loop between service design and service
transition phases. Performance data is instantly analyzed immediately after a new service is launched, and
adjustments can be made quickly.

Predictive analytics shortens decision-making time by suggesting the best course of action in situations where
the organization needs to act quickly, such as a major security breach or competitor move.

4.5. The Importance of Data Management

The foundation of all these transformations is the proper management of data. The main requirement for
optimization is the rapid analysis of data generated throughout the lifecycle using appropriate and functional
methods. This requires a robust data management infrastructure to make informed decisions.

The integrated structure of SLM necessitates the collection of all data (service costs, customer experience,
operational performance, etc.) from PLM and other service systems in a single central environment. Since Al and
DA operate with large and diverse data volumes (including sensor data from IoE), a robust data management
infrastructure to store, process, and analyze this data at high speed is critical. Incorrect or inadequate data
management leads to erroneous results from AI/DA models and renders all optimization efforts futile.

Al and DA fundamentally change the management philosophy of a service organization by not only making
SLM work a little better but also preventing problems before they arise, avoiding resource waste, and radically
improving service quality based on scientific data. Therefore, they create a transformative impact.

5. Conclusion
5.1. Smart Service Lifecycle Management (SSLM)

In service-based economies, continuity, quality, and efficiency are vital for competitive advantage. However,
traditional management models make these elements unsustainable. This situation has transformed Service
Lifecycle Management (SLM) from merely a management model into a necessity for service-providing businesses.
This study demonstrates that integrating Artificial Intelligence (Al) and Data Analytics (DA) is a key element in
transforming this necessity into a powerful competitive advantage. The article shows how these technologies have
gone beyond optimizing SLM and have transformed it into a new management concept, Smart Service Lifecycle
Management (SSLM), similar to PLM with Al [18].

Al impacts every stage of SLM, from strategy to operation, providing a significant transformation. It digitizes
strategic decisions, making them data driven. It proactively automates service operations with predictive analytics.
It reduces transition risks and supports the Continuous Improvement cycle with specific data. SLM provides a
roadmap for service-providing businesses to manage their assets with a systematic, cyclical, and strategic
approach. Digital transformation, on the other hand, creates opportunities to increase the value of services through
Al and DA.
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5.2. Theoretical Contribution and Managerial Implications

This study provides a comprehensive review of the role of artificial intelligence in service lifecycle
management. One of the most important managerial implications of this article is that the success of Al-powered
SLM lies in transforming organizational culture from reactive to proactive management. Whether it's creating a
flawless guest experience in hospitality or providing citizen-centric smart services in municipalities, successful
service management relies on establishing a continuously learning and evolving structure by feeding all processes,
from strategy to operation, with Al and data. This integrated approach increases the efficiency of businesses while
also ensuring competitive advantage and long-term sustainability.

5.3. Future Research Areas

This study predicts that the SSLM model can be applied in different service sectors. Future research could
focus on validating this model through sector-specific case studies. However, attention should be paid to the
ethical issues, algorithmic bias risks, and data management challenges that service providers face when integrating
Al algorithms into SLM processes.

In conclusion, despite these challenges, Smart Service Lifecycle Management (SSLM) offers a crucial
management model for the survival and thriving of the service sector in the digital age. It is projected to
successfully guide both academic and industrial research in the future. SLM will become increasingly necessary
for service businesses. Artificial Intelligence and Data Analytics will be key elements in transforming this
necessity into a competitive advantage.
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