Generative AI Implementation in Enterprises: Lessons from a Case Study of Enhanced IT Service Management
Abstract
The recent rise of Generative Artificial Intelligence (GenAI) is fundamentally changing the way businesses operate, with many now investing heavily in this Technology. However, businesses are still exploring ways to extract value from GenAI and develop organisational capabilities. In this practitioner paper, we describe how Apollo Tyres Limited (ATL), a traditional tyre manufacturer in India, utilised GenAI to transform its IT service desk operations and the tangible results it achieved from this integration. We identify the following four capabilities that ATL developed using GenAI: (i) enhanced management of customer interactions, such as overcoming delays due to multi-lingual conversations; (ii) proactive resolution of incidents, such as faster categorisation based on their textual descriptions; (iii) proactive management of IT assets, such as dynamic prediction of potential failures and system inefficiencies; and (iv) strategic analysis of operational data, such as a GenAI-driven frequently asked questions system. In addition, we illustrate ATL's actions to facilitate GenAI implementation in two broad categories: (i) building a foundation for GenAI implementation and (ii) realising GenAI-enabled capabilities. Seven lessons learnt are consequently generated to guide other companies in similar efforts to implement GenAI. 
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1. Introduction
Unlike traditional Artificial Intelligence (AI) systems, Generative Artificial Intelligence (GenAI) can autonomously produce new content, ranging from text and graphics to code and product designs, by identifying patterns in existing data. Powered by large language models (LLMs) such as GPT-5 and built on transformer architectures, GenAI has the potential to transform enterprise operations by automating complex tasks, enhancing decision-making, and unlocking new value propositions (Budhwar et al., 2023; Wessel et al., 2025). Early adopters across industries, including manufacturers, are employing GenAI to accelerate product design, improve predictive maintenance[footnoteRef:1], and personalise customer engagement[footnoteRef:2]. The McKinsey Global Survey on the State of AI (2025) reports that high-performing organisations are allocating an increasing share of their digital budgets, often exceeding 20 per cent, to GenAI technologies[footnoteRef:3]. These trends position GenAI not merely as a technological breakthrough but as a strategic enterprise capability, central to future competitiveness.  [1:  https://www.accenture.com/content/dam/accenture/final/accenture-com/document-2/Accenture-Reinvention-in-the-age-of-generative-AI-Report.pdf]  [2:  https://ibmix.de/en/blog/genai-marketing-personalisation]  [3:  https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai ] 

Yet, despite its promise, most organisations struggle to translate GenAI into measurable business value. Many still face integration challenges even with earlier forms of AI, such as rule-based algorithms and traditional machine learning. Embedding GenAI into existing IT and business ecosystems introduces additional complexity, including data governance constraints, skill shortages, and cultural resistance. For instance, while 88 per cent of organisations report some use of AI,  only 7 per cent have achieved full deployment across the enterprise[footnoteRef:4]. Similarly, an IBM survey highlights that limited data accuracy, an unskilled workforce, and privacy concerns are the major challenges to the adoption of AI[footnoteRef:5]. These figures underscore that the real challenge of GenAI lies less in model capability and more in organisational orchestration, aligning people, processes, and technologies to derive sustained value.  [4:  https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai ]  [5:  https://www.ibm.com/think/insights/ai-adoption-challenges ] 

[bookmark: _Hlk201769617]In today’s digitally driven business environment, an effective IT Service Management (ITSM) framework is essential for ensuring the reliability, responsiveness and continuity of enterprise IT services (Galup et al., 2009). ITSM integrates key functions such as incident, change, asset, service request, and operations management into a unified system[footnoteRef:6]. At the centre of this framework lies the service desk, the primary interface between end-users and the IT organisation. In large and growing enterprises, the service desk is vital in sustaining global operations, reducing downtime and supporting workforce productivity. In this context, the service desk acts as a useful pilot environment for enterprise-wide rollout of GenAI adoption through experimentation and learning due to the following reasons.  First, it is data-intensive, generating vast amounts of textual and transactional data through daily incident reports, service requests, and user interactions, ideal for training and validating generative models. Second, the IT service desk is cross-functional in nature, supporting every business unit and therefore reflecting the interdependence of enterprise operations. These attributes enable organisations to derive specific, yet broader lessons learned, while also motivating scaling GenAI across wider enterprise functions. [6:  https://www.servicenow.com/products/itsm/what-is-itsm.html ] 

A central dilemma facing modern service desks is how to deliver efficient, scalable and high-quality support in the face of increasing demand, without a proportional increase in resources. This is particularly acute in global enterprises, where linguistic diversity, regulatory obligations, and diverse business processes further complicate service delivery. Over the past decade, ITSM has shifted from a reactive support model to a more proactive approach. With the emergence of GenAI, a new phase of transformation is on the horizon. Large Language Models (LLMs), at the core of GenAI, offer the potential to automate ticket classification and resolution, generate dynamic knowledge content, and enhance user interactions using conversational AI[footnoteRef:7]. But despite the promise, existing cases of successful GenAI implementation in service desks and ITSM remain limited. [7: https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-economic-potential-of-generative-ai-the-next-productivity-frontier] 

[bookmark: _Hlk201769737]Against this backdrop, the current study reports the results of a case study on GenAI implementation at the ITSM function within a large enterprise – Apollo Tyres Limited (ATL). We aim to answer the following research question: What capabilities can GenAI bring to IT Service Management, and how can organisations effectively implement GenAI to realise these capabilities? Given that the GenAI implementation at ITSM is a pilot project in preparation of an enterprise-wide roll-out of GenAI at ATL, we hope to generate insights that will both inform GenAI implementation at the specific function of ITSM but also guide enterprises to implement such technology across the whole organisation.
To address our research question, we systematically collected and analysed data through interviews with key actors involved in the GenAI implementation at the Global Service Desk (GSD) of ATL. The GSD serves as a centralised IT service desk, providing a single point of contact for employees worldwide. We also examined secondary sources, including internal documents and reports. A detailed account of our methodological approach is provided in the Appendix. Through this investigation, we identified four GenAI-enabled capabilities that can be realised within ITSM: (1) enhanced customer interaction management, (2) automated incident and change management, (3) proactive IT asset management, and (4) strategic analysis of operational data. In addition, we uncovered a set of actions undertaken by ATL at the structural, actor, and technological levels that supported the realisation of these capabilities. Finally, we distilled seven key lessons to support practitioners facing similar challenges in implementing GenAI across enterprises.
	 The remainder of the paper is structured as follows. Section 2 introduces the theme of GenAI. Section 3 presents the case background. Section 4 outlines four key GenAI-enabled applications, their capabilities, and Section 5 explains the process through which these were realised. Section 6 discusses the seven lessons learnt at ATL, and Section 7 concludes the paper with reflections relevant to practitioners.
[bookmark: _Hlk168069229]2. Generative Artificial Intelligence: Foundations and Capability Realisation
GenAI represents a state-of-the-art phase in the evolution of artificial intelligence, characterised by its ability to autonomously create new, human-like content by identifying and replicating patterns from existing and extensive datasets. To contextualise its emergence, this section delineates the evolution of AI into three distinct epochs based on Howell et al. (2024). Moreover, this section explores the realisation of GenAI capabilities that require organisational changes across the three different layers, namely: structure, actor, and technology, through GenAI implementation.
2.1 Generative AI: Definition, Foundations, and Evolution
The emergence of GenAI unfolds across distinct epochs in AI development, each reflecting a leap in capability and application potential. To contextualise GenAI, we draw on the AI evolution framework proposed by Howell et al. (2024) and the podcast by Kirill Eremenko[footnoteRef:8]. The first epoch was defined by rule-based systems that manually encoded logic using expert knowledge. Examples include MYCIN, an early medical diagnosis system developed in the 1970s (Van Melle, 1978), and expert systems used in industrial automation, which applied predefined rules to handle equipment faults or schedule maintenance. While these systems were effective in narrow domains such as industrial automation, they lacked adaptability to complex or evolving environments (Wolfram, 2024).   [8:  SDS 747: Technical Intro to Transformers and LLMs, with Kirill Eremenko: https://www.superdatascience.com/podcast/technical-intro-to-transformers-and-llms-with-kirill-eremenko ] 

The second epoch introduced machine learning and deep learning, which enabled algorithms to learn patterns from structured and unstructured data. For example, Amazon employed machine learning to personalise product recommendations, while deep learning methods enhanced fraud detection in banking by recognising unusual transaction patterns[footnoteRef:9]. These advances laid the groundwork for the third epoch by enabling the large-scale data processing and pattern recognition capabilities that underpin today’s generative models. We are now in this third epoch, characterised by GenAI, systems capable of self-supervised learning and generating human-like outputs across multiple modalities. They often resemble human-created content, whether by iterating manifold alternatives until they produce a response that meets the model’s requirements or returning consistent answers when the task demands it. This shift has been driven by the rise of transformer-based architectures, which use attention mechanisms to preserve long-range context while processing inputs efficiently (Vaswani et al., 2017). GenAI models such as GPT-5 are built on these foundations. They can produce coherent text (e.g., OpenAI's ChatGPT, Google's Gemini models, Anthropic's Claude series and Jasper), generate images (e.g., DALL-E, Midjourney and Stable Diffusion), create audio (e.g., ElevenLabs, Murf.ai), and develop software code (e.g., GitHub Copilot, Replit Ghostwriter). [9:  https://www.jpmorgan.com/insights/payments/payments-optimization/ai-payments-efficiency-fraud-reduction] 

GenAI represents a state-of-the-art phase in artificial intelligence, distinguished by its ability to autonomously generate new content by identifying and replicating patterns from large datasets, often to improve productivity. For instance, customer service teams can accelerate response times by auto-generating answers to common queries (e.g., Klarna’s AI assistant handling millions of customer interactions[footnoteRef:10]), while marketing departments use GenAI to draft customised product descriptions or targeted campaign messages (e.g., Coca-Cola’s Create Real Magic campaign powered by GPT and DALL-E[footnoteRef:11]). In addition, marketing organisations are increasingly adopting GenAI-based personalised search engine optimisation (SEO) strategies, where models dynamically optimise website content and keywords for individual user segments in real time. By integrating GenAI into enterprise workflows, organisations are enhancing operational efficiency, creativity, and responsiveness in content-heavy environments. [10:  https://www.klarna.com/international/press/klarna-ai-assistant-handles-two-thirds-of-customer-service-chats-in-its-first-month/ ]  [11:  https://www.coca-colacompany.com/media-center/coca-cola-invites-digital-artists-to-create-real-magic-using-new-ai-platform ] 

2.2 Realisation of value from GenAI  
In this practitioner paper, we adopt a socio-technical systems perspective to examine how GenAI capabilities are realised, recognising that this phenomenon is inherently socio-technical (Kanitz et al., 2023; Sarker et al., 2019). Specifically, we argue that successful GenAI integration requires coordinated organisational changes across three interdependent layers: structure, actor, and technology (Bostrom & Heinen, 2017). Structures are characterised by project organisations and institutional arrangements; actors are characterised by capabilities and shared culture; and technologies are characterised by tools and technological platforms, as well as the processes required to fulfil work or deliver services.
	At the structural level, organisations face challenges in deploying GenAI, including allocating GenAI expertise, integrating AI-driven workflows, and establishing new inter-relationships between business units and IT. Addressing these issues requires fostering cross-departmental collaboration (Eggers et al., 2021; Ryan et al., 2024) and adopting agile methodologies such as Scrum and SAFE to enable iterative development and stakeholder alignment (Mettler & Ballester, 2021).  
At the actor level, the focus is on building employee capabilities in GenAI literacy, business acumen, and technical proficiency (Cetindamar & Kozanoglu, 2021; Abedin, 2021). Organised reskilling initiatives must include core training in business statistics, data analysis, and machine learning. More advanced programmes should introduce supervised and unsupervised models, deep learning principles, and practical use-cases of transformers and LLMs (Ooi et al., 2024). Additionally, fostering a shared culture of innovation is crucial to ensure adoption and sustained value realisation (Audretsch et al., 2022; Olariaga-Santa-Cruz et al., 2024). These capability-building efforts also consider the differing responsibilities of employees involved in GenAI adoption, from those applying AI in day-to-day operations (e.g., a service worker in ITSM) to those developing, configuring, and maintaining the underlying systems (e.g., prompt engineers and technical specialists). 
At the technology level, the emphasis is on establishing a robust infrastructure and deploying the necessary tools required to effectively scale GenAI applications (Chowdhury et al., 2024; Wessel et al., 2025). This often implies investing in advanced computing resources and platforms to meet the computational demands of models such as GPT-5, together with significant enhancements in data storage, processing power, and network infrastructure to accommodate the vast amounts of data that these models parse (Chowdhury et al., 2024; Haki et al., 2025). Equally important is implementing high-end security measures and continuous monitoring systems to safeguard data integrity and ensure regulatory compliance. A strong technological foundation facilitates the seamless integration of GenAI into existing systems, accelerating innovation by enabling rapid prototyping and the scalable deployment of AI-driven solutions across the organisation.
[bookmark: _Hlk207180095] Organisations can unlock the transformative potential of GenAI by aligning structural changes, actor-level capability development, and advanced technological foundations. In the following section, we introduce our case company, Apollo Tyres Limited (ATL), and examine how GenAI was implemented within its service desk operations, highlighting the actions taken at the structural, actor, and technology levels to realise its value.
[bookmark: _Hlk211269804]3. Introduction to ATL
[bookmark: _Hlk207180139][bookmark: _Hlk207180199][bookmark: _Hlk207180230]Apollo Tyres Limited (ATL), established in 1972, has grown into a multinational enterprise and a significant player in the global tyre market. According to the Global Tyre Report 2023, it ranked 13th among the world’s top 30 producers[footnoteRef:12]. In the financial year 2023, the company reported consolidated revenue of ₹245.68 billion, with a net profit of ₹11.05 billion and an operating profit of ₹33.14 billion. ATL employs more than 19,000 people worldwide (as of FY 2023)[footnoteRef:13] and maintains marketing and distribution networks across the United States, Europe, the Middle East, India, and other Asian regions. Its manufacturing facilities are located in Asia, the Netherlands, and Hungary, supported by research and innovation centres in Asia and Europe, as well as a digital innovation hub in London. Given this global footprint and organisational scale, ATL faces increasing complexity in coordinating IT service delivery across regions, making its service desk operations a critical foundation for business continuity. [12:  https://auto.economictimes.indiatimes.com/news/tyres/five-indian-tyre-makers-in-global-top-30-list-atma/106168860]  [13:  https://corporate.apollotyres.com/who-we-are/at-a-glance/ ] 

3.1 Implementation of GenAI in the service desk at ATL
[bookmark: _Hlk207180692][bookmark: _Hlk207180713]2011: Launch of Service Desk. In 2011, Apollo Tyres Limited (ATL) launched its Global Service Desk (GSD) to support its worldwide operations. The GSD functions as ATL’s centralised IT service desk, providing a single point of contact for employees across all regions. Its primary role is to assist internal employees, referred to as “customers” within ATL’s ecosystem, by providing responses, resolving issues, and improving overall IT support efficiency. As ATL expanded globally, the service desk evolved from a locally focused unit into a fully integrated GSD designed to deliver 24/7 support, multilingual assistance, and uniform service delivery across geographies. Unlike traditional service desks, which typically address region-specific issues during local business hours, ATL’s GSD enables continuous, standardised IT support for the organisation worldwide. Please refer to the evolution of ATL-GSD in Figure 1.

	[image: ]

	Figure 1: Evolution of ATL’s Global Service Desk


[bookmark: _Hlk207180729]
This initiative responded to the growing complexity of ATL’s international expansion, facilitating the company’s operational needs across multiple geographies. Initially, the GSD primarily managed queries in English. However, as ATL grew and established new facilities worldwide, the service had to expand to accommodate seven additional European languages. At the time, reliable online translation tools were limited, so this linguistic expansion required close collaboration with local teams to ensure effective and timely query resolution.
[bookmark: _Hlk207180765]2011-2019: Growth and Language Support. Between 2011 and 2019, ATL’s Global Service Desk (GSD) experienced rapid growth in query volumes, driven by global expansion, mergers, and acquisitions. Although the size of the service team remained constant, the sharp rise in service demands and increasing customer expectations created significant challenges. GSD managers reported a tenfold increase in issues, particularly due to requests in seven non-English European languages. At the same time, the absence of a centralised system for managing and developing analytical capabilities led to fragmented service desk operations, which hindered efforts to support data-driven decision-making.
2020-2022: Strategic Realignment. In 2020 and early 2021, a major shift occurred when the new CIO initiated a strategic realignment of ITSM to better harmonise processes across regions and strengthen the role of the GSD as a global platform. This included an initial exploration of how AI technologies might enhance service desk operations. At the same time, GenAI was gaining traction as a transformative technology across industries. ATL conducted market research on available AI solutions, such as machine learning and deep learning, as part of this exploration. While these technologies were effective, they offered limited potential to transform global service desk operations, particularly given their constraints in handling the complexity of natural language processing across multiple languages. Consequently, ATL concluded that GenAI would be a more appropriate choice to drive enterprise-wide IT service transformation in 2022. Thus, what is special in the case of ATL is that it skipped the second epoch of machine learning and deep learning, moving directly from rule-based systems (Epoch 1) to the adoption of GenAI (Epoch 3).
Early 2023: Pilot Design and Preliminary Evaluations of GenAI. In early 2023, ATL initiated an extensive evaluation and feasibility analysis process, with the assistance of several external vendors, to explore the incorporation of GenAI. These vendors played a crucial role by assessing ATL’s existing technology environment regarding organisational alignment, data maturity, and infrastructure readiness, and by facilitating structured meetings and brainstorming sessions under official Non-Disclosure Agreements to identify capability gaps and opportunities. They also guided ATL in prioritising feasible use cases within existing resource constraints and supported a risk assessment to evaluate potential challenges and impacts. Based on this process, ATL selected GSD, the organisation’s central IT service desk within its ITSM function, as the pilot domain over the Supply Chain and Legal Team, as it offered a favourable risk-to-impact profile: the internal user base of GSD entailed lower exposure and no direct brand impact, unlike the higher stakes associated with Supply Chain and Legal applications.
Therefore, ATL created and rolled out its first pilot projects to test GenAI-supported features within the GSD.  The pilot specifically focused on ticket classification and multilingual query handling, aiming to automate routine tasks, drastically improve response times, and address complex questions through advanced GenAI-based algorithms. Conducted over eight weeks, the pilot also collected user feedback and monitored interactions, resulting in measurable improvements and iterative refinements that paved the way for broader implementation. 
Mid 2023: Review and Refinement. Following the first pilot phase, ATL evaluated the outcomes in terms of efficiency gains, customer satisfaction, and the system’s ability to deliver reliable multilingual support. These insights informed further refinements aimed at improving accuracy and user experience.
Late 2023: MVP Deployment and Early Rollout of GenAI. By the end of 2023, ATL successfully deployed a minimum viable product (MVP) version of the GenAI solution in production, offering a limited yet essential set of core functionalities. This MVP approach supported gradual user training and adoption, allowing employees to adapt smoothly during the early deployment phase. GenAI models, especially LLMs, are supported by sophisticated machine learning algorithms such as deep neural networks that can predict next-token sequences, generate content, and even suggest actions by learning probabilistic patterns. Therefore, the GenAI implementation at ATL combined generative AI with predictive analytics. The integration enhanced service delivery through advanced translation modules for multilingual support, a combination of GenAI with predictive analytics to anticipate and prevent issues, and the automation of routine queries and ticket-routing operations.  
2024: Scaling and Sustained Improvement. After integration, ATL has been continuously refining and expanding its GenAI capabilities. The company is closely monitoring the performance of GenAI-integrated systems to make incremental adjustments and expand the scope of GenAI applications to other ITSM areas. 	
[bookmark: _Hlk207180808]3.2 Technical details of GenAI implementation at ATL
ATL's technical architecture for implementing GenAI capabilities is designed to seamlessly integrate with existing workflows, ensuring security, scalability, and operational efficiency. This architecture comprises interconnected layers optimising service desk operations by enabling secure user interactions, advanced data processing, and intelligent analytics.
[bookmark: _Hlk201781407]3.2.1 Architecture of GSD
[bookmark: _Hlk207180836]The GSD architecture consists of a multi-tiered structure supported by the Azure cloud platform. At the core is the User Interaction Layer, which serves as the primary interface between employees and GenAI-powered services. Figure 2(a) provides an overview of the GenAI-enabled ITSM application layer within the GSD architecture at ATL, highlighting the central business-facing components and their interaction with the GenAI layer. It highlights four core applications: Incident Management, IT Asset Management, Infrastructure Support, and Network & Voice. 
The architecture integrates multiple components to ensure efficient service delivery and coordination. The focus is on the end-user, who interacts globally through IT Service Management and self-service portals. These interactions are supported by a robust infrastructure, including VoIP, Operations Manager, and network monitoring tools, which provide oversight and facilitate coordination with resolver groups, IT tower heads, original equipment manufacturers, and third-party service providers.
	Central to the service delivery framework is the Centralised Service Desk, comprising first-level support (Service Desk L1 Support), remote support (Service Desk Remote Support), and a 24/5 User Experience Team. This team is critical in handling ticket escalation and remediation, working closely with specialised infrastructure support teams that manage the network, security, data centre, voice, and asset management. Additionally, the deskside support team offers localised support and addresses immediate technical issues onsite. The model is equipped to handle various operational needs, including account and password resets, email unlocking, printer driver issues, internet connectivity problems, and device performance optimisation.
	The architecture incorporates Information Technology Infrastructure Library (ITIL) tools, including Service Level Management, Quality and Service Improvement, Machine Learning Governance and Reporting, Incident Management, and Knowledge Management. These functions are enabled through platforms such as IT Service Management tools (SmartCenter), system monitoring tools (SysTrack), remote support applications (GoTo Assist), and identity management solutions (AD Self-Service Password Management). Together, these ensure comprehensive and efficient service management.
2
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	 Figure 2(a): Overview of the GenAI-enabled ITSM Application layer 
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	Figure 2(b): Overview of the Technical Architecture


Note: 1 – Data Ingestion  Layer, 2 – Process Layer,  3 – Data Lake, 4 – Serve Layer, 5 – Share Layer, 6 – LLM, 7 –  End Users, 8 – Visualisation Layer, 9 – Data Storage and Processing, 10 – Purview Layer, 11 – Orchestration Layer.     

3.2.2 Technical Architecture of GenAI layer at ATL 
[bookmark: _Hlk207181260]The core feature of the technical architecture is the GenAI layer, powered by Azure OpenAI. This layer comprises interconnected modules designed to streamline ITSM functions, as described above and illustrated in Figure 2(b) (components [1] to [11]).
Data Ingestion Layer [1]: This represents the initial entry point for all raw data into the system. In the case of the GSD, the data ingestion layer gathers information from diverse communication channels where end users [7] interact, including emails, chat transcripts, transcribed call recordings, event logs, internal knowledge base articles, Service Level Agreement (SLA) information, and system logs related to technical issues. Its role is to ensure that all relevant interaction data, regardless of source, is collected and brought into the system for further processing.
Process Layer [2] and Data Lake [3]: The raw data is processed through a medallion architecture [2], which organises it into Bronze (raw), Silver (cleaned), and Gold	 (enriched) layers to refine the ingested data, as presented in Figure 3. In the context of the GSD, the Bronze Layer stores the raw, unprocessed data exactly as it was ingested. 
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Figure 3. Process medallion architecture
The Silver Layer then cleanses, normalises, and structures this data, while the Gold Layer further refines it, making it process-ready and curated for specific analytical or GenAI model training purposes. The processed data is stored in a data lake [3], which serves as the central repository for GenAI and model training. 
Serve Layer [4] and LLM Integration [6]: Simultaneously, the LLM [6] operates as the central GenAI engine within this architecture, enabling contextual understanding from historical data and generating accurate insights. The LLM is trained on the highly refined Gold-layer data within the GSD to perform several critical functions. It is capable of accurately interpreting the intent and context of end-user queries. This layer employs advanced LLMs, such as the proprietary GPT-5, which are fine-tuned using various techniques, including Retrieval-Augmented Generation (RAG) and supervised fine-tuning. These methods enable the models to generate responses based on ATL’s domain-specific data, including historical service logs and interaction records. As a result, the responses produced are highly accurate and relevant to operational needs. The processed and model-enhanced data is then passed to the serve layer [4], which delivers real-time assistance to end users such as support agents or employees. For example, when a user raises a ticket stating, “VPN is not connecting,” the system immediately applies the LLM to retrieve potential fixes from historical records and presents the agent with pre-drafted responses.
[bookmark: _Hlk207181322]The visualisation layer [8] provides insights into ticket volumes, Service-level Agreement (SLA) compliance, and category-wise resolution trends, enabling managers to detect patterns and make informed, data-driven decisions. This layer presents data and insights in a clear, actionable visual format. In contrast, the share layer [5] ensures that knowledge generated by the GenAI system is distributed across teams or external systems. The orchestration layer [11] automates repetitive backend processes within the architecture, such as data updates, model retraining, and pipeline management.   
Data governance is managed through Purview [10], which provides comprehensive data cataloguing and compliance capabilities. Meanwhile, data storage and processing modules [9] handle large volumes of data and perform the necessary computational tasks for downstream applications. For GSD, this typically involves using cloud storage services such as Azure Data Lake Storage to host the extensive end-user [7] interaction data. For processing, distributed computing frameworks are employed to efficiently handle the large volumes of data during the “Process” step (i.e., Medallion Architecture). Data sources are collected and ingested into the system for further processing, and the output generated by the GenAI layer is subsequently shared with users. 
3.2.3 Scalability of GenAI at ATL 
[bookmark: _Hlk207181342]The scalability of ATL’s GenAI-based solution was achieved through a distributed microservices architecture, leveraging containerised GenAI models orchestrated via Kubernetes for dynamic scaling. The system utilised serverless computing for AI inference tasks, enabling on-demand resource allocation without the need for continuous infrastructure provisioning. Services such as GenAI-enabled chatbots, a combination of GenAI and predictive analytics for IT operations, and automated ticket resolution were deployed as independent Application Programming Interface (API)-driven microservices, which allowed modular scalability according to workload demand. The architecture also incorporated load-balancing mechanisms to distribute GenAI requests across multiple cloud nodes, ensuring high availability and fault tolerance. In addition, the system supported both horizontal scaling (through the addition of container instances during demand spikes) and vertical scaling (via resource augmentation for intensive inference tasks). Autoscaling policies optimise cloud resource utilisation, keeping costs aligned with workload variations. To safeguard continuity, critical services were deployed across multiple cloud regions, while a monitoring layer tracked latency, error rates, and service utilisation, enabling proactive adjustments to sustain service quality at scale.
3.2.4 Training and improvement of GenAI-based models at ATL
[bookmark: _Hlk207181387]Integrating a GenAI layer on top of the ITSM tool significantly enhanced response efficiency and effectiveness. Users could describe issues in conversational language, avoiding the rigid constraints of forms and keywords. The GenAI layer subsequently automated triage by analysing requests, categorising them, and either suggesting or implementing solutions, which reduced response times. It also provided contextual assistance by offering relevant documentation and troubleshooting steps tailored to each user’s problem. Beyond immediate responses, the GenAI layer proactively identified potential issues by analysing ticket patterns, helping prevent escalations.
To sustain performance, ATL invested in retraining its structured models. Event-driven GenAI pipelines optimised real-time data ingestion, while scheduled retraining every six months incorporated historical ITSM datasets, including user queries, asset data, service incidents, and change requests. These cycles enabled the models to capture organisational context, domain-specific terminology, and recurring behaviours, improving accuracy and relevance. Continuous feedback from service desk interactions and telemetry between these cycles supported incremental fine-tuning. In addition, Retrieval-Augmented Generation (RAG) pipelines grounded outputs in the most current ITSM documentation, while supervised fine-tuning ensured alignment with operational requirements.
Finally, these training and improvement cycles also contributed to more robust knowledge management. The GenAI system automatically updated and refined knowledge bases, ensuring service desk agents had access to current information. These practices are further elaborated in Section 6 (“Lessons Learnt”).
[bookmark: _Hlk207181402]4. GenAI-enabled applications and their Capabilities at ATL
This section provides an in-depth analysis of the four key capabilities that ATL realised through GenAI implementation, offering evidence of how these capabilities were achieved. 
4.1 GenAI-enabled applications in GSD at ATL 
[bookmark: _Hlk204163064]The following sections discuss the major applications in GSD at ATL that underwent GenAI implementation, namely Incident Management, Asset Management, Infrastructure Support Team, and Network and Voice modules. 
[bookmark: _Hlk207181579]4.1.1 GenAI-enabled Incident Management
The process begins with the user interaction phase, where users engage with the GenAI layer. Powered by a robust knowledge base, the GenAI layer serves as the primary point of contact. Through this interface, users can seek solutions to service-related issues, with the system designed to provide immediate assistance. The GenAI layer interacts with the user by offering on-the-spot resolutions and assessing the severity of the problem. If the issue cannot be resolved instantly, the GenAI layer raises a ticket for further investigation. This step was previously handled manually by agents before the implementation of ATL’s GenAI (shown on the left-hand side of Figure 2). Once created, the ticket is managed by the Ticketing System, which documents the issue and includes recommended resolutions provided by the GenAI. This ensures a clear and structured path to resolution, even when human intervention is required.
Some exemplar prompts within GenAI-enabled Incident Management include:
Q(user): My password has expired, and I want to reset it.
A(GenAI-IM): This is the password reset link (URL). Please access it and reset the password.
Q(user): I am unable to access the printer to print documents.
A(GenAI-IM): Please check the printer to see if the jam indicator is ON. If YES, please connect with local printer support and release the jam on the printer.
[bookmark: _Hlk204163199]4.1.2 GenAI-enabled IT Asset Management
ATL utilises GenAI in IT Asset Management (ITAM) tasks, including license compliance, employee onboarding and offboarding, as well as conversational access to asset data. While conventional scanning tools perform the auto-discovery of assets, GenAI complements these insights by enabling users to interact with asset information in natural language and by supporting predictive maintenance (with the predictive analytics components). Specifically, GenAI analyses usage patterns and historical data to suggest pre-emptive actions, improving service desk responsiveness and reducing downtime. Based on past information, GenAI can track a user’s asset profile and provide details such as laptop specifications, work location, IP address, machine configuration, and software licences. In addition, when an employee leaves the organisation, GenAI supports the offboarding process by automatically identifying and listing the assets to be collected or reassigned, ensuring compliance and reducing manual effort. In this manner, ATL realises benefits including improved efficiency, reduced costs, greater accuracy, and better decision-making. 
Some exemplar prompts with GenAI-enabled IT Asset Management:  
[bookmark: _Hlk206092486]Q(user): I cannot run Microsoft Visual Studio on my laptop.
A(GenAI-AM): This is a licensed product. Do you require access?
 [In the background, GenAI also checks whether the user is entitled to the licence.]
Q(user): I cannot connect to the ATL email via my mobile.
A(GenAI-AM): Please follow these steps to configure email on your device.
[If the issue persists, GenAI recommends escalation to the IT Admin since the device is personal.]

The GenAI-enabled IT Asset Management is also equipped with significant checks related to user privacy. If user X wants to know the asset specifications of user Y, then it will not answer due to a breach of user privacy.
Q (user X): What is the laptop specification of user Y?
A(GenAI-AM): I cannot disclose these details.
4.1.3 GenAI-enabled Infrastructure Support
At ATL, the GenAI-enabled Infrastructure Support layer functions as an intelligent assistant, tightly integrated with internal telemetry systems, historical ticket logs, and knowledge repositories to streamline IT operations and accelerate root-cause analysis and resolution. It serves as the first point of contact for IT operations and support engineers. When an incident arises, GenAI automatically triages it, enriches the ticket with contextual diagnostics (e.g., CPU usage, memory leaks, disk failures), and proposes relevant solutions, all while updating runbooks and knowledge articles for future use. 
	GenAI also enables proactive issue prevention through real-time monitoring. It identifies performance degradation early, analyses system behaviour, and surfaces potential risks, empowering support teams to act before disruption occurs. This continuous, self-learning loop enhances resilience across ATL’s manufacturing and business systems. Microsoft Azure's AI-powered Service Health and Advisor tools use real-time telemetry and historical data to deliver automated diagnostics and prescriptive guidance, reflecting how ATL’s GenAI engine supports infrastructure optimisation and proactive issue resolution at scale.
	Furthermore, ATL’s GenAI generates dynamic, context-specific runbooks. These are not generic templates, but detailed workflows tailored to the current user’s infrastructure environment, factoring in previous incident patterns, known error resolutions, and IT policies. This capability significantly reduces response time for recurring issues while helping new engineers confidently handle complex cases.
	Additionally, GenAI constantly learns from previous tickets and solutions, improving its recommendations over time. Insights from ATL’s Digital Innovation Hub are also regularly integrated to update this intelligence, ensuring it reflects the company’s latest practices, tools, and global infrastructure configurations. 
Some exemplar prompts with GenAI-enabled Infrastructure Support:  
Q (user): Our application server is unusually slow: what could be causing it?
A (GenAI‑Infra): Let me check server metrics: CPU, memory, and I/O trends. Early signs point to a CPU spike and high swap usage. Would you like to temporarily scale memory or restart non‑critical services? I can raise a ticket with enriched logs and suggest long‑term tuning.
Q (user): We need a recovery runbook for our SAP service in case of failure.
A (GenAI‑Infra): I’ll generate a step‑by‑step runbook: service restart, snapshot rollback, log validation, and post‑restore test. Shall I save it to our knowledge base and email it to your team?
Q (user): Our incident tickets lack diagnostics. Can you help?
A (GenAI‑Infra): Automatically enriching future tickets with server metrics, error logs, last‑30‑minute resource trends, and remediation steps. This should accelerate RCA by 60%. Shall I activate this?
4.1.4 GenAI-enabled Network and Voice Support
ATL’s Network & Voice Support in ITSM has been transformed through a sophisticated GenAI layer that combines real-time network monitoring, generative diagnostics, and smart voice‑bot integration. The system employs a proactive Artificial Intelligence for IT Operations (AIOps)-based practice during network telemetry (e.g., detection of latency, packet loss, and low bandwidth), voice call patterns, and fluctuations in device data to anticipate network degradations before they impact users.
	When issues arise, for e.g. disrupted VoIP calls from a regional hub, the GenAI agent not only recommends routing adjustments based on ATL’s Quality of Service (QoS) policies but can also generate voice-driven self-service guidance for network operations teams. Leveraging advances in voice agents like Amazon Nova Sonic, ATL’s voice-enabled diagnostics can guide on-site technicians through diagnostics verbally in real-time, combining spoken responses with automated remediation prompts.
	Moreover, the system supports intelligent provisioning: when new sites come online, the GenAI can auto-generate Virtual Local Area Network (VLAN), Session Initiation Protocol (SIP), and Differentiated Services Code Point (DSCP) configurations, stage the setup, and validate network connectivity. For capacity planning before large-scale events (e.g., new product launches or factory commissioning), the GenAI analyses usage patterns and forecasts network demand, presenting recommendations such as bandwidth scaling or traffic shaping policies. 
Some exemplar prompts with GenAI-enabled Network and Voice:  
Q (user): The video conference quality is choppy at the London hub.
A (GenAI Net Voice): Latency is high on Subnet LON 2. I suggest a quick reroute or QoS priority for the video stream. Do you want me to open a network ticket, apply a temporary rule, or reroute a path?
Q (user): Set up a new VoIP line for our Budapest office.
A (GenAI Net Voice): Here's a recommended config: VLAN 20, 802.1Q trunk, DSCP EF, SIP settings. I’ll automate provisioning once you confirm and log the activity for audit.
Q (user): Predict bandwidth usage for our upcoming sales event.
A (GenAI Net Voice): Based on prior remote all-hands, expect a 40% usage spike on LON WAN and 25% on CHE–HNG links. Should we auto-scale bandwidth or temporarily prioritise traffic?
The GenAI models were intentionally configured to provide concise, “to-the-point” responses. This reflects a pragmatic design choice at ATL. In the pre-GenAI period, employees relied solely on human support teams, often reapproaching them with repetitive or trivial queries. Lengthy responses from the GenAI system would have reduced usability and risked users disregarding the outputs altogether, thereby reverting to human agents and defeating the purpose of automation. The short and direct responses ensure that users receive actionable guidance quickly while the system handles repetitive triage in the background. 
4.2 What are the capabilities that ATL built using GenAI?
[bookmark: _Hlk207182204]GenAI implementation realised four key capabilities, transforming service desk operations completely: enhanced customer interaction management, proactive incident management, proactive IT asset management and operational data analysis for continuous improvement. In the section below, we will discuss each of these capabilities in detail and provide evidence of how these capabilities were realised. 
[bookmark: _Hlk207182238]4.2.1 Capability 1: Enhanced Customer Interaction Management
Within ATL’s Global Service Desk (GSD), GenAI enabled a fundamental capability: managing customer interactions in a more efficient, personalised, and multilingual manner. Unlike earlier service desk processes, which relied entirely on human agents, GenAI now acts as a first point of contact across diverse communication channels, providing immediate, tailored support. 
A central element of this capability is the multilingual translation module, which removed a decade-long barrier to supporting seven non-English European languages. By grounding responses in historical service data and generating natural-language outputs in the user’s own language, the system reduced delays and improved accessibility for a globally distributed workforce. The operational impact of this capability has been measurable. First-response resolution time improved from 3.28 hours (before GenAI) to 1.65 hours (two months after GenAI), representing a 50 % improvement. Customer satisfaction scores increased from 70 (out of 100) to 98 (out of 100), representing a 40% gain, which reflects faster turnaround times and more contextually relevant answers. As a GSD team member explained:
“The implementation of GenAI has empowered our team to analyse customer interactions across all platforms more effectively, allowing us to tailor responses with greater precision to individual requirements and significantly enhance service efficiency.”
4.2.2 Capability 2: Proactive Incident Resolution with GenAI
ATL significantly enhanced its incident and change management processes by implementing GenAI-driven automation, reducing reliance on manual categorisation and prioritisation. While traditional AI primarily relied on rule-based systems and predefined algorithms, ATL’s approach combined GenAI (LLMs such as GPT-5 for contextual understanding and natural language generation) with predictive analytics and decision-support algorithms to identify patterns in IT service data. With predictive analytics and decision-support algorithms to identify patterns in IT service data. Together, these capabilities enabled the automation of complex text-based tasks such as ticket categorisation, translation, and summarisation, going beyond the limits of simple keyword classification.
	For example, traditional AI might have categorised incidents based on keywords, leading to potential misclassifications and delays. In contrast, GenAI could interpret the nuanced language used in incident descriptions, such as urgency conveyed through specific phrases or underlying causes inferred from contextual information, while predictive analytics supported prioritisation and routing by analysing workload patterns and historical resolution trends. This integration significantly improved the accuracy of incident categorisation and prioritisation.
GenAI’s ability to adapt dynamically as new incident types and shifting patterns emerged was a further advantage. At ATL, this adaptability was achieved through a combination of mechanisms: the models were periodically retrained (every six months) on updated datasets such as service logs, incident descriptions, and user interactions; Retrieval-Augmented Generation (RAG) pipelines grounded outputs in the most recent ITSM documentation; and prompt templates were iteratively refined in Azure OpenAI Studio. These measures ensured the system remained robust and contextually accurate even as service desk requirements evolved.
This automation reduced the mean incident-resolution time from 67.3 hours to 40.5 hours (approximately a 40% improvement). It decreased manual interventions from 680 tickets to 475 (two months after GenAI implementation), representing a 30% reduction, which led to a corresponding decrease in incident resolution costs. Importantly, ATL’s solution was not solely a generative AI system nor purely a traditional decision-support algorithm, but a hybrid of both. GenAI handled the interpretation and response to user queries, while decision-support logic, sometimes informed by GenAI outputs, was used to allocate resources and escalate tickets as needed.
As one IT stakeholder summarised: “We implemented GenAI to automate incident analysis and prioritisation by integrating a decision-support algorithm that leverages historical data patterns and real-time inputs to assess incident severity and urgency. This hybrid system: combining GenAI and decision-support logic, dynamically allocates resources based on predictive workload assessments, thereby enhancing response times by approximately 40% compared to previous manual methodologies.”
4.2.3 Capability 3: Proactive IT Asset Management 
Traditional AI systems were largely reactive, relying on established thresholds and historical data to trigger maintenance activities. While functional, these methods often resulted in either premature maintenance actions or delayed responses to emerging issues, both costly and inefficient.
GenAI has transformed this approach by integrating more nuanced analytics that anticipate and respond to ATL’s unique operational conditions. Specifically, predictive analytics forecast incident surges and equipment risks, while GenAI enhances this by generating conversational alerts, multilingual diagnostic summaries, and runbooks tailored to operational contexts. Together, these hybrid capabilities allow ATL to predict potential failures and inefficiencies before they manifest, enabling maintenance to be planned strategically without disrupting workflows. When asked about the impact of GenAI implementation, the Asset Management Lead commented:
"Our switch to a combination of GenAI and predictive analytics, where predictive analytics forecasted incident surges and GenAI generated conversational alerts and multilingual runbooks, has transformed our asset management approach from merely reactive to distinctly proactive. Our GenAI models predict potential failures with much higher accuracy by analysing a blend of historical and real-time data. This capability allowed us to prevent downtime proactively rather than respond to it, improving maintenance efficiency and extending asset life. Following GenAI implementation, the expected asset lifespan increased by 20 % (from 126 to 151 accurately identified assets), while unexpected downtime was reduced by 25 % (from 328.7 hours to 245.3 hours).”
4.2.4 Capability 4: Strategic Operational Data Analysis
ATL employed GenAI in combination with descriptive analytics to analyse and summarise past service desk data, identify trends, and generate natural language reports and dashboards that provided operational insights. While descriptive analytics detected recurring inefficiencies such as frequent ticket surges or bottlenecks in resolution times, GenAI added a generative layer by transforming these insights into actionable recommendations, conversational FAQs, and human-readable summaries for decision-makers.
	One of the significant improvements was the introduction of a GenAI-driven FAQ system, which reduced repetitive user queries from 26.6% to 20.5% (a 30% reduction after GenAI implementation). In parallel, trend analysis supported by descriptive analytics helped restructure IT support workflows. The proportion of tickets resolved within each cycle rose from 65% to 78.2% (approximately a 20% increase), leading to a corresponding increase in human resource efficiency by allowing staff to focus on complex issues rather than redundant inquiries, while An Operational Strategist made the following comment in this regard:
“Our GenAI system analyses service desk interaction logs to identify common bottlenecks, such as repeated user queries for password resets or software installation help. By recognising these patterns, we developed a targeted GenAI-driven FAQ system, which reduced the number of common queries by 30%, allowing staff to focus on more complex issues. Moreover, trend analysis has led to restructuring our IT support workflow, enhancing efficiency by reallocating human resources to critical tasks based on predictive demand modelling.”
Table 2 below summarises the four principal capabilities enabled by GenAI, the corresponding organisational objectives, the specific GenAI-powered actions implemented by ATL, and the key metrics used to measure the performance of GenAI applications.  
All quantitative improvements are based on system-generated metrics (e.g., ticket resolution times, downtime logs) and structured user surveys conducted before and two months after the GenAI implementation. Full details are provided in Appendix 8, including baseline and post-implementation values for each capability. 
	Table 2.  Capability, Organisational Objectives, and Illustrations at ATL

	Capability
	Organisational Objectives
	Illustrations
	Key Metrics
	Before GenAI
	2 Months after GenAI

	Enhanced Customer Interaction Management
	Optimise customer service interactions and increase personalisation.
	GenAI enabled the service desk to tailor responses effectively by analysing user interactions.
	Customer query resolution time improved by 50%.
	3.28
	1.65

	
	
	
	Customer satisfaction scores increased by 40%.
	70
	98

	Proactive Incident Resolution with GenAI
	Improve operational responsiveness and resource allocation for IT incidents and changes.
	GenAI automated the categorisation and prioritisation of incidents using a combination of GenAI and predictive analytics.
	Incident resolution time improved by 40%.
	67.30
	40.53

	
	
	
	Manual interventions were reduced by 30%.
	680
	475

	Proactive IT Asset Management
	Enhance maintenance strategies and extend asset lifespans with predictive maintenance.
	A combination of GenAI and predictive analytics anticipated equipment failures and optimised maintenance schedules.
	Unexpected downtime was reduced by 25%.
	328.65
	245.26

	
	
	
	Asset lifespan extended by 20%.
	126
	151

	Strategic Operational Data Analysis
	Identify inefficiencies and guide continuous improvements in service desk operations.
	GenAI analysed operational data to detect patterns and trends, driving workflow enhancements.
	Reduction in redundant service requests by 30%.
	20.45
	26.60

	The reported improvements are based on system-generated metrics (e.g., ticket resolution times, downtime logs) and structured user surveys administered before and after GenAI implementation (see Appendix 6). Metrics were triangulated across multiple data sources and time points to ensure reliability (see also Appendix 7 for comparative performance charts and Appendix 8 for details of metrics before and after GenAI implementation)



By leveraging these capabilities, ATL successfully harnessed the power of GenAI to enhance its service desk operations and align them with its broader strategic goals. These efforts increased operational efficiency, facilitated proactive decision-making, and enhanced a more responsive service infrastructure, as follows. First, GenAI-based enhanced Customer Interaction Management helped improve query resolution time by 50%, leading to a 40% increase in customer satisfaction scores. Second, automated Incident and Change Management enabled by GenAI systems improved Incident resolution time by 40%, leading to a 30% reduction in operational costs. Third, GenAI-based proactive IT Asset Management reduced unexpected downtime by 25% and extended the lifespan of IT assets by 20%. Fourth, a strategic analysis of Operational Data led to a 30% reduction in redundant service requests.
[bookmark: _Hlk170226884]5. Organisational Actions to realise the capabilities
The succeeding sections elaborate on ATL's strategic organisational steps designed to set the foundations for and to achieve the potential of GenAI. These steps are methodically divided by focusing on the levels of structure, actors, and technology, to illustrate how each effort was strategically planned to pave the way for the ensuing realisation of GenAI functionalities, with quantifiable measures that reflect advancement and accomplishment. 
5.1 Organisational Actions that built the Foundation for GenAI Implementation
This subsection outlines the foundational steps ATL took to prepare the organisation for successful GenAI implementation. These actions focused on establishing the necessary structures, developing talent, and implementing technology to support future GenAI initiatives.
Structure-level actions have been taken prior to the GenAI implementation to establish centralised organisational units for developing GenAI-focused analytical capabilities and establishing a standardised data governance framework. 
Initially, ATL's service desk operations lacked a centralised system for managing and developing analytical capabilities, resulting in fragmented processes that hindered support for data-driven decision-making. Before 2023, ATL operated in Epoch 1 of AI development, relying primarily on simple rule-based systems. To move directly toward Epoch 3, the Director of GSD established a dedicated analytics team focusing on Generative AI, tasked with enhancing analytical maturity and improving operational efficiency. According to one interviewee from the management team, this decision was made to address the challenges faced by the service desk.
"In the management circle, we resolved to cultivate our Generative AI skills and data analytics expertise in-house to maintain a competitive edge. We needed to evolve independently, without over-reliance on external providers who might share their expertise with our competitors."
The core GenAI team initially comprised ten members seconded from a larger unit known as the Innovation Hub. They supported a broader ITSM function of approximately 235 staff, including around 80 dedicated to the Global Service Desk (50 based in India and the remainder across Europe). Over time, this GenAI-focused analytics team expanded its role in service desk-related analytics, integrating GenAI and taking responsibility for developing a strategy to enhance the efficiency of GSD delivery. Several micro projects were launched within the GSD to advance this role, including demand forecasting of assets using predictive analytics and optimising service delivery packages guided by service interaction data enriched through GenAI. Further initiatives aimed to improve GenAI data quality.
However, collaboration between the larger Innovation Hub, GSD and the specialised core GenAI team required close coordination to prevent misalignment. To address this, a joint steering committee was established to manage and prioritise GenAI-driven projects within the GSD. As one committee member explained: “We hold weekly meetings to synchronise GSD and GenAI efforts with the Innovation Hub, align strategic objectives, and address any business or technological challenges that may arise. This committee is a collaborative platform for coordinating GenAI projects that enhance customer service efficiency at ATL.”
	Furthermore, ATL's incident and change management processes, which utilise ITSM, require integrating IT operations with IT service management practices. Initially, the fragmented nature of these processes was a significant barrier, as the Director of IT services commented: "The fragmented operations between incident management and change processes were a challenge." To address this issue, ATL formed a joint task force comprising the IT Operations Manager and the Service Management Lead to design unified workflows for incident resolution and change implementation. This collaboration aimed to overcome technical hurdles and eliminate inconsistencies in IT service management procedures. As a result, the IT budget was reallocated to support the development of a comprehensive management system. 
	Finally, a data governance framework was established to streamline processes and guarantee access to high-quality data. The Data Governance Lead explained, "We implemented a governance framework that standardised the data collection processes and ensured that our GenAI models were fed high-quality data".  The framework addressed four core areas: (i) data quality management, including the standardisation and validation of ITSM data; (ii) data privacy and access controls, encompassing role definitions, permissions, and audit trails; (iii) data catalogue and metadata management, particularly for asset and ticket data; and (iv) policies for data retention, usage, and compliance with regulatory standards. This governance structure complements the medallion architecture described in Section 3, where raw data is ingested into the bronze, silver, and gold layers. At each layer, governance ensures that data remains accurate, traceable, and appropriately accessible, while Purview provides end-to-end oversight of metadata, lineage, and access policies[footnoteRef:14]. [14: https://www.microsoft.com/en-us/security/business/risk-management/microsoft-purview-data-governance ] 

Actor-level actions established a strong foundation for GenAI implementation at ATL, focusing on talent recruitment and training, adopting agile methods, and cultivating a data-centric culture. 
ATL faced challenges recruiting data science professionals due to its corporate structure and remote location. To overcome this, the company established a start-up-inspired analytics subsidiary in a nearby city, providing data scientists with greater autonomy to develop analytics techniques without the constraints of routine corporate operations.
Recognising the need for GenAI expertise in IT asset management, ATL also introduced a targeted recruitment and development programme. As the Director of Workforce Development explained: “We initiated a dedicated training programme to build in-house data science expertise, particularly in GenAI and predictive analytics.” This initiative was designed to bridge the gap between traditional IT asset management practices and an emerging LLM-driven GenAI approach. ATL fostered collaboration across multiple teams to support this transition, build a shared understanding, and promote a data-centric culture within the broader context of GSD and the Innovation Hub.
Finally, ATL’s previous non-agile processes, characterised by linear and department-focused workflows, had resulted in inefficiencies in ITSM. To address this, the Change Manager championed the adoption of agile methodologies, particularly Scrum. This approach was applied in a structured manner, with clearly defined roles, including Product Owner, Scrum Master, and Development Team, and supported by business analysts, subject matter experts, and project management professionals. Iterative development cycles emphasised adaptability and the integration of user feedback, while Scrum ceremonies and regular retrospectives enhanced collaborative decision-making and fostered continuous improvement. As the Change Manager observed: "The adoption of Scrum was a game-changer, ensuring the product management and IT development teams were in lockstep". To embed this approach, the Head of IT Training established extensive training programmes and introduced regular agile practices such as daily stand-ups and sprint planning. Collectively, these measures enhanced collaboration, expedited incident and change handling, and fostered a culture of iterative, outcome-driven delivery within IT service management.
Technology-level actions focused on integrating legacy systems with the service desk, developing advanced analytics capabilities, and upgrading cybersecurity measures: steps that established a strong technological foundation for subsequent GenAI implementation. 
When the core 10-member GenAI analytics team was formed, they encountered challenges with fragmented legacy business intelligence systems. The team established a centralised GenAI platform to enable advanced analytics aligned with Epoch 3 AI. As one analytics team member noted: "We collaborated with the broader Innovation Hub to implement a unified technological stack, incorporating data warehousing and advanced analytics tools such as Generative AI". A critical element of this effort involved integrating customer data into the platform. As a data architect reflected: "The most daunting task was to rationalise the data accumulated over the years from disparate operational systems into a centralised repository," commented a data architect.
The service desk implemented a Tableau-based infrastructure to support interactive dashboards, enabling dynamic reporting and reducing reliance on manual processes. As a team member explained: "We shifted from static snapshots to dynamic dashboards, allowing users to adjust views and perform analyses on the fly."  
[bookmark: _Hlk167831261]Finally, ATL strengthened its cybersecurity framework to ensure the integrity of the data used for GenAI. As the Head of IT Security observed: “Protecting the integrity of our Generative AI initiatives required enhanced cybersecurity.” Specific measures included implementing advanced encryption and anomaly detection systems to secure data flows and processes.
5.2 Organisational Actions that realised the GenAI-enabled Capabilities
This subsection details the specific actions taken to realise the capabilities, leveraging the foundation established in the previous subsection.
Structure-level actions: 
ATL's structural adaptations were fundamental to realising GenAI capabilities. This involved establishing “a dedicated GenAI-focused analytics team within the service desk” to centralise GenAI capabilities, addressing the previous "disparate service desk operations." The Director of GSD's decision aimed to "cultivate our Generative AI expertise in-house to maintain a competitive edge." To manage and prioritise GenAI projects, "a joint steering committee was formed, holding a weekly meeting to synchronise service and GenAI efforts." For incident and change management, “a joint task force comprising the IT Operations Manager and the IT Service Management Lead” was created, addressing “fragmented operations between incident management and change processes.” This led to “allocating IT budget for unified management platform development" and “realigning workflows for seamless incident resolution.”
Actor-level actions: 
ATL recognised that successful GenAI adoption required deliberate investment in people, not just technology. The first step was the creation of a GenAI Competence Centre, which consolidated dispersed expertise into a central unit within the Innovation Hub. This centre acted as the organisational anchor for GenAI knowledge. It provided a shared space for GSD agents, regular IT staff and core analytics teams to collaborate, codify best practices, and accelerate experimentation. An IT executive reflected: “The GenAI competence centre was a pivotal step in consolidating Generative AI expertise within the IT division, fostering knowledge-sharing and strengthening our partnership with the newly formed core analytics team.”
ATL developed extensive training programmes for customer service representatives to build confidence and capability among frontline staff. These programmes were structured in tiers: starting with technical content and practical tutorials adapted from popular edtech formats such as Udemy and LinkedIn Learning, then moving into applied learning through proactive issue-resolution scenarios using GenAI tools. Each training cycle included ongoing feedback loops. By positioning training as a pathway to new skills and higher-value work, ATL directly addressed fears of job displacement among customer service representatives. 
In parallel, awareness workshops on GenAI use cases were introduced for middle-level managers, who often expressed concerns about increased automation. These sessions highlighted the benefits of GenAI through real-world use cases and bottom-up success presentations from within GSD applications. By actively addressing misconceptions and showcasing how GenAI-powered solutions reduced repetitive work while improving service outcomes, ATL cultivated a culture of openness to innovation. As the Manager of Organisational Development noted: “These workshops, complemented by bottom-up success presentations, have been instrumental in securing management buy-in …” 
Finally, ATL reinforced these efforts by recruiting GenAI specialists to complement the upskilled internal workforce. New hires brought technical expertise in Azure OpenAI integration, RAG pipelines, and governance, while existing IT staff were redeployed into hybrid roles that combined their deep domain knowledge with generative troubleshooting and prompt refinement skills. 

Technology-level actions: 
Technology-level actions focused on building a new GenAI-powered platform for incident management under the supervision of the Chief Technology Officer. This platform centralises and automates service management workflows within the ITSM environment, while also incorporating GenAI, combined with predictive analytics, comprehensive reporting functions, and integrated visualisation tools to monitor the progress and execution of change initiatives. The Head of IT Infrastructure was instrumental in creating and executing a robust IT infrastructure that consolidated and streamlined the management of incident data, as he commented: “Building this new IT infrastructure was essential not only for consolidating our incident data streams but also for enabling the integration of GenAI into our service management workflows.”
Additionally, ATL invested in an advanced GenAI-enabled analytics environment capable of managing the high volume and velocity of data produced by IT assets. The system delivered real-time analytics and predictive modelling through machine-learning algorithms and data-processing tools, and when integrated with GenAI workflows, these capabilities enabled ATL to anticipate potential IT asset failures and optimise asset lifecycles and maintenance schedules. The Chief Information Officer remarked: “Deploying this environment was a game-changer: it allowed us to combine predictive analytics with GenAI to move from reactive asset management to proactive lifecycle optimisation.”
Table 3 summarises the organisational actions related to GenAI implementation at ATL.
 
	Table 3.  Organisational Actions Related to GenAI Implementation at ATL

	Organisational Stage
	Structure-level
	Actor-level
	Technology-level

	Building a Foundation for GenAI Implementation
	· Creating a dedicated analytics team within the service desk
· Establishing a joint steering committee to align analytics projects
· Creating a joint task force between IT Operations and Service Management
· Implementing centralised data governance procedures
	· Recruiting data scientists and GenAI specialists
· Implementing comprehensive training programs for data literacy
· Launching a targeted recruitment and training program
· Adopting Scrum methodologies across teams
· Fostering a collaborative data-centric culture
	· Developing a centralised GenAI platform
· Integrating customer data from various sources
· Implementing an interactive dashboard-based infrastructure for dynamic reporting
· Enhancing cybersecurity measures for data protection


	Implementing GenAI and Realising Its Capabilities
	· Establishing a dedicated analytics subunit within IT for asset management
· Allocating IT budget for unified management platform development
· Realigning workflows for seamless incident resolution
· Implementing a data governance framework for predictive modelling
· Intensifying collaboration between the service desk and IT asset management

	· Establishing GenAI competence centre
· Training customer service representatives on GenAI tools
· Collaborating with various teams to enhance data-driven practices
· Conducting data awareness workshops for managers
	· Developing a centralised incident and change management platform with advanced analytics and reporting capabilities
· Upgrading IT infrastructure for real-time incident management
· Deploying an advanced data analytics platform
· Integrating predictive modelling tools for asset lifecycle optimisation





ATL’s comprehensive approach to implementing GenAI showcases a strategic synthesis of structure, actors, and technology that has not only streamlined operations but also set new benchmarks for the industry. Through careful planning, innovative strategies, and a commitment to continuous improvement, ATL has demonstrated the transformative potential of GenAI in driving substantial improvements across multiple facets of the organisation. This case study exemplifies how technological foresight, combined with strategic execution, can significantly enhance both operational efficiency and competitive advantage. 
6. Lessons Learnt
ATL’s implementation of GenAI in its GSD and related ITSM functions provides a grounded example of how large enterprises can pragmatically operationalise generative technologies in support-oriented roles and go beyond it. The important findings presented here were derived from this pilot experience at ITSM. However, several of the resulting insights can prove valuable when scaling to other enterprise functions, offering guidance for organisations seeking to extend generative capabilities beyond their initial ITSM context. Based on ATL’s journey, we derive seven lessons in IT service operations and highlight the generative nature of AI that differentiates this wave from earlier AI implementations. Accordingly, the lessons are organised into two categories. The first comprises foundational lessons from the ITSM pilot at ATL that established the preconditions for success, while the second includes enterprise-level lessons that illustrate how GenAI can be operationalised across the wider functions of an organisation.
6.1 Foundational Lessons from an ITSM Pilot: Insights Informing Enterprise Adoption
Lesson 1: Anchor GenAI Initiatives in Domain-Specific Use Cases
Within the ITSM pilot, ATL deliberately avoided deploying GenAI as a generic capability across enterprise systems. Instead, the implementation was tailored for specific ITSM domains, particularly incident resolution, asset management, infrastructure triage, and network diagnostics. Each context presented repetitive, high-volume interactions that GenAI could transform through real-time, natural language responses. For instance, in incident management, GenAI at ATL moved beyond traditional rule-based AI by understanding nuanced user prompts, generating relevant solutions, and escalating unresolved issues with pre-filled diagnostics. In infrastructure support, it created dynamic runbooks from live data, unlike conventional AI. In asset management, ATL utilised GenAI to retrieve contextual information, such as device specifications and license status, through natural language conversations. It also flagged potential issues using diagnostic logs. These capabilities enabled users to engage with IT systems through intuitive, dialogue-based interactions, rather than rigid ticketing processes. In this manner, focusing GenAI on high-volume service desk tasks helped ATL improve response speed, personalise support, and automate routine interactions, improving measurable outcomes in ITSM.
More broadly, early adopters of GenAI should resist treating it as a universal solution and instead anchor their initial focus on domain-specific contexts. Such treatment can yield faster return on investment and generate more credible results than deploying generic LLM models, thereby validating feasibility and guiding subsequent scaling. Recent examples across industries reinforce this pattern: legal research (e.g., LexisNexis fine-tuning models based on case-law corpora[footnoteRef:15]), retail (customer-service transcripts used for personalised recommendations[footnoteRef:16]), and finance (e.g. BloombergGPT, a GenAI assistant trained on trading news and company filings to perform financial analysis and predict market sentiment[footnoteRef:17]).  [15:  Personalised legal AI: https://www.lexisnexis.com/en-us/products/lexis-plus-ai.page ]  [16:  https://cloud.google.com/transform/101-real-world-generative-ai-use-cases-from-industry-leaders ]  [17:  BloombergGPT:  https://huggingface.co/papers/2303.17564 ] 

Lesson 2: Localise GenAI for Linguistic and Cultural Diversity  
A key success factor in the ITSM pilot at ATL was its capacity to support seven non-English European languages, a capability that addressed a decade-long pain point. By embedding translation and multilingual understanding directly into the generative layer, ATL eliminated delays caused by routing queries through country-specific support teams. This capability reflected ATL’s globally distributed workforce and linguistic diversity, when earlier service delays had often stemmed from language mismatches and rigid workflows. During the ITSM pilot, multilingual integration at the GenAI layer enabled the ITSM function to scale globally without proportionally increasing service desk staff. It demonstrates how generative models can uniquely address linguistic complexity in large organisations such as ATL. 
Localising GenAI for linguistic and cultural diversity is essential for effective adoption in multinational contexts: a lesson underscored by ATL’s pilot. Global organisations often operate across multiple language communities and cultural norms, where a monolingual or culturally neutral model can easily reproduce bias or misunderstanding. Embedding multilingual capability within GenAI systems through fine-tuning on regional data, validating tone and terminology, and incorporating multilingual feedback can enhance inclusivity, accuracy, and user trust across geographically dispersed teams. Comparable approaches have emerged in other contexts, such as multilingual Search Engine Optimisation (SEO) tools that adapt content and tone for regional audiences while preserving consistency across languages[footnoteRef:18]. Beyond translation, localisation also involves aligning generative outputs with local communication styles, regulatory nuances, and professional etiquettes[footnoteRef:19]. Such alignment ensures that GenAI is a culturally aware collaborator rather than a generic automation layer. For enterprises seeking to scale GenAI responsibly, investing in linguistic and cultural adaptation early in the rollout can support equitable access, reduce friction, and foster organisational legitimacy as adoption expands across regions and functions. [18:  GenAI for Multilingual Content ]  [19:  https://www.weforum.org/stories/2023/09/generative-ai-education-unesco/] 

6.2 Enterprise-Level Lessons for Scaling GenAI: Extending Insights Beyond the ITSM Pilot
Lesson 3: Cultivate a GenAI-Fluent Workforce for Frontline Applications 
A workforce that understands the unique affordances of GenAI proved essential for the successful integration of GenAI into ITSM functions at ATL. Accordingly, training programs at ATL extended beyond basic digital upskilling to develop GenAI-specific fluency, particularly among service desk staff interacting with LLMs in real-time. Rather than focusing solely on traditional data science or predictive analytics skills, ATL equipped frontline employees with practical prompt engineering techniques, multi-language interaction protocols, and GenAI troubleshooting capabilities. ATL training modules, modelled on accessible learning platforms such as LinkedIn Learning, Data Camp and Udemy, were designed to help customer-service representatives engage effectively with the GenAI-enabled layer. Specific sessions covered how to frame user issues effectively for LLM interpretation, interpret nuanced responses generated by the GenAI model, escalate unresolved queries through GenAI interfaces, and leverage multilingual translation features built into the generative layer.   
Enterprises seeking to scale GenAI can draw wider lessons from ATL’s approach. Designing iterative learning environments that incorporate ongoing feedback loops, supported by real service-desk queries, simulation, and peer-based practice, helps translate technical capability into everyday fluency. Such efforts ensure high adoption rates and reduce resistance from employees who may initially fear job displacement. ATL’s experience illustrates that the success of generative technologies depends less on algorithmic sophistication than on employees’ capacity to interpret, contextualise, and co-create with machine-generated content. Organisations can strengthen this capability through structured “GenAI-fluency” programmes in which cross-functional teams experiment with prompts and workflows tailored to their operations[footnoteRef:20]. Similar initiatives are emerging globally: PwC has invested more than $1 billion to make GenAI a core consulting skill, while Unilever equips its marketing and HR teams through prompt engineering workshops and sandbox experimentation[footnoteRef:21]. Embedding such capability early in the adoption cycle can reduce resistance, encourage responsible experimentation, and transform users from passive recipients of GenAI outputs into active co-creators of value. [20:  The Art of AI Maturity: https://www.accenture.com/content/dam/system-files/acom/custom-code/ai-maturity/Accenture-Art-of-AI-Maturity-Report-Global-Revised.pdf ]  [21:  https://hbr.org/2025/07/will-your-gen-ai-strategy-shape-your-future-or-derail-it ] 

Lesson 4: Implement Real-Time GenAI Feedback Mechanisms: Within ATL’s GenAI deployment, maintaining model accuracy and reliability required real-time feedback for GenAI systems that could adapt to evolving business contexts while maintaining relevance. At ATL, feedback was sourced from end-users, service desk agents, and system logs, then fed into improvement cycles to retrain GenAI models every six months and refine workflows. Within Azure OpenAI, these feedback streams were integrated into Azure Monitor for telemetry tracking and Data Explorer for trend analysis. Insights from these dashboards were then used to adjust prompt templates and update RAG sources through Cognitive Search, enabling real-time optimisation of generative responses. This responsiveness improved first-contact resolution rates, reduced repetitive escalations, and freed human agents to focus on complex, high-value tasks. This combination of technical feedback and human oversight helped ATL maintain operational stability while experimenting with generative tools in live environments. 
More broadly, enterprises scaling GenAI need to institutionalise continuous learning and governance as core infrastructure, rather than relying on post-deployment controls. GenAI systems differ from traditional automation in that their outputs evolve through interaction; without structured feedback loops, bias and model drift can quickly erode trust. To sustain reliability, organisations should design feedback architectures that continuously collect, analyse, and act on user and system data. Multi-source feedback pipelines, integrating insights from end-users, support agents, and system telemetry, enable ongoing retraining and workflow refinement. Periodic retraining, refinement of prompt templates, and updates to RAG sources represent essential mechanisms for keeping GenAI outputs contextually relevant and operationally dependable. More generally, these practices illustrate the value of combining technical learning loops, where telemetry and usage data inform model improvement, with governance loops that embed human judgment, ethical oversight, and policy alignment. Comparable initiatives, such as Microsoft’s Responsible AI dashboards[footnoteRef:22] and Amazon’s Model Card governance framework[footnoteRef:23], institutionalise such dual-loop systems to ensure continuous monitoring and responsible optimisation. Embedding these structures early in the adoption process enables organisations to maintain performance, mitigate operational and reputational risks, and align generative outcomes with evolving business and regulatory expectations. [22:  Microsoft. (2023). Responsible AI dashboard in Azure Machine Learning. Microsoft Learn.
https://learn.microsoft.com/en-us/azure/machine-learning/how-to-responsible-ai-dashboard ]  [23:  Amazon SageMaker. (2024). Model Cards for AI Governance. Available at: https://aws.amazon.com/blogs/machine-learning/improve-governance-of-models-with-amazon-sagemaker-unified-model-cards-and-model-registry] 

Lesson 5: Co-Design GenAI Workflows Through Interdisciplinary Collaboration
The interdisciplinary co-design of GenAI workflows proved instrumental in ensuring both technical accuracy and user trust during the ITSM pilot. At ATL, this resulted in a prompt engineering framework that was developed and validated in Azure, utilising modular components for four ITSM applications. This framework incorporated compliance constraints, context injection rules, and application-specific logic, which were created through structured collaboration between service desk agents, IT operations, internal audit teams, and GenAI engineers. Using Azure OpenAI Studio, the team iteratively tested and refined prompts, tracked changes in DevOps, and reviewed live telemetry through Azure Monitor. At the same time, Azure Cognitive Search ensured RAG was grounded in current ITSM documentation. The resulting artefact became a blueprint for interpreting and executing generative workflows across ATL.
More broadly, enterprises scaling GenAI should view interdisciplinary co-design as a strategic capability that links technological innovation with day-to-day business practice. By treating the prompt-engineering framework as a shared design artefact, organisations can embed governance, technical precision, and operational relevance directly into the GenAI layer. Such artefacts can be iteratively refined across applications, reducing rework, accelerating rollouts, and increasing trust, ultimately driving higher adoption and measurable performance gains. Generative systems demand constant alignment between model behaviour, operational context, and user needs, an outcome best achieved when prompt engineers, domain experts, audit teams, and other departmental staff collaborate from the outset. Co-design ensures that GenAI applications remain grounded in practical realities while promoting shared ownership of outcomes. Formalising this collaboration through shared artefacts, such as prompt libraries, workflow templates, or domain-specific repositories, creates a living knowledge base that evolves with the enterprise’s needs. This interdisciplinary approach can reduce rework, accelerate rollouts, and strengthen user confidence in GenAI outputs while maintaining audit traceability through version-controlled updates. This model is especially valuable in industries with multilingual, cross-cultural requirements or diverse IT functions, making GenAI outputs more reliable and usable across business lines.
Lesson 6: Phased GenAI Rollouts across Applications for Controlled, Scalable Adoption
While rolling out GenAI across ITSM, it benefited from a staged approach that enabled incremental learning and ensured stable scaling. At ATL, phased deployment was a deliberate GenAI-specific strategy that began with ITSM applications before extending to broader scopes and, eventually, more critical business areas. Each phase served as both an operational pilot and a live evaluation of GenAI capabilities, allowing for the refinement of prompt templates, context injection rules, and escalation workflows. Safeguards were embedded at every stage through domain-specific audit checks, monitoring of hallucination rates, and release schedules to limit exposure until workflows were validated. For instance, ATL first piloted GenAI in Incident Management to automate ticket triage and generate privacy-compliant diagnostic summaries. The framework was then adapted for Asset Management, incorporating conversational retrieval and Internet of Things (IoT)-integrated diagnostics. This was followed by the creation of generative runbooks in Infrastructure Support and the development of troubleshooting workflows in Network & Voice. With ITSM rollouts showing strong gains in speed, accuracy, and satisfaction, ATL expanded GenAI to other business areas, starting with email marketing for personalised content while applying similar techniques to sensitive domains such as pricing strategies.  
More broadly, enterprises scaling GenAI should view phased rollouts as a mechanism for combining innovation with governance maturity. Piloting GenAI in lower-stakes domains such as ticket triage or knowledge-base generation enables organisations to refine prompt logic, risk controls, and user-feedback structures before expanding to mission-critical areas. Each rollout functions as both a capability-building and validation exercise, allowing organisations to demonstrate value while minimising disruption. This approach enables organisations to scale GenAI adoption in a controlled manner, ensuring measurable impact at every step while progressively strengthening capability and user trust. Treating each rollout as a functional upgrade and a performance benchmark can further ensure that the GenAI layer remains robust, domain-specific, and ready for broader enterprise applications. AbbVie adopts a phased approach in drug discovery, using GenAI tools to analyse scientific literature and identify promising molecular targets before extending such systems into its regulated research workflows[footnoteRef:24].  Such examples illustrate that enterprises adopting phased GenAI scaling can strike a balance between agility and assurance, ensuring that generative capabilities evolve in parallel with institutional readiness and oversight. [24:  Three ways AI is changing drug discovery at AbbVie: https://www.abbvie.com/who-we-are/our-stories/three-ways-ai-is-changing-drug-discovery-at-abbvie.html ] 

Lesson 7: Strategic GenAI Implementation and Skilled Staffing
At ATL, recruitment was shaped to target three complementary profiles: (i) GenAI Technical Specialists: engineers skilled in Azure OpenAI, RAG pipelines, and model fine-tuning. (ii) Domain-Embedded GenAI Practitioners: service desk and IT operations staff trained in advanced prompt engineering and generative troubleshooting. (iii) GenAI Product Owners & Governance Leads: roles bridging business priorities with technical delivery, embedding risk and governance. The hiring approach was complemented by continuous learning programs, ensuring staff could adapt to evolving generative capabilities and updates to the Azure platform. Co-location of these roles within cross-functional “fusion teams” enabled rapid prototyping, risk assessment, and faster operationalisation of GenAI workflows. Additionally, following the successful rollouts of GenAI-enabled applications in ITSM, ATL’s recruitment strategy included hiring data scientists with specialised GenAI expertise alongside upskilling existing IT staff. Together, these initiatives built an internal capability that enabled the company to extend GenAI experimentation into adjacent business areas. For instance, staff previously trained on ITSM-specific prompt frameworks were redeployed to co-design generative workflows for supply chain analytics and internal knowledge management, significantly reducing onboarding time for new applications.
Effective long-term adoption of GenAI in enterprises requires more than initial training. It also demands a deliberate and sustained approach to talent acquisition and retention. Industry evidence[footnoteRef:25],[footnoteRef:26]  shows that hybrid skill sets combining domain knowledge, GenAI engineering, prompt design, and ethical compliance expertise are critical for scaling. Organisations aiming to expand GenAI capabilities should therefore adopt a blended recruitment strategy that integrates external AI specialists with the upskilling of existing staff. Such hybrid talent models, which combine technical depth with contextual understanding, can drive continuous innovation and enable employees to focus on higher-value tasks. Recent reports highlight that “fusion teams” that integrate engineers, domain experts, and governance professionals accelerates GenAI maturity and extends applicability beyond initial pilots, helping enterprises move toward full-scale adoption[footnoteRef:27]. This blend of newly hired GenAI specialists and upskilled internal staff can help organisations integrate generative solutions more effectively and innovate beyond their initial functional areas. The combination of fresh expertise and deep institutional knowledge can also enhance system reliability and improve strategic decision-making. Table 4 summarises the seven lessons learned during the implementation and realisation of GenAI capabilities. [25:  Beyond the hype: https://www.mckinsey.com/industries/technology-media-and-telecommunications/our-insights/beyond-the-hype-capturing-the-potential-of-ai-and-gen-ai-in-tmt ]  [26:  A new era of generative AI for everyone: https://www.accenture.com/content/dam/accenture/final/accenture-com/document/Accenture-A-New-Era-of-Generative-AI-for-Everyone.pdf ]  [27:  Build a Better Fusion Team: https://www.gartner.com/en/articles/fusion-teams ] 

	Table 4. Summary of the lessons learnt 

	S. No
	Lesson
	Category
	Action

	1
	Anchor GenAI Initiatives in Domain-Specific Use Cases
	Foundational lessons from the ITSM pilot: insights informing broader enterprise adoption
	Tailored GenAI to high-volume ITSM areas (incident management, asset management, infrastructure support, network & voice) to establish early proof of value and minimise complexity.

	2
	Localise GenAI for Linguistic and Cultural Diversity
	
	Embedded multilingual translation and cultural adaptation directly into the GenAI layer, improving service efficiency and inclusion across language groups.

	3
	Cultivate a GenAI-Fluent Workforce for Frontline Applications
	Enterprise-level lessons for scaling GenAI: extending insights beyond the pilot

	Deliver structured training on prompt engineering, multilingual interaction, and troubleshooting; reduce resistance and foster human-AI collaboration.

	4
	Implement Real-Time GenAI Feedback Mechanisms
	
	Formalise mechanisms integrating user ratings, agent feedback, and telemetry into prompt refinement, RAG updates, and retraining cycles.

	5
	Co-Design GenAI Workflows Through Interdisciplinary Collaboration
	
	Establish interdisciplinary teams (service desk agents, IT operations, audit staff, and GenAI engineers) to co-develop, test, and refine prompt frameworks.

	6
	Phased GenAI Rollouts for Controlled, Scalable Adoption
	
	Adopt a staged deployment model, starting with ITSM pilots and then extending to other business functions, guided by governance checkpoints.

	7
	Strategic GenAI Implementation and Skilled Staffing
	
	Recruit GenAI specialists and upskilled IT staff into hybrid “fusion teams” for governance, prototyping, and scaling enterprise-wide adoption.


7. Conclusion
Our investigation of ATL's integration of GenAI into its IT service operations has revealed the complexities in deriving tangible value from such advanced technologies. Our study highlights how ATL engaged in various actions at the structure, actor, and technology levels to realise four GenAI-enabled capabilities: (1) enhanced customer interaction management, (2) automated incident and change management, (3) proactive IT asset management, and (4) strategic operational data analysis. Finally, the study offers seven essential guidelines that can help other organisations implement GenAI successfully and extract business value from GenAI. 
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Appendix 1: Research design
Based on Terry et al., (2017) and Joffe (2011), we adopted a case-study approach to examine the critical question: "How did ATL, a prominent tyre manufacturer with a global presence, utilise GenAI to transform its service delivery, and what tangible results were achieved from this integration?"  The study delved deeply into ATL's interaction with GenAI using this approach (Benbasat et al., 1987; Pan & Tan, 2011), revealing insights into the operational and strategic decisions that influenced GenAI implementation (Wessel et al., 2023). Additionally, the case-study approach contributed significantly to the academic conversation about the role of GenAI in the service industry (Duan et al., 2019; Eisenhardt & Martin, 2000). This practitioner paper also offers a comprehensive investigation into the organisation and utilisation of GenAI resources, providing a clearer understanding of ATL's intricate processes and strategies.   



Appendix 2: Data collection
We employed a comprehensive strategy through interviews for data collection at ATL. This phase, initiated in early 2023, provided a strong foundation for ensuing in-depth investigations. Subsequently, we conducted twenty-four semi-structured interviews with different stakeholders at ATL, such as engineers, technicians, and executives (see Appendix 5). Each discussion lasted between 45 and 60 minutes and offered valuable insights into the GenAI implementation process and its effects across different organisational levels.
	To ensure a comprehensive understanding of the data, we transcribed the interviews verbatim for thorough analysis and compiled field notes during on-site interviews. By integrating these data sources with archival data at ATL, we achieved a high degree of triangulation, enhancing the credibility of our research findings (Klein & Myers, 1999). 
Moreover, we followed Braun et al. (2022) and administered surveys[footnoteRef:28] at three critical stages during the GenAI implementation: a week before, two weeks after, and again after two months. These surveys were essential for understanding the dynamic impact of GenAI integration over time, therefore, examining the immediate and extended effects of GenAI at ATL.  [28:  These surveys were conducted via Microsoft Teams.] 












Page 1

	Table A2 – List of data sources and external systems mapped to GenAI applications

	Category
	GenAI Application
	Data Source
	System/Team Interactions
	Outcome

	Resource Orchestration
	GenAI-Driven Analytics

	Operational Data
	Integration with ERP systems
	Optimised resource allocation

	
	
	Sales Data
	Coordination with the Sales Team
	Enhanced forecast accuracy

	
	Predictive Maintenance

	Machinery Performance Data
	Coordination with Maintenance Teams
	Reduced machine downtime

	
	
	Sensor Data
	Real-time alerts to Technicians
	Predictive failure detection

	GenAI Capabilities
	Automated Customer Support
	Customer Interaction Logs
	GenAI-Human Agent Handoffs
	Improved response time

	
	
	Customer Feedback
	Feedback loop with the Marketing Team
	Personalised customer interaction

	
	Market Trend Analysis
	Market Data
	Interaction with Strategic Planning
	Insightful market predictions

	
	
	Sales Trends
	Collaboration with Marketing Team
	Targeted marketing strategies

	GenAI-Human Collaboration
 
	GenAI-Assisted Design
	Design Data
	Designers Collaborating with GenAI Tools
	Enhanced product design

	
	
	Prototype Feedback
	Interaction between Designers and GenAI feedback
	Accelerated design iteration

	
	GenAI-Based Training
	Employee Performance Data
	GenAI recommendations for employee development
	Improved training programs

	
	
	Training Feedback
	Collaboration between GenAI and HR
	Personalised learning paths

	GenAI-Enabled Outcomes
	GenAI-Enhanced Logistics
	Logistics Data
	Coordination with Logistics Team
	Optimised supply chain

	
	
	Inventory Levels
	Interaction with Warehouse Systems
	Improved inventory management

	
	GenAI-Driven Risk Assessment
	Financial Data
	Integration with Finance Systems
	Better risk management

	
	
	Market Risk Data
	Collaboration with the Investment Team
	Informed investment decisions




Appendix 3: Data Analysis
Based on Eisenhardt (1989) and Eisenhardt (2021), we adopted a concurrent approach, which is beneficial in exploring novel phenomena such as GenAI. First, we thoroughly reviewed all the collected data, including interview transcripts and secondary sources. We employed the resource orchestration framework and coded the data to identify elements related to resources, capabilities, interrelationships, and management in the context of GenAI applications and their outcomes. Team meetings were held regularly to discuss and refine emergent first-order concepts (Klein & Myers, 1999).
	In the second phase, we examined the relationships between GenAI and human skills by reorganising the initial data into complex themes. The emphasis was to identify the synergy between various data types and GenAI systems, particularly their impact on operational processes such as auto-resolution of issues. For instance, a key theme emerged: “AI-Powered Predictive Maintenance,” linked to an aggregate dimension of “Resource Optimisation via GenAI”. Another emergent theme was "GenAI-Augmented Employee Development," linked to an aggregate dimension of “GenAI-Human Collaboration”, which highlighted the mutual advancement and the intertwined relationship between human expertise and GenAI technologies (Sowa et al., 2021). 
	The third phase involved developing an organisational framework for managing GenAI applications in business settings (Cascio & Montealegre, 2016; Giroux et al., 2022). This framework highlights crucial GenAI-related resources, capabilities, interplay, and co-evolution with human skills, ultimately creating business value. We revisited the data and repeated coding iteratively, resulting in a theoretical saturation (Braun & Clarke, 2021).





	Table A3 – Data analysis procedure with examples of coding the interview data 

	Data (Evidence from Transcripts)
	Concepts 
(Aligned with this study)
	Themes 
(Aligned with this study)
	Aggregate Dimensions (Aligned with this study)
	Organisational Actions that Built the Foundation for GenAI Implementation
	Organisational Actions that Realised the GenAI Capabilities

	“We automated IT service desk processes, significantly improving response times.” – Director of IT Services [36]
	GenAI for IT Service Desk Automation
	Automated Service Desk Operations
	GenAI-Enabled IT Service Efficiency
	Created a dedicated GenAI governance team to oversee GenAI service management.
	Trained service desk employees to collaborate with GenAI-based automation.

	“We've managed to automate over 30% of our service desk tickets.” – Global Service Desk Manager [63]
	
	
	
	
	

	“By leveraging GenAI, we have automated incident prioritisation, reducing resolution times.” – IT Infrastructure Architect [35]
	GenAI for Incident and Change Management
	GenAI-Driven ITSM Workflow Optimisation
	GenAI-Enabled IT Service Efficiency
	Developed a structured data framework for GenAI-driven incident learning.
	Integrated GenAI-based predictive analytics for faster decision-making in ITSM workflows.

	“GenAI insights are used in change management decisions.” – Digital Transformation Lead [61]
	
	
	
	
	

	“GenAI Chatbots now handle a large volume of user requests, reducing manual workload.” – Manager, Digital Workplace Transformation [37]
	GenAI-Enabled Chatbots for IT Support
	GenAI-Augmented User Support
	GenAI-Human Collaboration
	Established a GenAI service desk pilot to test automation in user interactions.
	Deployed self-learning GenAI chatbots that improve based on real-time feedback.

	“GenAI chatbots have improved the efficiency of our customer support team.” – Customer Service Team Member [6]
	
	
	
	
	

	“AI-powered automation has reduced response times significantly.” – Director of IT Services [36]
	GenAI-Enhanced Response Time Optimisation
	Real-Time IT Service Efficiency
	GenAI-Enabled IT Service Efficiency
	Upgraded the ITSM platform to integrate GenAI-powered real-time analytics.
	Rolled out GenAI-assisted ticket routing based on urgency and complexity.

	“Response time for service desk queries has improved drastically with AI-based triaging.” – Global Service Desk Manager [63]
	
	
	
	
	

	“AI improves ticket classification accuracy by learning from historical data.” – Data Architect [42]
	GenAI for Ticket Categorisation Accuracy
	GenAI-Based Ticket Management
	GenAI-Driven Decision Support
	Designed taxonomy-based GenAI categorisation models for ITSM tickets.
	Implemented continuous learning models to refine ticket classification.

	“We trained GenAI models to categorise tickets based on past resolution patterns.” – Data Scientist [65]
	
	
	
	
	

	“GenAI-based predictive GenAI models now help us anticipate IT asset failures before they occur.” – Head of Global Production Data Analytics [39]
	GenAI in IT Asset Management
	GenAI-Powered Predictive Maintenance
	Resource Optimisation via GenAI
	Created a centralised IT asset database for GenAI-driven analysis.
	Launched GenAI-enabled predictive maintenance strategies.

	“GenAI in asset management allows us to identify maintenance needs proactively.” – Asset Management & Network Lead [58]
	
	
	
	
	

	“We centralised knowledge repositories using GenAI to improve accessibility and decision-making.” – Manager, Digital Workplace Transformation [37]
	GenAI-Driven Knowledge Management
	GenAI-Based IT Knowledge Systems
	GenAI-Driven Decision Support
	Established a cross-functional GenAI adoption team for IT knowledge structuring.
	Integrated GenAI-powered knowledge retrieval systems to improve IT support efficiency.

	“GenAI-driven insights help us refine best practices in IT Service Management.” – Senior Manager PMO [60]
	
	
	
	
	

	“We now predict and resolve IT issues proactively before they impact operations.” – Chief Engineer of Production Systems [33]
	GenAI for Predictive IT Support
	GenAI-Based Proactive Issue Resolution
	GenAI-Driven Decision Support
	Developed a GenAI readiness framework for IT service proactive support.
	Implemented real-time anomaly detection using GenAI in ITSM.

	“GenAI enables us to foresee IT disruptions before they affect operations.” – Digital Transformation Lead [61]
	
	
	
	
	

	“GenAI-driven language models improve multilingual customer support.” – Platform Architect [34]
	GenAI for Multilingual Support
	GenAI-Powered Language Translation
	GenAI-Driven Decision Support
	Partnered with external GenAI providers for real-time translation engines.
	Rolled out GenAI-driven multilingual chatbots for IT service desk support.

	“Real-time GenAI translation helps our IT service desk support a global workforce.” – Global Service Desk Manager [63]
	
	
	
	
	

	“GenAI-driven security analytics allow us to predict and mitigate risks effectively.” – Head IT Security [40]
	GenAI-Enabled Security Risk Assessment
	GenAI-Based IT Security and Risk Management
	GenAI-Driven Risk Mitigation
	Created a GenAI-based security incident response unit.
	Implemented GenAI-powered risk analysis across IT security protocols.

	“Cybersecurity analytics powered by GenAI has been a game-changer.” – FICO Analyst [64]
	
	
	
	
	

	“We have implemented GenAI-guided training modules for IT staff to enhance GenAI adoption.” – Director of Workforce Development & Data Protection Officer [38]
	GenAI for IT Workforce Training
	GenAI-Augmented Employee Development
	GenAI-Human Collaboration
	Established GenAI-based upskilling programs for IT staff.
	Launched interactive GenAI-assisted training for employees.

	“GenAI-driven training improves digital literacy among employees.” – Commercial Head & Operational Strategist [66]
	
	
	
	
	

	“GenAI-driven process automation enhances operational efficiency.” – IT Infrastructure Architect [35]
	GenAI-Optimised IT Workflows
	GenAI-Based Process Automation
	Resource Optimisation via GenAI
	Designed a GenAI process automation roadmap for IT services.
	Automated repetitive IT service desk processes using GenAI.

	“GenAI has streamlined IT workflows, reducing manual intervention.” – Digital Transformation Lead [61]
	
	
	
	
	

	“GenAI insights guide IT leadership in making data-driven strategic decisions.” – Data Architect [42]
	GenAI-Based Decision Support for IT Leaders
	GenAI-Powered IT Strategy and Governance
	GenAI-Driven Decision Support
	Established GenAI-driven IT governance committees.
	Developed GenAI-powered dashboards for strategic IT decisions.

	“GenAI-generated analytics are now an integral part of IT strategy planning.” – Senior Manager PMO [60]
	
	
	
	
	

	“Automation of IT processes has led to significant cost savings.” – Platform Architect [34]
	GenAI in ITSM Cost Reduction
	GenAI-Driven IT Financial Optimisation
	Resource Optimisation via GenAI
	Introduced GenAI financial impact analysis models.
	Implemented cost-cutting GenAI-driven operational strategies.

	“GenAI optimisation has cut IT operational costs by reducing redundant processes.” – FICO Analyst [64]
	
	
	
	
	



	


Appendix 4: Questionnaire for Interview
	The questions listed were selectively posed during interviews to delve deeper into the adoption and impact of GenAI in ATL's service desk operations.
1. Introduction and General Information
1.1. Can you describe your tenure and primary responsibilities in your current role?
2. Main Objectives
2.1. What were the key capabilities that motivated the implementation of GenAI within your organisation?
2.2. What organisational transformations have been initiated or are in progress to harness these capabilities?
2.3. What hurdles did your organisation encounter in deriving value from GenAI?
2.4. Can you share any achievements (short- or long-term) realised through GenAI? What specific individual, departmental, or organisational actions facilitate these achievements?
3. Detailed Questions
3.1. Social System
3.1.1. How is digitalisation, especially GenAI, integrated into the organisational structure?
3.1.2. What led to the adoption of this design? What are its advantages and disadvantages?
3.1.3. Have any new roles emerged due to GenAI? If so, why?
3.1.4. What have been the critical factors for successfully integrating GenAI into the organisation?
3.1.5. What governance mechanisms have been instrumental in embedding GenAI (e.g., committees and new processes)?
3.1.6. What is the role of IT in leveraging GenAI effectively?
3.1.7. Does your organisation collaborate with external providers on GenAI projects?
3.1.8. Which capabilities are essential for benefiting from GenAI?
3.1.9. How are these capabilities developed internally or acquired?
3.1.10. Are there any traditional organisational capabilities that need evolution or enhancement for GenAI?
3.1.11. Is fostering a data-driven culture essential for reaping the benefits of GenAI?
3.1.12. Can you identify any steps taken to establish a data-driven culture? What are its hallmarks?
3.1.13. Is data access within an organisation unrestricted, or are there barriers to access? How is data access ensured?
3.2. Technical System
3.2.1. What technologies underpin your GenAI initiatives, and why were they selected?
3.2.2. What data sources are used? Do you rely on traditional sources (ERP and CRM)? Which data sources are the most valuable and why?
3.2.3. How do you ensure technological access to critical data sources?
3.2.4. How do insights from GenAI influence organisational decision-making?
3.2.5. How are GenAI insights disseminated to stakeholders (internal or external)?
3.3. Additional Insights
3.3.1. Would you like to add any insights or observations beyond the scope of your questions?








Appendix 5: Profile of Interviewees
	[bookmark: _Hlk211351014]Table A5 – Profile of Interviewees

	Sl.No.
	Interviewee Role
	Years in Role
	Sub-Unit
	Interview details

	1
	Group Head at Strategy
	~3 
	Strategy 
	F2F – 60 min.

	2
	Director of Service Desk
	~4 
	IT Department
	F2F – 57 min.

	3
	Manager of GenAI-driven Customer Support
	~2 
	Customer Service 
	O – 54 min

	4
	Product Owner
	~1.5 
	Digital Innovations 
	O – 61min

	5
	Head of Data Privacy & Security
	~3 
	Legal & Compliance 
	F2F – 45 min

	6
	IT Infrastructure Architect
	~5 
	IT Infrastructure 
	O – 51 min

	7
	Data Scientist
	~2
	Data Science 
	O – 63 min

	8
	Business Analyst
	~3 
	Digital Transformation 
	O – 60 min

	9
	Senior Manager
	~6 
	Project Management 
	O – 52 min

	10
	Head of IT Development
	~3 
	IT Dev
	F2F – 62 min

	11
	Lead Strategist
	~2 
	Strategy 
	O – 62 min

	12
	Operational Excellence Manager
	~4 
	Operations 
	O – 70 min

	13
	Head of Predictive Analytics
	~3 
	Asset Management 
	O – 65 min

	14
	Product Manager
	~2 
	IT Department
	O – 72 min

	15
	Lead Data Engineer
	~1 
	Data Engineering 
	O – 85 min

	16
	Manager, Training and Development
	~2 
	Human Resources 
	O – 75 min

	17
	Director of Digital Partnerships
	~4 
	Business Development 
	F2F – 45 min

	18
	Platform Architect
	~3 
	IT Development 
	O – 62 min

	19
	Senior Data Scientist
	~2 
	Customer Insights 
	O – 67 min

	20
	Manager
	~3
	Digital Workplace 
	F2F – 75 min

	21
	Head of Operations Analytics
	~5 years
	Operations Analytics 
	O – 65min

	22
	Business Analyst
	~2 years
	Process Optimisation 
	O – 59 min

	23
	Data Protection Officer
	~4 years
	Legal & Compliance 
	O – 69 min

	24
	GenAI Project Coordinator
	~1 year
	Project Management 
	F2F – 55 min

	F2F = Face to Face; O = Online Meeting






Appendix 6: Survey questions applied before and after GenAI implementation
We administered surveys at three critical stages during the GenAI implementation: a week before, two weeks after, and again after two months. 
	[bookmark: _Hlk211351108]Table A6a – Survey questions during GenAI implementation

	Dimension
	Question 
(Before GenAI Implementation)
	Question 
(After GenAI Implementation) *

	Response Accuracy
	How accurately did the previous ITSM system respond to user queries?
	How has the accuracy of responses improved after implementing Generative AI?

	User Satisfaction Ratings
	How satisfied were users with the responses provided by the traditional ITSM system?
	How has user satisfaction changed after integrating Generative AI into ITSM?

	Preventative Support Effectiveness
	How effective was the traditional ITSM system in preventing recurring issues?
	Has Generative AI improved the system’s ability to proactively resolve or prevent issues?

	Language Translation Accuracy
	How accurately did the ITSM system handle multilingual support before GenAI implementation?
	Has the GenAI-driven translation feature improved the accuracy and effectiveness of multilingual support?

	First Call Resolution Verification
	What percentage of user issues were resolved on the first attempt before GenAI implementation?
	Has Generative AI increased the success rate of first-call resolutions?

	Auto Resolution Assessment
	How often did the ITSM system successfully automate routine service requests prior to the introduction of GenAI?
	How effectively does Generative AI now handle and resolve routine service desk requests automatically?

	Response Time Evaluation
	How long did it take for users to receive responses from the previous ITSM system?
	Has the GenAI-driven ITSM system improved response time for resolving user queries?

	Ticket Categorisation Consistency
	How consistently did the system categorise tickets and assign them to the correct resolution path before GenAI?
	Has Generative AI improved the accuracy and consistency of ticket categorisation and routing?

	*The same set of questions was asked twice: two weeks after, and again two months after GenAI implementation. The respondents provided their scores on a scale of 1-10, “1” indicating the lowest and “10” indicating the highest score.



	Table A6b – Survey Responses for “Response Accuracy”

	Rating
	Before
	After - 2Wks
	After - 2Mnths

	1
	10
	2
	0

	2
	76
	8
	0

	3
	78
	7
	7

	4
	73
	7
	9

	5
	62
	83
	8

	6
	74
	109
	116

	7
	71
	101
	126

	8
	77
	84
	107

	9
	63
	109
	106

	10
	14
	88
	119

	Total
	598
	598
	598


Table A6b presents the survey responses for dimension “Response Accuracy.” It was used to build the plot in Figure A7(a). Similar responses were collected for each dimension listed in Table A6a. 
Appendix 7: Comparative performance of various capabilities at ATL before and after GenAI implementation
	

	Figure A7(a) – Comparative performance of response accuracy at ATL 



	

	Figure A7(b) – Comparative performance of preventive support at ATL 






	

	Figure A7(c) – Comparative performance of language translation accuracy at ATL 




	

	Figure A7(d) – Comparative performance of ticket categorisation at ATL




Appendix 8: GenAI-enabled Capabilities, Interdependencies, and their impact on ITSM at ATL
Interdependencies highlight how different GenAI-enabled capabilities at ATL interact with and enhance one another within the IT Service Management (ITSM) framework. These connections ensure that GenAI-driven solutions work holistically, improving efficiency, accuracy, and automation across multiple functions. These interdependencies are key to understanding how integrating multiple GenAI-powered functions can yield greater benefits than any single capability operating in isolation.
	Table A8 – GenAI-enabled Capabilities, Interdependencies, and their impact on ITSM at ATL

	GenAI-enabled Capability
	Key Features
	Interdependency With Other Capabilities
	Collective Impact on ITSM Performance
	Before GenAI
	2 months after GenAI
	Unit of measurement

	Enhanced Customer Interaction Management
 
	GenAI-powered multilingual chatbots
	Proactive Incident Resolution: Faster and more accurate ticket resolution reduces the workload of IT teams.
	50% improvement in query resolution time.
	3.28
	1.65
	Query Resolution Time (in hours).

	
	Context-aware service automation
	Strategic Operational Data Analysis: Chatbots continuously learn from historical data queries.
	40% increase in customer satisfaction.
	70
	98
	Number of customers who responded in the satisfaction survey with a rating of 9 or 10.

	Proactive Incident Resolution
 
	GenAI-driven ticket categorisation
	Enhanced Customer Interaction Management: 
Ensures GenAI chatbots correctly classify and resolve user queries.
	40% faster incident resolution.
	67.30
	40.53
	Mean Time (in hours) to Resolve Incident.

	
	Automated triaging and prioritisation
	Proactive IT Asset Management: Identifies issues before escalation, reducing manual intervention.
	30% decrease in manual interventions.
	680
	475
	Number of tickets resolved manually (GenAI automatically handles most manual interventions).

	Proactive IT Asset Management
 
	Predictive maintenance
	Proactive Incident Resolution: Fewer critical failures lead to lower ticket volumes.
	25% reduction in unexpected downtime.
	328.65
	245.26
	Unexpected downtime (in hours) due to missed early warnings (manual inspection vs GenAI).

	
	GenAI-driven IT asset monitoring
	Strategic Operational Data Analysis: Data insights improve IT resource allocation.
	20% increase in IT asset lifespan.
	126
	151
	Accurate identification of inventory and recovery of licenses.

	Strategic Operational Data Analysis 
	Operational analytics for service desk optimisation
	Enhanced Customer Interaction Management: GenAI identified that high-frequency queries reduce redundant service desk requests.
	30% reduction in redundant service requests.
	20.45
	26.60
	Percentage of total service requests that GenAI resolved before creating a ticket.

	
	GenAI-driven FAQ automation
	Proactive IT Asset Management: GenAI optimises IT resource allocation.
	20% increase in service desk efficiency.
	65.00
	78.20
	Proportion of tickets resolved in the current period relative to the total active workload.
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Response Accuracy

Before	1	2	3	4	5	6	7	8	9	10	10	76	78	73	62	74	71	77	63	14	After - 2Wks	1	2	3	4	5	6	7	8	9	10	2	8	7	7	83	109	101	84	109	88	After - 2Mnths	1	2	3	4	5	6	7	8	9	10	0	0	7	9	8	116	126	107	106	119	Satisfaction score (10-point scale)


Number of participants




Preventive Support 

Before	1	2	3	4	5	6	7	8	9	10	24	65	64	79	53	57	56	56	72	72	After - 2Wks	1	2	3	4	5	6	7	8	9	10	2	8	7	7	95	87	99	88	109	96	After - 2Mnths	1	2	3	4	5	6	7	8	9	10	0	0	7	9	8	45	58	130	139	202	Satisfaction score (10-point scale)


Number of participants




Language Translation Accuracy

Before	1	2	3	4	5	6	7	8	9	10	24	60	74	60	61	66	55	80	50	68	After - 2Wks	1	2	3	4	5	6	7	8	9	10	2	8	7	7	108	94	86	96	96	94	After - 2Mnths	1	2	3	4	5	6	7	8	9	10	0	0	24	0	0	98	59	115	122	180	Satisfaction score (10-point scale)


Number of participants




Ticket Categorisation

Before	1	2	3	4	5	6	7	8	9	10	53	54	70	49	65	24	66	64	67	86	After - 2Wks	1	2	3	4	5	6	7	8	9	10	7	8	3	6	102	102	89	100	88	93	After - 2Mnths	1	2	3	4	5	6	7	8	9	10	9	3	6	4	2	123	123	110	103	115	Satisfaction score (10-point scale)


Number of participants
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