
International Journal of Emerging Research in Engineering and Technology 

Pearl Blue Research Group | Volume 4, Issue 4, 139-151, 2023  

ISSN: 3050-922X | https://doi.org/10.63282/3050-922X.IJERET-V4I4P116    

 
 

Original Article 

 

AI-Driven Knowledge Management Systems for Enterprise IT 

Operations 
 
Nareddy Abhireddy, 

Independent Researcher, USA. 

 

Abstract - Artificial Intelligence (AI) is increasingly being integrated into Knowledge Management (KM) systems to provide 

enhanced decision-making support to Information Technology (IT) operations teams. AI-driven systems are empowering these 

teams to reduce service resolution times, streamline troubleshooting processes, and share knowledge more effectively by 

improving the speed, relevance, and contextual accuracy of knowledge retrieval and understanding. Alongside these 

advantages, such AI-powered capabilities are redesigning the nature of knowledge work, augmenting the collaborative aspect 

of KM efforts, and shifting the composition and skill requirements of IT operations teams. Fundamental considerations for 

developing AI-driven KM systems for IT operations are explored, including a discussion of deployed architectural patterns, 

data quality and governance concerns, and deployment and processing options. Further, the impact of these systems and 

capabilities on the KM aspect of IT operations teams is examined. Together, these insights provide a foundation for the 

adoption of AI capabilities within KM systems used by IT operations teams. 

 

Keywords - Cross-Border E-Commerce Data Governance; Cloud Computing; Data Localization And Residency; Data 

Sovereignty; Service-Oriented Architecture; Scalable Architectures; Third-Party Risk Management; Trusted Identity 

Management; Unified-Consent Framework. 

 

1. Introduction 
The increasing complexity of enterprise IT operational environments, the growing demand for high-quality service 

availability and performance, and the imperative for IT cost management have led to the outsourcing of many recurring 

operational processes. Yet, some IT services that are neither core business services nor capable of being fully automated 

remain in-house. Examples include monitoring, incident detection and response, event management, service request fulfilment, 

and problem resolution. Knowledge management is crucial to these processes because, in ideal conditions, operations teams 

would efficiently solve issues by exploiting existing procedures, diagnostics, workarounds, or root-cause analyses. The ability 

to capture, curate, and distribute this knowledge among teams in a timely manner can reduce resolution time, improve service 

quality, and minimise the risk of problems. 

 

Regardless of whether outsourced operations supply their services with or without knowledge, integrating all knowledge 

into a KM system helps operations and core teams scale effectively without sacrificing quality. An AI-driven KM system 

aligns with the trends of federated service management and product-led IT adoption. The deployment of artificial intelligence 

capabilities enriches existing KMS, enabling IT teams to supply and consume knowledge in a more intuitive way. These 

systems then reduce knowledge contribution/curation effort by capturing it directly from the conversations of team members, 

helping these KM solutions finally fulfil Agvent's promise of being a non-intrusive experience. 

 

 
Fig 1: Generative AI in Knowledge Management 

 

1.1. Background and Significance 

Business organizations continuously strive to provide their products and services in an intelligent manner that combines 

speed with ingenuity. They have naturally gravitated toward the 21st-century business technology platform comprised of cloud 
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computing, big data and analytics, mobile computing, social media, and the Internet of Things, which enable and encourage 

timely access to, and exchange of, their data and information in all forms. Ideally, such organizations would like to apply the 

same level of intelligence to all of their repeatable future modes of behavior, whether responding to market opportunities, 

detecting and preventing operational problems that could disrupt service delivery, performing operational functions like 

marketing and cross-selling, or maintaining their business technology platform not just to their production-level job execution 

but also to the detection of production problems and their root causes. Emulating their real-time detected detections of 

production problems in a collaborative manner involves designating knowledge workers (KWs) to work together, as a team, on 

new, similar problems. Likewise, the information action business organizations would like to experience is the residual benefit 

that can be obtained from analyzing problems after they have been resolved. 

 

Equation 1: Derived equations (step-by-step) you can use for this topic 

Let: 

 Query text  → embedding vector       

 Document   → embedding vector       

Step 1: Dot product 

      ∑ 

 

   

          

 

Step 2: Vector magnitudes 

     √∑ 

 

   

    
       √∑ 

 

   

    
  

 

Step 3: Cosine similarity score 

               
     

         
 

 

1.2. Research design 

Knowledge management in enterprise IT operations prevention and resolution of service outages and incidents, and 

fulfillment of change requests is increasingly driven by artificial intelligence (AI). AI optimizes the retrieval of knowledge, 

improves understanding of context and intent, and adds value wherever knowledge is applied. AI performs exploratory analysis 

on bodies of knowledge and generates new knowledge elements. Knowledge management for enterprise IT operations requires 

specific considerations: patterns of system architecture, data governance and quality, operational deployment, and skill 

profiles. 

 

Research on enterprise IT operational knowledge management KM in this work identifies patterns, noting that AI enables 

real-time operation in a cloud-native or cloud-like deployment model. IT operations personnel are relieved of some routine, 

knowledge-related tasks, but redesign of knowledge work and processes, and support for collaboration and skill evolution, 

remain priorities. 

 

2. Foundations of Knowledge Management in IT Operations 
Knowledge management (KM) is a sought-after objective in enterprise IT operations. Despite the proximity of the 

concepts, major KM frameworks lack integration with the business service-oriented context of IT operations and the specific 

functions of the IT operations team. Enterprise IT operations provide the knowledge work foundation. The Service Operation 

lifecycle offers the KM framework. IT operations teams produce and use a knowledge product. 

 

The KM lifecycle in IT operations takes place at a Service Operations level in the IT Service Management Framework, a 

service-oriented adaptation of IT Infrastructure Library best practices. Each of the KM lifecycle phases identifies processes, 

roles, deliverables, and the data that management and knowledge operations teams transform into knowledge, which 

Knowledge Management is the part of the Operations Lifecycle that aims to ensure that the knowledge and information that are 

necessary for the effective delivery of Service Operation are available to the right people at the right time. From the other side, 

the evolution of enterprise IT has been characterized by the development of IT management capabilities that seeks to improve 

an enterprise’s ability to manage how IT Systems are delivered, supported and operated for business services toward 

integration between business and IT. 
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Fig 2: Artificial Intelligence and Knowledge Management 

 

2.1. Definitions and scope 

Knowledge is critical to the delivery and effective support of IT services, yet knowledge work in IT operations is often 

poorly supported and can easily degrade in quality. Knowledge Management seeks to close this gap by establishing processes 

and systems that enable the effective storage, retrieval, and creation of knowledge, with the goal of improving quality and 

efficiency. This section discusses the nature of IT Operations knowledge work and provides a definition of knowledge 

management in enterprise IT Operations that accommodates these unique requirements. 

 

Knowledge is defined here as actionable information that is important for executing the organization’s mission. In the 

context of IT Operations, the mission is to deliver and support IT services by performing technical tasks – often called ―IT 

Operations work‖ or simply ―work‖  as efficiently as possible and with minimal adverse effect on the business operations 

supported. The successful execution of this work is typically supported by currently accepted procedures, backed by 

knowledge repositories or sources, together with practical experience and a thorough understanding of the IT environment. If 

the knowledge contained in these sources is insufficient to perform the work safely and efficiently, it is often enhanced through 

dialog with other personnel. Knowledge Management for IT Operations refers to ―the processes and systems that support the 

creation, transfer, retention, and retrieval of knowledge and other relevant assets within and between IT Operations teams, to 

improve overall efficiency and quality of service delivery.‖ 

 

Equation 2: Precision@k, Recall@k (to measure “retrieval improvement”) 

Let: 

   = set of top-  retrieved docs 

  = set of truly relevant docs (―gold‖ relevance) 

Precision@k 

    
      

 
 

 

Recall@k 

    
      

   
 

 

F1@k (optional combined score) 

     
           

       
 

 

2.2. Knowledge lifecycle in enterprise IT 

Enterprise IT operations are knowledge-intensive. The complexity of enterprise architecture and the scale of operations 

create inherent monolithic challenges. Repeated occurrences of IT outages, with visible impact on business services, 

demonstrate the weakness of enterprise IT operations teams in extracting the knowledge of past incidents to prevent, or at least 

predict, such outages. This is not because knowledge is not captured or stored; it is because the evolutionary processes for 

knowledge management are not enabled with sufficient fluidity. KM is not just about zestfully managing knowledge. KM in 

enterprise IT operations is about capturing, curating, and publishing hot–cold knowledge consumable by people. It is about 

language–model-based generative AI systems composing the knowledge products to target the specific consumer in the 
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specific context. Knowledge product developers are knowledge workers, much like authors or publishers, but operate only 

within the boundaries of an enterprise product catalog. 

 

In a Knowledge Cycle, recipients of hot knowledge become its authors. When a hot knowledge product is consumed by a 

person who is planning a similar or different action, that action represents a query for knowledge retrieval. Based on feedback, 

the Hot Knowledge product can be bifurcated into two paths: a smaller set of actions deployed multiple times are candidates 

for Hot-Product-Cool-Knowledge; and newly constructed documentation groups and knowledge templates—like training and 

certification guides—when appropriately tagged become candidates for Hot-Product-Bat-Knowledge. On the longer time-

scale, non-repeated actions leading to repeatable outcomes contribute to Hot-Product-Cool-Products, and Hot-Catalog-Cool-

Catalog. Processes such as training and certification of IPs creating Cool-Knowledge-Product-Clusters and Knowledge-

Product-Facilitators enable business user groups to efficiently manage Hot-Knowledge-Product-Cool-Knowledge and Hot-

Knowledge-Consumer-Cool-Knowledge-Creation. 

 

3. Role of Artificial Intelligence in Knowledge Management 

Research on AI technologies, systems, and tools capable of augmenting the KML process re-examines the knowledge 

lifecycle and the KML systems architecture using news articles, press releases, speeches, and vendor materials from AI 

providers and organizations developing AI-driven KMS for enterprise IT operations. To understand how such systems enrich 

KMS for enterprise IT operations, two functions of AI are particularly relevant: retrieval-augmented generation capabilities 

that increase the KMS's retrieval capabilities and AI-powered NLP that enables automated understanding and contextualization 

of intents. Research findings point to a novel architectural pattern for KMS systems for IT operations, facilitating the 

offloading of both knowledge generation and KML curation processes. A knowledge worker-centric view points out the 

implications of an AI-driven KMS for IT operations teams and the IT operations function overall. 

 

Several factors limit the ability of existing KMS to truly support a knowledge-centric approach for enterprise IT 

operations. First, despite a wealth of data contained in several IS components (e.g., application, service, incident, change, asset 

databases), the connections across these and other sources remain buried. Second, while KMS systems attempt to create 

connections among these data sources, efforts are often concentrated on a subset of IS components, reducing their context 

richness. Third, KMS are embedded in complex, integrated systems that cannot be easily queried by operations teams 

members. Consequently, KMS systems are treated as static repositories updated and enriched at irregular intervals that do not 

match enterprise KML needs. 

 

 
Fig 3: Knowledge Management with AI Technology 

 

3.1. Retrieval and search optimization 

Rich knowledge repositories are essential to aid in the optimal distribution and utilization of digital knowledge across 

large, geographically dispersed organizations. Functionally similar groups often work in close proximity, dealing with similar 

issues and creating similar solutions. These groups generate substantial numbers of tickets and knowledge articles. Unequal 

knowledge quality across the lifecycle of the knowledge article results in varying resolution times, with the knowledge base 

serving more as a reference for culprits to locate a point in time when systems were in a healthier state than for storm 

management. Self-service portals reduce workload but can also mask Service Desk function deficits for business users. AI 

technologies can improve solutions for such organizations by reducing repetitiveness in work tasks—intelligent automation to 

sift through knowledge work—and by assisting in a better, more intuitive interface for engaging with knowledge bases. An AI 

engine operates in the cloud and learns from these knowledge-basis support tasks and articles, detects and fills in gaps, and has 

an improving effect for the remainder. 
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Intelligent retrieval systems save time when retrieving infrastructure knowledge, filtering past infrastructure states that had 

no exploratory interest to the requester. AI decisions can also optimize operational planning with intelligent function-

discontinuation scheduling for testing and maintenance, creating a built-in knowledge creation plan. Machine learning (ML) 

algorithms for ticket closure prediction can assist system administrators in choosing the best runbook to minimize mean 

troubleshooting time and hence improve operational excellence. Advanced AI techniques can detect low-quality Web results 

for common queries at multiple levels of importance, optimizing user experience by interacting appropriately with interested 

users and providing short, intuitive explanations. An interactive question-answering process based on query refinement with 

semantic and contextual analysis enables the answering of more complex queries in natural language. Automatic tagging or 

classification reduces support costs when integrated into business processes. 

 

Equation 3: Retrieval-Augmented Generation (RAG) probability decomposition 

Let: 

  = user query 

  = retrieved context documents 

  = generated answer 

Step 1: retrieval distribution 

       
 

Step 2: generation conditional on context 

         
 

Step 3: marginalize over retrieved contexts 

       ∑               

 

 

 

3.2. Contextualization and intent understanding 

The knowledge of enterprise IT operations teams is often highly contextualized, with nuanced distinctions, short-lived 

relevance, and significant variability across teams, functions, industries, and companies. Consequently, even when a user query 

retrieves knowledge assets, those assets might not contain the required information. This mismatch may stem from missing 

context, as the user intention was to seek contextually similar assets but these were difficult to determine, or broken contextual 

links, where knowledge related to other knowledge is not connected and easily accessible, or from simply insufficient 

contextualization. Intention understanding is a deeper issue relating to the fact that even contextualizing queries properly, the 

full intention might still not be satisfied by a retrieved knowledge asset or a group of retrieved assets, and alternatives need to 

be suggested or additional knowledge discovered and shared. For example, one or multiple sources can be suggested for 

gathering further information; such sources can include the knowledge management system itself, other knowledge workers' 

profiles in the system, or external sources. 

 

Academic research and corporate investments are increasingly focused on off-the-shelf products that apply the above 

techniques, especially for the content-free textual aspect. These products detect and generate text and messages in various 

alternative ways, such as bullets, summaries, or 2–3 levels of detail; they also convert natural-language input text into 

enterprise-standard-operational-business context with predefined or user-profile-specific vocabulary and abbreviations; and 

they include classification through tagging or customer-defined properties, automatic translations into and from the company's 

major spoken languages, emotional- and friendly-level conversion, and text-spelling correction. Such industrial AI is also more 

available for the audible aspect: multiple systems can now produce deepfake-like voices and synthesize individual speakers 

without expensive setups. 

 

4. Architectural Considerations for AI-Driven KM Systems 
The design of AI-driven knowledge management systems for enterprise IT operations requires consideration of 

architectural patterns that support effective use with AI, data governance practices to ensure knowledge consistency and 

quality, and the establishment of a suitable information model. Both knowledge retrieval and the expansion of user intent 

typically involve different models, with retrieval operating on document embeddings and intent expansion using a combination 

of domain knowledge, natural language processing, and machine learning techniques. 

 

AI-Driven KM systems may be seen as integrated cyber-physical systems that combine a software layer with a 

corresponding collection of process and people components, all designed to enhance decision-making in enterprise IT 

operations. In general, such systems may be deployed using a dedicated service with real-time batch processing, using recent 

events to populate the knowledge base or using an AI engine that builds the knowledge periodically or in development mode. 

Knowledge management systems embedded into service desk tools may be better served with real-time processing, while 



Nareddy Abhireddy / IJERET, 4(4), 139-151, 2023 

 

144 

operations dashboards typically require a dedicated service layer for real-time reporting on current issues whilst batched 

processing is used to indicate recurrent trends. 

 

 
Fig 4: A Knowledge-Driven Framework for AI-Augmented 

 

4.1. System architecture patterns 

Artificial intelligence has propelled a considerable interest in knowledge management systems, especially in deployed in 

Integrated IT Operations platforms used to support Enterprise IT Operations teams.  All existing implementations use AI 

technologies to enhance their information retrieval capabilities. 

 

Depending on the use case, the specific architectural design will differ. The primary patterns have been extracted from the 

analysis of existing commercial products implementing AI-enabled knowledge management capabilities. For the AI-based 

systems aimed at information retrieval, the classic pattern of an inferencing engine  search tool backed by a knowledge base in 

a semantic technology format  has been followed. The knowledge base contains factual and temporal information which can be 

queried for simple document-like answers. The core innovation is the presence of the inferencing engine that helps improve the 

quality of the searches by complementing the search training data done during the preprocessing step. Text-to-Text 

transformation in the retrieval step is enabled by the use of Large Language Models (LLMs). The LLMs help in generating 

question-answer pairs from one-single passage documents, tag documents, and evaluate retrieved documents for their quality. 

 

Systems that work in real-time mode and do not primarily focus on information retrieval exploit the specific characteristics 

of the knowledge management layer. The knowledge layer is used to store the past and present states of the Integrated IT 

Operations system. Such a layered architecture allows summers to discover the state of the system and the corresponding 

recommendation at any time. The present time information can be linked to the past information (e.g., root cause analysis) to 

extract new wrinkles. The knowledge base stores information retrieved directly from communications happening in the world 

and are documented by analysts and engineers operating in collaboration with the system. 

 

Equation 4: Intent classification (NLP “intent understanding”) 

Let features from query be  . For multi-class intents          : 
Step 1: logits 

     
      

 

Step 2: softmax to probabilities 

       
   

∑     
   

 

 

Step 3: predicted intent 

 ̂          
 

       

 

4.2. Data governance and quality 

AI-Knowledge Management systems for enterprise IT operations ingested diverse sources without strict governance. KMS 

were updated on a schedule, often without a defined frequency. These shortcomings highlighted the significance of optimal 

data governance and quality control. 

 

Improved data governance requires that the completeness, accuracy, relevance, and currency of incoming data be assured. 

To this end, it becomes essential to define data sources and models, frequency of ingestion, and processes to identify and 
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rectify data quality issues. Specific roles can be assigned accountability for ensuring data quality. Even with advanced Large 

Language Models, absence of data quality control will often lead to incorrect conclusions and decisions. 

 

Data quality is of paramount importance especially in real-time KMS serving frontline personnel. Delivery of the Service 

Desk constitutes an example. Responding to Service Desk tickets generally involves creating standard replies detailing reason 

and resolution of the underlying incidents. These responses over time are collated in a KMS and are used by the service agents 

for quick response. Service Desk responding to tickets related to account related issues is a high incidence and time-consuming 

demand on an IT organization extended during festival seasons when new users are onboarded. The accuracy of reply is 

sacrosanct as any breach in customer account credentials can lead to huge financial deficits. For such KM requirements, apart 

from standard ingestion from KMS, the KMS should enable real-time filtering and addition of relevant responses by the 

service agent before the reply is sent to the customer. 

 

5. Deployment Models and Operational Implications 
Deployment models for AI-driven knowledge management solutions vary along several dimensions, including on-

premises versus cloud-based systems, hybrid configurations, and real-time versus batched processing of knowledge 

repositories. These choices not only determine the properties of the underlying hardware and software platforms but also have 

important implications for the day-to-day operations of enterprise IT functions. 

 

Deploying AI-driven knowledge management solutions in a cloud infrastructure provides cost and management benefits, 

especially for smaller organizations, since the cloud service provider takes care of the underlying technology stack. Relying on 

a public cloud reduces capital expenditures, administration overhead, system maintenance, and upgrade efforts. Nevertheless, 

such services may also introduce concerns over data ownership and confidentiality. Use of hybrid clouds with both public and 

private portions can help to alleviate these concerns. Large enterprises with stringent requirements for the confidentiality of 

their knowledge repositories may, however, prefer to run the entire solution on their own infrastructure. 

 

Equation 5: MTTR (Mean Time to Resolve) and MTTR reduction 

If incident  has open time      
   

and resolved time     
   

: 

Step 1: per-incident resolution time 

        
         

    

 

Step 2: MTTR over  incidents 

     
 

 
∑ 

 

   

   

 

Step 3: Improvement from AI-KMS 

       
                   

            

     

 

5.1. On-premises versus cloud-based deployments  

Organizations can deploy an AI-based Knowledge Management (KM) system either on-premises on private or hybrid 

clouds, or through public cloud-based services. These two deployment models have different implications on the operational 

processes of IT operations teams. Using a public AI service like Open AI’s GPT or Azure OpenAI Service involves occasional 

data feeding to the service whenever the training needs to be updated. Private and hybrid-cloud-based service models still 

mandate the considerations for data governance and servicing the need for quality and secured data. In contrast, a fully on-

premises AI KM environment necessitates having a Knowledge Base into any format that can be sent for training to either a 

generative AI service provider (for private cloud) or the LLMs which are available in open-source or community versions (for 

local installation). 

 

On-premises AI KMS support processing the knowledge heatmap in real time; when an IT Operations Kick-off is raised, 

the team receives an auto-generated expertise matrix along with contextualized knowledge and KB info about the IT services 

involved in the request and the provider teams. All signals related to IT operations management (like incidents, SEs, and alerts) 

can be updated periodically or in real time. For the cloud or hybrid-cloud-base designs, it may not be possible to service the 

knowledge heatmap in real time, but a near real-time implementation is highly recommended for it being a critical service 

enhancer. 
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Fig 5: Comparison of Knowledge Retrieval Time: Baseline vs. AI-Driven KM 

 

5.2. Real-time versus batched processing 

Processing the data sources in real-time instead of on a batched schedule presents two principal benefits. First, it enables 

each operation of the IT function to have the most recent and relevant content at its disposal for any knowledge work, thus 

improving the overall quality and speed of this knowledge work. That, in turn, yields more effective conversation outcomes in 

the natural language interface to the KM system and ultimately drives the improvement of both customer and employee 

experience with the cloud-based services provided by the IT function. Second, it enables more timely responses to queries that 

present an unprecedented context. An organization regularly experiencing major public internet outages (natural disasters, etc.) 

may benefit from ingesting data on such events as they occur. Applying natural language models to generate conversational 

responses with that context will help ensure AML responses to customers are both correct and concise, thereby contributing 

both speed and quality dimensions to the customer experience delivery component of the NPS. 

 

Many organizations have invested in implementing an SRE model that uses monitoring and alerting mechanisms to 

proactively identify issues. Consider the broader portfolio of services being operated by the IT function and the availability of 

data generated by those services. For example, an email service. Problems have been well-publicized in traditional media 

sources and social media channels. When availability or performance problems arise in email service, it is typical for internal 

systems and flagged queries to include information about service problems during that timeframe. Hence, why was automation 

of a public exchange and query with the new service information not achieved? Reducing the time lag from days or weeks in 

applying context data to serve customers to seconds can make a significant difference in customer experience. 

 

6. Impact on IT Operations Teams 
The transformation of enterprise IT environments through AI-driven knowledge management systems will have significant 

implications for IT operations teams. Senior management and organizational behavior research emphasizes the importance of 

knowledge work redesign when organizations deploy new digital technologies. The fundamental nature of the work undertaken 

by IT operations teams is changing: generalized, labor-intensive, operator-style work is declining while more complex decision 

management and testing work is increasing. As these teams deploy and operate increasingly integrated enterprise IT stacks, 

including cloud-based services and SaaS business applications, their member roles are evolving from a technology-oriented 

focus toward business process expertise. Many organizations are focusing on the business process areas that include digital 

capabilities, departing from a traditional, technology-focused structure in their IT operations teams. Collaboration across these 

areas is enabled and supported by tools that enhance knowledge sharing capabilities. 

 

Real-time, just-in-time access to knowledge for these roles will improve the quality, consistency, and speed of delivery. 

AI-driven KM systems reduce the burden of contextualization and intent understanding in information retrieval processes, 

enabling team members to devote increased energy to the higher-value judgment and testing aspects of their responsibilities. 

However, AI still requires the specialized knowledge and experience of team members to evaluate and maintain source data, 

concerning both content quality and organizational relevance. To support these activities, team members require upskilling and 

reskilling in Knowledge Engineering, enabling them to develop a mix of tacit and explicit knowledge that describe and 

annotate the organization's knowledge base. While organizations can experiment with Knowledge Engineering practices — 

balancing skill-building and specific job role assignments  AI-driven KM systems will increase the overall demand for team 

members skilled in this area. 
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Fig 6: Annual Cost Savings from MTTR Reduction by Team 

 

6.1. Knowledge work redesign and collaboration  

AI-driven KM systems are poised to transform the design and practices associated with knowledge work in IT operations 

teams, improving task effectiveness and efficiency while also supporting collaboration. Knowledge work encompasses any 

work effort that, at least in part, requires a skillset that would not be possessed by the average worker and involves producing 

knowledge assets, such as how-to articles, rules for processing items, models, plans, and drawings (Drucker 1998). While 

enterprises use a broad set of enterprise tools and templates for measuring and managing quality, thus ensuring that one-time 

knowledge work assets are optimized for reuse in ongoing transactional work following consistent quality parameters, 

knowledge work within enterprise IT naturally makes use of heavy assets such as logical and physical data models, data 

dictionaries and data catalogs, and application portfolios. Thus, either transferring the assets to a knowledge management 

system (KMS) when no longer needed or associating with the shared marketplace for knowledge work in the organization 

needs to be viewed as the primary means of knowledge capture to optimize organization's capital and labor investments. 

 

Some organizations develop a dedicated resource for overseeing, assessing, and validating the quality of, melding, and 

consolidating comparable knowledge work asset contributions into a coherent and receiveable form. While this investment 

typically generates higher-quality assets that are readily usable, proposed or alternative changes in the assets put forward for 

the knowledge marketplace continue to be evaluated. An AI approach that can detect the context and nature (sanity check) of a 

proposed change, and do so even on an ongoing and real-time basis during knowledge work execution, would service 

organizations that wish to steer a middle road of allowing for multiple contributions but blend-and-validate components into 

coherent forms. 

 

6.2. Skill requirements and training 

The impact of AI-driven knowledge management systems on IT operations teams goes beyond technology and processes. 

Knowledge work is redesigned through augmented intelligence systems that reduce the manual effort involved in knowledge 

writing and retrieval. Additional task automation offers opportunities to reduce short-term labor costs and reallocate technical 

knowledge workers to other activities. Their experience can be shared more widely and enable a different way of working, 

characterized by collaboration on knowledge verification or generation. The future skill requirements for IT operations teams 

are still emerging but certainly differ from traditional level-one or level-two support roles. The ITIL v4 guide, borne out of 

years of research and practice, anticipates the emerging skills needs associated with modern IT operations. The flow of 

information between AI systems and humans must be maintained, and workers need an overview of the current system state to 

detect problems promptly. 

 

To realize these benefits, AI-driven knowledge management systems need to be deployed in production environments 

within IT organizations. Practical systems training and test support are essential for the successful deployeaent of AI systems 

in any domain. Most companies develop their IT operations-serving knowledge management systems as on-premises 

installations deployed either on local data center infrastructure or in dedicated segments of public cloud providers. In 

production, many knowledge management systems need to support real-time processing, because the knowledge in enterprise 

IT operations changes frequently and rapidly. 

 

7. Conclusion 
Enterprise IT operations, which focus on core enterprise applications, are becoming increasingly specialized and complex. 

These challenges have led many enterprises to apply AI-based knowledge management (KM) systems to address several key 

questions: 

 How can IT operations teams manage knowledge work more efficiently? 

 Can IT operations work be redefined to enable more efficient collaboration and knowledge sharing? 

 What new skill sets are required of IT operations personnel, especially after deploying an AI-based KM system? 
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Owing in part to the diversity of deployment models and KM architectures, the impact of AI on knowledge management is 

likely to reach beyond traditional IT help desk operations to other areas of enterprise IT operations. Even at more advanced 

levels of AI application, it is still beneficial, if not essential, to augment AI with basic KM principles, such as content 

moderation, active collaboration across domain silos, and user education. This enables enterprises to achieve more effective 

deployment of IT operations knowledge within their respective organizations. 

 

Table 1: Illustrative ROI table 

Team/Process Annual Tickets Blended Cost ($/min) Annual Time Saved (min) 

L1 Service Desk 5000 1.2 210000.0 

L2 Ops 2500 1.8 180000.0 

SRE/Platform 1200 2.5 121200.0 

Change Mgmt 800 2.0 76800.0 

Problem Mgmt 400 3.0 63200.0 

                             

7.1. Future Trends  

Current trends in knowledge management for IT operations include the integration of AI technology to support the 

knowledge creation, storage, and sharing processes. Nevertheless, the formalization of knowledge management is not 

widespread; many organizations lack the tools or procedures required to effectively manage knowledge. In response, the 

increasing prevalence of cloud platforms with built-in capabilities for managing the creation and authentication of content has 

fostered the development of applications that leverage existing content to enhance the relevance of search results. AI 

technology is also being used to enhance knowledge management by adding a contextualization layer to information retrieval, 

thereby improving the understanding of user intent and the relevance of results. 

 

There is considerable interest in addressing the knowledge gap within IT operations teams due to insufficient 

documentation, challenges with information retrieval tools, and lack of context and maintenance of existing logs. AI-driven 

solutions for managing knowledge in service desks, incident management, and observability systems are emerging to enhance 

search results and enable the auto-generation of knowledge articles. These solutions overcome the existing problems of 

previous generations. Nevertheless, the current focus on enhancing information retrieval processes has attracted most attention, 

while research and deployed systems capable of covering the entire knowledge lifecycle remain scarce. Looking ahead, 

systems that automatically manage knowledge generation, storage, sharing, and usage will soon be ready for deployment. The 

first wave of such systems is expected to emerge from service desks and incident management solutions. 
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