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Abstract: Artificial Intelligence (AI) has introduced significant advancements in operational efficiency across various 

domains, including IT Service Management. A crucial aspect of this field is the resolution process, which involves 

addressing issue tickets that represent interactions between IT agents and problem holders. Traditionally, these tickets 

are manually categorized to facilitate continuous improvement and proper escalation within the support team. AI now 

has the capability to classify tickets based on the initial issue descriptions, thereby eliminating the need for manual 

classification and enhancing operational efficiency. This case study explores methodologies for enhancing AI 

classification performance in IT incident management. Using a data set provided by an IT service provider in the 

nautical tourism sector, various enhancement techniques were applied to measure their impact on AI classification. AI 

models were developed, tested, and trained on both the original and enhanced data sets. The research findings indicate 

that improvements in AI performance can be achieved through systematic changes, such as better semantic 

categorization. These enhancements demonstrate that AI-driven approaches can significantly improve the efficiency 

and effectiveness of IT incident management. Ultimately, this leads to an improved customer experience through 

automation and streamlined processes. 
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I. INTRODUCTION 

 In modern IT businesses, the effective management of service provision has become imperative to maintain 

operational efficiency. The related field of IT Service Management (ITSM) is a subset of Service Science that specifically 

focuses on all service-related aspects of IT business. In the ITSM domain, the most common best practices framework to 

guide IT service processes is called the Information Technology Infrastructure Library (ITIL). As Gulap et al. (2009) noted, 

“ITSM, as defined in the ITIL, is both a glossary, to ensure a uniform vocabulary, and a set of conceptual processes intended 

to outline IT best practices” (Gulap et al., 2009). ITSM encompasses a wide variety of concepts, but this report focuses on 

the initial incident and resolution thereof called Incident Management (IM), which covers the practices from a problem 

being raised by a user to resolving that initial problem (Gulap et al., 2009; Baresi et al., 2020). 
 

 In practice, the problem holder contacts the service department by e-mail or phone, and then the ticket system 

application creates a unique ticket regarding the specific issue to avoid confusion when working on multiple issues 

simultaneously (Reinhard et al., 2023). Following the ITIL framework, IT agents in the so-called “1st line support” (Service 

Desk) address and categorize every ticket, to subsequently escalate the resolution of the ticket to the correct agent in the 2nd 

line support for either resolution of incidental issues or larger systematic issues (Reinhard et al., 2023; Heinrich et al., 

2019). Multiple sequential lines of support are conceptualized in the ITIL framework, covering multiple roles encompassing 

all ITSM processes and resembling a decision tree (Batini et al., 2007). The framework is designed to handle large volumes 

of tickets while maintaining efficiency and generating data to improve or facilitate processes within (Gulap et al., 2009). 
 

 The increasing volume of tickets and the repetitive categorization and description practices in the ITSM field, 

combined with the current societal interest in artificial intelligence (AI), have spurred research into the theoretical benefits 

and practical implementation of AI in ITSM (Reinhard et al., 2023). The first commercial AI-assisted ticketing solutions have 

already entered the market, but the novel research domain of AI-ITSM is yet to be fully explored (Baresi et al., 2020). 

Existing AI models are typically tailored toward traditional IT businesses with larger service desks incentivized to maintain 
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good data quality to manage and improve internal processes (Heinrich et al., 2019). However, IT service providers that do 

not predominantly focus on Incident Management in their operations face additional inherent challenges in creating 

effective models (Batini et al., 2007; Reinhard et al., 2023). 
 

In the AI-ITSM research domain, Reinhard et al. (2023) and Baresi et al. (2020) have introduced intensive automated 

methodologies to enhance the precision and sensitivity of AI-based ticket classification and resolution. However, smaller IT 

businesses might not have the resources necessary to apply these extensive methodologies (Heinrich et al., 2019). This 

paper presents a case study of the implementation of AI in the ITSM practices of a niche IT service provider in the nautical 

tourism sector, which has inherently high issue diversity and lacks the resources for extensive automated ticket quality 

improvement efforts (Baresi et al., 2020; Reinhard et al., 2023). 
 

Existing research in the AI-ITSM domain highlighted the necessity and effectiveness of improving data quality in the 

AI model’s training dataset. “It is generally known that assessing data quality is important for information systems research 

as low data quality results in expensive data quality costs” (Batini et al., 2007). In ITIL practices, every ticket generates data 

that is fundamental to the continuous improvement of the service provided (Gulap et al., 2009). This data varies from 

descriptions of the initial issue that caused the ticket and how it was ultimately resolved to numerical values for how long it 

took to respond and resolve a ticket (Heinrich et al., 2019). However, the resulting dataset is often insufficient in both 

accuracy and completeness to be used as the training dataset for an effective AI model (Batini et al., 2007; Reinhard et al., 

2023). As Reinhard et al. (2023) pointed out, “…due to various reasons (e.g., time pressure or convenience) and the 

complexity of support services, support agents tend to insufficiently describe issues and summarize resolutions, which in 

consequence limits the capabilities of the AI-driven systems” (Reinhard et al., 2023). Low data quality in the training dataset 

impacts the ability of an AI model to classify tickets based on the textual data input correctly (Heinrich et al., 2019). This 

was proven by Heinrich et al. (2019), who tested the ticket quality dimension of completeness on the performance of 

recommender systems (Heinrich et al., 2019). Therefore, inexpensive data quality improvement methods will be tested in 

this case study and evaluated to highlight the challenges and accessible solutions for implementing AI in IT service practices 

(Batini et al., 2007). 
 

A. Research Background and Objectives 

In the evolving landscape of IT Service Management (ITSM), effective incident management is critical for 

maintaining service quality and operational efficiency (Gulap et al., 2009). Incident Management (IM), a core component of 

ITSM, encompasses the entire lifecycle of an issue raised by a user until its resolution (Heinrich et al., 2019). The traditional 

approach to IM involves the manual categorization of issue tickets by IT agents, following the guidelines set out by the 

Information Technology Infrastructure Library (ITIL) (Baresi et al., 2020). The manual nature of this process can be time-

consuming and prone to errors, especially with the increasing volume of tickets (Batini et al., 2007; Reinhard et al., 2023; 

Heinrich et al., 2019). 
 

The advent of Artificial Intelligence (AI) offers a transformative potential for ITSM, particularly in automating the 

categorization and initial handling of issue tickets (Reinhard et al., 2023). AI can classify tickets based on the initial 

descriptions provided by users, thus eliminating the need for manual intervention and enhancing operational efficiency 

(Gulap et al., 2009; Baresi et al., 2020). Despite these advancements, the implementation of AI in ITSM, especially in 

incident management, remains a complex and underexplored area (Batini et al., 2007; Reinhard et al., 2023; Heinrich et al., 

2019). This study aims to fill this gap by examining practical AI implementations in incident management within a niche 

sector, offering insights into scalable AI solutions for smaller enterprises. 
 

B. Research Questions 

To address the challenges and explore the potential of AI in improving IT incident management, this study aims to 

answer the following research questions: 

1. What dataset enhancement methodologies are known in prior research on AI-Incident Management that can 

improve the AI classification of tickets? 

2. How can these methodologies be translated for small and medium-sized businesses with limited resources to 

improve ticket AI classification? 
 

By answering these questions, the study aims to provide practical insights and solutions for small to medium-sized 

IT service providers looking to leverage AI technologies for enhanced incident management. 
 

C. Academic Relevance  

Research on Artificial Intelligence (AI) within the IT Service Management (ITSM) domain is currently sparse, 

particularly concerning the challenges posed by datasets in need of enhancement. Existing literature, such as that by Cai& 
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Zhu (2015), emphasizes the critical role of data quality in AI applications across various domains. Heinrich et al. (2019) 

further highlight how data quality impacts AI performance specifically within ITSM contexts. This study aims to address and 

enhance data quality issues prevalent in imperfect datasets, echoing methodologies explored by Baresi et al. (2020) and 

Reinhardt et al. (2023) through statistical analyses. However, there remains a gap in exploring simpler yet effective 

methodologies to enhance data quality specifically tailored for the ITSM field. 
 

D. Practical Relevance 

In this case study, the primary objective is to leverage AI technologies to alleviate the manual workload associated 

with Incident Management processes. While many aspects of IT businesses are scalable, the handling of service requests 

often requires intensive human intervention. Solutions like FAQ lists and AI chatbots offer potential for reducing this 

workload in generic IT service management scenarios but may fall short in specialized sectors. The niche IT service provider 

in this study operates within the nautical tourism sector, where resolving technical issues demands highly specialized 

expertise, contributing to high operational costs. 

 

The focus within Incident Management is on ticket categorization, a task critical for generating essential data under 

the ITIL framework. Each ticket must be meticulously categorized to facilitate efficient IT service management and 

continuous improvement processes. The current manual categorization process, amidst a high volume of incoming tickets, 

underscores the need for automation through AI. However, the effectiveness of AI in accurately categorizing tickets hinges 

on the quality of the underlying data. In this case study, the dataset suffers from data quality issues, which poses a 

significant barrier to successful AI implementation. Systematic improvements aimed at enhancing data quality are therefore 

paramount to enabling an effective AI model capable of reducing manual workload through accurate ticket categorization. 

 

The relevance of this research extends to exploring methodologies for enhancing data quality specifically tailored for 

AI implementation in IT incident management. The resource constraints faced by smaller IT service providers, such as 

limited budgets for outsourcing AI initiatives, add complexity to the adoption of sophisticated AI-driven solutions. This 

constraint is particularly pertinent in sectors like nautical tourism, where project-based service delivery may circumvent 

comprehensive ITIL practices, further limiting investment in AI implementation efforts. Thus, this study aims to bridge the 

gap between theoretical advancements in AI-driven ITSM and practical implementation in resource-constrained 

environments. 
 

II. LITERATURE REVIEW 

The primary objective of this case study is to illuminate the foundational challenges associated with AI 

implementation within service delivery processes governed by the ITIL framework, while also evaluating enhancement 

methodologies proposed in the AI-ITSM research domain. To achieve this, a comprehensive review of current theoretical 

frameworks and empirical research across IT Service Management (ITSM) and Artificial Intelligence (AI) domains is 

imperative. This review encompasses defining and exploring dimensions of data quality, methodologies for empowering AI 

through data quality enhancement, and techniques for evaluating AI model performance. 
 

A. IT Service Management (ITSM) 

IT Service Management (ITSM) is defined as a strategic approach to managing IT operations with a focus on 

delivering IT services that meet the needs of customers and align with business goals (Conger et al., 2008). Central to ITSM 

is the Information Technology Infrastructure Library (ITIL), a comprehensive framework comprising best practices and 

processes aimed at optimizing service delivery and enhancing operational efficiency through systematic data collection. ITIL 

integrates closely with ticketing systems tailored for IT service management processes, facilitating multitasking by service 

agents and enabling the collection of vital metrics for service improvement 
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Figure 1: Overview of ITSM processes (ISO/IEC 20000 1, 2005)  

Figure 1 provides an overview of the structured ITSM processes, illustrating the systematic approach advocated by 

standards such as ISO/IEC 20000 1 (2005). This case study specifically focuses on implementing AI within Incident 

Management (IM) processes, aiming to streamline resolution procedures and enhance service delivery. 
 

B. The Importance and Challenges of Ticket Classification 

Ticket classification stands as a foundational process within the ITIL framework's incident resolution process, 

serving as the initial step to translate service requests into actionable data for continuous service improvement. This critical 

stage not only supports efficient incident management but also significantly impacts the efficacy of AI-driven enhancements 

aimed at automating and streamlining IT service operations. In IT service management (ITSM), ticket classification plays a 

crucial role in organizing and prioritizing incoming service requests based on their nature and severity (Conger et al., 

2008). By categorizing tickets accurately, IT organizations can ensure timely responses and resolutions, thereby enhancing 

customer satisfaction and operational efficiency. This process is essential for generating structured data that informs 

decision-making and supports the continuous improvement of service delivery processes within the ITIL framework. 
 

The quality of data generated through ticket classification is paramount not only for manual service management but 

also for training AI models designed to automate and optimize incident resolution processes. Research underscores that AI 

models heavily rely on high-quality data inputs to achieve accurate classification and predictive capabilities (Heinrich et al., 

2019). Therefore, any inaccuracies or inconsistencies in ticket classification can propagate through AI training datasets, 

leading to compromised model performance and reduced effectiveness in handling real-time service incidents. 
 

AI-driven ticket classification encounters several inherent challenges rooted in the variability and complexity of 

textual data submitted by service requesters. Unstructured inputs, often plagued by spelling errors, abbreviations, and 

vague descriptions, pose significant hurdles for AI algorithms tasked with interpreting and categorizing issues (Baresi et al., 

2020). The lack of specificity in initial service requests requires IT agents to engage proactively, seeking additional 

information to refine ticket classifications accurately. For example, a service requester reporting "laptop not working 

properly" presents a broad issue that could stem from hardware malfunctions, software glitches, network connectivity 

issues, or authentication failures (Conger et al., 2008). Without detailed clarification from the requester, IT agents must rely 

on their expertise to deduce the underlying cause and categorize the ticket accordingly. This process demands not only 

technical proficiency but also effective communication skills to ensure precise ticket classifications that align with ITIL 

standards and service level agreements (SLAs). 
 

Effective AI empowerment in incident management hinges on robust strategies to enhance data quality throughout 

the ticket classification process. Preprocessing techniques, such as text normalization and error correction, play a crucial 

role in standardizing textual inputs before they are fed into AI models (Reinhardt et al., 2023). By cleansing and structuring 

unstructured data, IT organizations can improve the signal-to-noise ratio in AI training datasets, thereby enhancing the 

accuracy and reliability of automated ticket classification systems. Furthermore, continuous validation and refinement of AI 

training sets are essential to mitigate the impact of human errors and inconsistencies in manual ticket classifications. 

Iterative feedback loops allow IT organizations to identify and rectify misclassifications, ensuring that AI models evolve and 

adapt to changing service demands and operational environments (Heinrich et al., 2019). 
 

C. Artificial Intelligence Categories 

Artificial Intelligence (AI) plays a pivotal role in enhancing IT incident management by automating processes and 

improving customer experience through streamlined service delivery. Within AI, text data classification is fundamental for 

efficiently categorizing service tickets and prioritizing responses. This section explores three key classification algorithms—

Bayesian classifier, decision tree classifier, and artificial neural networks (ANN)—and their relevance to AI-driven incident 

management. 
 

a) The Bayesian Classifier 

The Bayesian classifier applies probabilistic principles to classify text data based on the occurrence and weights of 

features (words) within the text (Conger et al., 2008). For instance, in the context of IT incident management, the classifier 

analyzes words like "network issue" or "software malfunction" to probabilistically determine the most likely category of the 

service ticket. By calculating conditional probabilities and updating probabilities as new evidence (textual features) emerges, 

the Bayesian classifier adapts to classify issues accurately. In practice, the Bayesian approach allows IT service desks to 

automate the initial categorization of tickets, reducing manual effort and accelerating response times (Heinrich et al., 2019). 

This automation is particularly effective in handling large volumes of service requests, where quick and accurate 

classification is crucial for maintaining service levels and enhancing operational efficiency. 
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b) The Decision Tree Classifier 

The decision tree classifier operates like a flowchart, using decision points based on the features of the text data to 

classify issues (ISO/IEC 20000-1, 2005). It can handle both categorical and numerical data, making decisions based on the 

presence, absence, or specific values of certain features. For example, if a ticket mentions slow internet speeds but not 

complete connectivity loss, and this issue affects multiple users, the decision tree might classify it as a "network congestion" 

problem if the speed falls below a predefined threshold. However, the effectiveness of decision tree classifiers in AI-driven 

incident management hinges on the quality and completeness of textual data. Unclear or incomplete descriptions can lead to 

misclassification, highlighting the importance of data preprocessing and feature selection to optimize decision tree 

performance (Reinhardt et al., 2023). 

 

c)  Artificial Neural Networks (ANN) 

Artificial Neural Networks (ANNs) are versatile classifiers inspired by biological neural networks, designed to learn 

and recognize patterns in data (Baresi et al., 2020). ANNs consist of interconnected nodes organized in layers—input, 

hidden, and output—where each connection (synapse) carries a weight that adjusts during training to optimize classification 

accuracy. In the context of IT incident management, ANNs excel in handling complex and unstructured textual data, 

leveraging deep learning techniques to extract meaningful patterns from service tickets (Conger et al., 2008). However, the 

complexity of ANNs also presents challenges, including the "black box" nature where the internal decision-making process 

isn't easily interpretable. Despite this, ANNs offer flexibility in handling diverse datasets and improving classification 

accuracy over time through continuous learning and adaptation. 
 

d)  Data Quality  

Data quality stands as a pivotal factor influencing the efficacy of AI models in IT incident management. In this 

research context, data quality refers to the fitness for use of the datasets used to train AI models, crucial for predicting 

and resolving IT issues promptly and accurately. According to Cai and Zhu (2015), accurate and high-quality data are 

essential for deriving meaningful insights and value from big data analytics. Wang and Strong (1996) define data 

quality as the usability and reliability of data, highlighting its critical role in the effectiveness of AI applications within 

IT service management frameworks. 
 

 
Figure 2: Two-layer big data quality standard by Cai&Zhu (2015) 

 

Figure 2 illustrates a comprehensive conceptual overview of data quality dimensions proposed by Cai and Zhu 

(2015), encompassing aspects such as completeness, accuracy, relevance, and timeliness. In the realm of IT incident 

management, not all dimensions are equally applicable, with a specific focus on reliability and relevance. These 

dimensions dictate that AI models trained on IT service tickets must prioritize data entries that demonstrate high 

reliability in issue descriptions and relevance to incident management processes. Ensuring these criteria are met 

enhances AI model accuracy and efficiency in incident resolution. 
 

e)AI Empowerment Methodologies  

In the realm of AI-driven IT incident management, the efficacy of AI models hinges significantly on the quality of the 

data they are trained on. Effective methodologies for enhancing AI capabilities, pioneered by Baresi et al. (2020) and 

Reinhardt et al. (2023), offer valuable frameworks for improving data quality and subsequently optimizing AI-ITSM (IT 

Service Management) workflows. However, these methodologies often require extensive data science resources, posing 

challenges for smaller enterprises with limited budgets. 
 

Reinhardt et al. (2023) introduce a systematic ticket analytics pipeline designed specifically to enhance AI-ITSM 

models within incident management frameworks. This pipeline, articulated through five sequential data analytical steps 

(DR1-5), serves to refine data quality and enhance the overall performance of AI models deployed in incident resolution. 
 

DR1 initiates the process by defining and characterizing key data quality metrics tailored to issue descriptions and 

resolution narratives. This stage ensures that the training dataset for AI models is populated with entries that meet 
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stringent reliability and relevance criteria. By focusing on these metrics, Reinhardt et al. (2023) underscore the importance 

of starting with high-quality data inputs to foster accurate model predictions and actionable insights in real-world IT 

incident scenarios. 
 

Following DR1, DR2 involves preprocessing textual data extracted from incident reports. This crucial step involves 

cleaning and standardizing input data by removing irrelevant elements such as hyperlinks, email signatures, and special 

characters. By streamlining the textual data, DR2 prepares the dataset for subsequent analysis and model training, 

mitigating noise and ensuring consistency in data inputs. 
 

DR3 leverages topic clustering techniques to categorize and organize incident tickets based on thematic relevance. 

This clustering process enhances dataset coherence by identifying and retaining only those tickets that contribute 

meaningfully to AI model training. Redundant or irrelevant tickets are systematically removed, optimizing the dataset's 

utility and relevance in enhancing AI-driven incident management capabilities. 
 

In DR4, Reinhardt et al. (2023) introduce a scoring mechanism that evaluates each ticket across multiple dimensions 

of data quality. Metrics such as accuracy, completeness, and timeliness are assessed to assign scores that prioritize tickets 

with high-quality data inputs. This iterative process ensures that AI models are trained on datasets enriched with reliable 

and pertinent information, thereby enhancing their predictive accuracy and operational effectiveness in handling IT 

incidents. 
 

Finally, DR5 concludes the pipeline by assigning normalized scores to each ticket, reflecting its overall contribution to 

enhancing AI model performance. By quantifying the usefulness of each ticket based on aggregated data quality scores, DR5 

facilitates informed decision-making in dataset refinement, ensuring that only the most valuable entries are retained for AI 

model training purposes. 
 

Complementing Reinhardt et al. (2023), approach, Baresi et al. (2020) present the ACQUA methodology, a 

comprehensive framework aimed at predicting and improving ticket data quality through advanced statistical analyses. 

ACQUA employs a 15-step process to assess initial data quality directly from issue descriptions, employing metrics such as 

text length, content relevance, and syntactic complexity. This deductive approach enables organizations to preemptively 

filter out low-quality data entries, thereby optimizing the dataset's suitability for AI model training. 
 

The ACQUA methodology's emphasis on initial data quality assessment aligns with best practices in data-driven AI 

model development, ensuring that only high-quality inputs are integrated into the training process. By leveraging statistical 

metrics and deductive reasoning, ACQUA provides a robust framework for enhancing data quality within incident 

management datasets, setting a precedent for rigorous data governance practices in AI-driven ITSM environments. 
 

However, while these methodologies offer comprehensive frameworks for enhancing AI capabilities in incident 

management, their reliance on extensive data science expertise and resources may limit their accessibility to smaller 

organizations. The challenge remains in adapting and simplifying these methodologies to suit the resource constraints of 

small to medium-sized enterprises, thereby democratizing access to advanced AI-driven solutions in IT incident 

management. 
 

f) The gap in the existing research in AI-Incident Management  

The Despite advancements by Baresi et al. (2020) and Reinhardt et al. (2023), significant gaps persist in accessible 

methodologies for improving data quality in AI-driven incident management. Existing approaches often require extensive 

data science expertise and resources, limiting their applicability to smaller enterprises with constrained budgets. Heinrich et 

al. (2019) underscore the correlation between data quality and AI performance, yet accessible strategies for enhancing data 

quality remain underexplored in current literature. 
 

This research aims to address this gap by identifying alternative methods to improve data quality in AI training 

datasets, specifically tailored for small to medium-sized businesses. By developing more accessible methodologies that 

prioritize simplicity and effectiveness, this study seeks to empower organizations with limited resources to enhance AI-

driven incident management capabilities. By bridging this knowledge gap, organizations can leverage AI more effectively to 

optimize service delivery, reduce operational costs, and enhance overall customer satisfaction in IT service management. 
 

III. METHODOLOGY 

To address the research questions concerning dataset enhancement methodologies in AI-driven incident 

management and their adaptation for small and medium-sized enterprises (SMEs) with limited outsourcing resources, a 

quantitative research approach was undertaken. This methodology aimed to evaluate and enhance the data quality of 
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ticketing system datasets to improve AI classification accuracy, thereby enhancing customer experience through automation 

and streamlined processes. 
 

A. Data Collection 

The dataset utilized in this research was sourced from the ticketing system backlog of an IT service provider 

operating within the nautical tourism sector. Comprising over ten thousand entries, each representing a unique IT service 

ticket, the dataset included initial text data triggering each ticket and their manual classifications. Stakeholders from the 

company confirmed the dataset's low quality, attributing this to several factors. Firstly, the diverse nature of their client 

base—comprising personnel from various nationalities working onboard ships—contributed to incomplete, inaccurate, and 

often misspelled initial ticket descriptions. Secondly, resource constraints within the service desk, including limited 

personnel and time allocated to incident management (IM) functions, further exacerbated data quality issues. This situation 

led to a dataset plagued by misclassified tickets and contamination from irrelevant or improperly generated entries, 

hindering previous AI implementation attempts aimed at improving IM predictive capabilities and workload reduction. 
 

B. The AI Model, Classifiers, and Evaluation 

In this study, the orange data mining tool was employed for data processing, AI model creation, and performance 

evaluation of various data quality enhancements. While not directly integrable into operational ticketing applications, 

Orange facilitated a structured approach to conceptualizing and comparing different methodological steps in isolation. Key 

functionalities of Orange, such as preprocessing capabilities, bag-of-words analysis, and diverse classifier options, were 

instrumental. Of particular significance was its ability to generate performance metrics like confusion matrices, crucial for 

assessing the effectiveness of AI models trained on datasets processed with different enhancement methodologies. 
 

C. The Data-Quality Enhancement Methodologies 

Drawing from prior research on AI-driven incident management, two primary methodologies for enhancing data 

quality were adapted and tested within the constraints of limited outsourcing resources: 
 

a) Reinhardt et al.'s Methodology: 

Reinhardt et al. (2023) proposed a methodology centered on scoring each data entry based on predefined data 

quality dimensions. Entries with low scores, indicative of poor quality based on metrics like accuracy and relevance, were 

filtered out to create an enhanced dataset. This approach emphasized rigorous data analysis and model comparison to 

demonstrate performance improvements between the native and enhanced AI models. 
 

b) Baresi et al.'s Methodology: 

In contrast, Baresi et al. (2020) focused on predictive methods to preemptively assess data quality using statistical 

metrics derived from initial issue descriptions. This approach involved scoring text data early in the preprocessing stage to 

optimize predictive model performance, aiming to filter out low-quality entries before formal model training. 
 

Given resource constraints prohibiting extensive data analysis typical of these methodologies, this study adapted a 

practical approach leveraging domain expertise from the nautical tourism sector. Expert knowledge was utilized to 

subjectively preselect and filter out entries deemed low-scoring in terms of data quality. This initial filtering step was 

followed by the application of various classifiers and preprocessing techniques to develop AI models using the minimally 

viable dataset version. 

 

Subsequently, efforts were directed at optimizing the enhanced model further, focusing on achieving operational AI 

models capable of reliably classifying incident tickets in real-time scenarios. Evaluation criteria included comparing the 

performance metrics of AI models trained on the enhanced dataset against those trained on the native dataset with minimal 

preprocessing. 
 

IV. FINDINGS 

This section presents the process of developing AI models and their performance outcomes, specifically assessing the 

impact of data quality enhancement methodologies on prediction accuracy within the context of AI-driven enhancements in 

IT incident management aimed at improving customer experience through automation and streamlined processes. 
 

A. Establishing the Base Model 
 

a) The Base Model 

The initial step involved creating a minimally viable AI model using the orange data mining tool with the native 

dataset. Figure 3 illustrates the layout of the base model, structured to preprocess and analyze text data extracted from IT 

service tickets: 
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Figure 3: Base Model Layout Using the Native, Unenhanced, Data Set 

 

Starting with the "Native" Corpus widget, representing the unaltered dataset, the Preprocess Text and Bag of Words 

widgets were employed to standardize and transform text features into semantic representations. This preprocessing step 

was crucial for extracting meaningful insights from the often unstructured and varied text data present in IT service tickets. 

Utilizing a Word Cloud visualization allowed for the identification and exclusion of non-informative words such as greetings 

and salutations, thereby enhancing the relevance of the processed data. The Select Columns widget facilitated the 

designation of issue categories as the prediction variable, essential for training the model to classify incoming tickets 

accurately. Subsequently, the Data Sampler widget partitioned the dataset into distinct training and test sets, enabling 

robust performance evaluation through the Predictions and Confusion Matrix widgets.  See Figure 4 for the performance 

metrics of the base model. The main metric of importance is Classification Accuracy (CA). The performance metrics also 

showed that the most viable classifier for this research was the Artificial Neural Network classifier, and therefore it was 

used in all further models.  
 

 
Figure 4: Performance Evaluation and Methodology Selection 

 

In evaluating the base model, the Bag of Words feature creation method was chosen over Document Embedding due 

to superior performance metrics across various classifiers tested, prominently the Artificial Neural Network. The models 

utilizing Document Embedding exhibited lower performance metrics, attributed to the dataset's inherent complexities such 

as misspellings and synonyms, which undermined the efficacy of semantic clustering techniques. 
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b) The Enhanced Models 

Building upon the base model framework, various data quality enhancement methodologies were implemented and 

evaluated against the native dataset to measure their individual and combined effects on model performance. Each 

enhancement sought to address specific challenges in data quality and prediction accuracy within the context of IT incident 

management. 
 

Enhanced I: Email Signature Removal 

Enhanced I focused on improving data cleanliness by removing email signatures from text data, aiming to eliminate 

irrelevant information that could distort predictive outcomes.  
 

 
Figure 5: Email Signature Skim Formula Used in Enhanced II 

 

Figure 5 illustrates the formula used to skim email signatures; a process not native to the orange data mining tool 

but crucial for enhancing the relevance of text features. However, despite the intention to streamline text features and 

enhance prediction accuracy, Enhanced I resulted in a slight decrease in Classification Accuracy (CA) compared to the base 

model. This unexpected outcome suggested that email signatures might contain contextual clues linking ticket requesters to 

specific issue categories, inadvertently impacting the model's predictive efficacy. 
 

Enhanced II: Semantic Category Combination 

Enhanced II leveraged insights from the base model's confusion matrix to merge low-frequency and semantically 

similar issue categories. For example, categories such as "Servers" were combined with more prevalent categories like 

"Internet," refining the granularity of issue categorization. While this approach yielded a marginal improvement in model 

performance, its impact underscored the importance of semantic clarity in enhancing predictive accuracy. 
 

Enhanced III: Expert-Guided Data Filtering 

Enhanced III introduced a critical dimension to data quality enhancement by leveraging domain-specific expertise to 

filter out low-quality tickets. This manual curation process, informed by expert knowledge of IT service issues, significantly 

enhanced prediction accuracy by removing noise and irrelevant data points from the dataset. The successful application of 

expert knowledge validated its pivotal role in optimizing AI model performance in real-world operational contexts. 
 

Enhanced IV: Combined Enhancements 

Building on the successes of Enhanced II and III, Enhanced IV integrated these methodologies to achieve a synergistic 

enhancement approach. By combining refined category combinations with expert-filtered data, Enhanced IV demonstrated a 

cumulative increase in Classification Accuracy (CA) by nearly five percent compared to the native dataset model. The 

removal of low-quality entries and the consolidation of semantically related categories proved effective in further optimizing 

model predictions and enhancing overall operational efficiency in incident management. 
 

B. Performance Evaluation Summary 

Table 1: Provides a Comprehensive Summary of the Performance Metrics across Different Enhancement 

Methodologies Using the Neural Network Classifier 

Data Set Classification Accuracy (CA) F1 Score Precision Recall 

Native 0.769 0.763 0.762 0.769 

Enhanced I 0.751 0.746 0.751 0.751 

Enhanced II 0.782 0.779 0.781 0.782 

Enhanced III 0.810 0.801 0.800 0.810 

Enhanced IV 0.817 0.810 0.808 0.817 
 

 

These metrics highlight Enhanced III and IV as standout performers, demonstrating substantial improvements in 

Classification Accuracy (CA) compared to the baseline model. The findings underscore the efficacy of targeted data quality 

enhancements in optimizing AI-driven incident management processes and improving overall customer experience. 
 

c)  Additional Insights and Limitations 

Beyond category prediction, attempts were made to extend AI automation capabilities to predict variables such as 

site location, assigned agent, and specific sub-categories within issue classifications. However, these efforts encountered 
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significant challenges due to inherent data limitations, including insufficient textual information to reliably predict such 

variables. Future enhancements may focus on refining predictive variables and leveraging advanced AI techniques to 

overcome these challenges and further enhance operational efficiencies in IT incident management 
 
 

V. CONCLUSION & DISCUSSION 

A. Theoretical Contribution 

The findings from this research demonstrate that significant improvements in AI prediction performance can be 

achieved even with an initially low-quality dataset by implementing targeted data quality enhancement methodologies. 

Enhancing the dataset through systematic changes, such as combining categories based on semantic meanings and filtering 

low-quality entries with domain-specific expertise, proved instrumental in enhancing the AI’s predictive capabilities. These 

results corroborate prior studies, such as Heinrich et al., which underscore the positive correlation between data quality 

improvements and AI performance. 
 

The study revealed nuanced insights into methodology efficacy. While semantic category combination yielded modest 

performance gains, attempts to remove supposedly redundant data, such as email signatures, occasionally resulted in 

performance decreases. This discrepancy highlights the complex interplay between feature relevance and model 

performance, where seemingly extraneous data can still contribute to classification accuracy, particularly under the Neural 

Network classifier utilized here. 
 

Moreover, the research addresses practical gaps in the literature by offering insights tailored to small and medium-

sized businesses (SMBs) with limited outsourcing resources. By demonstrating the feasibility of enhancing AI classification 

in incident management despite data constraints, this study provides actionable strategies for SMB service managers 

seeking to implement AI-driven solutions effectively. 
 

B. Practical Contribution 

Despite incremental gains in prediction accuracy, the practical implications of these enhancements are significant, 

especially considering the volume of service tickets processed. SMB service managers can leverage accessible AI tools to 

implement the methodologies discussed in this research, thereby customizing AI models specific to their operational needs 

even with suboptimal datasets. Outsourcing AI development to external experts remains an alternative for achieving higher 

prediction performance, albeit at potentially higher costs, necessitating a trade-off analysis based on business priorities. 
 

Furthermore, proactive measures to ensure data quality, such as implementing standardized ticket formats and data 

validation protocols, emerge as crucial strategies. These systematic changes not only enhance data completeness, 

consistency, and accuracy but also lay the foundation for sustained AI model effectiveness. However, the timeline for 

accumulating a sufficiently sized, high-quality dataset should be considered, as it may require years for SMBs with lower 

ticket volumes. 
 

Effective AI implementation in incident management hinges on continuous data quality improvements post-

implementation. Failure to integrate systematic changes could undermine AI’s ability to classify new, low-quality tickets 

accurately, emphasizing the ongoing need for data governance and quality assurance within SMB operations. 
 

C.  Future Research 

Looking ahead, future research should delve deeper into systematic changes required to ensure sustained data 

quality improvements in ticket influxes. Specifically, exploring the impacts of semantic category combinations and other 

enhancement methodologies within different operational contexts will refine AI implementation strategies tailored to SMB 

environments. Understanding how process design within incident management frameworks influences AI effectiveness 

remains a critical yet underexplored area. 
 

Additionally, extending the scope beyond email data to encompass other ticket submission methods, such as phone 

calls or online forms, is essential. SMBs often receive tickets through diverse channels, necessitating research into 

optimizing AI for multi-format data integration. Comparative studies across these formats will elucidate best practices for 

maximizing AI’s utility in diverse operational settings. 
 

By addressing these avenues, future research can provide comprehensive guidance for SMBs seeking to harness AI-

driven enhancements effectively in IT incident management, ensuring sustained improvements in customer experience and 

operational efficiency. 
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