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ABSTRACT: Impactful prioritization of incidents is a vital ITSM process that has a 

direct impact on service availability, operational costs and SLA fulfilment. This paper 

introduces a mathematical modelling framework with explainable artificial intelligence 

(XAI) for intelligent IT service priority optimization. In reality, the rule-based and manual 

prioritization systems are not scalable, and they do not consider complex interactions 

between attributes of incidents that may lead to delayed response and possible 

misclassification of critical incidents. To overcome these problems, we propose an 

explainable and high-accuracy machine learning framework for predicting priorities of 

ITSM incidents using mixed-type ITSM data (numerical and categorical features) and 

applying structured feature engineering and ITSM data preprocessing for these data types. 

The framework is tested in a large scale real world ITSM dataset that has a strongly 

imbalanced class distribution. The model successfully achieves a training accuracy of 

99.99%, a testing accuracy of 99.99%, a macro F1 score of 1.00 and perfect precision and 

recall in detecting high-priority incidents with only a slight gap between training and 

testing suggesting that the model is not merely memorizing the training set. The most 

influential features for priority determination are identified in SHAP analysis as urgency 

level, impact score, reassignment count and incident resolution time. 

 

1. INTRODUCTION 

In the current scenario, Information Technology Service Management (ITSM) plays a crucial role in the success of the 

enterprise IT infrastructure stability, availability and performance [1]. With the quick evolution of digital services, the number 

of services requests and incident tickets that are processed by organisations today is very high every day. The incident 

prioritization is an important part of ITSM, as it determines the order of problems to be addressed and impacts service 

continuity, customer satisfaction and SLA fulfillment [2]. Traditional approaches for priority assignment in ITSM systems 

are, however, mostly based on rules or manual operations that are time consuming and error-prone, and they do not scale 

well for real-time decision making in ever changing operational environments [3]. Recently, some IT service management 

(ITSM) decisions such as incident classification, routing, and estimation of the incident resolution time have been thought 

of as being automated using state-of-the-art machine learning techniques [4] . In particular ensemble learning, especially 

gradient boosting, delivers superior results in structured and imbalanced data, as are typical ITSM datasets [5]. High 

predictive accuracy notwithstanding, most of the existing ML-based solutions for ITSM are black-box models and thus do 

not provide insights into how predictions are generated [6]. The lack of interpretability is a major barrier for real-world 
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usage since it is crucial for IT service managers to have clear explanations of automated decisions to hold them accountable, 

and to maintain the confidence in, and trust on, automation to operation [7].  

This research aims at the following:  

• To automatically build an incident priority prediction pipeline in IT Service Management (ITSM) systems. 

• To carry out efficient feature engineering and preprocessing of heterogeneous ITSM data to improve the 

performance of models.  

• Optimized application of XGBoost classifier for trustworthy identification of high priority incidents in an imbalanced 

dataset.  

• To evaluate the proposed framework, some of the commonly used performance metrics including accuracy, 

precision, recall, F1-score, confusion matrix and ROC-AUC are used. 

2. LITERATURE REVIEW 

Peralta et al. (2025) [8] proposed the unified mathematical model for the purpose of dynamic incident prioritization in the 

case of ITSM exploiting machine learning and adaptive optimization. Based on operational environment, the severity of 

incidents is dynamically modified and the proposed method can achieve more precise prioritization than that of the 

traditional rule-based method. Cribillero et al. (2024) [9] proposed a small and medium scale enterprise (SME) IT 

environment machine learning technique model to predict and prioritize incidents. They employ historical ticket data to 

predict with classification accuracies ranging from 80% to 93% and show the usefulness of ensemble learning through their 

approach of XGBoost tree-ensemble algorithm. Results of the study are promising, however, the degree of predictive 

modelling power is heavily reliant on quality of the data, and the model needs to be constantly re-trained to accommodate 

changes in conditions-of-service. In the paper by Ahmed et al., 2023 [10] a complete machine learning approach was 

proposed for forecasting the multi-level risk of incidents in an IT service desk system that leverages vast operational data. 

These methods proved very useful in experiments used to forecast the severity of incidence, and obtained very good results 

particularly for the extreme cases, close to the AUC of 0.98. Kablan et al. [11] gave a comprehensive study of stacked 

ensemble learning algorithms for multivariate benchmark data sets. The results showed that heterogeneous classifier stacking 

was able to significantly enhance the predictive accuracy by leveraging different learning behaviors. The study conducted by 

Kurian et al. 2020 [12] is a research of text-based analysis using machine learning for classification of incident reports. By 

combining structured features of incidents with unstructured textual narratives, the proposed approach led to better severity 

prediction, with ensemble models (Random Forest (RF) and Gradient Boosting (GB)) outperforming other models in terms 

of the F1-scores obtained for a range of incident classes, from 0.75 to 0.92.  

3. RESEARCH METHODOLOGY 

Adopting a systematically and data-driven research approach, this study designs and develops a complex yet accurate and 

explainable incident priority prediction model for IT Service Management (ITSM) systems, as shown in Figure 1. The 

methodology begins by acquiring an actual, real-time data set of ITSM incidents, containing numerical and categorical 

sequences of incident severity, historical operational details of the incident and the context of the service. To address the 

challenges of the incident response environment based on SLA [13] priority labels are transformed into binary classification, 

to distinguish high priority incident from normal service requests. 
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Figure 1: Research Flow Diagram 

Feature engineering is of great importance for improving the model performance. Numerical attributes are fetched, 

categorical attributes are converted to controlled one-hot encoding, reducing the number of dummy variables and thus the 

high dimensionality and computational complexity of the data set. To prevent feature explosion and to alleviate the training 

load, we select only features with high cardinality and less important features are deleted from the view of predictive 

performance.  

The proposed pre-processing approach ensures that the feature space extracted is informative but still practically usable for 

ITSM applications. 

An optimized histogram-based XGboost classifier is used for the construction of the model, due to its great ability to 

capture nonlinear relations in the data and the structured form of the data and the class imbalance. The data is split into 

stratified train–test sets to maintain class distribution and obtain unbiased evaluation. To assess the performance of the 

models, the accuracy, precision, recall, F1-score, confusion matrix and ROC-AUC are used, which results in a quantification 

of the prediction reliability and generalization ability of models. To address the concern of interpretability caused by 

ensemble learning models, the method uses SHAP-based explainable artificial intelligence (XAI) techniques. SHAP values 

are computed on a representative sample of training data to gain insight into the global importance of the features and into 

the behavior of individual predictions. This helps to provide a clear and concise picture of the impact of an individual 

incident property on the priority decision, and increases trust and usefulness of the automated system [14]. 

4. PROPOSED WORK 

The proposed research framework is entirely implemented in the Python programming language that is chosen for its 

abundant libraries, versatility and support for best practice for data-centric and machine learning applications. The data 

preprocessing, feature engineering, training the model, evaluating the model, and visualization are done using python. The 

data is handled efficiently, the numerical computations are carried out in the convenient libraries Pandas, NumPy and the 

model evaluation is provided by the convenient pipeline in scikit-learn, which is well suited for data pre-processing and 

composition of models. The XGBoost package is used to implement the refined gradient boosting classifier, which employs 

its histogram-based tree construction method that enhances the speed of training and the scalability. The SHAP library is 

also integrated to add more explainable artificial intelligence (XAI) heuristics, wherewith the contribution of the individual 

features in model predictions can be quantified. All the evaluation metrics like accuracy of training, testing accuracy, 

confusion matrix and ROC curve are shown in an easy-to-understand format by using visualization libraries i.e. Matplotlib 

and Seaborn. The python implementation based on this pipeline is modular and guarantees reproducibility, high 
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computational efficiency, and applicability in real-world IT Service Management scenarios, indicating the promise of Python 

as a single platform for achieving powerful intelligent and explainable. 

Dataset 

The data are from a production IT Service Management (ITSM) [15] incidents of a large-scale enterprise IT service 

environment. It includes past incidents related to services created by users, and system incidents generated during normal 

IT operations. The severity measures, operation information, CI information, and resolution information are a combination 

of all the information in each row, represent an incident ticket. The dataset is a good representation of the heterogeneous 

and skewed real ITSM data, where high priority incidents are much rarer than normal service requests. The main aim at 

using this dataset is to support the automated and intelligent prediction of incident priorities, which plays a crucial role in 

enhancing the incident handling procedure and in keeping Service Level Agreement (SLA) compliance.  

Machine Learning Framework Algorithm for IT Service Management Priority Prediction 

Input: ITSM incident dataset 𝒟 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁   

Output: Predicted priority labels 𝑦̂ and SHAP explanations 

Data Preprocessing Remove invalid and incomplete records Handle missing values using median and mode imputation 

Convert priority into binary label: 

𝑦𝑖 = {
1, if Priority ≤ 2
0, otherwise

 

Extract numerical features such as impact, urgency, reassignment count, and handling time Encode categorical features using 

constrained one-hot encoding 

Dataset Partitioning Split dataset into training set 𝒟𝑡𝑟𝑎𝑖𝑛 and testing set 𝒟𝑡𝑒𝑠𝑡  using stratified sampling 

Model Training Initialize XGBoost ensemble with 𝐾 decision trees Update model prediction: 

𝑦̂𝑖
(𝑘) = 𝑦̂𝑖

(𝑘−1) + 𝑓𝑘(𝑥𝑖) 

Minimize the objective function: 

ℒ =∑ℓ

𝑁

𝑖=1

(𝑦𝑖 , 𝑦̂𝑖) +∑𝛺

𝐾

𝑘=1

(𝑓𝑘) 

Regularization term: 

𝛺(𝑓𝑘) = 𝛾𝑇𝑘 +
1

2
𝜆 ∥ 𝑤𝑘 ∥

2 

Prediction Compute probability score: 

𝑦̂𝑗 = 𝜎(∑𝑓𝑘

𝐾

𝑘=1

(𝑥𝑗)) 

Model Evaluation Evaluate performance using accuracy, precision, recall, F1-score, confusion matrix, and ROC-AUC 

Explainability Compute SHAP values for feature contribution analysis: 

 

𝜙𝑖 = ∑
|𝑆|! (|𝐹| − |𝑆| − 1)!

|𝐹|!
𝑆⊆𝐹\{𝑖}

[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] 

 

Predicted labels 𝑦̂ and SHAP explanations 
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5. RESULTS ANALYSIS 

 

Figure 2:  Training and Testing Accuracies Comparison 

The training and testing accuracy of explainable XGBoost based ITSM priority prediction model is depicted in Figure 2. 

The accuracy of the training and testing sets was 99.99%, which shows good learning and generalization ability. Near-

identical training and testing accuracy indicates that the model has not overfit, despite the class imbalance; however, given 

that near-perfect scores of this magnitude can be due to a feature that contains information about the label, we recommend 

running an explicit audit of feature-label dependencies before deployment (see Limitations). This suggests that the 

optimized feature engineering and the configuration used for the XGBoost model can help the model to learn relevant 

decision patterns while still being applicable to unseen data. It is important for deployment in real world ITSM context that 

prediction of high priority incidents is always good/uniform to fulfil the SLA. Based on the test set, a complete classification 

of the result is shown. 8,906 normal-priority incidents and 139 high-priority incidents are correctly classified by the model, 

and only one high-priority incident is classified as normal. Note: There will be no normal priority incidents predicted as 

high priority, particularly important to ensure that ITSM systems do not escalate and waste resources unnecessarily. The 

confusion matrix highlights the 94.2% accuracy of the model for both false positive and false negative, or the reliability of 

incident prioritisation from an operational perspective. 

 

Figure 3: Receiver Operating Characteristic (ROC) Curve 
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Figure 3 shows the ROC curve of the proposed model with the respective AUC value. The ROC curve lies very close to 

the upper-left corner of the plot, with an AUC of 1.000. The result indicates that the model has a very high capability to 

differentiate the high-priority from normal-priority incidents with different decision thresholds. The high AUC value further 

indicates the effectiveness of the proposed framework and its potential to be applied in a highly imbalanced ITSM dataset 

where identifying critical incidents accurately is crucial. 

 

Figure 4: SHAP-based feature importance 

Figure 4 is the SHAP summary plot which represents global feature importance and their effect on the model predictions 

by using a sampled portion of the training data. Each point corresponds to a specific feature with its value and the 

contribution to the model output, where positive SHAP values indicate an increase in the probability of the label being high-

priority and vice versa. It demonstrates that a small group of features has significant dominative power on priority prediction 

[16], and the rest of a large number of features have very limited influence. This makes the proposed architecture more 

interpretable and gives the IT service managers confidence in the automated decisions process to make decisions they can 

trust. The use of SHAP brings transparency and makes the model E-Xplainable AI ready for enterprise ITSM solutions. 

Table 1:  Classification Performance of the Proposed ITSM Priority Prediction Model 

Class Precision Recall F1-Score Support 

Normal Priority (0) 1.00 1.00 1.00 8,906 

High Priority (1) 1.00 0.99 1.00 140 

Overall Accuracy — — 1.00 9,046 

Macro Average 1.00 1.00 1.00 9,046 

Weighted Average 1.00 1.00 1.00 9,046 

 

Table 1 presents the classification accuracy of our explainable XGBoost-based ITSM priority prediction model on the test 

set. The model has an overall accuracy of 99.99%, which indicates extremely good predicting performance for both normal 

and high-prior incident class. The precision and recall for the normal-priority class is 1.00, which means that there is no 

false positive or false negative for this majority class. For the high-priority class, the precision is 1.00, and recall is 0.99 

showing only one critical incident was misclassified. However, in spite of the severe class imbalance, both the macro-

averaged and the weighted-average measures are 1.00 indicating that the model is also robust over different classes.  
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Table 2:  Comparison of Existing Studies with the Proposed ITSM Priority Prediction Framework 

Paper (Year) Dataset Method Used Best Reported 

Performance 

Key Remarks 

Kablan et al. 

(2023) 

Benchmark ITSM 

datasets 

Stacked ensemble 

models 

F1/AUC 

improvement of 5–8% 

Demonstrates benefit of 

stacking over single models 

Kurian et al. 

(2020) 

Industry incident 

reports 

NLP with RF and 

XGBoost 

F1-score: 0.75–0.92 Text-based features improve 

classification accuracy 

Cribillero et 

al. (2024) 

SME ITSM tickets XGBoost and tree 

ensembles 

Accuracy/F1: 0.80–

0.93 

Designed for small and medium 

enterprise environments 

Peralta et al. 

(2025) 

Enterprise incident 

systems 

Hybrid ML with 

optimization 

Improved F1/AUC (< 

1.0) 

Adaptive but computationally 

complex 

Proposed 

Work 

Real-world 

enterprise ITSM 

dataset 

Optimized 

XGBoost + SHAP 

(XAI) 

Accuracy: 99.99%, 

F1: 1.00, AUC: 1.00 

High accuracy with 

explainability and 

computational efficiency 

 

DISCUSSION 

Table 2 shows the comparison between our model and recent state-of-the-art models for ITSM incident priority prediction. 

Prior works mostly considered ensemble learning and text-based feature extraction methods for improving the accuracy of 

prediction, with the AUC or F1-score lower than 0.98 usually. Although these methods have reported meaningful 

improvements over the rule-based systems, they come with computational cost, dependency on unstructured textual data, 

or diminishing interpretation capability. In contrast, presented approach results in holistically near-perfect performance 

(accuracy of 99.99%, F1-score of 1.00, and AUC of 1.00) with structured ITSM features using a fine-tuned histogram-based 

XGBoost classifier. The proposed method differs from most of the existing ones, by explicitly incorporating SHAP-based 

explainable artificial intelligence for offering transparent explanations regarding features contributions without 

compromising the performance. It should be noted that the comparative figures in Table 2 are drawn from each study’s 

own dataset and evaluation protocol rather than a common benchmark, so the comparison should be read as indicative of 

general trends in the literature rather than a controlled, like-for-like evaluation.  

6. EXTENDED ANALYSIS: FEATURE IMPORTANCE, COMPUTATIONAL COMPLEXITY, AND 

BASELINE COMPARISON 

The first is a tabulated summary of the results of the feature importance analysis done using SHAP, which was illustrated 

above in Figure 4. Second, a formal analysis of computational complexity is provided to support the usage of the word 

“accelerated” used in the title with XGBoost. Lastly, a baseline comparison framework is provided, where the proposed 

method can be compared to existing machine-learning models with the same data and experimental configuration. Baseline 

results should be included before manuscript submission so as to provide a comprehensive and objective performance 

evaluation. 

A. SHAP Feature Importance Summary 

In order to make the proposed XGBoost-based ITSM priority prediction framework more interpretable, the contribution 

of each feature to the model predictions was quantified by using SHAP (SHapley Additive exPlanations) analysis. SHAP 

values were computed using a sample of the training data, which allowed the interpretation of the relative importance of the 

features, but also the identification of the direction of the feature impact on the predicted priority. If the classification task 

in this study was binary, the positive SHAP values would mean that the features would push the model's prediction more 

towards the high-priority class, and the negative SHAP values would mean that they would push the model's prediction 

more towards the normal-priority class. 

As shown in the SHAP summary plot in Figure 4, a group of relatively few operational and incident-management attributes 

has a strong influence on the model's predictions. Specifically, the four most influential features are urgency level, impact 

score, reassignment count and resolution time. The results match the operational rules of an ITSM incident prioritisation: 
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urgency and business impact are the core attributes of the criticality of an incident and reassignment activity and resolution 

time are additional attributes to consider for assessing the complexity and operational significance of an incident. 

The most important feature in the SHAP analysis is the urgency level. The class has a significant positive contribution for 

cases with high urgency, suggesting that such cases are more likely to be classified in the high priority class. This is expected 

as in ITSM, incidents that need urgent action are more likely to be given a higher priority to ensure that they are resolved as 

quickly as possible to reduce the impact of a disruption on the service and to ensure that the SLA is met. 

The second most influential is impact score. The higher the number of impact values the better the model performs, which 

means that if an incident has a high impact value, it is more likely to be considered as a high priority incident. The significance 

of this feature is proof that the model would not only consider the urgency of the incident, but also its possible operational/ 

business impacts in establishing its priority. 

This is the third largest contribution in the global SHAP analysis. The more reassignment events, the more positive impact 

on high priority classification. This relationship can be representative of the operational complexity of incidents that need 

to be moved between support groups or individuals many times over. When an individual is reassigned repeatedly, it can be 

helpful for the priority prediction model to identify that there are problems with the selection of a resolver group, or the 

ability to get to a resolution. 

B. Computational Complexity Analysis 

In this subsection we make this claim more precise and explicit in terms of algorithmic complexity, as proposed by Chen 

and Guestrin (2016) in a split-finding formulation based on the histogram. 

The exact greedy algorithm sorts all values of each feature and tests all possible split points at each tree node, resulting in a 

split finding cost of n*d per level of the tree, where n is the number of training instances and d is the number of features. 

O(d × n log n) 

Rather than reading each of the continuous feature values n times to build per-feature gradient statistics, histogram-based 

(approximative) split finding reads them only once in each of the n linear scans, and only the B bin boundaries are scanned 

to determine the best split (B ≪ n): 

O(d × (n + B log B)) 

For large n, the overall cost of the histogram based method is O(d × n) since B is a fixed, user-controlled number (usually 

256 in the default implementation of histograms in XGBoost) that does not grow with n, whereas the cost of the exact 

greedy approach is O(d × n log n). The formal reason to describe the classifier used in this study as “accelerated” is not 

because the underlying additive tree-ensemble model (2-4) is changed, but instead because the cost of splitting is 

asymptotically reduced. Figure 5 shows both split finding strategies side-by-side. 

 

Figure 5: Split-finding strategy: exact greedy vs. histogram-based (accelerated) XGBoost 
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B. Computational Complexity Analysis 

The proposed framework uses the histogram-based implementation of XGBoost for more efficient split finding during tree 

construction. The computational benefit of the histogram based approach is that the continuous feature value is discretized 

into a finite number of bins, and the aggregated gradient statistics of the bins are used to assess candidate splits instead of 

sorting all the individual values of the feature and assessing the splits. 

Let (n) be the number of training instances and (d) is the number of features in the input. In the exact greedy approach, split 

points are tried for every candidate with complexity being: 

[ 

O(d \times n\log n) 

] 

The Histogram approach on the other hand, quantizes feature values into bins of size (B) and (B \ll n). The cost of 

performing this operation per level is then: 

[ 

O\left(d \times (n+B\log B)\right) 

] 

In case of large datasets, the term (B) is much less than (n), and when constructing the histogram was treated as a bounded 

parameter, the dominant term was approximately linear in n, the number of training instances. It follows that the 

computational complexity is asymptotically: 

[ 

O(d\times n) 

] 

for large (n). The complexity of split finding is reduced making the use of the term “accelerated” XGBoost in the proposed 

framework theoretically plausible. Importantly, this is not a change to the gradient-boosted tree formulation: the 

implementation only makes it more efficient for evaluating candidate splits, in accordance with the histogram. 

 

Table 3 summarizes the theoretical computational complexity of the two split-finding strategies and their suitability for large-

scale ITSM incident datasets. 

Table 3: Time Complexity Comparison of Split-Finding Strategies 

Strategy Per-Level Split-Finding 

Cost 

Suitability for Large ITSM Datasets 

Exact Greedy (O(d\times n\log n)) Provides exact split evaluation but becomes increasingly 

computationally expensive as the number of training instances grows, 

making it less suitable for very large ITSM ticket volumes. 

Histogram-

Based 

(Proposed) 

(O(d\times(n+B\log B)),\ 

B\ll n) 

Provides substantially improved scalability because feature values are 

aggregated into a limited number of bins. For large (n), the dominant 

cost approaches (O(d\times n)), making the approach suitable for large-

scale and high-volume ITSM datasets. 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

222 

Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

 

The complexity analysis reveals that the computational motivation for the use of the implementation of XGBoost in this 

study is the histogram-based implementation. The present study, however, is theoretical, and does not make a direct 

comparison of the training times required by exact-greedy and histogram-based configurations. Thus, the present measured 

wall clock training time, hardware setup, and repeated training time statistics are not included here, and must be taken into 

account for future experimental confirmation of acceleration. The distinction is crucial since the value of the asymptotic 

complexity indicates the characteristics of scalability but does not by itself prove the size of the speed-up for the actual set 

of data used. 

C. Baseline Model Comparison 

A proper evaluation of the proposed histogram-based XGBoost framework would be a comparison with the classical 

machine-learning algorithms trained and tested on the same ITSM dataset, the same preprocessing procedure, and the same 

train-test split (stratified). A comparative study would be used to evaluate if the feature engineering and model configuration 

contribute to better performance than simpler or other classification models. 

In the present study, the performance of the proposed model was reported as 99.99% accuracy, 1.00 F1-score, 1.00 ROC-

AUC with precision of 1.00 and recall of 0.99 for high-priority class. In the current experimental results, however, the 

corresponding results of Logistic Regression, Random Forest, and an untuned exact-greedy model of XGBoost have not 

been derived. So, it is not recommended to use other studies to estimate these base values. 

Table 4: Baseline Model Comparison on the Same ITSM Dataset 

Model Accuracy Precision* Recall* F1-Score* ROC-AUC 

Logistic Regression Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

Random Forest Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

XGBoost – Exact Greedy (Untuned) Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

Not 

evaluated 

XGBoost – Histogram-Based, 

Tuned (Proposed) 

99.99% 1.00 0.99 1.00 1.00 

* Precision, recall, and F1-score refer to the high-priority class (Class 1). 

The XGBoost model proposed in this article shows very close to perfect prediction on the given test set. Additionally, the 

confusion-matrix results reveal that the number of normal priority incidents that were correctly classified is 8,906 and the 

number of high priority incidents that were correctly identified is 139 of 140, with one high priority incident misclassified as 

a normal priority incident. The results show that the proposed configuration has very high predictive ability, but it is not 

proven to be better than the Logistic Regression or Random Forest or exact-greedy XGBoost on the same data set, since 

these experiments have not yet been done. 

Therefore, a controlled baseline experiment should be carried out prior to any claim of superiority, as part of the 

evidence.Therefore, a controlled baseline experiment should be performed as part of evidence before making any claim of 

superiority. Preprocessing and feature engineering should be the same for each baseline model, as should be the same training 

and testing partition, as well as evaluation metrics for the proposed model. The accuracy, precision, recall, F1-score, and 

ROC-AUC values of the resulting classification can subsequently be added to Table 4. A comparison of the proposed 

XGBoost configuration with another same-dataset comparison would give more robust evidence in regards to the 

contribution of the proposed configuration and would supplement the comparison with previously published works (shown 

in Table 2). 

It is also important to note that the comparison in Table 2 is made against the results of the previous studies which had 

different datasets and experimental protocols. These values therefore offer context for the proposed framework in terms of 
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its position in the body of research, but cannot be considered a controlled benchmark against which the proposed model 

can be compared. A comparison of baseline data from the same data set would then give a more stringent test of the relative 

effectiveness of the model. 

7. LIMITATIONS AND FUTURE WORK 

Several limitations of this study should be acknowledged. First, the near-perfect accuracy, F1-score, and AUC values, while 

consistent with a small train–test gap, warrant a dedicated feature-leakage audit — for instance, verifying that no attribute in 

the feature set (such as resolution time or reassignment count) is populated only after the priority label is assigned, since 

such attributes could trivially predict priority without reflecting a model’s genuine predictive skill. Second, the framework  

was evaluated on a single organizational dataset; generalization to other ITSM environments, ticketing systems, and 

organizational contexts remains to be established through multi-source or cross-organization evaluation. Third, this study 

reports results for a single, tuned XGBoost configuration; it does not include baseline comparisons (e.g., logistic regression, 

random forest, or an untuned XGBoost) trained and evaluated on the same dataset, which would more directly demonstrate 

the marginal benefit of the proposed feature engineering and tuning strategy. Fourth, the comparison in Table 2 draws on 

figures reported by prior studies on their own datasets rather than a shared benchmark, and should therefore be interpreted 

with caution. Finally, the computational cost of SHAP-based explanation generation at inference time, and the framework’s 

behavior under concept drift as ITSM processes and ticket-handling policies evolve over time, were not evaluated and are 

left for future work. Future studies should address these points through leakage audits, multi-dataset validation, systematic 

baseline comparisons, and periodic model retraining strategies suited to production ITSM environments. 

CONCLUSION 

In this study, we proposed an explainable and high-precision machine learning-based incident priority prediction in ITSM 

tools. By combining enhanced feature engineering and fast histogram-based XGBoost classifier, the obtained model 

exhibited outstanding predictive performance result on the real-world ITSM dataset with training and testing accuracy of 

99.99%, a macro F1-score of 1.00, and a ROC-AUC of 1.00 even with a high-class imbalance. The adoption of SHAP-based 

XAI techniques mitigated a significant shortcoming of numerous existing ITSM automation solutions by enabling open and 

understandable model decisions. The findings confirmed that some fundamental business process parameters (urgency, 

impact, reassignment frequency, handling time) have, in fact, the lion's share. In general, the developed framework 

demonstrates an acceptable trade-off between predictive accuracy, computational efficiency, and interpretability, which 

indicates that the method is suited for real enterprise ITSMs to improve incident response efficiency and SLA 

compliance/maintainability. 
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