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E-ticketing systems (ETS) generate mixed information from categorical ticket attributes and
free-text descriptions, yet many classification studies still treat these sources separately,
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ETS data. The methodology builds a unified preprocessing workflow by combining Natural
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followed by feature concatenation and vector-space integration to form hybrid
representations. Five baseline classifiers (LR, SVM, MNB, RF, and KNN) are evaluated
and extended with majority-vote ensembles that pair LR with other classifiers (LR-S, LR-

Hybrid data; M, LR-R, LR-K, and LR-ALL). Model performance is assessed using accuracy, precision,
Machine Iea’rning' recall, and F1-score, and the Friedman test is applied to examine statistical consistency
Ticketing system. ' across datasets. Results show that hybrid data consistently outperforms single-type

datasets, while categorical-only data yields the lowest scores. The best hybrid ensemble of
LR-K achieves up to 93% classification accuracy, with strong overall performance also
observed for RF on hybrid data. The Friedman test indicates minimal rank differences
across models, suggesting that several classifiers are competitive under this ETS setting.
Limitations include possible noise and overfitting effects that reduce separation between
dataset types. Future work will explore feature ranking-based selection, data-driven
segmentation during preprocessing, multi-level classification, imbalance handling, and
deeper ensemble strategies to strengthen robustness and generalization.
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1. INTRODUCTION

The rapid digitization of service management has led to the global adoption of e-ticketing systems
(ETS) in domains such as IT support, public services, telecommunications, and customer care. These systems
are crucial for automating the process of creating, classifying, and resolving service tickets, which enhances
response times, accountability, and efficiency [1], [2], [3]. However, growing volume and complexity of
ticket data, which frequently consists of both structured and unstructured features, make challenge to classify
ETS accurately and effectively [4]. Due to this matter, a common operational issue is that IT experts may still
incorrectly assign tickets to the incorrect resolver group [5].

In automating ticket classification, machine learning (ML) techniques have demonstrated significant
success, providing scalable solutions that outperform human or rule-based approaches [6], [7], [8].
Nonetheless, most previous studies train classification models using only structured features [8] or only
unstructured text [9], [10], which underutilizes the complementary information available in hybrid data.
Although a minority of works combine both structured and unstructured features for classification [11], [12],
[13], they often do not describe clearly how hybrid data are constructed and managed across preprocessing
and classification. In another word, preprocessing workflows tailored to hybrid data remain limited and are
not well documented. This motivates the need for an effective hybrid data preprocessing technigue,
specifically to support reliable classification in complex ETS settings. Noted that hybrid data in this context
is referring to the data that joins and integrates the structured and unstructured features.

In comparison with [11], [12], [13], [14], [15], the novelty of this work is a hybrid data-first ETS
framework that links a two-stage feature selection (2-FS), a unified preprocessing pipeline, and majority-vote
ensemble modelling into a repeatable methodology. Prior studies either address trouble-ticket classification
in domain-specific settings without a unified hybrid preprocessing workflow [11], [15], focus on
classification strategies outside the ETS hybrid-routing context [12], [13], or apply ensembles for ticket
identification without integrating staged hybrid feature selection with unified preprocessing [14]. In this
study, 2-FS first screens and validates hybrid predictors through exploratory analysis and visualization, then
refines a compact hybrid subset for modelling. In parallel, the unified pipeline standardizes text processing
[16] and categorical encoding before merging both feature types into a single vector space for consistent
training and evaluation across baseline models. In addition, this work implements a majority-vote technique
to ensemble the LR-centered models [7], [14], which supports robust decision-making in the final
classification.

From a mathematical standpoint, this work offers an opportunity to develop a unified modeling
framework that combines feature selection, classification, and data preprocessing under a hybrid data
perspective. One of the main challenges is developing efficient feature engineering methods that maintain
discriminating power while reducing dimensionality [17], particularly when working with diverse data
sources [11], [17] . Hence, this motivates the development of strong ensemble models that can combine the
advantages of several classifiers in a way that is both interpretable and mathematically sound. Accordingly,
this study addresses the following research question, how can a unified hybrid data pipeline that integrates
preprocessing, staged feature selection, and voting-based ensemble modelling improve ETS ticket
classification performance on real-world data? Therefore, the objectives of this work are: (1) to develop
effective feature selection pipeline for hybrid data, (2) to develop effective preprocessing pipeline for hybrid
data, (3) to design an ensemble classification framework for hybrid data to improve performance and (4) to
evaluate the performance of implemented and proposed models with benchmarking on e-Ticketing System
data.

The rest structure of this work is as follows: Section 2 outlines the methodology including data
presentation, model classification, and evaluation metrics. Section 3 describes experimental setup and results
for our proposed method that is used to achieve our objectives. Also, this section offers a critical discussion
on our results and findings. Finally, Section 4 provides a conclusion and recommendation for future work.

2. RESEARCH METHODS

This section covers the research method that is implemented in our work. It is good to note that our
work will approach the real-world e-ticketing system (ETS) data, which will be detailed in Section 2.1. The
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illustration of proposed methodology is illustrated in Fig. 1, which will be explained in detail in Section 2.2
until 2.4.
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Figure 1. llustration of the Proposed Methodology

2.1 Data Research

Our work will focus on the field of e-ticketing service desk system in a worldwide hardware industry
company located at North Peninsular in Malaysia. The dataset is provided by a company, and we limited our
selection to the methods tested on tasking data. The dataset contained both types of data, which are categorical
and textual. Initially, the dataset consists of 37532 records with 12 features in total that are generated from
customer reports from which the tickets are automatically generated. The summary of features of raw data
with their respective description as shown in the following Table 1. The final data that contains all relevant
features will be further discussed in Section 3. To ensure the consistency and fairness of model performance,
we consider the features in dataset must have both types of structured and unstructured.

Table 1. Raw Data and Description Each Feature

No. Code Features Description Type of
Features
1 Description sct_short_description Description of the technical issue stated by the customer. Unstructured
2 Configuration sct_cmdb_ci Known as Configuration Item, that specify issue. Structured

3 Priority sct_priority Urgency level based on user preference Structured
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No. Code Features Description I;F ype of
eatures
4 State sct_state Current state of ticket Structured
5  Escalation sct_escalation The type of current escalation of issue. Structured
6 Issue mi_definition The definition of current issue. Structured
7 Group sct_assignment_group The IT team who resolved this issue/ticket. Structured

2.2 Phase 1: Development of Hybrid Data

In this sub-section, we will discuss in depth how hybrid data is developed such as feature selection and
data preprocessing steps towards textual and categorical features. Algorithm 1 described the algorithm
process for our hybrid data preprocessing. To better classification performance, we approach the two-stage
feature selection (2-FS) as an effective feature selection (FS) for hybrid data.

Algorithm 1. Development of hybrid data
Input: TD: the set of data; F;: the list of features in TD, where (1 < i < I); I: the total number of features.
while (n(Q) = 1) do

foreachi=1,...,1do

Identify the type of each F;;

Explore the information in each F;;

Perform data visualization in each F;;

Identify which the features are most relevant;

Remove the irrelevant features;

end for

Remove the null strings and missing values in each relevant F;;
0 Define FC; as categorical-string feature, where (1 < j < J) and FT as textual-string feature,
where(1 < k < K);
11 forj=1,..,Jdo

[N

P OoO~NOoO Uk, WwWN

12 if (FC is ordinal)

13 | Apply LabelEncoder to the feature;

14 else

15 | Apply OneHotEncoder to the feature;

16 end if

17 end for

18 Initialize empty list FT;

19 fork=1,..,Kdo

20 Remove punctuation from the document;

21 Tokenize the document into words;

22 Remove stop words from the tokens;

23 Perform part-of-speech tagging on the tokens;

24 Perform lemmatization on the tokens based on their part-of-speech tags;
25 Add processed tokens to FT;

26 Vectorize FT using TF-IDF;

27 end for

28 Concatenate FC and FT to form final data that define as new TD that called as TR;
29 end while

30 return

Output: TR: The set of data that contains relevant features.

In Lines 1-7, we first inject the raw data into Microsoft 365 Excel to view the dataset accordingly in
the form of rows (cases) and columns (features). During this stage, we explored the specific details and
identify the type of each feature, (F). Next stage, we performed visualization analysis to verify that the
features is relevant or not to proceed perform classification. The irrelevant features will be removed, while
the relevant features will remain. The final relevant data will be injected into Python programming to perform
further data preprocessing. In Line 9-10, we perform data cleaning to remove the null strings and missing
values after we finalize the relevant features. Before we proceed to the next step, we make sure to define the
FC as categorical-string feature and FT as textual-string feature.

In Lines 11-17, an encoding technique is applied to preprocess FC. We use a Label Encoder to assign
an integer value to each category when FC is ordinal. Else, we will apply for One-Hot Encoder. To
preprocessing the FT, we implement NLP because ticket texts are often short, noisy, and domain-specific,
which can degrade classification if the text is not normalized [14], [15]. The NLP steps include removing
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punctuation, tokenizing words, removing stop words, performing part-of-speech tagging and lemmatization,
and vectorizing using TF-IDF, as shown in Lines 18-27. TF-IDF was selected because it down-weights
common terms and better emphasizes discriminative words in short ticket descriptions [14], [15]. Line 28
then shows that we integrate textual and categorical features using concatenation to form hybrid data before
proceeding with classification.

2.3 Phase 2: Development of Ensemble Classification Model

In purpose to classify the hybrid data, we will implement the common five ML classification models,
which are Logistic Regression (LR) [8], Support Vector Machine (SVM) [18], Multinomial Naive Bayes
(MNB) [14], Random Forest [19], and K Nearest Neighbors (KNN) [20]. The selection of these implemented
model is based on most related literature of this work. Afterwards, we perform ensemble classification model
by embedded baseline ML models, which is LR, with SVM, MNB, RF, and KNN, respectively.

2.3.1 Fundamental Theory of Single Classification

According to [8], [20], LR is one of the most widely used classification methods in learning analytics.
In addition, [8] mentioned that LR is a common technique for classification problems, especially for binary
classification. Based on this, LR is selected as the baseline classifier in this work. However, there are several
limitations of difficulty interpreting LR when dealing with complex and imbalanced data [21] such as
linearity assumption, lack of automatic feature selection and limited predictive power. Therefore, to improve
classification performance for ETS tasks, LR is combined with other machine learning models through
ensemble modelling to enhance efficiency in ETS support processes.

Incorporating the SVM model into a ticketing system proves beneficial for efficient issue resolution
[18]. In this approaching, we trained each class. After that, we treat that class as the positive class and all
other classes as the negative class. In the context of this work, we used SVM to classifying tickets effectively
based on their categories. Despite its strengths, SVM can face difficulties when handling very large datasets.
It is also sensitive to class imbalance, which may lead to biased predictions if not addressed properly. In
context of our work, MNB is beneficial for efficient issue categorization in large datasets and easy to
implement [22]. According to [9], MNB performs well when handling text data, which makes it suitable for
classifying and routing tickets based on their content. MNB is a probabilistic classifier grounded in Bayes’
theorem. However, strong independence assumption may limit its predictive accuracy in some practical cases,
especially when feature dependencies are important.

According to [19], RF can be defined as a tree-based system for classification that consists of many
decision trees. They also mentioned that RF can handle both categorical and numerical features. In ETS
classification, RF can provide robust performance by reducing overfitting through averaging multiple
decision trees, and it can also offer insights into relevant predictors and handle missing values effectively
[23]. However, [23] mentioned that RF might be less interpretable compared to simpler models like LR and
requires significant computational resources for large datasets. KNN is a non-parametric method that
classifies a sample based on the majority class among its nearest neighbours [19], [20]. In ETS, KNN can
support ticket categorization by comparing an incoming ticket with previously resolved tickets and assigning
a label based on similarity. This makes KNN practical for problems where similar issues tend to share similar
categories. However, KNN is sensitive to irrelevant or redundant features. Therefore, feature selection and
careful preprocessing are important to improve its reliability and classification accuracy.

2.3.2 Ensemble Classification Model

In our context, we adopt LR as base classifier on the ETS classifier. This is due to its interpretability,
cheap computing complexity, and good generalization ability [24], [25], [26]. According to [25], LR is an
appropriate and reliable option for acting as a fundamental model in ensemble classification as it performs
well in high-dimensional and sparse datasets, such those including text-based ticket descriptions.
Additionally, the probabilistic outputs of LR offer a solid foundation for incorporation into ensemble
procedures like voting.

Due to this concern, we embed the LR base learner in a heterogeneous ensemble that also consists of
SVM, MNB, RF, and KNN as there is no single model that can fully represent the data. The approach for
ensemble classification can be summarized in Table 2. At the first stage, we study the limitations of LR and
other implemented single ML model analyzing the complex data in ETS. To combine the baseline model
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with each single ML model in this study to obtain the final output, we apply voting ensemble techniques that
are inspired by the studies of [7], [18]. We consider an ensemble approach by employing a voting strategy,
which selects the alternative that obtains the most votes [18].

Table 2. List of Ensemble Models by Voting Strategy

Code Ensemble Model
LR-S LR, SVM

LR-M LR, MNB

LR-R LR, RF

LR-K LR, KNN
LRALL LR, SVM, MNB, RF, KNN

2.4 Phase 3: Evaluation Comparison

We evaluate the performance of the data classification models using standard classification metrics
[5], [13]: ACC and F1. The ACC metric is used to measure the proportion of correctly classified tickets across
all categories. ACC can be expressed as the ratio of the sum of true positives for all categories to the total
number of tickets. The F1 metric is the harmonic means of precision and recall metrics. The metrics are
formulated as in Eq. (1) and Eq. (2), where TP is true positive, TN is true negative, FP is false positive, and
FNis false negative.

aCC = TP+ TN W
" TP+TN+FP+FN’
sy TP TP
_“"TP¥FP"TP+FN
Fl= TP TP . 2)

TP+FP TP+FN

To compare the influence in the performance, the analysis will divide the data into three categories.
The text data (TXTD) will contain only textual features. Then, the categorical data (CATD) will contain only
categorical features. Lastly, hybrid data (HYBD) will contain both textual and categorical features. The
summary of the data for baseline comparison can be found in Table 3.

Table 3. Category of Data for the Analysis

Code Category data Description Features Involved
TXTD Textual Data that contains only textual features Description
CATD  Categorical Data that contains only categorical features Priority, State

HYBD Hybrid Data that contains both textual and categorical features  Description, Priority, State

2.5 Experimental Research

The experiment was executed on a single personal computer equipped with an Intel Core i5 10"
Generation 1.60GHz and 16.0GB of RAM. We recorded the raw data in Microsoft 365 Excel. The algorithm
in this paper was developed using the Python Anaconda distribution within Visual Studio Code version 1.89.
We import scikit-learn library in Python programming to perform data preprocessing, model classification
and metrics evaluation. In the model training environment, we utilize sklearn.linear_model for LR model,
sklearn.svm for SVM model, sklearn.naive_bayes for MNB model, sklearn.ensemble for RF model and
voting ensemble model, and sklearn.neighbors for KNN model.

3. RESULTS AND DISCUSSION

In this section, we will discuss the results of the performance of the five ML models (LR, SVM, MNB,
RF, and KNN) and five ensemble ML models (LR-S, LR-M, LR-R, LR-K, and LRALL) to define the
optimum classification of the ETS assignment group. Section 3.1 discusses the result of relevant features by
performing the feature selection. Section 3.2 discusses the performance analysis of the models in terms of
types of data (TXTD, CATD, and HYBD). To ensure consistency and fairness in result analysis and
interpretation, we performed experiments with the same device and programming tools. Moreover, this study
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using default parameter settings to ensure a fair and consistent baseline comparison across classifiers and
datasets. The data were split into training and testing sets using an 80/20 ratio [17].

3.1 Analysis for Relevant Features

After we injected the raw data of ETS into Python programming, we performed feature selection by
data exploration and visualization. Throughout the data exploration phase, we found that all features did
provide significant important information. Thus, there are no elimination features in this phase. Next, we
further extended by visualizing technique on all features. To perform data visualization, we split the data into
categorical and textual. For textual, we only found that Description is the only textual feature among the
features. With this, we consider Description to be a relevant feature to our ETS data due to the important
information that is contained in the feature.

In this work, we perform one-hot encoder to label the non-ordinal type features such as Configuration
Item and Group as shown in Fig. 2 (a) and Fig. 2 (), respectively. The initial visual of Priority in Fig. 2 (b)
presented no huge difference. Thus, Priority does not need to undergo cleaning process by removing least
number. We just performed numerical transformation to proceed further analysis using label encoder.
Unfortunately, Escalation, and Issue as in Fig. 2 (¢c) — Fig. 2 (e), respectively, showed there is no difference
counts and no trend. Hence, we assume these two features are not relevant and are being removed from the
data. During the phase of visualization analysis, we finalize only 4 features are relevant to consider our
classification problem. The relevant features are Description, Priority, Configuration Item, and State. As
claimed in study of [18], [24], we found that identifying the most relevant features and eliminating irrelevant
can greatly improve model performance. In this work, the implementation of TF—IDF text representation is
limited to 10,000 features. After concatenating the encoded categorical features, the final hybrid data vector
has 10,023 dimensions.
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(a) Configuration, (b) Priority, (c) State, (d) Escalation, (e) Issue, (f) Group

3.2 Analysis of Model Classification for Data

The main purpose of this experiment is to analyses the performance of proposed ensemble model with
the baseline model leads to better classification. In this subsection, the performance of proposed ensemble
classification model will be examined by comparing it with existing ML classification model. All the results
performance of ACC and F1 in the context of classification models are presented in Table 4 and Table 5,
respectively. Note that bold entries in the tables for each metric signifies the best performance of model in
terms of data. To test the significance of the model performance towards datasets, this experiment conducts
non-parametric statistical test of Friedman test rank (x2) [27].

Table 4. Analysis of ACC

Ensemble Classification ML Classification
Dataset | ps  |R-M LRR LRK 'A;EI‘_ SYM MNB RF  KNN LR
HYBD 09027 0919 0929 00918 0024 0915 0883 0930 0913 0921
TXTD 0927 0919 0928 0918 00924 0927 0910 0928 0912 0924
CATD 0868 0868 0867 0830 0868 0868 0868 0867 0831  0.868
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Table 5. Analysis of F1
Ensemble Classification ML Classification
Dataset | ps  |RM LRR LRK 'A-EI'_ SVM  MNB RF KNN LR
HYBD 0911 0896 0846 0920 0908 0917 0906 0921 0913 00912
TXTD 0914 0916 0889 0918 0903 0917 0906 0920 0913  0.911

CATD 0.807 0.806 0.807 0.807 0.812 0.807 0.807 0.807 0.812 0.807

From Table 4, the analysis in the context ofACCis presented as follows:

1. Thescore of ACC in all implemented models range from 0.830 to 0.930, indicating that all models
are showed strong overall classification performance in the ETS. Thus, this demonstrates the
ability of models to accurately assign tickets to the appropriate IT support groups.

2. For ML classification, RF achieved the highest ACC with 0.930 for HYBD. This demonstrates
that RF is able to provide robust and reliable performance of ETS classification when implemented
the complex data that integrate both textual and categorical data.

3. Ensemble models of LR-R (ACC = 0.929) showed the highest performance is close with RF on
HYBD. This indicates that ensemble models can efficiently integrate the combination of diverse
data types to provide highly accurate IT group classification of ETS.

4. Friedman test rank has been conducted for all the datasets with @ = 0.05 and degree of freedom,
df =9. The p-value for ACC is > 0.05(y? = 14.487). Thus, the null hypothesis of equal
performance for all models was accepted. Although the value of average rank of all models varied
slightly, the differences were very minimal. Therefore, it indicates that the result has no significant
statistically different performance among the models.

While the analysis in the context of F1 in from Table 5 is presented as follows:

1. The score of F1 in all implemented models achieved in range from 0.806 to 0.921. This
demonstrates balanced performance of all models in terms both of precision and recall. This
advocates that all models are effective at accurately identifying and classifying tickets while
minimizing the FP and FN. In view of ETS, this ensures that tickets are correctly assigned and
consistently captured across IT groups to solve the tickets.

2. For ML classification, RF achieved the highest F1 = 0.921 for HYBD, indicating that RF has a
strong ability to balance precision and recall. In the context of ETS, RF is the most preferred ML
model that reliable in ETS classification into the correct IT group by minimizing both FP and
FN.

3. Ensemble models of LR-K showed the highest performance on HYBD, indicating that LR-K has
a strong ability to effectively balance precision and recall. In point of view ETS, this suggests that
the LR-K is the best ensemble model that reliable in ETS classification into the correct IT group
by ensuring precise and reliable assignment to the correct IT groups.

4. Friedman test rank has been conducted for all the datasets with @ = 0.05 and degree of freedom,
df =9. The p-value for F1 is > 0.05(y? = 13.397). Thus, the null hypothesis of equal
performance for all models was accepted. Although the value of average rank of all models varied
slightly, the differences were very minimal. Therefore, it indicates that the result has no significant
statistically different performance among the models.

From the overall score, it can be concluded that the CATD dataset that contains only categorical
features is in lower performance. Although [28] mentioned that categorical data is practical, it can affect the
performance of the model due to often lacking information. Yet, the overall scores showed that baseline
model of LR as a simpler model that is able effectively handle the CATD alone without needing more
complex models. The overall metric scores of ACC and F1 in TXTD and HYBD showed the implemented
models are well performing in EST classifications. This indicates that the rich contextual information within
textual features provides significant benefits for ETS classifications tasks. This is supported by [15], [29]
who highlighted the efficacy of description in the tickets can maximize the model performance due to relevant
information they provide. Whilst the TXTD showed higher performance than CATD, still TXTD not able to
compete the performance score in HYBD. From the results as shown in Tables 4 and 5, it is considered that
the combination of textual and categorical features obtained the best performance scores. In compliance with
[11], the hybrid approach by combining the variety of features can increase the information of data. Also, it
indirectly improved the accuracy of ETS classification and robustness.
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In the context of classification, Tables 4 and 5 showed that ensemble models, especially LR-R and LR-
K, achieved high performance across all metrics when using HYBD dataset. In most situations with ETS, the
systems usually deal with complex and variety types of data. Ensemble technigues can reduce overfitting in
classification, lead to more reliable performance and be able to handle real-world case classification more
effectively [29]. Thus, we believe that our ETS classification system can better manage the diversity of
incoming tickets, ensuring accurate ticketing classification, routing for prompt resolution and increase user
satisfaction by approaching an ensemble technique. Our findings align with [14] by highlighting the
effectiveness of an ensemble classification can improve the performance of ETS classifications.

4. CONCLUSION

This study aimed to develop an effective preprocessing pipeline and a two-stage feature selection (2-
FS) approach for hybrid ETS data, design LR-centered majority-vote ensemble models, and benchmark their
performance on real-world e-ticketing data. To meet these objectives, five ML classifiers (LR, SVM, MNB,
RF, and KNN) and five voting ensembles (LR-S, LR-M, LR-R, LR-K, and LR-ALL) were implemented and
evaluated across three dataset settings: textual-only (TXTD), categorical-only (CATD), and hybrid data
(HYBD). The results show that CATD produces the lowest performance, indicating that categorical features
alone often provide limited information for reliable ticket assignment. In contrast, the inclusion of textual
descriptions improves performance, and the best results are obtained when textual and categorical features
are integrated as HYBD. In particular, the proposed voting ensembles improve performance in the hybrid
setting, achieving up to 93% accuracy, which highlights the value of combining complementary feature types
for ETS group classification and better resource allocation.

Although HYBD generally performs better than single-type datasets, the overall differences between
TXTD, CATD, and HYBD are not large in some cases, which may be influenced by noise or overfitting in
the data. Therefore, future work will explore feature ranking methods for feature selection [30] and data-
driven segmentation strategies in preprocessing to improve robustness [20]. We also plan to extend the task
to multi-level classification [2], address class imbalance [15], further fine-tune the models, and investigate
deeper ensemble approaches to enhance generalization [18], [31].
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