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Utilizing k-Nearest Neighbors and Support
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Abstract — Support tickets are vital for providing
high-quality customer service. Ensuring very customer
has a positive experience, regardless of their issue, is
essential. This paper explores optimizing support ticket
systems identifying common algorithms and predicting
ticket resolution time. Leveraging Machine Learning,
specifically k-Nearest Neighbours (KNN) and Support
Vector Machines (SVM), the study aims to predict
resolution times using historical data. These algorithms
will be evaluated using Root Mean Squared Error
(RMSE) and Mean Absolute Error (MAE) metrics. The
goal is to assess the effectiveness of KNN and SVM in
improving support processes. Accurate time predictions
can help businesses allocate resources proactively,
minimize delays, and streamline ticket assignments. By
applying these models, organizations can enhance
response efficiency and reduce the impact of unresolved
issues.
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1. Introduction

The rise in Customer Service needs results from
business growth and growing emphasis on customer
happiness. Organizations realized how crucial good
customer service is to attract and retain customers as
marketplaces expanded and competition increased.
Technical support is an essential component of most
businesses [1], [2]. Ticket support systems have been
developed in response to an increasing number of
customer inquiries, issues, and requests. This has led
to the need for an organized method to handle these
interactions. These systems offer a centralized
platform for managing client complaints, expediting
correspondence, and guaranteeing prompt resolution
[3]. Therefore, a good ticketing system must include
features and functionalities to help organizations
manage and improve their resolution times [4]. Large
firms frequently use temporary or less-skilled
employees to distribute support tickets, or they
employ third-party assistance because it may occupy
a huge amount of time for their workers. The manual
procedure for dispersing emerging support tickets by
human staff, who are frequently less skilled, is both
costly and ineffective [5]. However, it lengthens the
time it takes to resolve tickets, which may indirectly
cause customer dissatisfaction [2], [6], [7].

With the widespread use of machine learning (ML)
and Artificial Intelligence (Al) methods, the
automation of support ticket systems has become
increasingly compelling. Automated technologies can
potentially replace first-level support staff by
automatically classifying problems and resolving
tickets using ML [8], [9]. To speed up ticket
assignment and completion, implementing a
predictive model that uses ML techniques and the
underlying pattern of historical data would provide
more effectiveness and productivity [10]. The trained
ML model automatically determines how long it will
take to answer a query for any new incoming ticket.
With the advancement of ML, tickets can now be
categorized, and the time needed for resolution is
automatically estimated [11], [12], [13], [14].
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Currently, most Information Technology (IT) firms
use Ticket Support Systems to deal with customers’
problems and issues [15]. The main objectives of a
ticket support system are to streamline
communication, prioritize tasks, and ensure the timely
resolution of client issues. They are essential for
raising customer satisfaction, streamlining support
operations, and offering an organized method for
handling and resolving client complaints. A troubled
ticket is a digital log that documents the details of an
outage, including the workflow and actions
performed. Users are unable to use their equipment
during outages, and they frequently do not know when
the problem will be resolved. Because of this
unpredictability, resources are wasted on temporary
fixes for short outages or inadequate planning for
extended outages. Enabling more informed mitigation
decisions during issue-ticket submission is the ability
to predict resolution time [16].

Ticket support systems have several limitations.
These include high ticket volumes, which enable
incorrect classifications and inconsistent response
quality, limited predictability for ticket resolution
times, excessive knowledge bases, and a lack of
automation in routine tasks. These factors proceed
from general factors, such as rapidly growing
customer expectations for prompt issue resolution.
Moreover, the tool is necessary for allocating and
organizing resources, tracking, and analyzing
customer data. Furthermore, ticket support addresses
the need to support knowledge management and to
maintain consistent communication. In addition, a
high incoming ticket count can be a problem. Large
entities must handle high volumes of incoming data. It
is challenging to achieve this in the most efficient
manner, which results in a response time. Therefore,
the ticketing system needs to be improved.

One alternative for optimizing the system is to
determine which incident tickets are more urgent and
to find a way to reduce the ticket resolution time. In a
general approach, every incident ticket in a defined IT
environment is first split into different sets to clarify
the aspects of the problems associated with a system.
Moreover, they assist in defining requests, events, and
alerts. Therefore, effective ticket management should
address the most severe or frequent issues. However,
incident ticket clustering and categorization issues can
arise for several reasons. First, ina large IT ecosystem,
the number of tickets would increase to 1000 years,
making classification impossible [17]. ML can
optimize a ticket support system in several ways,
making its experience more efficient and smoother.
First, ML techniques can automatically assign priority
levels to tickets and even guess when a ticket with this
particular issue will be resolved. When you need a
ticket in a support system, it is crucial to make
professionals aware of how much time to expect is
dedicated to your issues.

TEM Journal —Volume 15 / Number 3 / 2026.

An ML model can calculate the amount of time
tickets of a particular type have been solved before
assuming a newly arrived ticket. The estimation can
be further refined by considering the complexity of the
issue, the type of ticket, and the average resolution
time. ML has opened a way for automated ticket
classification. This enables customer support to see
the time it takes to settle a case. Most of the time, ML
algorithms are designed to create a model based on
data, without the need for human interference. Some
of the possible automated features include face
recognition, speech recognition, prediction, and
forecasting.

Typically, in a prediction resolution time, ML
models can examine historical data to resolve new
incoming ticket prediction times. Categorizes them
based on their urgency and is used for training. A few
ML algorithms typically used in ticket system
classification and Prediction Time Resolution include
k-nearest neighbors (KNN), Support Vector Machines
(SVM), and Naive Bayes.

Supervised learning, a subset of ML, involves
training algorithms to accurately predict outcomes or
classify data using labelled datasets. The model
modifies its weights as it analyzes the input data
during the cross-validation procedure until the data
properly fits the model. Companies utilize supervised
learning to address various real-world challenges on a
large scale, such as data categorization. Some of the
ML techniques in this group are Random Forest (RF),
SVM, Kernelized SVM, and KNN.

Unsupervised ML algorithms were crafted to
analyze and  classify  unlabelled  datasets
autonomously. They unveil underlying patterns or
groupings within data, devoid of human intervention.
These models were employed for three primary tasks:
dimensionality reduction, association, and clustering.
Some common examples used in unsupervised
learning are k-means clustering, association-rule
mining, and the Apriori algorithm.

All of these algorithms are essential for revealing
relevant relationships in datasets that serve various
purposes in industries such as retail and healthcare.

Research Significance: Reducing the time, it takes
to resolve tickets is essential to increasing the efficacy
and efficiency of customer support systems. While the
majority of previous research uses conventional
techniques like linear regression, this study
investigates machine learning strategies that are less
frequently used in this setting, namely k-Nearest
Neighbours (KNN) and Support Vector Machines
(SVM). The novelty of this study lies in demonstrating
the potential of these algorithms to enhance resource
allocation and minimize customer wait times. By
providing a comparative analysis of KNN and SVM,
the research opens up new possibilities for optimizing
support systems with advanced machine learning
techniques.
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Additionally, the development of an interactive
prediction interface using Streamlit highlights the
practical applications of the findings, offering
valuable tools for real-world implementation.

2. Related Works

A predictive approach for understanding event data
and forecasting expected closing time was proposed to
identify bottlenecks in incident closure, the ML was
used, and prior to that, different learning models such
as Gradient Boosting Decision Trees, Logistic
Regression, and Naive Bayesian classifier were
considered and tested with F1 as a performance
measurement. Given the F1-score, the gradient
boosting decision tree model revealed the best results
and was considered for further examination. This
model was tested using the real service desk incident
record, which means that the method could be applied
to problem-solving forecasts for a wide range of
issues. Implementation of ITSM also has a positive
effect on consumer satisfaction, service expenses, and
staff burden [18].

A ML based system that forecast the trouble ticket
resolution time was proposed. The advantage of the
system is the proposed model can predict the accurate
resolution time even when the network problems are
inevitable. Several ML techniques, such as boosted
regression trees, logistic regression, Artificial Neural
Networks (ANNSs), and Linear Discriminant Analysis,
have been applied. An evaluation based on Mean
Absolute Error (MAE) was conducted. Logistic
regression and LDA achieved accuracies of 72.7% and
71.3%, respectively. The boosted regression tree
model achieved the highest classification accuracy of
74.5%, followed by the ANN with an accuracy of
73.9%. Notably, the ANN attained the lowest MAE of
24.8 hours when predicting the resolution time,
demonstrating its efficacy in regression modelling.
The ML techniques in this study offer high accuracy
and predictive capabilities [16].

A ML-based help desk that embodies additional
algorithms to achieve the user’s score resolution was
proposed. The system allowed the sharing of files and
comments concerning an incident, and sending an
email in response to each notification from the ticket.
Additionally, an ML model was built, which
automatically classified the tickets from the very
beginning, saved the time of incident resolution, and
allowed each issue to achieve resolution and the user
to be satisfied. Satisfying other ITSM capabilities, the
system also allowed the workflow of IT business
processes, the evaluation of KPIs, and the
management of users’ roles and tickets. The help desk
system employs diverse algorithms, such as SVM,
Naive Bayes, Rule-based, Decision Tree, J48 (tree-
based), Decision Table, and SMO (SVM-based), to
categorize tickets and incidents automatically.
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This approach managed to reduce the resolution
time by considering information such as the ticket
title, description, and comments. This approach
increased the accuracy of the classification model; that
is, the prediction accuracy increased from 53.8% to
81.4%. The ticket comment exchange feature of the
system helped validate the accuracy significantly.
Nevertheless, the weakness of this system is that more
resources are required to generate the ticket generation
model. Furthermore, certain knowledge and resources
may be needed, which raises the overall cost of the
system [8].

A surgical time duration prediction approach
which applied ML algorithms to maximize operating
room (OR) efficiency and enhance surgery scheduling
chores was proposed. A study conducted at a
university hospital in Colombia utilized past data to
train four ML algorithms: linear regression, SVM,
regression trees, and bagged trees. The results
indicated that the bagged tree algorithm demonstrated
the lowest Root Mean Square Error (RMSE) and
computational cost. Consequently, it was identified as
the most efficient algorithm for predicting surgical
duration. The study also noted a 16% reduction in the
error rate of surgical time prediction and a 35%
decrease in the minimum programming block when
employing the bagged tree algorithm. Additionally,
lowering the space of attributes might decrease the
impact on computational time, but could likewise
lower the discriminant power of the algorithms.
Whether information is lost and services decline, some
future research studies might include making
information recording equipment in the hospital more
available to carry around. Other possible research
studies might focus on solving the problem of
applying categorical attributes in ML and evaluating
the impacts of various spaces on the algorithm’s
behavior. Through these possibilities, it would
certainly be easier to enhance the application of ML
prediction in terms of surgery length and productivity
[19].

On the other hand, [20] suggested using Automated
ML (AutoML) to develop data-oriented models for
predicting lead times in manufacturing firms. They
assessed AutoML solutions (TPOT, H20.ai, and
Auto-Keras) using data from two small and medium
enterprises (SMEs). They assessed how their model
performed compared to the manual forecast. In
addition, they compared AutoML models with linear
regression, RF, SVM, and ANN for lead-time
prediction. Evaluation metrics such as MAE, RMSE,
R?score, mean squared log error (MSLE), and training
time (in minutes) were used. The results showed that
all data-driven models, including the basic mean
model, performed better than manual predictions. The
TPOT consistently produced the highest-scoring
models, followed by H20.ai and Auto-Keras.
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The paper also firmly stated that the benchmarked
AutoML systems did not consider the laborious
activities of data interpretation, transformation,
filtering, pre-processing, and feature engineering.
Only a part of the model construction is considered by
the systems. Therefore, the authors suggested that
future research could be conducted with
comprehensive AutoML solutions that actively
support users with all the tasks within the modeling
process and integrate such solutions more coherently
into the diversity of current small and medium-sized
enterprise (SME) environments.

A method to determine the complexity of an
incident was introduced in 2018. To solve this
problem, this study implemented the possibility of
ticket triage by identifying tickets associated with the
complexity of their resolution, which could allow for
additional checks and error-proofing. The experiment
attempted to predict the complexity of ticket
resolution using a Graph Convolutional Network as
one of the features of the incident node. In addition to
the high accuracy of the predictions, the model also
aimed to evaluate these predictions using a specific
loss function, such as the loss of cross-entropy. This
experiment attempted to determine the complexity of
the actions described above by tracking the number of
tickets that required reallocation. Accordingly, this
approach depends on the flexibility of ticket resolution
[21]. The benefits of using the graph model for ticket
resolution in ad hoc inquiry aided the innovation of a
Relational Graph Convolutional Network with the aid
of ML to forecast ticket reassignments. In addition to
accurately predicting ticket reassignment, this model
has additional benefits. This helped the embeddings
learn the fundamentals of help desk organizations and
the roles that their users play. Confidential
information was not available in the dataset provided
for this study because of privacy concerns. The
approach presented in this paper and a roadmap to
connect neural network models with a more detailed
dataset comprising all ticket actions helps to learn
more about ticket resolution.

Additionally, a study that employed supervised
ML to forecast the time required to complete IT
support  tickets was proposed. The authors
underscored the significance of data pre-processing
and feature selection methods, highlighting their
importance alongside the choice of ML algorithms.
The ML techniques and algorithms utilized in the
research encompassed SVM, Classification and
Regression Trees (CART), Multinomial Naive Bayes
(MNB), KNN, Linear Regression, and Regression
Trees. The evaluation metrics included Mean Squared
Error (MSE), Mean Absolute Percentage Error
(MAPE), and MAE. The findings revealed that
Support Vector Regression (SVR) showed the lowest
Mean Average Error (MAE) and MAPE compared to
the other algorithms, indicating its superior predictive
performance [4].
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The authors combined natural language processing
techniques with ML techniques to automate the
incident response time in an IT ticket management
system. They developed automated text categorization
ML models by categorizing the incidents. The ML
techniques employed are gradient boosting machines,
Naive Bayes, SVMs, and maximum entropy. The NLP
methods  adopted are  stop-word  removal,
lemmatization, 3-gram, and latent Dirichlet allocation
with Term Freguency-Inverse Document Frequency.
Accuracy and similarity are two of the evaluation
metrics used in their study, using a ten-fold cross-
validation method. The evaluation findings
demonstrate the accuracy of several classifiers and
feature-extraction methods [22].

AutoML, an approach to automatically build and
evaluate ML models to forecast the factors that
resulted in massive delays in a business customer
support system was proposed. AutoML automatically
builds ML pipelines, including data normalization,
model fitting, and parameter tuning. Several ML
algorithms, including MLR, ANN, KNN, RF, and
SVM, have been implemented. Evaluation metrics
such as the Mean Error (ME), RMSE, and MAE were
used in the experimental evaluations. The
performance was the best in the Gradient Boosting
Machine, with the lowest RMSE and MAE values
[23]. The advantages of the proposed approach were
that it performed better than a typical model selection,
a chance to save the costs of manual interference, and
the chores of the optimization process. However,
attention was limited to one step in that study, and
additional research on further applications of AutoML
was proposed. Similarly, the study provided little
knowledge about the actual implementation, quality,
and availability of data-relevant issues regarding how
well AutoML models performed [24], [23].

An ML classification system that recognized the
subject of the inbound tickets directed by the firm was
also implemented. The goals were to improve user
happiness and decrease the time required to complete
the ticket. Moreover, they delivered the model trained
on multilingual ticket classification and urban
prototypes for IT analysts to fit it into their day-to-day
business. They included 2229 categorized tickets in an
open, anonymized dataset released to the public. A
fully connected neural network with 500 input
neurons and four hidden layers, using the ReLu
activation function, along with a 30% dropout, was
employed for ticket classification. The output layer
consists of seven neurons with a softmax activation
function. Furthermore, naive Bayes, decision table,
J48, and SMO (SVM-based) algorithms were utilized.
Evaluation metrics such as accuracy, precision, and
recall achieved an average of 75% for the seven
categories within the 2229 support tickets used for
training and testing.
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In summary, this study achieved a precision of 75%
and provided a web prototype for IT analysts to
integrate the system into their daily workflow [25].

In addition, [26] proposed employing Graph
Neural Networks (GNN) to forecast the remaining
cycle time (RCT) in various processes. They
suggested that the interdependencies among activities
within a process could be depicted as graphs, and that
GNNs could effectively utilize this information for
prediction. Two distinct GNN models were assessed
and compared to the Long Short-Term Memory
(LSTM) model using real-world manufacturing
company and public datasets. The findings illustrate
the superior performance of the GNN model in
prediction. The MAE served as the primary evaluation
metric to gauge the performance of the models in RCT
prediction. This study also underscored the potential
of MAPE as an alternative metric for training and
assessing prediction models in the future. Figure 1
describes the related works.

ML Techniques
References
(Year)
=}
g‘ % g Q =)
Z EEEFEilgE
¥ =1 —— 1]
= ER[EER S| S
[16] (2018)
[14] (2018)
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[17] (2021)

[18] (2022)
[3] (2022)

[21] (2022)

Figure 1. Comparison of related works

In reviewing related previous studies, it can be seen
that a prevalent trend emerged, which is the
predominant use of linear regression models for
similar task analyses. Although linear regression
models have their advantages, they also have certain
limitations, particularly when dealing with nonlinear
and complex data patterns. This observation led to the
decision to explore alternatives. In this context, the
selection of k-nearest neighbors (kNN) [11], [27], [28]
and Support Vector Machines (SVM) [29], [30] are
the primary techniques for several reasons.

1. Versatility and Effectiveness: Both Support Vector
Machines and k-nearest neighbors have been
widely used and validated across various domains
and datasets, demonstrating their versatility and
effectiveness. This is in line with studies on[11],
[27], [28] kNN and [29], [31] SVM.
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2. Handling nonlinearities: SVM and kNN
approaches can handle nonlinear problems. This
can be advantageous in cases where the data exhibit
variations in which the linear models are missing.

This study aims to obtain more accurate and in-
depth analysis outcomes using k-nearest neighbors
and support vector machines, which could overcome
the limitations observed with other models.

3. Methodology

This section discusses the theoretical framework of
the proposed approach and how each step is conducted
in an elaborated way.

3.1. Theoretical Framework

1) KNN: KNN is well known for its simplicity,
flexibility, and user-friendliness. It does not require
assumptions about data distribution, making it
suitable for various datasets. It is commonly used
for classification and regression analyses. It can be
used for both numerical and categorical data. In
addition, the KNN is less affected by outliers.
During training, the KNN method employed the
entire training dataset as a reference. Next, to make
a prediction, a chosen distance metric (e.g.,
Euclidean distance) is utilized to calculate the
distance between each training example and the
input data point. The system identifies the K-
nearest neighbors of the input data point by
assessing the distances.

The KNN offers simplicity and versatility, making
it easy to understand and implement for classification
and regression tasks without a formal training phase.
Its ability to handle nonlinear relationships and
robustness to outliers is a notable advantage [32].
However, KNN has disadvantages, including
computational complexity, memory requirements,
sensitivity to noise and irrelevant features, and the
challenge of selecting an optimal k value. It may not
perform well in high-dimensional spaces or with
imbalanced datasets, and scalability issues may arise
with large datasets.

2) SVM: Although SVM is applicable for regression
and classification assignments, it typically excels
in classification scenarios. They gained significant
popularity in the 1990s and remain the preferred
method for high-performance algorithms with
minimal adjustments. SVMs are widely used in
various tasks, such as text and image classification,
handwriting identification, face detection, spam
detection, handwriting identification, and anomaly
detection [33]. Their primary objective is to
maximize the margin - the distance between the
hyperplane and the closest data points from each
class in order to identify the optimal hyperplane
that divides the classes of the training set.
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New data can be categorized according to which
side of the hyperplane it falls on once it has been
located. SVMs are particularly beneficial for data
with many features and distinct separation margins.
They can handle both linear and nonlinear
relationships through the use of kernel functions,
making them versatile for modelling. SVMs are
recognized for their robustness, effectiveness in
high-dimensional spaces, and ability to generalize
well to new, unseen data.

A kernelized SVM provides several benefits. They
perform well on various datasets and demonstrate
adaptability by allowing the specification of various
kernel functions or the definition of bespoke kernels
suited to particular data types. They work well with
high- and low-dimensional datasets; thus, they can be
used in various settings. However, there are
significant disadvantages to be considered. Kernelized
SVMs efficiency declines with training set size,
affecting the operating time and memory
consumption. Normalizing the input data and fine-
tuning parameters properly can be difficult; however,
these are necessary for successful implementation.
Additionally, deciphering the rationale behind a
certain prediction might be difficult with Kernelized
SVMs, because they lack a straightforward probability
estimator. Despite these drawbacks, they are
invaluable tools for machine learning applications
because of their strong performance in various
contexts [34].

3.2. Implementation

Figure 2 shows the implementation of the
prototype. The prototype consists of three tabs: (1)
Model evaluation, (2) Prediction based on KNN
approach, and (3) Prediction based on SVM approach.
Only one dataset was cleaned and pre-processed in
this phase to ensure the output accuracy. The model
evaluation tab shows the RMSE and MAE of the
model. The prediction tabs display the ticket time
resolution based on user input.

Remaining values have been replaced with none.
Next, the data type of a few columns consisting of
datetime information was converted to a datetime
format.

TEM Journal —Volume 15 / Number 3 / 2026.

Tab 1 (Model
Ewvaluation) or Tab 2

Show Model
(Prediction)

Evaluation

2

LY

T ™

Data preprocessing

e -

w

Model Training

b 4

P ™

Generate Prediction

N w

v

[S how prediction result}

Figure 2. Implementation of prototype flow

The dataset employed is the “Incident Management
Process Enriched Event Log” obtained from the UCI
ML Repository. This sequential multivariate dataset
contains 141,712 rows of data organized into 36
columns. Detailed attribute information is shown in
Figure 3. Each attribute plays a role in tracking,
analysing and resolving incidents within an
organization.

The data cleaning stage starts by filtering only
closed-state incidents. Then, the dataset is cleaned by
removing columns containing many ‘?” values.
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“# Column Name Deseription
1ZNUMEBER Incident id (24,318 unique values)

1 1ZINCIDENT_STATE Eight stages to track the changes in the incident manage...
2 1EACTIVE The Boolean attribute which indicates the incident is activ..
3 123REASSIGNMENT_COUNT The reassignment of group or support analyst responsibili..,
4 1ZEREOPEN_COUNT The rejection count of incident resalution from the caller
5 1235Y5 MOD_COUNT The update count of this incident
6 13MADE_SLA A boolean attribute that signifies whether the event excee...
7 1EECALLERID Identifier of the impacted user
8 1SQPENED_BY Identifier of incident reporter
9 1Z50PENED_AT Time which incident user open

10 12535Y5 CREATED_BY Identifier of incident register

—
pury

1255YS CREATED AT
12 1235Y5_UPDATED_BY
13 1Z5Y5_UPDATED AT
14 1Z=CONTACT_TYPE
15 1Z=L0CATION

16 1Z=CATEGORY

17 1Z5UBCATEGORY
18 12U _SYMPTOM

Date and time of the incident system creation

Identifier of the user which updates this incident

Time which this incident updates

Categorical attribute that indicates how this incident is re_.
Identifier of the location

1st level description of the impacted service

2nd level description of the impacted service

How users describe accessibility of services

19 12=CMDB QO Confirmation item identifier

20 2HMPACT Impact level of incident (values: 1=High; 2=Medium; 3=L...
21 12ZEURGEMNCY Urgency level of incident (values: 1=High; 2-Medium; 3=_..
22 1ZPRIORITY Priority level of incident {values: 1=High; 2=Medium; 3=L..

23 1ZEASSIGNMENT _GROUP
24 1ZASSIGNED_TO

25 IZKNOWLEDGE

26 123U_PRIORITY_CONFIRMA...

Identifier of the support group

Identifier of the person in charge

Boolean attribute that indicates the necessity of involving...
Boolean attribute that indicates has the priority field dou...

2T 1ZINGTIFY Categorical attribute that indicates has the notifications w...
28 1ZPROBLEM_ID Identifier of the problem

29 1ZRFC (request for change) ldentifier of the changing incident re..
30 1BVENDOR Identifier of the vender in charge

31 12CAUSED_BY
32 1ZECL0SED_CODE
33 123RESOLVED_BY
34 1ZRESOLVED_AT
35 123CLOSED_AT

Identifier of the RFC of this incident

Identifier of the incident resolution

Identifier of the person who resolved the incident

Time which this incident resolved (dependent variable)
Time which this incident status changes to closed (depen..

Figure 3. Description of the dataset’s attributes

The time required to resolve the ticket was
calculated and stored in a new column. Columns
containing mixed features are converted to capture
only the numerical part. Columns "incident_state" and
"active" were removed because all the values in these
columns were the same.

Any missing values present in column
"resolved_at,” "sys created_by,” "sys created at,"
and "u_symptom" are removed. Figure 4 shows a
boxplot of the resolution time column. Any outliers in
the resolution-time column were removed. Figure 5
shows a correlation heatmap of these features. Highly
correlated features were also removed, such as
'sys_mod_count,” ‘resolved_by," and 'made_sla. Next,
the dataset is split into test and training sets before
continuing with the rest of the data pre-processing to
avoid data leakage. Then, one-hot encoding was
performed on the categorical data. “impact,”
“urgency,” and “priority” columns were label encoded
to leave only scale values, and numerical features
were then normalized. The feature selection process
had a significant impact on model performance.
Removing irrelevant and highly correlated features
reduced noise in the data, improving the model's
ability to focus on the most influential factors
affecting resolution time. For instance, removing
redundant features like 'made_sla’ reduced the
likelihood of overfitting, which would have otherwise
compromised the generalization capability of the
model.

Moreover, handling outliers and ensuring proper
encoding of categorical data contributed to a more
robust model that could make better predictions. For
example, without handling outliers in the "resolution
time" column, the KNN and SVVM models would have
produced skewed results, as these algorithms are
sensitive to extreme values.

Box Flot of Resolution Time

0 50 100 150

o0 @0 o @

200 250 300 350

Resolution Time

Figure 4. Box plot of resolution time
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Figure 5. Correlation heatmap

After completing the data pre-processing, the
dataset was ready for model training. The Scikit-learn
library offers quick and effective tools for performing
data prediction in Python. The library also provides
built-in features for the train-test split function and the
evaluation metrics.

In this phase, 70% of the dataset was allocated to
fit the ML model, and 30% for the evaluation. The
70:30 split is a common practice in ML, and many
algorithms and techniques are well-suited to this ratio.
It achieves this without overly prioritizing one over
the other by providing adequate data for training and
evaluation. The trained model was prepared to
forecast the ticket time resolution using the test data.
The prediction is then evaluated based on measures
such as the RMSE and MAE.
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4. Results and Discussion

The significant result of the proposed approach is
shown and discussed in this section.

4.1. Implementation

The GUI was developed using Streamlit. It features
three tabs that users can access from the left side of the
page. The first tab displays the evaluation metrics for
both models. The second tab presents the ticket
resolution time prediction based on the KNN model
using user input, whereas the third tab shows the
prediction based on the SVM model. Figure 6
illustrates the graphical user interface in the first tab.
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The second tab shows the resolution time Figure 7 shows the graphical user interface for the
prediction of a ticket based on user input. The second tab.
prediction in the second tab was based on the kNN

model.
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The third tab shows the resolution time prediction The prediction in the third tab was based on the
of a ticket based on the user input. SVM model. Figure 8 shows the graphical user

interface for the third tab.
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4.2. Pseudocode

The pseudocode in Table 1 (Algorithm 1) outlines
the application for predicting the ticket resolution time
using the two ML models. It contains three main
functions: Predicting the resolution time using the
KNN model, predicting the resolution time using the
SVM model, and the main function displaying the user
interface.

Table 1. Algorithm 1: ticket resolution time prediction
Algorithm 1 Ticket Resolution Time Prediction

return predictions
end function
10 function predict resolution time2(input data)
11 LOAD

1 function predict resolution time (input data)

2 LOAD scaler

3 CREATE input_df from input data

4 numerical features = ['reassignment count’,' reopen
count',' sys mod count']

5 SCALE input_df’s numerical features using the
loaded scaler

6 LOAD knn_regressor

7 predictions = PREDICT input_df using knn
regressor

8

9

12 CREATE input_df from input data
13 numerical features = ['reassignment count',' reopen
count',' sys mod count']
14 SCALE input_df’'s numerical features using the
loaded scaler
15 LOAD svm_regressor
16 predictionsl = PREDICT input_df using
SVm_regressor
17 return predictionsl
18 end function
19 function main
20 DISPLAY title “Ticket Resolution Time Prediction™
21 selected tab = GET user’s selected tab from
sidebar with options “Model Evaluation”,
“Prediction — kNN”, “Prediction — SVM”
22 if selected tab is “Prediction - kKNN”” then
23 DISPLAY input fields for user input
24 if user clicks “Predict” button then
25 CONVERT input data to numerical values
using mappings
26 PERFORM prediction using predict
resolution time and DISPLAY the
predicted resolution time
27 end if
28 else if selected tab is ““Prediction - SVM” then
29 DISPLAY input fields for user input
30 if user clicks “Predict”” button then
31 CONVERT input data to numerical values
using mappings
32 PERFORM prediction using predict
resolution time2 and DISPLAY the
predicted resolution time
33 end if
34 else if selected tab is “Model Evaluation” then
35 DISPLAY “The evaluation metrics used are
(RMSE) (MAE).”
36 LOAD metrics for Model 1 (KNN)
37 LOAD metrics for Model 2 (SVM)
38 COMBINE metrics for both models into a
single DataFrame
39 DISPLAY the combined metrics table
40 end if

41 end function
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4.3. Evaluation Metrics

The evaluation metrics employed in the
evaluations were the RMSE, MSE, MAE, and
Coefficient of Determination, R Score. RMSE, MSE,
and MAE are common evaluation metrics used to
check for accuracy in a recommender system. The
RMSE measures the square root of the average
squared differences between the predicted and actual
ratings, the MAE measures the average absolute
differences, and the MSE measures the average
squared differences. Generally, RMSE is a better
evaluation metric in most cases because it is sensitive
to large errors. The lower the value, the lower the
error.

The Rz score ranged from 0 to 1, with 1 indicating
perfect prediction and 0 indicating that the model did
not explain any variance in the target variable. The R2
score can also be negative if the model performs worse
than a horizontal line representing the mean of the
actual values.

4.4, Evaluation Results and Discussions

The evaluation score for KNN and SVM
approaches are recorded in Table 2.

Based on these results, the best model with the
highest R2 score was the KNN model, followed by the
SVM model. Specifically:

e KNN Model: Achieved an R2 score of -0.08, an
RMSE of 26.33, an MSE of 693.41, and an MAE
of 9.87.

e SVM Model: Achieved an R2 score of -0.13, an
RMSE of 26.97, an MSE of 727.61, and an MAE
of 13.53.

The KNN model demonstrates the best
performance in the R2 score, indicating that it explains
the variance in the data better than the SVM. In
addition, KNN has lower MSE, MAE, and RMSE,
suggesting more accurate predictions, as it makes
smaller errors on average compared to the other
models. There may be factors why the KNN model
outperformed the SVM model. Firstly, KNN relies on
finding the closest neighbors in feature space, which
has been advantageous for this dataset, especially
since there are well-defined clusters or groups within
the data. Next, SVM is highly sensitive to the selection
of hyperparameters like the kernel type and
regularization term. While SVM generally performs
well for high-dimensional data or when there is a clear
boundary separating classes, in regression tasks, its
performance may deteriorate if the dataset is noisy or
non-linearly separable.

Table 2. Evaluation results

ML Approach MSE RMSE MAE R?
SVM 727.61 26.97 13.54 -0.14
KNN 693.41 26.33 9.88 -0.08
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Furthermore, to analyze the results based on the
dataset utilized:

e The Incident Management Process dataset is
sequential. Thus, the dataset’s row or event may
carry crucial information. From this observation,
KNN naturally handle the dataset well since it
operates based on proximity in feature space and
the implementation is straightforward. If
neighboring rows in this dataset share similar
outcomes or processes, KNN can pick up on these
trends [35], [36].

e Since KNN can be scaled and normalized, KNN
can balance the contributions of different features
to the proximity calculation when appropriate
scaling and feature engineering are applied.
Contrast to this, SVM struggles with large feature
sets unless the features are highly informative [37],
[38].

e As a non-parametric technique, KNN can better
accommodate noise by averaging among
neighboring points, lessening the effect of
outliners. Since it may allow for class distribution
by varying the weight of neighbors (e.g., distance-
weighted KNN), it is also more resilient to class
imbalance. On the other hand, the support vectors,
which are susceptible to outliers or noisy data
points, significantly impact the decision border of
SVM. SVM’s performance may suffer if the
dataset contains outliers or incorrect classifications
because of improper boundary placements [39],
[40].

5. Conclusion

With an emphasis on automating the ticket
assignment and forecasting resolution times, this
paper reviewed some existing ML techniques to
optimize the Ticket Support System. By applying
KNN and SVM to the problem of ticket resolution
time prediction, it explores less commonly used
techniques compared to prevalent linear regression
models. This study examined the development and
application of these machine learning models,
considering best practices and optimization through
hyperparameter tuning.

The limitations to be considered of this study
include data availability, model limitations and
evaluation metrics. Firstly, since the data only relied
on historical data and from only one platform, the
model’s predictions on future trends that are new may
not be good enough.

Also, both KNN and SVM models have their own
limitations which contribute to the models’
predictions results. While metrics such as MSE,
RMSE, MAE, and R2 were used to evaluate model
performance, other important metrics like MAPE
(Mean Absolute Percentage Error) or F1 score could
offer more comprehensive insights, especially in
understanding model performance for different types
of errors.
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Future work will include implementing additional
ML techniques for evaluation with other datasets. To
improve prediction accuracy, future work will also
involve the exploration of additional machine learning
models, including but not limited to ensemble
methods, AutoML, and Advanced Neural Networks.
In addition, an enhanced GUI with additional analysis
features can be implemented.
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