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Abstract: Technical support services play a critical role in assisting users with resolving software, hardware, and network-related
issues in modern digital environments. The increasing volume of support requests and the diversity of user language create
significant challenges for providing accurate, consistent, and timely assistance. Traditional support systems often depend on
manual troubleshooting processes or rule-based mechanisms, which limit scalability, response quality, and issue understanding
across diverse technical scenarios. To address these challenges, a cloud-based virtual technical support assistant was developed
using conversational automation and machine learning techniques. The system utilizes a support ticket dataset enhanced through
synthetic ticket generation, data augmentation, and semantic rewriting to increase linguistic diversity and improve model
robustness. The collected data were merged, cleaned, encoded, and transformed using Term Frequency—Inverse Document
Frequency (TF-IDF) vectorization for effective textual feature representation. Multiple classification models, including Logistic
Regression, Random Forest, Convolutional Neural Network (CNN), Bidirectional Long Short-Term Memory (BiLSTM), and
Bidirectional Encoder Representations from Transformers (BERT), were implemented and comparatively evaluated. Performance
assessment was conducted using accuracy, precision, recall, and F1-score metrics. Experimental results indicated that the Random
Forest model achieved the highest deployment performance with an accuracy of 78.5%. The integrated solution combines issue
categorization and retrieval-based response recommendation, enhancing automated technical assistance delivery and service
efficiency.

“Index Terms: Technical Support Assistant, Machine Learning, Random Forest, TF—IDF Vectorization, Cosine Similarity, Text
Classification, Response Retrieval, Flask”.

predefined troubleshooting procedures, and static knowledge
repositories. Such approaches often struggle to interpret
diverse user expressions, varying technical terminology, and

1. INTRODUCTION

The rapid growth of digital technologies, cloud computing

platforms, and online services has significantly increased the
demand for effective technical support systems.
Organizations across various sectors rely on support services
to address software, hardware, network, and application-
related issues reported by users. As customer expectations
continue to rise, support environments must provide
accurate, timely, and consistent assistance while handling
large volumes of requests. Recent advancements in artificial
intelligence, natural language understanding, and
conversational technologies have created opportunities to
improve support operations through intelligent automation
and user-centric service delivery [1] [2] [3].

Despite these developments, many technical support
environments still depend on manual ticket handling,

conversational descriptions of issues. Inconsistent issue
categorization and delayed response generation can reduce
operational efficiency and negatively affect user satisfaction.
Furthermore, conventional systems may have limited
adaptability when encountering previously unseen problem
descriptions or evolving support requirements. These
challenges highlight the need for more intelligent and
scalable solutions capable of understanding user concerns
and delivering relevant recommendations in a consistent
manner [4] [5] [6].

The primary objective of this investigation is to develop an
intelligent virtual technical support assistant capable of
understanding  user-reported issues and providing
appropriate  technical guidance through automated
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interactions. The proposed solution aims to improve issue
identification, enhance response relevance, and support
efficient handling of technical queries within a unified
environment. In addition, the system seeks to facilitate
interactive communication between users and support
services while reducing dependency on extensive manual
intervention. The contribution lies in the design of an
integrated support framework that combines automated issue
understanding with recommendation capabilities to improve
the overall quality of technical assistance [7] [8].

The significance of this contribution extends to both service
providers and end users. By enabling automated assistance
and efficient issue management, intelligent support
platforms can help reduce response times, improve service
consistency, and optimize operational resources. Enhanced
support accessibility can also benefit users by providing
immediate guidance and reducing the effort required to
obtain technical solutions. As organizations continue to
adopt digital transformation strategies, intelligent technical
support systems are expected to become an essential
component of modern customer service infrastructures. The
presented approach contributes toward the advancement of
scalable, responsive, and user-focused support environments
capable of meeting the growing demands of contemporary
technology ecosystems [9] [10].

2. LITERATURE REVIEW

The development of intelligent text processing and
conversational support systems has been strongly influenced
by advances in neural network architectures and language
representation techniques. Schuster and Paliwal introduced
Bidirectional Recurrent Neural Networks (BRNNS),
demonstrating the advantage of utilizing both past and future
contextual information for sequence modeling tasks, thereby
improving language understanding capabilities. Although
the architecture significantly enhanced contextual learning,
its computational complexity and training requirements
limited large-scale deployment in practical applications [11].
Subsequently, Mikolov et al. proposed efficient distributed
word representation techniques that transformed textual data
into meaningful vector spaces, enabling semantic
relationships between words to be captured effectively.
While these representations improved language processing
performance, they often struggled to incorporate deeper
contextual information from complete sentences [12].

Research on textual similarity and language understanding
further contributed to the evolution of intelligent support
systems. Huang investigated similarity measures for text
document clustering and demonstrated the importance of
semantic similarity in grouping related textual content.
However, traditional similarity measures were often
sensitive to vocabulary variation and linguistic ambiguity
[13]. Mesnil et al. explored recurrent neural network
architectures for spoken language understanding and
reported improved performance in intent recognition and
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semantic interpretation tasks. Despite their effectiveness,
recurrent architectures frequently encountered challenges
related to long-term dependency learning and computational
efficiency [14]. In addition, Porter introduced a suffix-
stripping algorithm that became one of the most widely
adopted stemming techniques in natural language
processing. Although effective for reducing vocabulary
dimensionality, stemming methods can sometimes remove
important semantic distinctions and affect contextual
interpretation [15].

The application of deep learning to text classification gained
considerable attention with the introduction of character-
level convolutional neural networks by Zhang et al. Their
findings demonstrated that convolutional architectures could
automatically learn discriminative textual features without
extensive manual feature engineering. Nevertheless, large
training datasets and substantial computational resources
were often required to achieve optimal performance [16].
Zhang et al. further examined machine learning approaches
for sentiment analysis and highlighted the effectiveness of
data-driven classification methods in extracting meaningful
insights from textual information. However, model
performance remained highly dependent on dataset quality
and domain-specific characteristics [17]. Brownlee provided
practical guidance on implementing machine learning
techniques using Python-based environments, facilitating
broader adoption of intelligent analytics systems across
various application domains. Despite these contributions,
successful deployment still required careful model selection
and evaluation strategies [18].

The introduction of transformer-based architectures
significantly advanced natural language understanding.
Vaswani et al. proposed the attention mechanism framework,
which enabled efficient modeling of long-range
dependencies and improved contextual representation
learning. Although transformer models achieved remarkable
performance, they often required extensive computational
resources and large-scale training data [19]. Earlier retrieval-
oriented investigations by Cui et al. demonstrated the value
of dependency-based relationships in improving question-
answering  passage retrieval. However, retrieval
effectiveness could still be affected by variations in user
language and query formulation [20].

Collectively, these contributions have advanced text
understanding, classification, and information retrieval.
Nevertheless, challenges remain in integrating accurate issue
categorization, conversational understanding, and practical
response recommendation within a unified technical support
environment. Existing approaches often focus on individual
components rather than end-to-end support automation. The
current study addresses this gap by developing an intelligent
virtual technical support assistant that combines automated
issue understanding with response recommendation
capabilities, enabling more efficient and user-oriented
technical assistance.
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3. MATERIALS AND METHODS

The proposed cloud-based virtual technical support assistant
is designed to automate issue understanding and technical
recommendation generation by utilizing a support ticket
dataset enriched through synthetic ticket creation, data
augmentation, and semantic rewriting techniques. These
enhancement strategies increase linguistic diversity and
improve the system’s ability to generalize across varied user
expressions and technical problem descriptions. Following
data preparation and transformation into numerical
representations using TF—IDF feature extraction, multiple
machine learning and deep learning models were developed
and comparatively evaluated to identify the most suitable
classification approach. The selected model was integrated
into a Flask-based deployment framework that combines
issue categorization with conversational response retrieval
using cosine similarity. This hybrid mechanism enables the
system to predict support categories while simultaneously
recommending contextually relevant technical solutions. By
integrating  automated classification, retrieval-based
assistance, and cloud-enabled deployment, the proposed
system enhances scalability, response consistency, and
operational efficiency, thereby supporting faster issue
resolution and improved user experience in technical support
environments.

[r—

Fig.1 Proposed Architecture

The system architecture illustrates an Al-based Technical
Support Assistant that processes technical support records
and synthetically generated tickets through data collection,
preparation, preprocessing, and TF-IDF feature engineering.
Multiple machine learning and deep learning models,
including Logistic Regression, Random Forest, CNN,
BiLSTM, and BERT, are trained and evaluated using
performance metrics. The best-performing Random Forest
model is deployed within a Flask-based application. User
queries undergo conversation matching, issue classification,
and recommendation retrieval to generate accurate
responses, while SQLite manages user authentication,
registration, and interaction data storage.

a) Dataset Collection:
The technical support dataset used in this system consists of

issue descriptions, issue categories, and corresponding
technical response records collected from publicly available

INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD)
© 2026 IJNRD | Volume 11, Issue 6, June 2026 | ISSN: 2456-4184 | INRD.ORG

OPEN 8 ACCESS

support resources and enhanced through synthetic data
generation techniques. The dataset was expanded by
combining original and synthetically generated support
tickets to improve linguistic diversity and category coverage.
The resulting dataset contains structured textual features and
labeled issue classes that support both classification and
recommendation tasks. Its diverse issue representations and
enriched response mappings make it suitable for training
intelligent support models, improving generalization
capability, robustness, and the effectiveness of automated
technical assistance systems.

b) Pre-Processing:

Before model training, the collected technical support data
underwent several preprocessing stages, including data
cleaning, semantic enhancement, label encoding, and feature
extraction, to improve data quality, representation,
robustness, and classification performance.

Data Pre-processing: The collected technical support data
were subjected to a comprehensive preprocessing stage to
improve data quality, consistency, and suitability for
machine learning analysis. This process involved handling
missing values, removing incomplete or irrelevant records,
and standardizing textual information into a uniform format.
Such preparation reduces inconsistencies and noise within
the dataset while ensuring that all records follow a consistent
structure. Effective preprocessing enhances data reliability,
supports accurate learning, and improves the overall
performance and stability of the classification system.

Data Augmentation and Semantic Enhancement: To
improve dataset diversity and strengthen model
generalization, additional support records were generated
through augmentation and semantic variation techniques.
These enhancements introduced alternative expressions and
linguistic variations of existing issue descriptions while
preserving their original meanings. The objective was to
expose the learning models to a broader range of user
communication styles and vocabulary patterns. This process
reduces sensitivity to wording differences, improves
robustness against unseen inputs, and enhances the system’s
ability to understand diverse technical support queries.

Label Encoding: Issue categories were transformed into
numerical representations to enable efficient processing by
machine learning algorithms. Since classification models
require target labels in a structured numerical format,
categorical issue classes were encoded into distinct numeric
identifiers. This transformation preserves class information
while making it compatible with computational learning
frameworks. Label encoding facilitates effective model
training, supports accurate category prediction, and ensures
consistent interpretation of support issue classifications
throughout the learning and evaluation processes.
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Feature Engineering and TF-IDF Vectorization: Feature
engineering was performed by selecting customer issue
descriptions as predictive inputs and converting textual
information into numerical feature representations. Term
Frequency—Inverse =~ Document Frequency (TF-IDF)
vectorization was employed to measure the importance of
words within individual records relative to the entire dataset.
This representation emphasizes informative terms while
reducing the influence of frequently occurring but less
meaningful words. The resulting feature vectors capture
important textual patterns and semantic distinctions,
enabling classification models to effectively learn
relationships between issue descriptions and corresponding
support categories.

¢) Algorithms:

Logistic Regression: Logistic Regression was utilized as a
baseline classification approach to establish a performance
benchmark for issue categorization. The model analyzes
feature relationships and estimates category probabilities,
providing efficient and interpretable predictions while
demonstrating strong performance on high-dimensional
textual data.

Random Forest: Random Forest was employed to improve
classification robustness and reliability through an ensemble
learning strategy. By aggregating predictions from multiple
decision trees, the model reduces overfitting, enhances
generalization capability, and delivers stable performance
across diverse technical issue categories.

Convolutional Neural Network (CNN): Convolutional
Neural Network (CNN) was applied to automatically learn
discriminative textual features from input representations.
Through hierarchical feature extraction and pattern
recognition, the architecture captures local semantic
relationships, improving classification effectiveness while
minimizing dependence on manual feature engineering.

Bidirectional Long Short-Term Memory (BiLSTM):
BILSTM was implemented to capture contextual
dependencies within textual sequences by processing
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BERT: BERT was utilized as a transformer-based language
modeling approach to capture deep contextual and semantic
relationships  within textual content. By leveraging
bidirectional attention mechanisms, the model generates rich
language representations that enhance classification
accuracy and improve understanding of user-reported
technical issues.

4. EXPERIMENTAL RESULTS

Accuracy: The accuracy of a test is its ability to differentiate
the patient and healthy cases correctly. To estimate the
accuracy of a test, we should calculate the proportion of true
positive and true negative in all evaluated cases.
Mathematically, this can be stated as:

TP + TN
TP + FP + TN + FN

Accuracy = €Y)
Precision: Precision evaluates the fraction of correctly
classified instances or samples among the ones classified as
positives. Thus, the formula to calculate the precision is
given by:

Precisi True Positive 2
recision =
True Positive + False Positive )

Recall: Recall is a metric in machine learning that measures
the ability of a model to identify all relevant instances of a
particular class. It is the ratio of correctly predicted positive
observations to the total actual positives, providing insights
into a model's completeness in capturing instances of a given
class.

Recall = — %3
ecall = 5N @)

F1-Score: F1 score is a machine learning evaluation metric
that measures a model's accuracy. It combines the precision
and recall scores of a model. The accuracy metric computes
how many times a model made a correct prediction across
the entire dataset.

Recall X Precision

information in both forward and backward directions. This F1 Score = 2.« Recall + Precision 100(1)
bidirectional learning mechanism enhances contextual
understanding, supports effective sequence modeling, and
improves the interpretation of complex issue descriptions.
Table.1 Performance Evaluation Table
Model Accuracy F1-Score Recall Precision
Logistic Regression 0.780 0.783 0.780 0.804
Random Forest 0.785 0.785 0.785 0.788
CNN 0.781 0.783 0.781 0.803
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BiLSTM 0.780 0.783 0.780 0.808

BERT 0.782 0.787 0.782 0.824

As presented in Table 1, the performance comparison indicates that Random Forest achieved the highest accuracy (78.5%), while
BERT obtained the best precision (82.4%) and F1-score (78.7%). Overall, all models demonstrated comparable classification
performance, with Random Forest selected for deployment due to its balanced accuracy, recall, precision, and computational
efficiency in technical support issue classification.

Graph.1 Comparison Graph
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As illustrated in Graph 1, the comparison of machine learning and deep learning models shows that BERT achieved the highest
precision and Fl-score, while Random Forest attained the best accuracy and recall. Overall, all models exhibited closely
comparable performance, demonstrating their effectiveness in technical support issue classification tasks.
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Virtua Al

Login to your account

Fig 2 Login Page

As shown in Fig. 2, the Virtua Al login interface enables
registered users to securely access the system by entering
valid credentials. The page provides a simple, user-friendly
authentication mechanism with options for account
registration and navigation.

Fig 3 Dashboard (Post-Login)

Figure.3 presents the output of the virtual Al assistant
homepage, displaying a user-friendly interface with a
chatbot welcome screen, "Start Chat" option, and an
interactive Al assistant, providing an engaging, intelligent,
and accessible conversational experience.

5. CONCLUSION

In conclusion, the developed cloud-based virtual technical
support assistant was designed to address the challenges
associated with understanding diverse user-reported
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technical issues and providing timely, accurate, and
consistent support recommendations. The system utilized an
enhanced technical support dataset enriched through
synthetic ticket generation, data augmentation, and semantic
rewriting to improve linguistic diversity and robustness.
Textual information was represented using TF—IDF feature
extraction, and multiple machine learning and deep learning
models, including Logistic Regression, Random Forest,
CNN, BiLSTM, and BERT, were evaluated to determine the
most effective classification approach. Comparative analysis
identified Random Forest as the most suitable model for
deployment, and it was integrated into a Flask-based
application  environment.  Experimental  evaluation
demonstrated that the deployed model achieved an accuracy
of 78.5%, confirming its capability to reliably categorize
technical issues and support automated recommendation
generation. In addition, the integration of conversational
response retrieval using cosine similarity enhanced the
system’s ability to deliver contextually relevant technical
guidance. The developed solution provides a reliable and
scalable framework for intelligent technical support
automation,  reducing  dependency @ on  manual
troubleshooting while improving service efficiency,
response consistency, and overall user experience in real-
world support environments

Future enhancements can focus on incorporating advanced
transformer-based language models and large-scale domain-
specific knowledge bases to improve issue understanding
and response accuracy. The system can be extended with
multilingual support, voice-based interaction, and real-time
learning capabilities to accommodate a broader range of
users and evolving technical issues. Integration with cloud-
native monitoring tools and automated ticket management
platforms can further streamline support operations. These
improvements would enhance scalability, personalization,
and overall service effectiveness in complex technical
support environments.
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