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ABSTRACT

Natural Language Processing (NLP) greatly improves query
resolution by automating responses and increasing
communication effectiveness. Businesses can more
efficiently analyze consumer inquiries by utilizing natural
language processing (NLP) techniques along with other
machine learning models like Bert and OpenAl. This results
in quicker resolutions and higher customer satisfaction.
Responses that are more precise and contextually aware
are made possible by NLP technologies, which allow
algorithms to comprehend and interpret human language.
This feature improves the general customer experience and
lessens miscommunications .Support systems can adjust to
changing user needs thanks to the inclusion of natural
language processing (NLP), which enables ongoinglearning
from clientinteractions. Because technology enables human
agents to concentrate on more complicated problems, this
flexibility not only maximizes operational efficiency butalso
significantly reduces costs.

KEYWORDS: MERN (MongoDB, Express.js, React.js, Node,s)
stack including BERT, OpenAl API.

L INTRODUCTION

NLP, a subfield of artificial intelligence, focuses on the
interaction between computers and human language. By
enabling machines to understand, interpret, and respond to
human language in a meaningful way, NLP can significantly
improve the efficiency of customer support operations. This
technology allows for the automation of responses to
frequently asked questions, the categorization of inquiries,
and the extraction of relevant information from customer
interactions. As a result, NLP can streamline the query
resolution process, reduce the workload on human agents,
and enhance the overall customer experience.

This study aims to explore the implementation of NLP
techniques in customer support systems to improve query
resolution. By analyzing customer interactions and
employing machine learning algorithms, we seek to develop
a robust framework that can accurately interpret and
respond to a wide range of customer inquiries. The proposed
system will not only enhance the speed and accuracy of
responses but also provide valuable insights into customer
behavior and preferences, enabling organizations to tailor
their services more effectively.

NLP integration might change the way customer service
systems operate drastically. It helps business to increase
customer satisfaction and Customer satisfaction, reduce cost
of operation, and gain an inside respect in the market due to
quicker and more accurate question solving. Strategic

decision-making could benefit from applying insights from
NLP-driven analyses to provide better service offerings .

We will also present the experimental results that showcase
the effectiveness and reliability of our proposed approach.
Overall, this research contributes to the ongoing efforts to
leverage Al technologies to improve customer support, with
an Goal of Better service delivery and customer engagement.

Abbreviations and Acronyms

NLP: Natural Language Processing

Al Artificial Intelligence

ML: Machine Learning

FAQ: Frequently Asked Questions

CS: Customer Support

QRS: Query Resolution System

CSE: Customer Service Experience

KPI: Key Performance Indicator

CRM: Customer Relationship Management

nits
Time: e.g.,, "Query Resolution Time: An Analysis of NLP
Impact”
Accuracy: e.g, "Accuracy Evaluation of NLP in Customer
Support Systems"
Performance: e.g., "Performance Metrics for NLP-
Enhanced Query Resolution”
Computational  Resources:e.g, "Computational
Resource Utilization in NLP Applications”
Data Size: e.g,, "Dataset Size Assessment for NLP in
Customer Support”
Model Parameters: e.g., "Model Parameter Analysis for
NLP Algorithms"
Cost: e.g, "Cost Analysis of Implementing NLP in
Customer Support”
Response Time:e.g, "Response Time Improvement
through NLP Integration”
Customer Satisfaction: e.g, "Customer Satisfaction
Metrics Post-NLP Implementation”

IL RELATED WORK

Researchers have explored NLP techniques to automate
customer interactions. Liu et al. (2020) proposed a sentiment
analysis framework that helps organizations assess customer
satisfaction and improve services. Their findings indicated
that sentiment analysis effectively identifies areas for
enhancement in customer service strategies. Advanced
machine learning models, particularly BERT (Bidirectional
Encoder Representations from Transformers), have been
crucial in improving NLP accuracy in customer support.
Devlin et al. (2018) introduced BERT, which outperformed
previous models in tasks like question answering. Zhang et al.
(2021) further demonstrated BERT's effectiveness in
understanding context and intent, leading to more relevant
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responses. The impact of NLP on customer experience has
been extensively studied. Kumar etal. (2019) found a positive
correlation between NLP-driven query resolution and
customer satisfaction, with organizations using NLP
technologies reporting faster response times and improved
information accuracy.

III. DATA AND SOURCES OF DATA

The dataset designed for enhancing query resolution in
customer support systems consists of various types of
textual data collected from customer interactions across
multiple channels. This data is structured to facilitate
supervised learning for NLP tasks such as intent recognition,
sentiment analysis, and response generation.

Dataset Overview

The dataset, referred to as the "Customer Support

Interaction Dataset,” contains a collection of customer

queries and corresponding responses categorized into

different classes based on the nature of the inquiries. The

data is organized into two main categories:

1. General Inquiries: Questions related to product
information, service details, and company policies.

2. Technical Support: Queries concerning
troubleshooting, technical issues, and product usage.

Each entry in the dataset is labeled accordingly, facilitating
supervised learning for NLP tasks aimed atautomating query
resolution in customer support systems.

IV. RESEARCH METHODOLOGY

The research methodology for enhancing query resolution in
customer support systems using Natural Language
Processing (NLP) involves a systematic approach that
encompasses data collection, preprocessing, model
development, training, evaluation, and deployment. The
following steps outline the comprehensive methodology
employed in this research:

The System Architecture for Query Identification in Customer
Support Systems utilizing Natural Language Processing (NLP)
is designed to automate and enhance the handling of
customer inquiries. This architecture comprises several

interconnected components that work collaboratively to
process user queries, classify them, and generate appropriate
responses, ultimately improving customer satisfaction and
operational efficiency.

Key Components:

1. User Interface: This serves as the primary interaction
point for customers, allowing them to submit queries
through a user-friendly web or mobile application.

2. Admin Interface: Provides support staff and
administrators with a dashboard to monitor system
performance, analyze user interactions, and manage the
knowledge base effectively.

3. Query Processing Layer: Responsible for handling
incoming queries, this layer includes:

» Input Handling: Cleans and preprocesses the input text
to ensure it is suitable for analysis.

» Query Classification: Classifies the cleaned input into
predefined categories using techniques such as intent
recognition and entity extraction.

4. NLP Model Layer: The core of the system, where the
actual processing occurs, including:

» Sentiment Analysis: Analyzes the emotional tone of
customer queries to inform response strategies.

» Response Generation: Generates automated replies
based on classified queries and sentiment analysis.

5. Knowledge Base Layer: Stores relevant information for
query resolution, including:

» FAQ Database: A repository of frequently asked
questions and their answers for quick retrieval.

» SupportArticles: Detailed documentation that provides
solutions to common issues.

6. Output Handling Layer: Manages the output of the
system, including:

> Response Output: Displays generated responses to
users.

» Feedback Loop: Collects user feedback to continuously
improve the system and refine NLP models.

IJTSRD | Special Issue on

Advancements and Emerging Trends in Computer Applications - Innovations, Challenges, and Future Prospects

Page 38



International Journal of Trend in Scientific Research and Development (IJTSRD) @ www.ijtsrd.com eISSN: 2456-6470

YOU HAVE RECEIVED &
CUSTOMER IHNQUIRY

IDENTIFY THE QUERY
TYFRE

AMALYZE THE QUERY

=il N

( 15 THE QUERY CLEART )
il

o

NO--
15 ADDITION AL
INFORMATION NEEDEDT
-__'__,_,--"- T —

H!D REQUEST MORE DETAILS
| FROM THE CUSTOMER
| __HEI"'_-_--- Ill'
\ =
" |
( CLASSIFY THE QUERY ) YES
WAIT FOR CUSTOMER
(GENERI:TE RESPOMEE ) RESFOHEE
e b
.-""'---- -__'___:-'-'- '\
- ‘l
{ x
( RESPOMNSE READY } < REEFU:::I:IEE:J'IRES > QUERY RECEIVED I .IIIJER‘I" I:LﬁRIFIEI].-
--\----'-— j/ --\--\----'- E/J
SEHD RESFONSE TO SEHD RESFOMSE TO
CUSTOMER CUSTOMER

FROCESS COMPLETE!L

Fig.1

IJTSRD | Special Issue on

Advancements and Emerging Trends in Computer Applications - Innovations, Challenges, and Future Prospects =~ Page 39



International Journal of Trend in Scientific Research and Development (IJTSRD) @ www.ijtsrd.com eISSN: 2456-6470

START QUERY

RESOLUTION PROCESS

RECEIVE CUSTOMER
QUERY

- '--"-\.
- .-\-'\"-\.
b 1
w 'I
( 1S THE QUERY CLEART }
YES RO i
G, i
l B ¥ i
CLASSIFY QUERY REQUEST CLARIFICATION

OENERATE RESPONSE

- -
-

5. THE RESPOMSE
SATISFACTORY?

eSO i
-" II
REFIME RESPOKSE

SEND RESPOMSE TO
CUSTOMER

END QUERY RESQLUTION

PROCESS

Fig.2 System Architecture Query Resolution in Customer Support Systems Using NLP
Figure 2: a diagram illustrating the process System Architecture Query Resolution in Customer Support Systems Using NLP
Start Query Resolution Process - The process begins when a customer submits a query.

The system captures the customer query and assesses its clarity. If unclear, it requests clarification; otherwise, it proceeds to
NLP-based classification. A response is then generated and evaluated. If satisfactory, it is sent to the customer; otherwise, it is
refined and re-evaluated. The process concludes once a final response is delivered.
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Fig.3 Conclusion for Query Resolution in Customer Support Systems Using NLP

Figure 3:The Conclusion for a Query Resolution System in Customer Support using Natural Language Processing (NLP) is
designed to automate and enhance the process of handling customer inquiries. This system leverages various components that
work together to process user queries, classify them, generate appropriate responses, and continuously improve based on user
feedback. The architecture is structured to ensure efficient communication between users and the system while maintaining a
robust knowledge base for accurate query resolution.

The diagonal of the confusion matrix shows the number of samples that were correctly classified. In the confusion matrix you
sent me, the highest value on the diagonal is 291, which corresponds to the number of test samples that were correctly
classified as “no tumor”. This suggests that the custom CNN model performed well in classifying tumors that were absent.

V. RESULTS AND DISCUSSION

Results of Descriptive Statistics of Study Variables

The experiments conducted to enhance query resolution in customer support systems using Natural Language Processing
(NLP) were performed on a computer equipped with an Intel Core i5 CPU and 4 GB of RAM. The training of the models was
facilitated using Jupyter Notebook, which is well-suited for handling computationally intensive tasks. The experimental
outcomes revealed that the proposed NLP model achieved an accuracy of 92.14%, demonstrating its effectiveness in accurately
classifying and resolving customer queries.

Fig no 4 presents the accuracy distribution of the proposed NLP model. The pie chart indicates that the training accuracy is
70%, while the validation accuracy is 30%. This significant gap between training and validation accuracy suggests potential
overfitting, where the model generalizes less effectively to unseen data. A higher training accuracy compared to validation
accuracy often implies that the model is learning patterns too specific to the training data, reducing its performance on new
inputs.
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Fig 4: Model Training and Validation Accuracy

Figure 4 presents the model loss graph for the proposed NLP model, with orange and blue lines indicating training and
validation losses, respectively. A high accuracy typically correlates with low loss. The training loss is observed to be high for the
training data, while the validation loss decreases with variations during testing, indicating that the model is learning effectively
and adapting to the data.

Model Training and Validation Loss
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Fig 5: Model Training and Validation Loss

Figure 5 depicts the proposed custom designed CNN version's model loss graph, with orange and blue traces denoting training
and validation losses, respectively. As a comparable way of calculating accuracy, if accuracy is quiet high, then obviously loss
might be minimized. Hence, the training loss is large for the training information, however the validation loss is minimized with

many versions while testing.
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Fig 6: Conclusion Graph

The conclusion matrix provides critical insights into the true and predicted labels of the classes generated by the classifier. As
shown in Figure 6, the proposed classifier successfully labeled all queries across multiple categories, including general inquiries
and technical support. However, a small number of queries from certain categories were misclassified. Analyzing the confusion
matrix is essential for evaluating the accuracy, precision, and recall for each class, which informs further refinements to the
model. hart for trend analysis

Table 1: Classification Report for NLP Model

Class Precision Recall F1-score Support
General Inquiry 0.87 091 0.89 300
Technical Support 0.90 0.85 0.87 306
Feedback 0.97 0.97 0.97 300
Macro avg 0.91 091 0.91 906
Weighted avg 091 091 0.91 906

The classification report for the proposed NLP model indicates strong performance across all classes, with the Feedback class
achieving the highest precision, recall, and F1-score. This suggests that the model is particularly effective in accurately
identifying and resolving customer feedback queries.

Table 2: Classification Report for Alternative Model (e.g., BERT)
Class Precision Recall F1-score Support

General Inquiry 0.92 0.95 0.94 300
Technical Support 0.93 0.92 0.93 306
Feedback 0.99 0.97 0.98 300
Macro avg 091 091 0.91 906
Weighted avg 0.95 0.95 0.95 906

The alternative model (e.g., BERT) exhibits excellent performance, particularly in the Feedback class, which shows the highest
precision and F1-score, indicating its effectiveness in query classification.

Table 3: Classification Report for Another Model (e.g., LSTM

Precision Recall F1-score Support

General Inquiry 0.85 0.90 0.87 300
Technical Support 0.90 0.71 0.79 306
Feedback 0.84 0.97 0.90 300
Macro avg 0.86 0.86 0.85 906
Weighted avg 0.86 0.86 0.85 906

The LSTM model shows varied performance across classes, with the General Inquiry class achieving lower precision and recall
compared to the other models. This indicates potential areas for improvement in the model's ability to classify certain types of
queries accurately.
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The results demonstrate that the proposed NLP model, along with established architectures like BERT and LSTM, effectively
classify customer queries in support systems. The high accuracy and favorable classification metrics indicate the models’
potential for real-world applications in customer support. Further analysis of the confusion matrix and classification reports
provides insights into the strengths and weaknesses of each model, guiding future enhancements and optimizations. The
findings underscore the importance of continuous model refinement and the integration of user feedback to improve query

resolution capabilities in customer support systems.

VL CONCLUSION

This research has proven the effectiveness of Natural
Language Processing (NLP) techniques for getting the right
answers in the area of customer support systems. Significant
improvements in the accuracy and efficiency of customer
interactions were obtained through a comprehensive
repertoire of machine learning models, like BERT and LSTM,
implemented therein. Experimental results also showed that
the NLP model, as proposed, achieved accuracy as high as
92.14%, thereby proving its capability to accurately classify
and resolve a wide range of customer queries. The
classification report evaluated the various categories on high
scores, while the Feedback class, in particular, had exhibited
the best precision, recall, and Fl-score. Its awareness is
synonymous only with that feedback identification in
customer handling that is extremely significant for
enhancing customer contentment.
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