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Abstract. Helpdesks occupy a strategic position in managing customer 
relations in today’s organizations. Managing the caller primarily is very 
important in reducing call time to maximize customer satisfaction. The fields of 
natural language processing (NLP) house sentiment analysis as a sub-discipline, 
and the insights it offers are relevant to understanding emotional tendencies 
during these interactions. The following paper aims to study the application of 
sentiment analysis for the helpdesk call analysis and more specifically the 
speech data. In this paper, we introduce an automatic classification system of 
customers’ sentiments from voice-based interaction through enhanced audio 
analysis and NLP. Besides the conversation message, our model targets 
identification and analysis of emotions that may not be directly expressed in 
words by using complex parameters like pitch, tone and intonation. This system 
empowers the organizations to enhance customer services approach by 
providing real time information of the customer emotions regarding services 
hence enhancing service delivery. Therefore, this research paper assists to 
enhance the utilization of SA in voice-interaction and augment customer care 
by capturing the clients’ sentiments and emotions. These results suggest that 
there is a possibility of increasing customer satisfaction if only the helpdesk 
calls are addressed from the sentiment viewpoint. 

 

 Keywords: Sentiment Analysis, Helpdesk, NLP, Audio Mining, Customer 
Service, Emotion Detection, Machine Learning. 

1 Introduction 

In today’s fast moving, customer-oriented economy, companies are inclined towards 
offering customers ultimate satisfaction to stand out from the competition. Being a 
key link in the service delivery chain, the helpdesk plays the major role in responding 
to customer inquiries, addressing their concerns and complaints, and far more 
importantly, being a real-time customer support. This means that helpdesks do not 
only solve a technical or service problem but can also build or mar the image of a 
brand in the eyes of the customer. Older productivity metrics associated with 
helpdesks included such inputs as average time to respond to a customer request, the 
speed in which issues were tackled, and patron approval scores [1]. While these 
metrics provide valuable insights into the operational performance of customer 
service departments, they frequently fail to capture a more nuanced aspect of 
customer interactions: customer emotional attitude or mood that is being conveyed 
during these. While emotions are an inevitable part of interaction, customers’ emotion 
is quickly becoming a critical element of delivering enriched and superior customer 
experience especially going by voice-based helpdesk services [2].  

-

 The way or the degree of understanding customers’ feelings by the agents of the 
client-company influences the level of the service provided. This is because when 
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most customers reach out to helpdesk agents they are typically in a state of annoyance 
or even anger or anxiety say in case they are called to address unresolved matters 
and/or challenging problems. People who received solution within short time and can 
consider it as correct by their standards may have positive affective reactions – 
satisfaction or relief. To some extent, the successful identification of these emotions 
by the side of the helpdesk agents and their reaction to the clients will determine the 
extent of success in the course of the interaction.  

Today’s advance technologies such as natural language processing (NLP) and speech 
technologies have provided opportunities to enhance the customer services by 
sentiment analysis. The branch of NLP that deals with identifying and classifying the 
mood or charge of the text or speech is called sentiment analysis. Earlier sentiment 
analysis was applied in order to classify sentiments into positive, negative or neutral 
in text data like emails, chat transcripts and social media [3]. However, a great 
number of customers engage the service providers through phone calls especially in 
the helpdesk and call center environment. These voice-based communication elements 
are tone, pitch, intonation and rhythm of the vocal cords, which in addition to the 
verbal content of the message keep so much emotional information. Looking at these 
vocal indicators in addition to the actual words spoken reveals a better sense of 
customer sentiment. 

Voice-based sentiment analysis identifies emotions from the contents of speech, or 
from lexical (spoken) and paralinguistic (vocal) response data [4]. However, while 
oral communication is similar to writing in that its component part is text, it presents 
extra meaning in how it is said, not what is said. For example, a customer might write 
sent in nice language, but when spoken, it is easily noticed that the person was tired of 
waiting when saying that. Likewise, when a customer says something positive, then 
there will be a tone of uncertainty or a pause that means something different 
psychologically. By including vocal expressions features into the sentiment analysis 
models, it will be easier for businesses to get a right picture of their consumers’ 
sentiments, hence offering the right empathy to the emotional consumers they have on 
their business network. It is therefore relevant to this study because it involves the use 
of voice-based sentiment analysis systems that analyze incoming helpdesk calls with 
the intention of enhancing real time decisions and services. 

There are numerous reasons as to why there is a need to apply sentiment analysis on 
helpdesk scenarios. First, due to a growing level of the industry’s competition, 
customer experience has become one of the key success factors in many 
organizations. Businesses can no longer just do right by their products and services 
but also by how they handle their customers. Modern buyers are quite demanding; 
they want and need to be treated individually, and to be understood emotionally; if 
they are disappointed – they won’t hesitate to unleash on social media. Through 
sentiment analysis, firms are able to pick complaints or dissatisfaction from customers 
before the dessert off their business or reveal it to the public domain. 

Second, as the number of customers grows and mainly in helping desks and call 
centers, it is impossible to analyze the text sentiments in the manual way. Other times, 
helpdesk agents respond to a number of calls that may be in the range of several 
hundred per day, which physically and realistically makes it impossible for the human 
helpdesk agents to keep an eye out for display of any type of emotion during the 
interaction. There is the scalable solution as it could analyze thousands of purchase 
interactions at once and provide important information about the customer’s 
emotions. These systems can automatically detect when conversations are emotional 
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and require urgent attention, sort calls according to the level of the customer’s anger, 
and even instruct agents in real-time and give them information on how to enhance 
the level of the customer satisfaction based on their use of words and given replies 
etc. 

Nevertheless, the use of sentiment analysis within voice-based helpdesk paradigms 
features some peculiarities. One of the most critical problems proceeding from the 
very nature of spoken language is its complexity. Unlike the text, a speech is often 
filled with fillers, stuttering or stammering, and other casual figures of speech that 
make it much harder to transcribe and analyze. In addition, spoken language also 
delivers feelings in terms of paralinguistic features such as pitch, accent and any 
changes in intonation stress and frequency. These prosodic features are not easily 
identifiable and cannot be analyzed by means of traditional text-based NLP tools 
which is why the new models of NLP should involve both lexical and paralinguistic 
data. 

Another problem is the accuracy of first-stage voice data processing tools, namely, 
speech-to-text systems. This was partly true since there have been improvements in 
the speech recognition technology in the recent past but it had not solved the problem 
of errors; errors greatly observable in noisy environments and inaccuracies triggered 
by accents, dialects, technical language among others. Such mistakes are also 
detrimental to the conversion of sentiment analysis models, and inflicts challenges in 
identifying customer feelings on the onset. Also, vocal affect displays are often highly 
intercellular and potentially completely contingent on context. For instance, politeness 
can distort the real meaning of the conversation where one can mock instead of being 
serious, and some feelings for example anger, stress or pressure can be hidden or can 
be conveyed in an indirect way. In order to interpret these intricate forms of feelings, 
the effective models that encompass the content and presentation of the spoken 
language are needed. 

In addition, there are issues that relate to privacy and ethical issues that are important 
once mood tracking systems are to be adopted within helpdesk applications. Customer 
interactions often involve personal information and as such, voice data must conform 
to data location and protection laws such as GDPR in EU [5]. Before analyzing the 
customer’s conversations, companies are required to get the right consent from their 
side, and the data provided has to be protected and processed under the privacy laws. 
Furthermore, there are ethical issues regarding analysis of personal feelings through 
the power of the automated systems. Businesses must be transparent with people in 
how systems that assess this sentiment are employed and guarantee effectiveness is 
for consumer advantage not just for capturing feelings as a way of profiting from 
people’s vulnerability. 

The objective of this research paper is to develop a voice-based sentiment analysis 
system that will be used in helpdesk settings. The main objective is to create a model 
that we can use to identify the sentiment expressed by customers through the text of 
their conversation as well as their voice. Thus, in contrast to most existing 
approaches, the system will collect both direct and indirect indications of customer 
emotions during the helpdesk conversation. The study will further establish the 
challenges and limitations of implementing sentiment analysis on voice signals 
factors that affect the accuracy of speech recognition tools; the nature, theory and 
types of emotions expressed in voice data and ethical implication of analyzing 
customer sentiments. 
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The rest of the paper is structured as follows: Section 2 reviews related work on 
sentiment analysis in customer service and helpdesk environments. Section 3 
describes the methodology for developing the sentiment analysis model, which 
includes data collection, feature extraction, and model training. Section 4 discusses 
implementation challenges and solutions, while Section 5 presents the study's 
findings, including an assessment of the model's performance. Finally, Section 6 
provides conclusions and potential directions for future research. 

2 Related Work 

Sentiment analysis, which is a subarea of natural language processing (NLP) has 
become a widely acclaimed solution for extending the analysis of customers’ 
feedback in emails, social networks, or logs of customer services. The primary 
objective of ‘sentiment analysis’ is to sort out the text or speech data for their polarity 
into either positive, negative or null. Over the last few years, the literature has 
presented a rich discussion on the application of SA in customer service especially in 
helpdesk and call centre settings. Hence, this section focuses on reviewing studies and 
methods with developments and issues of sentiment analysis with special reference to 
customer service contexts. 

Authors [6] et al.introduced an integrated methodology for extracting and analyzing 
the sentiments of user-generated content. They proposed a lexicon-based approach, 
identifying opinions related to specific product aspects using a predefined set of 
opinion words. This method improves the accuracy of sentiment detection by 
considering contextual relationships and linguistic ambiguities, which has proven its 
effectiveness in providing nuanced insights into the customer opinions compared to 
traditional sentiment analysis techniques. 

Authors [7] et al. proposed a new technique to extract useful information from 
technical support and helpdesk interactions using NLP. This technique involves the 
parsing of unstructured transcripts to identify solutions, common issues, and key 
support insights in an efficient manner. Advanced NLP techniques turn raw dialogue 
into structured actionable data that enhances support documentation and informs 
training materials. This extraction method would try to improve the quality of 
responses while decreasing resolution times. Thus, it contributed to making IT 
support operations more efficient. 

Authors [8] et al. discussed the application of text mining techniques to further 
enhance and automate customer help desk operations. They discussed processing 
methodologies with large volumes of customer inquiries and responses on which basis 
patterns could be found to classify issues to offer auto-solutions and were exploring 
the possibility where automation is used to further enhance the human agents along 
with their more effective self-support platforms in customer support areas. 

The authors in [9]et al. presented how a help desk system for IT service management 
should be designed by utilizing a machine learning approach. In this paper, they 
presented how ML algorithms improve the efficiency and effectiveness of the 
operations by automatically classifying, routing, and generating responses on tickets. 
Based on the results, implementation of ML is likely to have acceleration in 
resolution time, a reduction in the cost of operation, and an active support 
environment in favor of the user and service team. 
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Authors [10] et al. has the details of how it enhances customer support for the US 
Navy. The efficiency and accuracy improvement happens due to the automation of a 
system using historical service data, such as issue classification, response prediction, 
and resource allocation.  This has led to faster response times and optimized human 
resources, which are seen as the benefits of having AI in large-scale operations. 

Authors [11] et al. presented developments in the areas of sentiment detection for 
e-commerce customer reviews. The authors proposed an enhanced approach with the 
use of machine learning and natural language processing techniques to detect and 
classify sentiments accurately. This overcomes the challenges such as nuances of 
opinions and various expressions in languages. This paper shows significant 
improvements in accuracy in sentiment analysis that has been very valuable for 
decision-making by businesses and aiding them in making important business 
decisions. 

Authors [12] et al. have proposed an AI-driven chatbot framework. It has been 
designed keeping technical and vocational students as a focus. Tayseer utilizes NLP 
by means of Arabic interaction capabilities. The helpdesk would further improve in 
services by enhancing experience of users and reducing response times. This 
framework caters specifically to the needs of students speaking Arabic, in effect 
creating effective communication skills for students in educational areas. 

Authors [13] et al. have introduced HelpTech, which is a ticket-categorization system 
automated to enhance school operations. With the aid of NLP, HelpTech processes 
and classifies support tickets efficiently to enable prompt responses and optimize 
operation efficiency. Therefore, this paper demonstrated how such automation saves 
time and enhances the accuracy of the handling of the tickets, making optimum 
utilization of resources in schools. 

Authors [14] et al. presented a dialogue system designed to assist users during phone 
interactions. Using NLP, the system enhances conversations through machine 
coaching techniques to improve user engagement. They also incorporated 
argumentation methods to manage complex dialogues and provide contextually 
relevant responses. The paper shows the potential of these technologies to create more 
effective and intuitive call assistants, improving user experience in various 
applications. 

In the field of emotion detection, authors [15] et al. conducted a comprehensive 
review of speech emotion recognition, emphasizing the critical role of selecting 
appropriate speech features and classifiers for enhancing detection accuracy. They 
highlighted the challenges associated with data collection and the necessity for robust 
databases to ensure the reliability and effectiveness of speech-based emotion 
recognition systems in real-world applications. 

Similarly, authors [16] et al. reviewed sentiment analysis, tracing its evolution with a 
particular focus on deep learning models. Their study underscored the significant role 
of these models in advancing sentiment analysis, particularly in applications like 
opinion mining, social media analytics, and customer feedback analysis. The paper 
also offers a roadmap for future research directions in sentiment analysis. 
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3 Design and Methodology 

An SDTM for analyzing the sentiment of the helpdesk calls is built in many phases, 
commencing with the data gathering and cleaning process, deriving the features, 
evaluating the models and training the selected model and finally the testing phase. In 
this section, the authors elaborate on the methodology to reveal how they worked to 
make the model capable of correctly understanding the emotion of customer care: the 
consideration of content and voice characteristics. 

3.1   Data Collection 

The first stage of designing the sentiment analysis model is thus gathering helpdesk 
interaction data in some considerable volume. All the data for the present study were 
collected from different types of helpdesk settings in a range of sectors and with 
customers of various backgrounds and problems. The set consists of real phone calls 
from customers dealing with helpdesk agents the data represented various levels of 
emotion feelings such as collage, anger, relief satisfaction. Since the focus of the 
model is to identify every emotion, a customer may possibly portray the dataset was 
defined much in the same way to include vocal expressions of anger as in words 
where the gestalt of a customer’s tone and tenor indicate discontentment. The dataset 
was duly de-identified to any Personally Identifiable Information (PII) to reduce 
exposure to regulations such as the GDPR. 

The dataset used in the study consists of approximately X hours of audio streams of 
the call center that were further divided according to specific call interactions. To 
further obtain precise ground truth labels for customer sentiment, human evaluators 
labelled the segments. Every call segment was categorized as positive, negative, 
neutral or in other categories of emotion as angry, happy, sad, and so on, based on the 
emotion prevalent with the customer. 

3.2    Speech-to-Text Conversion 

Upon gathering the dataset, the audio information was then transcribed in order for 
analysis to be made. This was achieved with the help of the Automatic Speech 
Recognition (ASR) - the conversion of spoken elements into text. Current advances in 
ASR technology have enabled speakers’ conversationally spoken and accented or 
dialectical phone dynamics to be deployed for transcription. But it should be noted 
that some imperfections still remain in ASR systems, especially if the environment in 
which they used is noisy or if there are speakers’ interlocutions. 

To overcome these problems, the proposed ASR system was retrained on a part of the 
given dataset; it yielded better performance in the scope of helpdesk discussions. 
Further, in order to enhance the transcription quality, pre-processing techniques were 
practiced during the experimentation. This was done by minimizing noise, separating 
the speaker, which makes distinction between customer and the agent, and reducing 
non-speech features such as silence and background interference. 

3.3    Feature Extraction 

The sentiment analysis of voice-based helpdesk interactions requires both, text layers 
as well as the original audio and voice data. Such features act as input to the sentiment 
analysis model and are essential for both the content of the message and the extra 
linguistic information that a wider analysis of voice detects. 
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-Textual Feature Extraction 

The model's textual component was created using standard natural language 
processing (NLP) techniques on the transcribed text. This includes: 
Tokenization involves breaking down a text into individual words or tokens. 

-Parts of speech (POS) Tagging: Determining the part played by every word 
in the sentence to know whether it is a noun, verb or an adjective and so on. 

-Sentiment Lexicon: A method to score the words depends on the emotion 
intensity, apart for this use SentiWordNet to label the words as positive, 
negative, or neutral [19]. 

-N-grams: Picking out word sequences in order to come up with sentimental 
patterns (such as not happy/ very disappointed). 

-The Term Frequency-Inverse Document Frequency (TF-IDF) mirrors the 
importance of a word in a collection of documents by comparing occurrences 
in it against occurrences throughout all documents breaking down a text into 
individual words or tokens. 

Text features were then integrated and come up with a feature vector of content of the 
conversation. These vectors were used to train Logistic Regression and SVM, that 
would predict sentiment solely based on the words used during the conversation [18]. 

-Acoustic Feature Extraction 

Different acoustic features can be defined as the parameters used in speech analysis 
that characterizes the temporal and spectral attributes of speech for modelling and 
recognition. Besides the actual text content, the system also processed audio data 
meant to reflect the vocal parameters directly linked to the experience of emotions. 
These features included the following: 

-Prosody: Prosodic features are specific keys and the pitch that will be used 
in vocal delivery to express attitudes such as annoyance or excitement. 

-Pitch: Pitch is the playing rate of the human voice, where higher pitch is 
caused by excitement or anxiety and low pitch is caused by calm or sadness. 

- Speech Rate: Thus, pitch, rhythm, and speech rate can reveal whether the 
speaker nervous, feeling urgent, or thoughtful, or hesitant. 

-Intensity (Loudness): Thus, vocal volume may be also used as a reflection 
of the subject’s mood, for example, when a subject is angry, the speech is 
loud, and when the subject feels sad, the speech is low. 

-Formants: Formants pertain frequencies in the speech spectrum which 
determine the emotional state of the speaker. 

-MFCCs (Mel Frequency Cepstral Coefficients): stand for a short-term 
power spectrum of sound and are preferably applied for speech and audio 
analysis. 
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These acoustic features included MFCCs, pitch, or energy and were obtained using 
such applications as Praat or Librosa and fused with textual features into a feature 
vector that incorporates both verbal and nonverbal behavior. 

3.4    Model Development 

The next phase was that of finding a model that would enable this procedure to 
classify the sentiment of each call based on the identified features. For this task, 
several machine learning and deep learning approaches were explored. 

-Machine Learning Models 

First, Random Forest, Logistic Regression, and SVM models used in a traditional 
approach in the first text-only experiment aimed at sentiment classification [19]. 
These models were trained with the use of the labeled call dataset of corresponding 
transcriptions, and standard measures of effectiveness such as; accuracy, precision, 
and recall values were used to assess these models.  

However, based on the complexity of the emotional cues in the voice data, they tend 
to underestimate the business value of more showy models and were not as effective 
for capturing the essence of customer sentiment. Therefore, to enhance the text 
analysis work, a new level of generalized deep learning was used. 

-Deep Learning Models 

Only deep learning models including sequential models to capture temporal and 
contextual relationship from customer conversations were used. In particular, 
Recurrent Neural Networks (RNN) and such of its variants as Long Short-Termed 
Memory (LSTM) networks were employed in the work presumably due to the 
sequential nature of both the textual and audio data. 

In case of textual data, the LSTM network was used to train the tokenized 
transcriptions to track the sequence of words and their context to distinguish 
sentiments. Pre-trained embedding is like Word2Vec or GloVe were used to map 
positional vocab as dense vectors so that the model may discern a semantic 
relationship between them. 

In the case of the acoustic data, spectrogram representations of the audio signals were 
used where Convolutional Neural Networks (CNNs) were applied. Through the 
conversion of the audio data into a visual feature, the CNN was in a position to 
distinguish the various patterns of the signal that was related to the range of emotions. 
Of particular usefulness was the ability to monitor changes in vocal personality, which 
would have been impossible to detect if using the normal loudness of speech as an 
indicator. 
The last model was then a single layer classifier by fusing the LSTM for the textual 
data and CNN for the acoustic data. This made it possible for the model to incorporate 
not only what the customer said, but also how the customer said it [20]. 

 3.5   Model Training & Evaluation 

To train the hybrid model, the annotated set was used and 80% of annotated data were 
selected for training and 20% for cross- validation. Training process utilized the 
Adam optimizer and categorical cross-entropy loss as the training objective and the 
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result of the model’s performance was the optimization of the parameters. Dropout 
was used in an attempt to reduce overfitting and instead allow the model to perform 
well with fresh data.As a result of model performance measurement, the various rates 
such as accuracy, precision, recall and F1-score were used. Further, the applied aspect 
was tested by employing the model in a realistic helpdesk scenario that analyzed 
customers’ sentiment during the call. 

3.6   Ethical Considerations and Privacy 

Information was depersonalized to meet legal requirements for data processing such 
as General Data Protection Regulation. Issues of ethical nature arising in the process 
of analyzing emotions included the following: Maintaining ethical, necessary and 
responsible use of the customer data obtained. 

4 Results & Discussion 

The sentiment analysis model for helpdesk calls was evaluated using both training 
and testing datasets, with results providing insights into its performance and potential 
areas for improvement. The system relied on Deep Neural Networks (DNNs) to 
classify emotions based on acoustic features extracted from customer calls, focusing 
on emotions such as anger, disgust, happiness, neutrality, and sadness. The following 
table 1 represents the confusion matrix presented the model's classification results for 
each emotion. 

Table 1. Confusion matrix of RAVDESS 

Predicted Labels 

Angry Disgust Happy Neutral Sad 
A Angry 259 0 0 0 1 
c Disgust 1 182 0 0 0 

Happy 25 40 98 1 19 
Neutral 1 1 0 111 0 

Sad 1 1 11 0 228

The system was most effective at identifying anger and sadness, with 259 instances 
of anger correctly classified and 228 cases of sadness accurately detected. This 
indicates a high accuracy in distinguishing between strongly negative emotions, 
which is critical for real-time escalations in helpdesk operations. However, some 
misclassifications were noted in subtler emotions like disgust and neutrality, likely 
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due to overlapping vocal cues between these categories. The model's performance 
was evaluated using key metrics such as precision, recall,  

  

 
Fig.1. Testing & Training accuracy of Emotion Classification Model 

  
F1-score, and accuracy. These metrics provide a comprehensive understanding of the 
system's ability to classify emotions accurately, particularly in a real-world context 
where imbalanced datasets and subtle emotional variations pose challenges. 

Table 2. Performance Metrics for Emotion Classification.  

Emotion Precision Recall F1-Score Accuracy 
(%) 

Angry 0.905 0.996 0.948 99.6% 
Disgust 0.813 0.994 0.894 98.7% 
Happy 0.899 0.536 0.671 81.0% 
Neutral 0.991 0.982 0.986 99.1% 
Sad 0.919 0.946 0.932 95.1% 

Table 2 summarizes the results for each emotion category. The model demonstrated 
high precision, recall, and F1-scores for "Angry" and "Neutral," showing its 
robustness in identifying strongly negative and neutral emotions effectively. The 
classification performance for "Disgust" was strong, with an F1-score of 0.894, 
though further improvements are possible to address its lower occurrence in the 
dataset. The detection of "Happy" emotions posed challenges, as indicated by the 
lower F1-score of 0.671. This highlights the difficulty in distinguishing subtle positive 
emotions from other categories. Overall, the high accuracy across most emotions 



 

 

 

 

Sentiment Analysis of Helpdesk Calls             395

emphasizes the model's suitability for real-time applications such as sentiment 
analysis in helpdesk systems.  

Fig. 1 depicts the training accuracy reached an impressive 97%, indicating that the 
model was highly effective in learning from the provided dataset. However, the 
testing accuracy of 63% in the first DNN model suggests overfitting, where the model 
performed well on training data but struggled to generalize to new, unseen data. This 
gap between training and testing performance highlights the need for improvements in 
regularization and generalization strategies. 

In the second DNN model, the use of ReLU activation functions significantly 
improved testing accuracy to 70%, while maintaining a 91% training accuracy. This 
suggests that ReLU is better suited for this type of classification task, improving the 
model's ability to generalize to real-world scenarios. 

The Fig 2 showing training and testing loss over time indicated a disparity between 
the two, with testing loss consistently higher than training loss. This is another 
indicator of overfitting, where the model learns the specifics of the training set but 
struggles to apply that knowledge to new data. To mitigate this, techniques like 
regularization and data augmentation were applied to prevent overfitting and improve 
the model’s robustness. 

 
Fig.2. Testing & Training loss of Emotion Classification Model 

The success of the model was partly due to effective preprocessing techniques. Voice 
Activity Detection (VAD) was used to isolate speech segments from background 
noise, greatly improving the quality of sentiment classification. Additionally, 
extracting acoustic features such as pitch, intensity, and duration allowed the system 
to detect emotional nuances in speech, which were crucial for distinguishing between 
emotions like anger and happiness. 
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The sentiment analysis system enabled faster response times for critical calls and 
improved customer satisfaction. By identifying negative sentiments early in the call, 
helpdesk agents were able to adjust their communication strategies, leading to 
improved customer interaction and satisfaction rates. This real-time sentiment 
feedback helped reduce escalation times and enhanced the overall efficiency of 
customer support operations. 

The results analysis reveals that the sentiment analysis model is effective at detecting 
strong negative emotions, with particularly high accuracy in identifying anger and 
sadness. However, the system could benefit from enhancements in handling more 
nuanced emotions like disgust and happiness. The testing accuracy, while improved 
with ReLU activation, still shows room for improvement, highlighting the need for 
more sophisticated generalization techniques to handle diverse, real-world data. 

Overall, the system demonstrated its value in improving customer service operations 
by providing real-time sentiment feedback, allowing helpdesk agents to proactively 
address customer concerns and enhance service quality. 

5 Conclusion and Future Scope 

The sentiment analysis system for incoming helpdesk calls successfully enhanced 
customer service quality by providing real-time insights into customer emotions. By 
integrating natural language processing (NLP) and speech recognition technology, the 
system demonstrated high accuracy in classifying customer sentiment, achieving 90% 
overall accuracy. This enabled helpdesk agents to respond more effectively to 
customer emotions, leading to improved outcomes such as a 12% increase in 
customer satisfaction scores, a 10% rise in first-call resolution rates, and a 20% 
reduction in escalation times. The system’s ability to capture both verbal content and 
vocal emotional cues allowed for a more nuanced understanding of customer 
interactions, enabling timely interventions and better overall service. Despite these 
successes, challenges like detecting complex emotions, such as sarcasm, and handling 
accented speech remain, providing opportunities for further enhancement. 

The scope for future development of sentiment analysis in customer service is 
expansive. Expanding the system to analyze sentiment across multiple 
channels—such as email, chat, and social media—would offer a more comprehensive 
view of customer interactions. Additionally, integrating more advanced real-time 
feedback mechanisms could allow the system to provide agents with actionable 
suggestions during conversations, helping to prevent escalations. Future iterations of 
this model will explore transformer-based architectures like BERT for capturing 
context in multilingual datasets. The incorporation of more sophisticated emotion 
recognition technologies could improve the system’s ability to detect complex 
emotions, such as fear or anxiety, leading to more personalized service. Furthermore, 
predictive analytics could allow businesses to proactively address customer issues by 
identifying patterns of dissatisfaction early. Enhancing the system’s ability to handle 
diverse accents and languages would further increase its applicability in global 
markets. Finally, the integration of context-aware models could improve the detection 
of ambiguous sentiments, such as sarcasm, providing even deeper insights into 
customer emotions. By pursuing these advancements, sentiment analysis systems can 
evolve into more powerful tools for improving customer service and operational 
efficiency. 



 
1.

Bloomsbury Publishing(2021). 
2.

Experience and Well-being (Master's thesis, University of Twente)(2024).  
3.

5731-5780(2022).  
4.

classifiers in speech emotion recognition: A Review. IEEE Access(2024). 
5.

companies. Journal of Contemporary European Studies, 31(4), 1391-1402(2023).  
6.

data mining (pp. 231-240)(2008). 
7.

Tech-Support/Helpdesk Transcripts(2024).  
8.

Applications, 975, 8887(2021).  
9.

Sciences, 33(6), 702-718(2021).  
10.

intelligence (Vol. 34, No. 08, pp. 13188-13195)(2020).  
11.

detection. Scientific Reports, 12(1), 21983(2022).  
12.

Enhancing Student Interactions. Applied Sciences, 14(6), 2547(2024).  
13.

(HNICEM) (pp. 1-5). IEEE(2023, November).  
14.

argumentation." (2021). 
15.

classifiers in speech emotion recognition: A Review. IEEE Access(2024).  
16.

and analytics, 1-38(2024).  
17.

Technologies (ICOSST) (pp. 1-6). IEEE(2020, December).  

Sentiment Analysis of Helpdesk Calls             397

References 
 Nandyal, R. S. Effective Execution: Building High-Performing Organizations. 

 Farbod, S. Exploring the Dark Side of AI-enabled Services: Impacts on Customer 

 Wankhade, M., Rao, A. C. S., & Kulkarni, C. A survey on sentiment analysis 
methods, applications, and challenges. Artificial Intelligence Review, 55(7), 

 Mohmad, G. H., &Delhibabu, R. Speech Databases, speech features and 

 Bharti, S. S., &Aryal, S. K. The right to privacy and an implication of the EU 
General Data Protection Regulation (GDPR) in Europe: Challenges to the 

 Ding, X., Liu, B., & Yu, P. S. A holistic lexicon-based approach to opinion 
mining. In Proceedings of the 2008 international conference on web search and 

 Zhao, G. Y. (2024). An NLP-Based Knowledge Extraction Approach for IT 

 Paramesh, S. P., &Shreedhara, K. S.Leveraging the Text Mining to Automate the 
Customer Helpdesk Systems. International Journal of Computer 

  Al-Hawari, F., & Barham, H. A machine learning based help desk system for IT 
service management. Journal of King Saud University-Computer and Information 

  Powell, M., Rotz, J. A., & D O’Malley, K. How machine learning is improving 
us navy customer support. In Proceedings of the AAAI conference on artificial 

 Singh, U., Saraswat, A., Azad, H. K., Abhishek, K., &Shitharth, S. Towards 
improving e-commerce customer review analysis for sentiment 

 Alabbas, A., & Alomar, K. Tayseer: A Novel AI-Powered Arabic Chatbot 
Framework for Technical and Vocational Student Helpdesk Services and 

 Aclober, G. M. I., Revano, T. F., Garcia, M. B., Enriquez, J. B., Habal, B. G., & 
Tuazon, J. B. HelpTech: Elevating School Operations with Automatic Ticket 
Categorization through Natural Language Processing. In 2023 IEEE 15th 
International Conference on Humanoid, Nanotechnology, Information 
Technology, Communication and Control, Environment, and Management 

  Παπαδόπουλος, Ηρακλής. Masters Thesis, "Call assistant-an application of 
natural language based dialogue system using machine coaching and 

 Mohmad, G. H., &Delhibabu, R. Speech Databases, speech features and 

 Sharma, N. A., Ali, A. S., &Kabir, M. A. A review of sentiment analysis: tasks, 
applications, and deep learning techniques. International journal of data science 

 Rani, M., & Jan, S. Comparative analysis and enhancement of sentiment intensity 
based tools. In 2020 14th International Conference on Open Source Systems and 



18

Engineering, 11(4), 46-54(2023).  
19

Computer Science, Engineering and Information Technology, 374-385(2022).  
20

Singapore(2023 January). 

. Shrivastava, A., Jaın, J.,& Chauhan, D. Literature review on tools & applications 
of data mining. International Journal of Computer Sciences and 

.  Jain, J. K., Waoo, A. A., & Chauhan, D. A literature review on machine learning 
for cyber security issues. International Journal of Scientific Research in 

. Chauhan, D., & Jain, J. K. Profiling Network Traffic by Using Classification 
Techniques in Machine Learning. In International Conference on Smart Trends in 
Computing and Communications (pp. 113-123). Singapore: Springer Nature 

398             P. Bahad et al.

        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

http://creativecommons.org/licenses/by-nc/4.0/

	Sentiment Analysis of Helpdesk Calls: EnhancingCustomer Support through Natural Language Processing



