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ABSTRACT: Chatbots can comprehend human moods and emotions thanks to sentiment analysis. People are
emotional beings. When your consumers engage with a chatbot for customer support, they anticipate that the bot
will be able to discern their emotions, tone, and mood and respond accordingly. Assessing consumers' interactions
with chatbots is one of the fascinating domains in which sentiment analysis finds use. Al chatbots have been
developed for customer support in an effort to improve customer service and lower corporate costs. Chatbot
sentiment analysis is the process of identifying a user's words and voice when they interact with a chatbot,
regardless of their emotional state—happy, sad, afraid, or angry. Customers aren't guaranteed to forget or disregard
a negative encounter just because they dealt with a chatbot. This clearly indicates the importance of carrying out
chatbot sentiment analysis in order to better understand the emotions of customers and thereby offer a tailored
response. The intricacies of conducting sentiment analysis on chatbots are covered in this study. It outlines the
process for conducting sentiment analysis on chatbots and demonstrates how to automatically identify sentiment
in talks between chatbots and customers. Furthermore, the suggested approach investigates the analysis and
classification of text sentiment as well as the use of chatbot sentiment analysis by businesses to automatically
categorize customer comments as positive, negative, or neutral, helping them to accurately grasp consumer
sentiment. The proposed work employs the extended sentiment scale (nonary scale) developed in ERBA-DSL
model of our previous work to detect the polarity of the sentiment in chatbot-customer interaction and achieves a

reasonably good F1-score of 84%.

KEYWORDS: Chatbot Sentiment Analysis, Chatbot-Customer Interaction, Sentiment-Aware Chatbot Response

Generation.

1. INTRODUCTION

Digital methods of communication are now essential for businesses to engage with their clientele. Numerous
businesses use live chat interfaces to provide online services, allowing clients to communicate with customer
support agents directly. For many young people, text-based service interactions are the most convenient and
economical method of contact. Chatbots are one piece of technology that's frequently used to help customer
support representatives during online service interactions. Chatbots are software-driven systems that are used in
a variety of businesses and are intended to communicate with people through text-based natural language.
Sentiment analysis for chatbots assesses how your consumers engage with your chatbot. In order to ascertain
whether a consumer is happy, sad, fearful, or furious, you must analyse the tone and language they use when

communicating with your chatbot. You can pinpoint areas in which you need to improve based on these
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encounters. A sentiment, whether positive or negative, is an emotion conveyed through writing. Through customer
service or other touchpoints where you or the team must engage with customers, sentiment analysis in customer
service enables you to get feedback on a customer's experience based on the conversations you have with them.

These days, chatbots are commonplace. The latest generation of Al chatbots, sometimes referred to as
"virtual agents" or "intelligent virtual assistants,” can comprehend natural language conversations using
sophisticated language models and automate relevant actions. [3] There have been various attempts to simulate
human conduct in computer agents since the dawn of computing. ELIZA was the first chatbot in history to simulate
a psychologist's behaviour. [7] Online services are paying a lot of attention to chatbots, which are software-based
entities designed to converse with users in natural language. The difficulty lies in determining the best methods
for gauging the level of consumer satisfaction with chatbots. It is possible to pre-train chatbots to comprehend
client enquiries and provide relevant answers [8].

2. LITERATURE SURVEY

[6] The contributors have conducted experiments pertaining to the fluctuations in consumer attitudes
within the retail services sector. They have suggested an automated hybrid sentiment analysis method. It turns out
that people's perceptions of chatbots are generally less negative than those about human agents. [7] The difficulty
of gauging chatbots' level of client happiness was tackled by the suggested approach. The purpose of this research
is to determine whether automated sentiment analysis techniques can be used to gauge consumer pleasure. The
association between objectivity ratings and subjective customer satisfaction values was investigated after a
comparison of several sentiment analysis techniques. Lastly, if this reliance is true for every sequence in the
dialogue, it is verified.

[3] To enhance chatbot responses, the authors of this research have suggested a framework for creating
chatbots. Timelines and sentiment analysis are two features of the suggested architecture that help provide better
answers. [4]The authors have suggested creating a personalized chatbot that uses sentiment analysis methods to
respond to each user in a unique way. [5] The employment of conversational agents to assist people with mental

diseases is the topic of this study. This is an important issue that, if left unchecked, could lead to serious issues.

3. METHODOLOGY

The scenario depicted in Figure 3.1 represents a typical chatbot-customer interaction that takes place in e-
commerce websites. A typical chatbot initially welcomes the customer on a happy note, followed by lead
generation process which involves collecting the customer’s personal information such as name, address and

email ID. Subsequently, the customer posts his/her queries which are answered by the chatbot.
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Chathat Customer

Welcome Message

Do you have any Questions? I'm glad to assist

‘ Yeah! ‘
I=
GetName
Befors we begin, please t=ll me vour name.
A
‘ I'm Tina ‘
GetEmail
Regards. Ram. Please provide your email address
in case we lose contact
c |

I ordered a laptop two weeks ago. I lost my

Sure, You can mail to:tinal 981@gmail com.
patience, When could I gat it? ‘

specify your residential area.

Yes, I can understand your expectation. Pleass T
.

Ireside in swan lake apartments in
Eelambaldam

Then vou can expect the delivery in a couple of
‘ days. Don’t wotry.

Figure 3.1 Workflow of Chatbot-Customer Interaction

The proposed framework carries out chatbot sentiment analysis in two phases, namely, Subjectivity
detection and polarity detection. Prior to the first phase, pre-processing tasks are carried out in order to make the
text ready for analysis. The pre-processing tasks include tokenization, stop-word removal and stemming. In the
tokenization process, the text to be analysed is converted to individual units/words. Following the tokenization
process, stop words that do not make any meaningful contribution to the analysis task are removed from the text.
Subsequently, stemming is carried out in order to bring the appropriate words to their root form. As an example
of stemming, consider the words, “knocking”, “knocked”, “knock”, the root form of all these three words is

“knock”.

The proposed system architecture is shown in Figure 3.2. In the first phase, subjectivity detection, the
text is analysed for the presence of any subjective content that carry sentiments expressed by the client. To carry
out this task, PoS tagging concept is applied. A PoS tagger labels every word in the given sentence with its
appropriate parts of speech tag such as VB for verb, JJ for adjective and so on. If a sentence contains a noun and
an adjective, it is supposed to contain subjective information possessing some sentiment over an aspect.

Therefore, those sentences that have a noun and an adjective are filtered as subjective sentences and are fed to
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the second phase.
In the second phase, polarity detection, the ERBA-DSL model proposed in the work[17] is utilized to

find the polarity of the opinion expressed by the customer during chatbot-customer conversation. The model [17]

performs sentiment analysis using intensifier-based polarity computation

~\ s
MLTK PoS Tagger ERBA-DSL Model
A L%
1 1
w i a ™
Qb_am;;r;-t:ust_omer .| Subjectivity Detection | - Polarity Detection
Conversation = ’
y, \ i J
'd ™\
sentiment — aware
chathot response
generation
. J

Opinion-polarity Database

{Used in subsequent polarity detection)

Figure 3.2 Proposed System Architecture

The process of detecting sentiment polarity in chatbots is depicted in the figure. The chatbot user
interface retrieves the text from the customer service inquiry and feeds it into the pre-processing module. Here,
different pre-processing subtasks like case conversion, stop word removal, tokenization, and stemming are
performed to prepare the text for analysis. The preprocessed text is supplied into the subjectivity detection
module, where it is tagged with the proper grammatical counterparts (nouns, adjectives, verbs, etc.) using a PoS
tagger. This module determines whether or not the text is subjective. Sentiment originates from subjective texts.
Finding the different kinds of adverbs connected to the sentiment using trilateral modifiers is the next job. The
true tone of the sentiment can be discerned based on the modifiers' potential to intensify. Ultimately, the framed
nonary scale is used to apply the chatbot sentiment polarity detection, which accurately determines the tone and

polarity of the sentiment conveyed in the text.
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By building on the work of [22], the suggested technique for chatbot sentiment analysis has framed equations
for generating sentiment scores.

Let SBT denote the sentiment-bearing term.

Let EN denote an enhancer-type modifier,

Let EM denote an emphasizer-type modifier

Let RE denote a reducer-type modifier

Let SBT_EN denote a sentiment-bearing term associated with an enhancer-type modifier
Let SBT_EM denote a sentiment-bearing term associated with an emphasizer-type modifier
Let SBT_RE denote a sentiment-bearing term associated with a reducer-type modifier

Let SC stand for the sentiment score and W for the modifier's weight, which is a number between 0 and
1. The sample equations created as part of the suggested methodology for chatbot sentiment analysis are (1), (2),
and (3) below. These three equations relate to positive adjectives and verbs. In a similar vein, negative

adjectives and verbs were also handled via equations.

SC_SBT_EN=SC_SBT+(1-SC_SBT)*W(EN) 1)
SC_SBT_EM=SC_SBT+(1-SC_SBT))*W(EM) @)
SC_SBT RE=SC_SBT+(1-SC_SBT)*W(RE) 3)

Below is a sample of the pseudocode created for sentiment polarity detection:

/I Input: User’s inquiry (UI) to chatbot
/I Output: Polarity Orientation (PO) of the sentiment inherent in the user inquiry and Sentiment score
(SC)

/I Let EN denote an enhancer-type modifier
/I Let EM denote an emphasizer-type modifier

/I Let RE denote a reducer-type modifier

/I For every sentiment-bearing term (SBT) present in Ul do
for each SBT in inquiry Ul:
/I Check if SBT has any associated adverb/verb (M)
if SBT has associated modifier M:
/I Determine the type of modifier and the sentiment of SBT
switch (type of M):
case EN and SBT is positive:

Customer sentiment = "Extremely strong positive"
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SC = compute_score_using_equation1(SBT)
break
case EM and SBT is positive:
Customer sentiment = "Strong positive"
SC = compute_score_using_equation2(SBT)
break
case RE and SBT is positive:
Customer sentiment = "Almost positive"
SC = compute_score_using_equation3(SBT)
break
/I Add more cases as needed for other combinations of M and SBT
end switch
else:
/I Assign the score SC from SentiWordNet lexicon based on SBT's sentiment
SC = assign_score_from_SentiWordNet(SBT)
end if

end for

4. RESULTS AND DISCUSSION

Python language was used in the implementation of code in the Jupyter notebook provided by
Google colab.
4.1 Performance metrics
The evaluation process employed three metrics: precision, recall, and F1-score. Precision is the ratio of the
number of correctly detected sentiment polarity instances to the total number of detected instances; recall is the
fraction of the number of correctly detected sentiment polarity instances to the actual number of correct instances;
and F1-score is the geometric mean of precision and recall, which is used to achieve balance between the two

metrics.
4.2 Data Acquisition

Using Twitter's application programming interface (API), social media tweets were crawled to get the
data needed for the model evaluation. The following are the steps needed to use Python to collect data from
tweets:

Step 1: Make an app and register for a Twitter developer account.

Step 2: To use the API, install the Tweepy Python module.

Step 3: Verify the requests made to the Twitter API are authentic.

Step 4: Use Tweepy to launch the tweets.

Step 5: Filter the tweets using hashtags or product/service terms, or refine them based on particular keywords
like chatbots and bots.

The aforementioned procedures were used to group tweets into the categories of fashion and telecoms. The
dataset summary is displayed in table 4.1 below.
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Table 4.1 Dataset Statistics

Sector Number of tweets collected

Garments 720

Telephony 338

4.3 Evaluation

Assessing the performance of a chatbot is crucial, focusing on two main parameters: content evaluation and

customer satisfaction [16]. Content evaluation originates

from information retrieval and NLP research fields and

involves tailoring the chatbot's replies to customer service inquiries. Conversely, customer satisfaction is the

most frequently used metric for evaluating chatbot performance, as responses can vary with no single correct

answer. The effectiveness of the chatbot is judged base

Customer satisfaction is a more appropriate measure for

d on how pleased the customer is with the interaction.

performance assessment since it reflects the customers'

perspective on whether the responses meet their needs. Figure 4.1 illustrates the sentiment polarity distribution

of 1058 instances (720 tweets related to fashion and 338 tweets related to telecommunications) using a nonary

scale.
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Figure 4.1 Distribution of Instances over the nonary scale

Samples are shown to be scattered throughout different sectors of positive polarity in picture 4.2 and across

different sectors of negative polarity in figure 4.3.
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Figure4.4 Comparison of F1-score of the proposed method with the Existing
GPT and ELMO methods

A study using GPT-3 for chatbot sentiment analysis reported an F1-score of about 85%, indicating the model’s
proficiency in understanding and classifying sentiments in conversational settings. Research utilizing BERT
models for sentiment analysis in chatbot interactions has yielded F1-scores between 78-83%. One particular study
found an F1-score of 80 when applying BERT to chatbot conversation datasets. The proposed work achieves a

reasonably good F1-score of 84% and the comparison is shoen in figure 4.4.

4.4 Comparative Analysis

4.4.1. Computational Efficiency

The proposed model is designed specifically for sentiment analysis using a nine-point scale, it may have a
more streamlined architecture compared to GPT-3 and BERT, which are general-purpose models. This
specialization likely results in reduced computational overhead, making the proposed model more efficient in
terms of processing time and memory usage.

The reduced complexity of the proposed model leads the way to achieve a high F1-score (84%) with fewer
computational resources, making it more suitable for deployment in resource-constrained environments. GPT-3,
is a large and complex model, leading to high computational costs. GPT-3's computational efficiency is lower
due to its massive size, requiring powerful hardware for inference and training, leading to higher operational
costs. BERT, is smaller than GPT-3 but still relatively large. Its bidirectional attention mechanism increases

computational complexity, especially during inference.

4.4.2. Ease of Integration
The proposed model is likely easier to integrate into existing systems that require sentiment analysis. The
simplicity of the model design, focused on the nine-point sentiment scale, allows for straightforward

implementation without needing extensive customization or tuning. While GPT-3 offers versatility, the
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integration process may require substantial effort in terms of optimizing performance and ensuring compatibility
with existing infrastructure. BERT is easier to integrate than GPT-3 due to its smaller size and more focused
application on NLP tasks. However, fine-tuning BERT for sentiment analysis might still require some expertise,
particularly in optimizing the model for specific domains. The ease of integration with BERT is moderate, as it
strikes a balance between versatility and complexity. It may require some customization but is generally more

manageable than GPT-3.

4.4.3. Scalability

The specialized design of the proposed model makes it highly scalable, particularly for applications focused
on sentiment analysis. Its efficiency allows it to scale across different platforms, including mobile and edge
devices, without significant loss of performance. Scaling GPT-3 across multiple devices or platforms requires
significant infrastructure investment, making it less practical for widespread deployment, especially in
environments with limited resources. BERT offers better scalability than GPT-3 due to its smaller size, but it still
faces challenges when scaling across different environments. The model can be fine-tuned for specific tasks,

allowing for more efficient scaling, but it may require careful resource management to avoid bottlenecks.

4.5 Real world Validation

As part of the research, customer queries and text were collected from garments and telephony
domains and used for validating the proposed model. The table 4.2 presents some of the user
queries and the corresponding responses generated by our model.

Table 4.2 Sample Chatbot Responses

User Input

Sentiment Analysis

Chatbot Response

"I'm extremely happy
1 with the quality of the
shirt I bought!"

Positive sentiment with
an emphasizer-type
modifier (EM). High
positive score.

"That's fantastic to hear! We're
thrilled that you're extremely happy
with your purchase. Is there anything
else we can assist you with today?"

"Do you have this

Neutral sentiment.

"Let me check that for you! Could

2 jacket in a smaller you please provide the product
size?" code or name of the jacket?"
"I'm slightly Negative sentiment "We're sorry to hear that the fit

3 disappointed with the with a reducer-type wasn't quite right. Would you like
fit of the pants.” modifier (RE). Mildly  some assistance with sizing, or

negative score.

perhaps explore our return
options?"

"The dress | ordered is
4 beautiful.”

Positive sentiment
without modifiers.

"We're so glad you love the dress!
Is there anything else you'd like to
add to your wardrobe today?"

"The color is perfect,

Mixed sentiment with

"It's great that you love the color!

S but I'm a bit concerned  enhancer (EN) and Regarding the fabric quality, we
about the fabric reducer (RE). Mixed assure you that we use top
quality." positive and negative materials. However, if you have
scores. specific concerns, we're here to
help."”
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"l need help deciding
6 between these two
jackets."

"The delivery was
7 super fast, but the

packaging was a bit

damaged."”

"I'm not satisfied with
8 the quality of these
jeans."

"The customer service
9 has been excellent!"

"l love the design of
10 the sweater, but it's a
bit itchy."

4.6 Interpretability

Neutral sentiment.

Mixed sentiment with
enhancer (EN) and
reducer (RE). Mixed
positive and negative
SCOres.

Negative sentiment
without modifiers.

Positive sentiment
with emphasizer-type
modifier (EM). High
positive score.

Mixed sentiment with
positive (love the
design) and negative
(itchy) aspects.

"I'd be happy to help! Can you
provide more details about what
you're looking for in a jacket, like
style or material preferences?"

"We're glad the delivery was fast!
However, we apologize for the
packaging issue. Please let us
know if any items were affected,
and we'll assist you."

"We're sorry to hear that you're not
satisfied with the quality. We take

such feedback seriously and would
love to make it right. Can we offer
a solution?"

"Thank you for your kind words!
We're delighted that you're pleased
with our customer service. Is there
anything else we can do for you
today?"

"We're happy to hear you love the
design! Regarding the itchiness, it
might soften after a wash, but if
it's uncomfortable, we can explore
other options."

ISSN: 1672-6533

The sentiment scores that are calculated using the nonary scale provide a nuanced understanding of the sentiment
expressed in a chatbot's input. These scores can translate into chatbot responses. It involves mapping sentiment
scores to response tones. The nonary scale likely ranges from -4 to +4, where negative values indicate negative
sentiment, positive values indicate positive sentiment, and 0 indicates neutrality. The equations provided adjust
the sentiment-bearing term (SBT) based on modifiers like enhancers, emphasizers, and reducers. These
adjustments provide a refined sentiment score (SC) for each term in the input.

Positive Scores: If the sentiment score (SC) is positive, the chatbot can generate responses that are
supportive, encouraging, or optimistic. The intensity of the positivity could be linked to how high the score is on
the positive side.

Negative Scores: If the sentiment score is negative, the chatbot could adopt a more empathetic, cautious,
or consoling tone. The deeper the negative score, the more the chatbot could focus on addressing concerns or
providing reassurances.

Neutral Scores: A neutral score (close to 0) might lead the chatbot to respond in a more factual

or neutral tone, avoiding any overt emotional tone in its response.

Adjusting Responses Based on Modifiers
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Enhancer-Type Modifier (EN):

- When an enhancer modifier is detected (e.g., "very"), the corresponding equation (1) increases the sentiment
score. The chatbot can reflect this by amplifying its response tone. For instance, if the user says "very good," the
chatbot might respond with a more enthusiastic or congratulatory tone.

Emphasizer-Type Modifier (EM):
- An emphasizer modifier (e.g., "extremely") would also increase the sentiment score, as shown in equation (2).
The chatbot could use stronger language or exclamations to match the heightened sentiment. For example,
"extremely happy" might prompt the chatbot to respond with "That's fantastic!"

Reducer-Type Modifier (RE):

- A reducer modifier (e.g., "slightly™) reduces the sentiment impact, as seen in equation (3). The chatbot can
tone down its response accordingly. For example, if a user says "slightly disappointed," the chatbot might
respond with a mild acknowledgment of the issue without overreacting.

Practical Implementation in Chatbot Responses

As the chatbot processes each input, it can calculate the sentiment score for each term and modifier in real-time.
This score can then inform how the chatbot constructs its response, ensuring that the tone matches the user's
sentiment. By using the nonary scale, the proposed model can offer a wide range of response tones, from highly
positive to strongly negative, with subtle variations in between. This allows the chatbot to engage in more natural
and human-like conversations. The chatbot can also use these scores to customize responses based on context or
user preferences. For example, a user who frequently expresses strong emotions might trigger more emotionally

resonant responses, while a user with more neutral expressions might receive more factual or balanced responses.

4.7 User Experience

The integration of an advanced sentiment analysis model using a nonary scale significantly enhances
the overall user experience with chatbots. By refining the detection and interpretation of user sentiments, the
chatbot can tailor its responses with greater accuracy and relevance. This personalization ensures that users feel
understood and valued, which is crucial for increasing satisfaction. The ability to respond to subtle emotional
cues helps in reducing user frustration and converting potentially negative interactions into positive outcomes.
Moreover, the chatbot’s improved sentiment analysis contributes to a more engaging and human-like interaction.
Users are more likely to feel connected and comfortable when the chatbot adjusts its tone and content based on
the emotional context of the conversation. This natural and empathetic communication style fosters a deeper
level of engagement, enhancing the overall user experience. Consistency and reliability in responses are also key
benefits of the sentiment analysis model. By maintaining contextually appropriate interactions, the chatbot builds
trust and reliability with users. This trust, combined with proactive issue resolution—where the chatbot detects
and addresses negative sentiments before they escalate—demonstrates attentiveness and responsiveness, further
improving user satisfaction. In addition, the model supports a more natural conversational flow, which mimics
human interactions more closely. Users appreciate conversations that feel less robotic and more genuine, leading

to increased comfort and satisfaction. This human-like interaction not only enhances immediate user experiences
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but also contributes to long-term user retention, as satisfied users are more likely to return and engage with the

chatbot in the future. Overall, the advanced sentiment analysis model bridges the gap between technical

performance and user-centric outcomes. By aligning the chatbot’s responses with user emotions and needs, it

ensures a more satisfying and engaging experience, thereby reinforcing the practical value of technical

improvements in sentiment analysis.

5. CONCLUSION
The proposed work offers a deeper understanding of methods to enhance the competency of the customer care

team by improving chatbot responses to client inquiries using sentiment analysis techniques. It covers the basics

of chatbots, sentiment analysis, and Auto NLP for pre-processing customer inquiry text. The chapter also details

a sentiment analysis-based methodology to enhance customer satisfaction with chatbot responses. The proposed

methodology achieved an F1 score of 84%, thanks to the fine-tuned measurement of customer sentiment polarity

using trilateral modifiers and a nonary scale.
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