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Abstract

Customer Relationship Management (CRM) is a crucial aspect of modern business that enables companies to maintain
healthy relationships with their customers. In today's digital age, customers interact with companies through multiple
channels, including social media, email, and phone. Therefore, analyzing customer feedback and sentiment has
become increasingly important in understanding their needs and improving the overall customer experience. To this
end, this work proposes a new system that applies deep learning for sentiment analysis in a way that improves the
performance of CRM by analyzing customer feedback from various sources, companies can gain valuable insights
into customer needs and preferences and identify areas for improvement in their products and services. Then, we
present a case study of a company that implemented the proposed system in its CRM strategy. The results showed that
our system could improve customer satisfaction and retention rates and enable the company to identify and address
customer concerns more efficiently. Our approach can be applied as a powerful tool to enable companies to gain
valuable insights into customer needs and preferences, identify areas for improvement in their products and services,
and develop targeted marketing campaigns and personalized communication strategies.

Keywords: Sentiment Analysis; Customer Relationship; Management; Social Media Analysis
1. Introduction

Customer Relationship Management (CRM) refers to the strategies, practices, and technologies used by businesses to
manage and analyze customer interactions and data throughout the customer lifecycle. The goal of CRM is to improve
customer satisfaction, loyalty, and retention, ultimately leading to increased revenue and profitability for the business.
CRM systems typically include features for tracking customer interactions and data, such as sales activity, customer
service inquiries, and marketing campaigns. This data is then used to segment customers, analyze their behaviors and
preferences, and personalize interactions with them. Effective CRM requires a customer-focused approach, with a
deep understanding of customer needs and desires. It also requires collaboration across departments, such as sales,
marketing, and customer service, to ensure a seamless customer experience. CRM systems can be implemented in a
variety of industries and businesses, including retail, healthcare, finance, and more. Common CRM software providers
include Salesforce, Microsoft Dynamics, and HubSpot, among others.

Sentiment analysis is a technique that involves using natural language processing (NLP) and machine learning (ML)
algorithms to analyze customer feedback and identify the sentiment behind it. In the context of CRM, sentiment
analysis can be used to enhance customer interactions and improve customer satisfaction. By analyzing customer
feedback, businesses can gain insights into customer opinions, preferences, and pain points, which can be used to
inform product development, marketing strategies, and customer service. One way sentiment analysis can be used in
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CRM is to analyze customer service interactions. By analyzing customer service calls, emails, or chats, businesses
can identify trends in customer feedback, such as common issues or complaints. This information can then be used to
develop solutions to these issues and improve the customer experience. Sentiment analysis can also be used to identify
positive feedback from customers, which can be used to identify areas of strength in the business and inform marketing
campaigns.

Another way sentiment analysis can enhance CRM is by analyzing customer feedback on social media. Customers
often turn to social media to share their experiences with businesses, and sentiment analysis can help businesses
identify and respond to these comments in a timely and effective manner. By monitoring social media sentiment,
businesses can identify potential issues or opportunities and take action to improve the customer experience. This can
also help businesses to engage with customers in a more personalized and effective way, which can lead to increased
customer loyalty and satisfaction. In this work, we introduce an improved deep learning system that promotes the
performance of CRM based on social feedback. Our system integrated a convolutional model to extract textual features
from social tweets, then, the bidirectional recurrent module is applied to learn the contextual dependencies between
text elements. Then, the proposed system can be used to provide insights to improve the overall CRM analysis. The
remainder of this work is planned as follows. Section 2 discusses and analyzes the literature. Section 3 presents the
methodology of the proposed system for improving the CRM. The experimental part and results are discussed in
section 4. Section 5 provides a summary conclusion of this study.

2. Related Studies

The literature on sentiment analysis for enhancing CRM suggests that sentiment analysis can be a valuable tool for
businesses to improve their customer experience. By analyzing customer feedback from various sources, including
social media, businesses can identify customer sentiment, pain points, and preferences. This information can be used
to develop targeted marketing campaigns, improve products and services, and enhance the overall customer
experience. For example, in [1], the authors explored the use of sentiment analysis to improve social CRM (SCRM).
They explained how sentiment analysis can be used to analyze customer feedback on social media, enabling companies
to gain insights into customer preferences, concerns, and satisfaction levels. They also discussed how sentiment
analysis can help companies better understand customer sentiment and take appropriate actions to improve customer
engagement and loyalty. In [2], the authors studied how Al can be used to gather and analyze customer data to generate
automated insights, such as identifying customer preferences, predicting customer behavior, and recommending
products and services. They also discussed how Al-powered chatbots can be used to provide personalized customer
service and support, improving customer engagement and loyalty. In [3], the authors investigated the application of
sentiment analysis with an artificial intelligence (Al) approach to boost business performance through analysis of
users’ sentiment in customer feedback on social media, enabling companies to understand customer sentiment towards
their products or services. They also discussed how Al can be used to analyze large volumes of customer data to
identify patterns and make predictions about customer behavior, helping companies make informed business
decisions. They introduced many case studies demonstrating the effectiveness of sentiment analysis and Al in
improving business performance, including increasing sales and improving customer satisfaction. In [4], the authors
debated the advancements and new avenues in the field of opinion mining and sentiment analysis by describing how
opinion mining and sentiment analysis have progressed from simple text classification techniques to more
sophisticated approaches that incorporate natural language processing, machine learning, and knowledge
representation. They highlighted the challenges and opportunities presented by the growing availability of data on
social media and the internet, and how opinion mining and sentiment analysis can be used to analyze this data to gain
insights into public opinion and behavior. Additionally, they explored the potential applications of opinion mining
and sentiment analysis in various fields, such as marketing, politics, and healthcare. In [5], the authors surveyed the
data mining techniques and their applications in marketing, sales, and CRM by describing in which way the data
mining could be used to analyze customer data to identify patterns, make predictions, and gain insights into customer
behavior, preferences, and needs. They addressed various data mining techniques, such as decision trees, neural
networks, and association rules, and explained how they can be applied to solve real-world marketing and CRM
problems. They also discussed the ethical and legal implications of data mining and provided guidance on how to
implement data mining projects successfully. In [6], the authors describe how CRM mechanisms could be used to
manage customer interactions and improve customer satisfaction, loyalty, and retention. They covered different CRM
mechanisms, such as customer profiling, segmentation, and targeting, and discussed their advantages, limitations, and
implementation challenges. They also identified gaps in the existing literature and provided recommendations for
future research, such as the need for more empirical studies, the integration of multiple CRM mechanisms, and the
consideration of cultural and contextual factors in CRM implementation. In [7], the authors described how sentiment
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analysis can be used to extract information from online reviews about the consumers' attitudes and opinions towards
a product. They also combined this information with historical sales data to develop a forecasting model based on the
Bass diffusion model. They demonstrated the effectiveness of the proposed method using data from a popular mobile
phone brand and showed how it can improve the accuracy of sales forecasts compared to traditional methods. They
also studied the practical implications of their method for product managers and marketers, such as the ability to
monitor and respond to changes in consumer sentiment in real-time. In [8], the authors described the different tasks
involved in opinion mining, such as opinion extraction, sentiment classification, and opinion summarization, and the
various approaches used to perform these tasks, such as rule-based, statistical, and machine learning-based methods.
They also debated the applications of opinion mining and sentiment analysis in various domains, such as marketing,
politics, and healthcare, and discussed the challenges and future directions of the field. In [9], the authors developed
a sentiment analysis for an approach to improving CRM based on incremental learning that could adapt to these social
changes over time. They demonstrated the effectiveness of their proposed approach using data from a major airline
company and showed how it can improve the accuracy of sentiment analysis compared to traditional methods. They
also discussed the practical implications of their approach for CRM, such as the ability to monitor and respond to
changes in consumer sentiment in real-time. In [10], the authors explored the challenges of sentiment analysis in the
Turkish language, such as the complex morphology and the lack of annotated datasets, and proposed a multi-stage
approach to overcome these challenges. Then, they developed a framework that combines pre-processing steps to
normalize the text, feature extraction and selection, and sentiment classification algorithms. They demonstrated the
effectiveness of the proposed framework using a dataset of customer feedback from a major Turkish
telecommunications company. The authors showed that their approach achieves high accuracy in sentiment
classification and topic categorization, outperforming existing approaches. In [11], the authors reviewed the challenges
and opportunities of sentiment analysis in the context of UGC, including the complexity of natural language and the
need for accurate sentiment classification. They proposed a three-stage approach for sentiment analysis, which
includes pre-processing, feature extraction, and sentiment classification algorithms. Their approach was tested on a
dataset of hotel reviews, and the results demonstrate the effectiveness of sentiment analysis for extracting decision-
relevant knowledge from UGC, such as identifying the strengths and weaknesses of hotels and predicting customer
satisfaction.

Figure 1: lllustration of the proposed model for customer sentiment analysis to improve the CRM.

input: | [(None, 5())'1

embeddin input: InputlLayer -Sdetmbciiu A4 0
| g=0E . e [(None, 50)]

oubtputb:

= input: (None, 50)
embedding: Embedding
output: (None, 50, 32)
input: None, 50, 3
convld: Convl1D : ( —
output: (None, 50, 32)
input: (None, 50, 32)

max_ poolingld: MaxPoolingl D e
- % g outpul: (None, 25, 32)

input: (None, 25, 32)
output: (None, 64)

bidirectional(lstm): Bidirectional(LL.STM)

}

'input:: (None, 64)
output: (None, 64)

dropout: Dropout

dense: Dense (None, 3)

oubtpult:

Vinput:: | V(None, ()4)

18

DOIL: https://doi.org/10.54216/A]BOR.100102
Received: November 18, 2022 Accepted: March 11, 2023


https://doi.org/10.54216/AJBOR.100102

American Journal of Business and Operations Research (AIBOR) Vol 10, No. 01, PP. 16-24, 2023

3. Methodological Design

This section introduces a methodology for the proposed sentiment analysis system to improve the performance of
CRM in modern business. The methodology involves collecting customer feedback from various sources, such as
social media, email, and phone calls, and using sentiment analysis techniques to analyze the sentiment of the feedback.
The first step in the methodology is to identify the sources of customer feedback and develop a system for collecting
and storing the feedback data.

The next step is to preprocess the customer feedback data, including text cleaning, tokenization, and stemming. This
involves removing any irrelevant data, such as noise and stop words, and converting the data into a format that can be
analyzed by sentiment analysis algorithms.

Once the data is preprocessed, the proposed deep learning algorithms can be applied to determine the sentiment of the
feedback, whether positive, negative, or neutral. The architecture of the proposed model is shown in Figure 1.
Convolutional Neural Networks (CNNSs) can be used for feature extraction in sentiment analysis for CRM applications.
The CNN architecture in our system typically consists of an embedding layer, one or more convolutional layers, a
pooling layer, and one or more fully connected layers. The embedding layer maps each word in the input text to a
vector representation. The convolutional layer applies filters to the embedding layer's output to extract local features.
The pooling layer reduces the dimensionality of the extracted features. The convolutional operation is given as follows:

(fx9)) = [ fDglx — Dt 1)

Then, LSTM is commonly used to handle sequential characteristics in text. The LSTM network consists of memory
cells that can store information over a long period, allowing the network to handle long-term dependencies. The
calculation of LSTM is as follows:

ip = o(Wyixe + Wpihey + Weiceq + by) (2
fr = c(Wypxe + Wiphe_y + Wepco_q + by) ®)
¢t = feCr—1 + ictanh(Wyex, + Wiche—y + be) 4
0t = 0(WyoXe + Wiohie—y + Weocr + by) )
h; = o,tanh(c;) (6)

Bidirectional LSTM (BLSTM) is applied here, to extend the LSTM architecture by processing the input sequence in
both forward and backward directions, allowing the network to capture context from both past and future data points.
In sentiment analysis, a bidirectional LSTM network can be trained on a dataset of text data with labeled sentiment.
The network processes the input text data sequentially, and at each time step, it updates the hidden state based on the
previous hidden state, and the current input. The advantage of bidirectional LSTM for sentiment analysis is that it can
capture the context of the text data and handle complex sentence structures, including negation, sarcasm, and irony.
This makes it a powerful tool for analyzing customer feedback and social media data, where sentiment can be difficult
to discern.

h, = LSTM(m,) @)
h; = LSTM(m,) (8)
he = [ Bl ®

After the sentiment analysis is completed, the data is visualized and analyzed to identify trends and patterns in
customer sentiment. This can be done using data visualization tools such as charts, graphs, and heat maps. Finally,
the insights gained from sentiment analysis are used to develop targeted marketing campaigns and personalized
communication strategies that address customer concerns and preferences. This enables companies to improve
customer satisfaction and retention rates and gain a competitive advantage in their industry.

4. Experimental Analysis
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Figure 2: Illustration of the custom segmentation map in our RFM analysis.

A CRM dataset typically includes information about customers, their interactions with the company, and their
purchasing behavior. In this study, we use an E-commerce dataset from UCI machine learning® to experiment with
the proposed model. The data contain Customer contact information, Customer demographics, Customer interactions,
Customer purchase history, Customer preferences, and Customer satisfaction. For a non-store internet retailer situated
in the United Kingdom, this dataset included all sales made between December 1, 2010, and December 9, 2011.
Personalized presents for any event are the company's mainstay. The company serves a large number of wholesalers.

RFM analysis is a method of analyzing customer behavior that groups customers based on their transaction history.
RFM stands for Recency, Frequency, and Monetary value, which are the three key factors used to segment customers.
Recency indicates how recently a customer has made a purchase. Customers who have made a purchase more recently
are generally considered more valuable because they are more likely to make another purchase soon. Frequency
implies how often a customer makes purchases. Customers who make purchases more frequently are generally
considered more valuable because they have a higher lifetime value to the company. Monetary value indicates how
much money a customer has spent on purchases. Customers who have spent more money are generally considered
more valuable because they have a higher overall value to the company. To conduct an RFM analysis, we calculate
these three metrics for each customer. Then, the customers are segmented into different groups based on their RFM
scores (see Figure 2). By segmenting customers based on their RFM scores, we can develop more targeted marketing
and sales strategies, such as personalized promations or loyalty programs. The displayed RFM analysis can be used
to identify customers who are at risk of leaving and develop retention strategies to keep them engaged.

Table 1: numerical results of segmentation analysis.

recency monetary frequency
max std min  mean max std min  mean max std min mean
about_to sleep 7400 1095 3500 5332 74.00 1095 3500 53.32 400 038 300 1.17
at_Risk 375.00 68.62 74.00 153.79 375.00 68.63 73.00 153.79 700 096 4.00 2388

! http://archive.ics.uci.edu/ml/index.php
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cant_loose 373.00 65.25 73.00 13297 374.00 65.25 73.00 13297 3500 430 7.00 8.38
champions 1500 3.69 1.00 6.37 13.00 3.68 1.00 6.36  210.00 16.48 5.00 12.43
hibernating 376.00 92.02 73.00 217.61 375.00 92.01 74.00 217.61 300 031 300 110
loyal_customers 72.00 1558 17.00 33.61 72.00 1558 17.00 3361 63.00 455 3.00 6.49
need_attention 72.00 1155 36.00 5244 72.00 1156 34.00 52.44 3.00 048 3.00 233
new_customers 1500 391 3.00 743 15.00 391 3.00 7.43 200 0.01 200 1.00
potential_loyalists 3400 9.34 200 1740 34.00 934 200 1741 3.00 065 200 2.02
promising 3400 525 17.00 2343 3400 520 16.00 2351 1.00 0.01 100 1.00

More, we conduct RFM segment analysis to identify and group customers with similar characteristics or needs, in a
way that allows the creation of marketing campaigns and personalized communication strategies to better serve their
customers. The numerical results of the segment analysis are given in Table 1. The results enable us to identify the
most profitable customers and tailor their marketing efforts to these groups, resulting in more effective campaigns and
higher customer satisfaction.
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Figure 4: confusion matrix of the proposed system
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Further, we conduct cohort analysis as a method for analyzing customer behavior and patterns over time. It involves
grouping customers who share a common characteristic, such as those who made their first purchase in a particular
month or quarter, and then tracking their behavior and spending over subsequent periods (see Figure 3). The goal of
cohort analysis is to better understand how different groups of customers behave over time and to identify trends and
patterns in customer behavior. By analyzing these patterns, companies can develop targeted marketing strategies and
improve their customer retention rates.

A confusion matrix, presented in Figure 4, is a useful tool for evaluating the performance of a sentiment analysis
system in CRM. The confusion matrix provides a summary of the predicted sentiment labels compared to the actual
sentiment labels in the test data. The matrix is typically represented as a table with four entries: True Positive (TP),
False Positive (FP), False Negative (FN), and True Negative (TN). The results show that the proposed system can
classify the user’s sentiment precisely.

5. Conclusions

In this work, we propose a simple but efficient sentiment analysis system, that acts as a powerful tool for improving
the performance of CRM in modern business. By analyzing customer feedback and sentiment from various sources,
including social media, email, and phone calls, companies can gain valuable insights into customer needs and
preferences, identify areas for improvement in their products and services, and develop targeted marketing campaigns
and personalized communication strategies. The case study presented in this paper demonstrates the effectiveness of
the proposed system in improving customer satisfaction and retention rates. The company can use our system to
analyze customer feedback from social media, email, and phone calls and develop targeted marketing campaigns and
personalized communication strategies based on the insights gained. The results showed a significant improvement in
customer satisfaction and retention rates, highlighting the potential of sentiment analysis in improving the performance
of CRM.
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