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Abstract

In today's highly competitive business environment, companies are increasingly focusing on enhancing customer
satisfaction to improve customer loyalty and drive business growth. In this context, the use of data-driven
approaches can provide valuable insights for companies to improve their service quality and customer experience.
This paper presents a case study in service operations management, where a data-driven approach is used to enhance
customer satisfaction. We employ a dataset of customer feedback from a service company and proposes a deep
learning (DL) algorithm learn to identify the factors that affect customer satisfaction. The results show that the
proposed data-driven approach is effective in identifying the key drivers of customer satisfaction and in providing
actionable insights for service improvement. We highlight the potential of our DL approach for enhancing customer
satisfaction and provides insights for service companies to improve their customer experience based on the analysis
of customer feedback.

Keywords: Customer Satisfaction; Data Analysis; Operations Management; Customer Service
1. Introduction

Customer satisfaction is a critical aspect of Service Operations Management (SOM), which aims to provide high-
quality services that meet the needs and expectations of customers. In SOM, customer satisfaction is viewed as a key
performance indicator that indicates the extent to which customers are satisfied with the service provided by the
organization. Customer satisfaction is not only a measure of the quality of service provided but also an indicator of
the overall performance of the organization. It is, therefore, essential for organizations to understand what drives
customer satisfaction and to implement strategies that will enhance it [1-15].

One of the key factors that influence customer satisfaction in SOM is service quality. Service quality refers to the
extent to which the service provided meets or exceeds the expectations of customers. High service quality is
associated with customer satisfaction, while poor service quality is likely to result in customer dissatisfaction. To
ensure high service quality, organizations need to focus on service design, service delivery, and service recovery.
Service design involves identifying the needs and expectations of customers and designing services that meet those
needs. Service delivery involves ensuring that the service is delivered in a way that meets or exceeds the
expectations of customers, while service recovery involves addressing any issues or problems that may arise during
the service delivery process.
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Machine learning (ML) is an increasingly popular data-driven approach for improving customer satisfaction in
SOM. ML involves the use of algorithms and statistical models to analyze large amounts of data and extract
patterns, trends, and insights that can be used to make informed decisions. In SOM, ML can be used to analyze
customer feedback, identify common issues, and develop personalized solutions that address the specific needs and
preferences of individual customers. ML can also be used to optimize service delivery processes, such as scheduling,
routing, and resource allocation, to ensure that services are provided in a timely and efficient manner.[15-33].

This paper makes several significant contributions to the field of SOM. Firstly, we propose a novel DL-based
approach for improving customer satisfaction in SOM, which involves the use of Convolutional Neural Networks
(CNNs) to analyze customer feedback and identify common issues. Secondly, we present a detailed case study that
demonstrates the practical application of the proposed approach in a real-world setting. The case study involves the
analysis of customer feedback data from a large service provider, and the development of a CNN model to identify
the most common issues and develop personalized solutions for individual customers. We provide a comprehensive
review of the relevant literature on the use of DL and other ML techniques in SOM, highlighting the potential
benefits and limitations of these approaches.

The remaining part of this paper is organized as the following: section 2 discusses the related work. Section 3
describes the proposed method in detail. The results and the discussions are explained in section 4. Finally, section 5
has the main conclusion of this work.

2. Related studies

The literature on data-driven approaches for enhancing customer satisfaction is vast and covers a wide range of
industries and applications. Many studies have focused on the use of ML techniques, such as sentiment analysis and
topic modeling, to analyze customer feedback data and identify the factors that affect customer satisfaction. Kumar
et al [1] developed a ML approach to analyze customer satisfaction from tweets related to airlines. They used a
dataset of airline-related tweets to train both classification models and sentiment analysis, to determine the sentiment
of the tweets and identify the factors affecting customer satisfaction. In [2], Wei et al introduced a ML approach to
enhance customer satisfaction analysis by matching customer comments with agent notes in the context of customer
service interactions. They used a dataset of customer comments and agent notes from a Chinese telecommunications
company and employed various ML techniques, including text embedding and neural networks, to match the
comments with the corresponding agent notes. In [3], the authors presented a ML approach to optimize e-
commerce customer satisfaction. They adopted a dataset of customer reviews from an online shopping platform and
employed various ML techniques, including clustering and association rule mining, to identify the factors that
impact customer satisfaction and provide recommendations for improving customer experience. The authors of [4]
presented a ML-based approach to predict customer return visits to airline services. They used a dataset of customer
information and flight records from a South Korean airline and employed various ML techniques to identify the
factors that impact customer return visits and predict the likelihood of a customer returning to the airline. They
demonstrated that the proposed approach was effective in predicting customer return visits and identifying the key
factors that influence customer loyalty in the airline industry. In [5], the authors proposed a hybrid approach
combining the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) and ML techniques for
sustainable development of green hotels based on online reviews. They leveraged a dataset of online reviews from
green hotels to identify the factors that impact sustainable development and develop a model for evaluating green
hotels. In [6], proposed a ML approach to analyze customer needs for product ecosystems, in which the product
features from an online retailer and employed various ML techniques, including topic modeling and sentiment
analysis, to identify the needs and preferences of customers for product ecosystems. In [7], the authors proposed the
integration of ML techniques to evaluate dynamic customer segmentation analysis for mobile customers, by using
mobile customer data to train ML techniques to evaluate the effectiveness of dynamic customer segmentation in
predicting customer behavior and preferences. In [8], the authors proposed an ML approach for the automatic
classification of customer sentiment based on customer reviews. They highlighted the potential of using ML to
automate the classification of customer sentiment and provided insights for companies to improve their
understanding of customer feedback based on the analysis of customer reviews. The authors of [9] proposed to use
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a naive Bayes strategy for classifying customer satisfaction based on online reviews of hospitality services. They
employed a dataset of customer reviews from a hotel booking website and used various ML techniques, including
text preprocessing and feature selection, to classify customer reviews as positive, negative, or neutral.

3. Proposed approach

This section of is a crucial part that outlines the procedures and methods used to conduct the study. This section
provides a detailed description of the data collection, analysis, and interpretation techniques used to obtain the
results. Here, we propose a deep learning approach to enhance customer satisfaction in service operations
management. Specifically, we utilize Long Short-Term Memory (LSTM) networks to build our data-driven
technique for analyzing customer feedback data obtained from online platforms. Our mode aims to identify patterns
and trends in customer feedback data that can help service providers to improve their service quality and enhance
customer satisfaction.
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Figure 1: Feature importance for our case study according to random forest
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First, we chose a dataset from the public Kaggle challenge (named Santander Customer Satisfaction) as our cases
study of customer satisfaction estimation in SOM. The data contains a total of 73012 samples indicating satisfied
customers, and 3008 indicating unsatisfied customers. Each sample is composed of 371 features. To select an
appropriate set of features, Random Forest is applied to estimate the feature importance of the input features used in
our approach for enhancing customer satisfaction. This works by building multiple decision trees using
bootstrapped samples of the training data and a random subset of features for each split. The algorithm then
combines the outputs of these decision trees to make predictions. One of the main advantages of the Random Forest
algorithm is its ability to estimate the importance of features based on their contribution to the overall performance
of the model. Figure 1 show the most important feature in our case study according to Random Forest algorithm.

Our model structure is mainly built upon Long Short-Term Memory (LSTM), which is a type of recurrent network
that has been shown to be effective for modeling sequential data. LSTM models are particularly well-suited for
modeling customer feedback data, which is often characterized by a sequence of featured inputs and associated
labels indicating if the customer is satisfied or not. In the context
of SOM, LSTM is applied as a data-driven approach for enhancing customer satisfaction, with the objective of
predicting the level of customer satisfaction based on the input text. Once the model is trained, it can be used to
automatically classify new customer feedback as positive or negative, providing valuable insights for service
managers.

fi = sigmoid(tht_1 + Vex, + bf) (1)
i, = sigmoid(W;h,_; + V;x; + b;) 2
¢, = tanh(Wzhi_1 + Vexy + bg) 3)
o = sigmoid(W,[h—1, x¢] + b,) 4)
1, = 0, X tanh(c;) (5)
he =W, -1 (6)

One advantage of using LSTM for enhancing customer satisfaction is its ability to capture complex patterns in the
data. Unlike traditional machine learning approaches, which often rely on hand-engineered features, LSTM can
learn the relevant features directly from the raw input data. This makes the model more flexible and able to adapt to
different types of customer feedback.

4. Results and discussions

This section discusses the experimental results obtained from the process of evaluating the proposed approach on
our case study, where the following metrics are used as performance indicators.

| ’ TP+TN 100 (1)
_ X
ccuracy () = 35N T FP T FN
Precision (P) = — 1" — x 100 ®
- _x
recision (P) = T FP '
Recall (R) — TP 100 9)
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Moreover, area under curve (AUC) is also measured throughout the assessment process for our system.

Learning curves are displayed in Figure 1 to evaluate and understand the model's ability to learn from the training
data and identify whether there are issues such as underfitting or overfitting. In our proposed deep learning
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Figure 2: learning stability analysis on our case study
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Figure 3: RoC analysis on our case study Figure 4: T-SNE analysis on our case study

approach for enhancing customer satisfaction, we adjust the hyperparameters of the deep learning model such as the

number of layers or the learning rate to improve the model's performance. Additionally, learning curves are used to

determine the optimal number of training epochs for the model, balancing between underfitting and overfitting. In

Figure 2, ROC analysis is displayed for our model on our case study for customer satisfaction, which predicts a
binary outcome (e.g., satisfied or not) based on input data. In our case study, we generate ROC curves by evaluating

the model's performance on a test set of customer feedback data. By varying the classification threshold, we can
plot a series of TPR-FPR pairs and generate a curve. We can then use the AUC as a summary statistic to evaluate
the overall performance of the classifier. It is worth noting that our model achieves high AUC indicating that it has a
good discriminatory power, while a low AUC indicates poor performance. Further, we use t-SNE to visualize the
high-dimensional feature space learned by the model and gain insight into the structure of the customer feedback
data (See Figure 4). To generate a t-SNE plot, we use the model to extract a set of high-dimensional features from
the customer feedback data. We then apply t-SNE to reduce the dimensionality of these features to a lower-
dimensional space. Each customer feedback instance is represented by a point in the t-SNE plot, with similar
instances appearing closer together and dissimilar instances appearing farther apart. To evaluate the effectiveness of
our approach for enhancing customer satisfaction, we conducted comparative experiments against state-of-the-art
methods, as shown in Figure 5. Specifically, we compared the performance of our LSTM-based approach with

RNN, and DNN. The results show the competitive advantage of our model.
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Figure 5: comparison between our model and other DL models.

5. Conclusions

This work presents DL approach for enhancing customer satisfaction in service operations management. We
presented a case study that demonstrated the effectiveness of our approach in improving customer satisfaction by
analyzing customer feedback data from a hotel service provider. Our results showed that the DL approach
outperformed traditional ML methods and provided more accurate and actionable insights into customer feedback.
This approach has the potential to help service companies enhance customer satisfaction, improve customer
retention, and increase overall business performance. Future research can further explore the use of DL in other
service industries and investigate the impact of implementing this approach on customer loyalty and profitability.
Ultimately, the use of DL in service operations management can enable service companies to better understand and
meet the needs of their customers and enhance the overall customer experience.
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