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Abstract:

Social media has presented customer relationship management with a challenge while
providing companies with a tool to maintain their relationships with customers. Effort and time
in processing customers’ feedback may increase as the widespread use of smart mobile devices.
The evolution of generative artificial intelligence (generative Al) is a possible solution to
improve the efficiency of customer service. However, existing discussions mainly focus on
how chat tools can benefit from generative Al. There is a lack of exploration of how generative
Al can assist companies provide managerial responses for customers, which is an important
part in customer relationship management and has different requirements from chat tools. This
study examines the capability of generative Al in understanding customer reviews and
generating managerial responses automatically by fine-tuning two language models. A dataset
of customer reviews of restaurants is used. Results indicate that even with a relatively small
model, generated responses are still satisfied. The current study also compares different
methods to predict whether customers’ reviews would obtain managerial responses. It is
observed that the patterns of making decisions about whether to reply to customer reviews

differ across restaurants.
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1 Introduction

In recent decades, the Internet and the widespread use of smartphones enable consumers
to share their experience about products or services online. They can write online reviews
to make recommendations or express dissatisfaction. These online reviews help potential
consumers obtain product information efficiently. They also help consumers make
decisions and plan their purchases because the quality of services is often difficult to
observe before consumption. Moreover, online reviews can affect the sales of products
(S. Liu et al., 2013). It has been concluded that online review is the key factor of 20%-
50% of purchases (Mathwick & Mosteller, 2017). Online reviews also help practitioners
realize customers’ demand and address issues that are typically escalated to the
management (Schuckert et al., 2015), thereby allowing them to improve their products
and services efficiently. By mining online reviews, practitioners can understand
customers’ behaviors and preferences, from which they can construct proper marketing

strategies.

Moreover, social media websites allow customers to communicate with product or service
providers easily. Besides the traditional ways like telephone and email, people can contact
brands on social media. There are companies in different industries operating official
accounts on social media for publishing news and marketing. Customers can raise queries
and seek problem solutions by contacting the accounts of these companies. Staff in charge
of these accounts can respond to customers’ inquiries and handle complaints online. Some
booking or rating websites also enable product or service providers to reply to customer
reviews. These online managerial responses improve the satisfaction of customers and
the efficiency of customer service. Potential customers’ purchase intention may be
influenced because these responses are usually publicly available. Managerial responses
are expected to enhance an enterprise’s relationship with satisfied customers, but also to
reduce the possible damage of negative customer reviews. Typically, companies
selectively respond to customer reviews according to review contents and their resources

in terms of labor and time.

Industry practitioners keep seeking ways to improve their efficiency to manage customer

relationships. For example, many companies have enabled chatbots on their websites for



answering customers’ basic inquiries. In recent years, natural language processing (NLP)
technologies have helped companies in customer service. With NLP, companies can
comprehend the feedback of their products or service from their customers efficiently.
Moreover, responses to customers’ inquiries can be automatically generated (Olujimi &
Ade-Ibijola, 2023), which can be used as references to help improve the quality and speed
of the human. In 2022, ChatGPT made a splash when it was released. Its success makes
people realize the capabilities of generative Al to generate natural, coherent, and
contextually relevant conversations, which may provide a better solution for the
interactions with customers. In addition, Generative Al chatbots can analyze customer
data to understand the context of each customer inquiry and use natural language

processing techniques to craft a personalized response.

Building upon the successes and learnings from ChatGPT, researchers have conducted
investigations of enhancing the capabilities of generative Al. There have been efforts in
discussing the possible applications of generative Al in customer service, such as
identification of trends and chatbots (Korzynski et al., 2023; Verma & Kumari, 2023).
However, there is little research focused on the practical use of generative Al in customer
service, especially the managerial response to customers. The previous discussions about
linguistic features of managerial response and chatbot indicate that their requirements are
different (M. Li & Wang, 2023; Xu & Zhao, 2022). There is also a gap in comparing
actual managerial responses with generated text and investigating the efficiency of such
practical application. Therefore, this research aims to get insight into how enterprises can
properly grasp the opportunities offered by generative Al. A dataset which contains online
reviews of customers, managerial responses, and other attributes will be used. The

objectives of thesis are as follows:

1. To explore the aspects of a service that consumers care about in online reviews.

2. To investigate the possibility to classify the customer reviews using machine
learning and decide which ones would be replied to.

3. To fine-tune a large language model to generate managerial responses for

customer reviews.

This thesis is organized as follows. In preliminary and related works, we review the

literature on the study of customer relationship management. Then the methodology used



in this thesis is presented. The results for topic modeling, classification of customer
reviews, and the fine-tuned model are provided, followed by the discussion of the
application of generative Al in customer service. Lastly, we conclude this study and

discuss future research.



2 Preliminary and related works

2.1 Online reviews of customers

As social networking sites emerge, which allow people to share their ideas online,
communications over the internet have become an important way to acquire information
of products and services. Such communication is defined as electronic word-of-mouth
(eWOM) (Litvin et al., 2008). It is summarized that the eWOM communications include
the ones between consumers and the ones between consumers and producers. The
communication channels consist of Emails, Blogs, rating websites, virtual communities
or groups, and instant chat tools. Serra Cantallops and Salvi (2014) conclude the factors
in generating reviews of hotels, which include customer satisfaction/dissatisfaction,
service quality, helping other vacationers, social identity, and so on. On review websites
users can make recommendations and express complaints about specific products or
services. These online reviews provide people with information to make decisions. Works
have been done to mine online reviews to explore consumers’ sentiments, satisfaction
levels, expectations, and so on. Xie, Chen, et al. (2016) have demonstrated the factors of
reviews which influence offline hotel popularity using regression in their work. Jiménez
and Mendoza (2013) have investigated the influence of online reviews and found that
consumers assess the credibility of reviews with different criterions for different
categories of products. Yu et al. (2010) have extracted sentiment and quality factors from

online reviews to predict sales of movies.

Researchers have also examined the influence of eWOM on consumers’ purchase
behavior. Vermeulen and Seegers (2009) have demonstrated that both positive and
negative reviews can increase customers’ awareness of hotels. In the paper of Kudeshia
and Kumar (2017), it is found that positive user generated contents on social media have
significant influence on consumers’ attitude to brands. In addition, Sparks and Browning
(2011) have found that positive eWOM information can increase people’s trust and hotel
booking intention. Tran’s (2020) study has also confirmed online reviews’ positive effect
on purchase intention of hotel reservation. Qiu and Zhang (2023) have reviewed research
articles and identified the factors of online reviews which can influence customers’
purchase intention. The factors include review-related factors, such as review rating,

review volume, and review credibility, and reviewer-related factors, i.e. source



trustworthiness. Moreover, culture, product types and review platform type can affect the
influence of online reviews. It is suggested that customer reviews are more valuable for

experience products.

For product and service providers, mining online reviews enables them to understand
their customers’ preferences and requirements. Guo et al. (2017) used latent dirichlet
allocation (LDA) to extract topics from hotel reviews and find out important aspects
which influence customers’ satisfaction with machine learning methods. Jia (2020) has
compared the satisfaction of two groups of customers by mining their reviews on social
media websites with LDA. Product and service providers can also make improvements
based on the outcomes of online reviews mining. Qi et al. (2016) have proposed a method
to identify reviews helpful for developing new products in their work. M. Zhang et al.
(2021) focused on the expectations of customers and utilized deep learning to mine
innovative ideas from online reviews. Such ideas can be helpful in improving and

developing products.

2.2 Managerial responses

Social media websites on which users can write online reviews may also allow companies
to reply to their customers. Through this channel, companies can express their
appreciation or deal with customers’ complaints. Also, it is a way to interact with
customers, which can strengthen their relationship to customers and help brand reputation
(Van Noort & Willemsen, 2012) . By constructing a regression model and using data from
TripAdvisor, researchers have demonstrated that managerial response function use
increases hotel ratings. Moreover, the subsequent review quantity rises by 17.3%, which
may indicate the increment of customers (Xie, Zhang, et al., 2016). However, industry
practitioners would selectively reply to the reviews they received. The reason may be that
managers do not think it is necessary to respond to some reviews based on their contents.
Another possible reason is the limited time or labor. It has been found that about 19% of
reviews obtain managerial responses in a dataset of hotel reviews (Xie, Zhang, et al.,
2016). It is also mentioned that the percentage of reviews obtained managerial responses
has increased rapidly, and the ratio of their work is around 49% (Wu et al., 2023).

Researchers have explored the factors which influence companies’ decisions to respond



to specific reviews. In the work of X. Liu and Law (2019), it is noticed that managers
would prioritize influential and negative reviews and pay more effort to respond to such
reviews. Qiu and Zhang (2023) also suggest companies to respond to negative review
promptly to reduce negative impact. Wu et al. (2023) have demonstrated that reviews
related to changeable attributes and covering more topics are more likely to receive
responses. Thus, managers need to make efforts to prioritize or classify reviews, in

addition to responses writing.

Researchers have discussed the linguistic characteristics of managerial responses. It has
been found that sentiment, subjectivity, diversity and other features of managerial
responses have influence on customers’ satisfaction (Xu & Zhao, 2022). Deng and
Ravichandran (2023) suggest that for different types of customer reviews, tailored or
template responses can be applied. By calculating language matching scores for a dataset
of hotel reviews, Ren et al. (2024) have shown that language style matching between
review and managerial response has a positive effect on subsequent ratings. Therefore, it
is important for practitioners to consider the language style when replying to customer
reviews, not just using simple templates. This requirement would increase the workload

of managers.

2.3 Generative Al

The development of artificial intelligence has helped the improvement of various fields,
such as supply chain management (Pournader et al., 2021), healthcare industry (Hee Lee
& Yoon, 2021), and hospitality industry (Prentice et al., 2020). Al can be used in
prediction analysis, fraud detection, computer vision and so on. One of the usages of Al
is language understanding, include translation, question answering, and text
summarization. With the release of ChatGPT, the public get to realize the potential usages
of generative Al, like text, image, and audio generation. Researchers have discussed the
applications of generative Al in different fields. Rodler et al. (2024) argue that generative
Al can be used for surgical planning by extracting patient information, literature, and
guidelines. Due to the increasing amount and complexity of medical data, efficiency can
be improved with generative Al compared to traditional methods. Aguinis et al. (2024)
provide guidelines to create prompts in order to generate valuable recommendations for

assisting tasks of human resource management. In the work of Korzynski et al. (2023) it



is mentioned that generative Al would affect managerial work, including automating
customer service interactions. Consider the challenges discussed in the above section, it
is possible that customers service efficiency would be improved with the help of

generative Al.

Generative Al is able to understand the context of customers’ inquiries and create
personalized responses (Dogru et al., 2023). There have been works on the use of
generative Al in customer service. Castillo et al. (2021) have explored the failure of Al-
powered chatbot experience by interviewing customers. They concluded five reasons of
failed interaction, such as limited functionality of chatbots and the lack of alternative
human support. Olujimi and Ade-Ibijola (2023) have reviewed papers on the applications
of NLP technique in customer service. They concluded that chatbot is the broadest used
application, which can be trained to answer customers’ queries. With the implementation
of Al-powered chatbots, manual efforts can be minimized, while the inaccurate response
is a challenge. In the study of Flavian et al. (2022), a survey is conducted to investigate
people's intention to use Al-powered investment advisor. They have found that customers
with more technology discomfort may show more tendency to use this service. Prentice
etal. (2020) worked on the questionnaire data of customers and concluded that the service

quality of Al-powered chatbot would influence customer trust and loyalty.

There are also works on building or improving tools for customer service. In the study of
C. Liu et al. (2020), it is noticed that if a customer expresses a request in more than one
turn, chatbots providing instant replies at every turn may misunderstand and generate
inaccurate responses. A response trigger model is proposed to decide the timing that an
intelligent chatbot generates responses. Wang et al. (2021) pretrained a model based on a
BERT model with chat dialogues between customers and customer service agents. It is
found that a domain-specific model can improve the performance in specific tasks. S. Liu
et al. (2023) have proposed two methods to optimize pretrained language models for the
applications in customer service. Their models are evaluated with eight datasets covering

different tasks, such as sentiment analysis and query matching.

Existing studies focus on utilizing Al-powered chatbots or query answering to improve
customer service. There is little works on assisting managerial responses with generative

Al. The possibility of this application has been discussed by Dogru et al. (2023). It is
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suggested that generative Al can identify the sentiments in online reviews and provide
real-time responses. It is also mentioned that companies should be careful when using the
contents from generative Al to avoid the destruction of trust. However, there is still a lack
of practice in generating managerial responses with generative Al. The effectiveness and
feasibility analysis of such an application of generative Al can be provided through

experiments on this practice. This is the problem that this thesis would like to solve.

2.4 Summary

Previous research has demonstrated that online customer reviews can influence the sales
of products or services, and managerial responses from industry practitioners help
maintain and strengthen customer relationships. Monitoring and replying to customer
reviews are important tasks in customer service. However, reading reviews and writing
responses are time and labor consuming. As the development of generative Al, customer
service may benefit from domain-specific language models. Large language models can
understand the context of customer reviews and generate conversational and personalized
text, which meet the requirements of a good managerial response. Nevertheless, existing
research mainly focuses on chatbots or customer conversations. There is a gap in
generating managerial response with Al. Moreover, a lack exists in the experiments of
generative Al in customer service using real data. This study will provide such an attempt
and discuss the feasibility of using generative Al in assisting customer relationship

management on online customer reviews.
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3 Methodology

3.1 Dataset

This work will use the data published by Yan et al. (2023) and J. Li et al. (2022). This
dataset contains customer reviews and metadata for businesses in United States from
Google Maps up to September 2021. Google Maps is a web mapping service, available
on both desktop computers and mobile devices. It is widely used for navigation and
exploring places. Users can rate and leave reviews for businesses listed on Google Maps.
Google Maps also provides businesses with the opportunity to update their information,
e.g., opening hours and contact details. Moreover, they can respond to customer reviews.
Figure 1 is the profile of a restaurant on Google Maps. The dataset also includes responses
for these reviews from these businesses, if any. The basic information of the business is

recorded in the dataset, as well.

Vv  RestaurantH.. M = Vv RestaurantH.. M

Overview Menu Reviews Photos Overview Menu Reviews Photos

Review summary
@ Ur o> Kikkce. nkatu1,

"™\, would recommend the salmon. N

00100 Helsinki
4,5
. . (1223)
Floor 5 - i Helsinki
Revie ren ied @
@ Closed - Opens 11.00 Tue wv
"... There may be a queue as it
gets que busy but the food was
llent. ..."
m Find a table <u.fi J  excellen
19 people mention queue
@ <ufi "... We tried all starters and |

Suggest an edit 13 people mention starters

People often mention

Can all

Figure 1. An example of the businesses on Google Maps.

In this thesis, we use the data of restaurants in Hawaii, which covers 4286 restaurants and

contains 1,135,436 reviews. The data of a specific category of business can be obtained

12



by filtering out the businesses that contain the string “restaurant” in their category
information. For example, “Restaurant,” “Seafood restaurant,” and “Pizza restaurant” are
included in the dataset. Other food and drink related businesses, e.g., cafes and bars, are
not in our dataset because they do not have the word “restaurant” in their category
information. The reviews for restaurants cover about 36% of the reviews for all businesses

in Hawaii.

After a statistical analysis of the dataset, three tasks will follow according to the three
research questions of this thesis. The customer reviews for all restaurants will be used in
the topic modelling task to understand customers’ opinions. This study mainly focuses on
managerial responses to customer reviews, so we also extract two subsets for solving
different problems, as shown in Figure 2. In subset A, every restaurant has replied to at
least one review. Subset A will be used to model how managers prioritize the reviews for
responding, because only the restaurants with response history have the prioritizing
process. This subset contains 551,139 reviews for 1367 restaurants. 106, 094 of the
reviews have received managerial responses from the restaurants. Subset B is made of
these review-response pairs and the corresponding attributes of customers and restaurants

from subset A, and it will be used in the task of fine-tuning large language models.

/4286 restaurants, 1,135,436 reviews \
/Subset A:

1367 restaurants, 551,139 reviews

Subset B:
106, 094 review-
\ response pairs

Figure 2. The dataset and two subsets used in this study.

Some information is dropped from the dataset, such as the uniform resource locators

(URL) of the pictures uploaded as part of reviews, price level, and the latitude and

13



longitude of the restaurant. Three columns of bool-value data are added to record the
features of reviews. For example, we drop the URLs of pictures, but add the status of
whether a review contains pictures. Such features will be used in the statistical analysis

and the task of review classification. Table 1 lists the information used in this study.

Table 1. Information in the dataset

Information of customers User ID
Reviewer name
Information of restaurants Google Maps ID

Restaurant name
Average rating
Number of reviews
Information of reviews Rating

With review text or not (1 or 0)
Review Text, if any

With pictures or not (1 or 0)
Responded or not (1 or 0)

Response text, if any

3.2 Topic modelling

To answer the first research question of this study, which aims to explore what aspects
customers would care about, we will use latent dirichlet allocation (LDA) to discover the
topics in customer reviews of the whole restaurant dataset. Introduced by Blei et
al.(2003), LDA is a popular topic modelling technique to find the topics and the
corresponding words in the identified topics. There are other topic modelling methods,
such as LSA (latent semantic analysis), CTM (correlated topic model), and some methods
using neural networks. However, the results of LDA are easier to interpret and LDA
requires less computational resources (Yu & Xiang, 2023). Although LDA may have
difficulty in capturing complex topic distributions as effectively as neural networks, it is
selected for this task because of its interpretability and simplicity while the size of our
dataset is large. LDA assumes that each document is a mixture of latent topics, and each
topic can be represented by a distribution of words. With a given number of topics, it first
assigns a random topic for each word in each document. Then it iteratively updates the
topic assignments based on topic and word distributions of the model and the word

frequencies in documents. LDA can be used to understand review text and provide
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information on customers’ experiences from the dataset. In this thesis, the LdaModel class

in the python library Gensim is used.

Before applying LDA, the online reviews need to be preprocessed. In the dataset of
Google Maps reviews, some reviews were written in languages other than English. These
reviews include both the translated text and the original reviews, in a format of
“(Translated by Google) <English review> (Original) <review in other languages>.” We
keep only the translated reviews to avoid “Translated by Google” and “Original” being
considered as topics. Then the documents need to be cleaned. The steps include removal
of English stop words, clearing punctuation, and lemmatizing the word in documents.
After that, a dictionary of the bag of words and a term-document matrix are created as the

inputs of LDA model.

To apply LDA, it is necessary to select the number of topics as a parameter of the topic
model. However, there is not a public accepted method to determine the optimal number
of topics without prior knowledge of the data (Gan & Qi, 2021). The metrics to choose
the number of topics is not the focus of this study, and we will not discuss this in this
thesis. To decide the value of this parameter, we will start from 2 and observe the distance
map of the detected topics. Then we will do an iteration by increasing the value by 1 and
regenerating the distance map. If the detected topics overlap and the keywords for each
topic repeat a lot, which means a poor performance of topic modelling, we will stop the

increment and choose the optimal number of topics based on the observations.

Table 2. Possible words in different aspects of restaurant reviews

Aspects
Food Service Atmosphere Value
e Food item o Staff e Bathroom e Price
e Taste e Order e Furniture e EXxpensive
e Ingredient e Time e Music e Worth
e Drink e View

In previous works, food, value for money (price), atmosphere, and service are the
frequently studied features of restaurants that influence consumers’ selection and
experience (C. H. S. Liu etal., 2014; Rhee et al., 2016). Therefore, it is assumed that these

four aspects should be found in the detected topics of the dataset of restaurant reviews.
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Considering that customers can write reviews in a free style on Google Maps, and they
do not need to strictly follow a framework, multiple aspects are possible to appear in a
single topic. According to previous research of Panchendrarajan et al. (2016) and

Abdullah et al. (2021), some example words in each aspect are listed in Table 2.

The results of topic modelling will provide the probability distribution of words in each
topic. From these results, the experience of customers and the aspects of restaurants they

care about can be understood.

3.3 Classification of reviews

As it is discussed in the literature review section, managers usually prioritize online
reviews to decide which are more necessary to respond to. However, both prioritizing
reviews and writing responses need time and labor. The objective of review classification
is to train a model to automatically filter out reviews of high priority based on their
features. It can provide managers with references to decide whether to respond to a
specific review, which would help improve efficiency. We exclude the restaurants
without responses because they do not have this prioritizing process and there is no need
to model their selecting behavior. In this study, subset A defined in Section 3.1 will be
used for classification, i.e., the reviews of the restaurants with responding history. The
label for classification is defined as whether a review is replied to by the restaurant. The
labels of reviews without responses are 0 and others are 1. It is noticed that the dataset is
imbalanced because the distribution of the label is uneven. The percentage of reviews
with managerial responses is around 19%. To avoid building a model which is biased to
classify majority class, i.e. reviews without responses, we downsample the majority class

before model training.

There are numerical and text information for each review. Some managers may make
reply decisions based on numerical information, such as ratings. Some managers may
read the text before making decisions. This study will use different approaches to make
classification and compare the accuracy. Table 3 lists the approaches using different
techniques. Logistic regression and random forest models are two fundamental
classification techniques. These two approaches will consider only numerical features.

Logistic regression is an algorithm for binary classification tasks. Although it cannot

16



capture non-linear relationships, it is easy to use, and the weights of the model can provide
information about the influence of each feature. The probability that a review has a
response (i.e. label is 1) can be determined by the sum of the products of the features and
their corresponding weights. We will use the LogisticRegression class in scikit-learn
library for model training, and it will find the optimal weights of features to minimize the
cross-entropy loss between predictions and observations in training set. Three
hyperparameters will be tuned with grid search to find a model with the best combination

of hyperparameters.

Random forest is also a widely used classification method and it is a combination of
multiple decision trees. Decision trees have tree structures and find important features in
decision and their threshold by continuously dividing the multidimensional feature space
into partitions. Random forest can reduce overfitting and achieve better performance by
combining multiple decision trees and applying random sampling and random feature
selection in training. In this thesis, the RandomForestClassifier class in scikit-learn library
will be used. Number of trees, maximum depth of trees, and other two hyperparameters
will be tuned to identify the model with the best result.

Table 3. Classification approaches

Model Used information
1 Logistic regression e Rating of a review
o With review text or not (1 or 0)
e Picture attached or not (1 or 0)
e Average rating of the restaurant
e Number of reviews of the restaurant
2 Random forest e Rating of a review
e With review text or not (1 or 0)
e Picture attached or not (1 or 0)
e Average rating of the restaurant
e Number of reviews of the restaurant
3 Neural network with e Rating of a review
numerical information e With review text or not (1 or 0)
and LSTM output of e Picture attached or not (1 or 0)
review text e Average rating of the restaurant
e Number of reviews of the restaurant
e Review text
4 Sequential classification e Review text
using BERT

17



Besides numerical features, managers may refer to the text comments in customer reviews
and make responding decisions. The third approach will combine numerical features and
the review text for classification. It is a neural network consisting of interconnected
neurons. The architecture of this approach is explained in Figure 3. There are two input
branches for this neural network. Numerical features can be used as inputs of one branch
after normalization. Text of customer reviews are the input of another branch after
tokenization and word embedding. For the reviews without text but only ratings, we fill
their text value as “None”. Recurrent Neural Networks (RNNs) are commonly used to
process text. Compared to traditional RNNs, Long Short-Term Memory (LSTM)
networks can handle long-term dependencies and improve performance (Hochreiter &
Schmidhuber, 1997). An LSTM layer is applied to the review text to capture semantic
information. Then the outputs of two branches are merged as the inputs of an additional

densely connected layer. This approach will be done with Keras library.

Numerical Dense Layer Dense Layer Dense Layer
features 32 units 32 units 2 units

Text

128 units

Figure 3. Architecture of the neural network using both numerical and text features for classification.

NLP technologies are helpful in extracting semantic information from texts and there
have been various applications, such as scoring (Gutierrez-Bustamante & Espinosa-Leal,
2022). The last approach will use BERT (Bidirectional Encoder Representations from
Transformers), a popular method in NLP, for tokenization and modeling. BERT is a
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pretrained language model developed by Devlin et al. (2018), which can acquire
contextual meaning from text. It can be fine-tuned for classification task by adding an
additional layer. BERT outperforms many other sequential classification models in
various benchmark experiments (Piskorski et al., 2020). This approach will use only
review text for classification. However, the dataset for this approach is large and would
take a long time for training. Because of the limited resources, we will train the model
with sampled data and the size is around 1% of the original size. The other three
approaches will use the full subset A. The Transformers library in Python will be used for
this approach. Accuracy will be used as the metric to measure the performance of the four

approaches. Confusion matrices will also be provided for reference.

3.4 Generating responses with generative Al

The third problem this study wants to solve is to explore using generative Al to improve
customer service efficiency. The first step is to prepare the context, which is the input text
of large language models for response generating. Considering that the dataset used is
composed of reviews and responses of different restaurants, the names of restaurants
should be included in context. It is noticed that some restaurants would mention
customers’ names to strengthen their relationship with customers and provide
personalized responses. Therefore, the names of customers (usernames on Google Maps)
are also included in input context. The values of rating are also included because they can
provide information about customers’ overall perceived value. The review text, if any, is

a part of the context.

There are many large language models for text generation. In this study, the pretrained
Transformer based DialoGPT will be used. It is trained on conversations from online
discussion platforms and provides interactive outputs in various domains (Y. Zhang etal.,
2019). This model is selected for this task because of its small size. The time and resource
cost to fine-tune this model are acceptable. Another reason is that this model is free.
Different checkpoints of this model have been released by Microsoft and this study will
fine-tune DialoGPT-small and medium. They have fewer parameters (117 million and
345 million) than DialoGPT-large (762 million) but are still able to generate coherent
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responses with less resources. For comparison, GPT 3, which is well known because of

ChatGPT, has around 175 billion parameters, significantly more than DialoGPT.

Figure 4 shows the fine-tuning process of this project and Figure A.1 in appendices
provides the pseudo-code of this process. This study uses review-response pairs in the
dataset, and the pairs are split into train, validation, and test sets. The first two sets are
used to fine-tune DialoGPT models. The fine-tuning will iterate over the training data.
The pretrained model will use the context as input and make predictions. Then the loss
between predictions and actual responses of restaurants will be calculated. Based on the
loss, the parameters of the pretrained model will be updated. This process will be repeated
and the checkpoints which record the model configuration are saved. The validation set
will be used to select the checkpoint which performs the best on unseen data. Finally, we
can obtain a fine-tune model. The main libraries used in this task include Transformers
and Torch. All the tasks in this thesis are completed in Python 3.10.12 environment

provided by Google Colab.

4 )

( Compute
loss
[ DialoGPT }——
( Update
T parameters

( Train and 1\ /

validation dataset

Fine-tuned
]
LLM

Figure 4. Fine-tuning process with domain-specific data.

The test set will be used for evaluation. BERTScore will be used as the metric for
evaluating the generation results (T. Zhang et al., 2019). It compares the similarity
between references and generated text by computing the similarity score of each token. It
uses contextual embedding and performs better than other metrics which count n-gram

overlaps. The value of BERTScore is between 0 and 1, and a larger value means the
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generated text and the reference are more similar. We will also calculate the BLEU
(Bilingual Evaluation Understudy) scores of the generated text by the fine-tuned models.
Although BLEU score is usually used to evaluate the quality of machine translation, it
can be used as a reference in this study. It will calculate the proportion of words in the
generated text that also appear in the reference responses of restaurants. A setting of
BLEU-2 is applied, where "2" indicates that the precision of sequences of two consecutive
words is evaluated. The values of BLEU scores also range from 0 to 1 and higher values

means better translation quality.
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4 Results

4.1 Statistics of customer reviews

In this section statistics of the customer review dataset will be presented to provide a
general understanding of restaurant reviews. In Figure 5, the distributions of number of
reviews and average ratings across the restaurants in the dataset are shown. In the dataset
of this thesis, most restaurants get less than 500 reviews from customers. The maximum
value of this number is 8450 while the minimum value is 1. For the distribution of average

ratings, most ratings fall within the range from 3.5 to 5.
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Figure 5. Distributions of (a) number of reviews, (b) average rating.

On Google Maps customers can rate the restaurants from 1 to 5 stars. With this rating
value, the reviews in the dataset can be assigned to five groups and comparison of these
groups can be performed. Figure 6 shows the distribution of reviews with different ratings
and the distribution of text reviews. It is found that the rating of around 60% of the reviews
is 5 and 23% of the customers rate 4, indicating that most customers are satisfied or quite
satisfied with their experience. 4.7% of the customers rate 1 and 78% of them leave text
reviews. It is also noted that 71% of the customers who rate 2 write text reviews. For
reviews with ratings 3 to 5, the proportions are not such high. Therefore, customers with

low level of satisfaction are more likely to give text feedback.
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Figure 6. Number of reviews for different values of rating.

Then we will explore the length of review text. Table 4 lists the mean, media, maximum,
and minimum of the length of review text for each value of ratings. Note that we use the
translated text provided by Google if a review is written in a language other than English.
It is found that a review with a lower rating has a longer text on average. It is the same
for the median length of reviews. There is a different trend for the maximum length that
reviews with a 5-star rating have the longest text. All the groups have a minimum length
of 1. Examples of these short reviews include “Slow”, “Okey”, and “Delicious”. The
analysis of reviews with different ratings has been conducted. In the following sections,
we will focus on understanding the reviews and providing solutions of improving

customer service workflow with machine learning and generative Al.

Table 4. Length of reviews with different ratings

Rating 1 2 3 4 5
Mean 53.6 47 31.6 24.4 22.5

Median 33 28 17 14 13
Max 826 776 792 766 1183

Min 1 1 1 1 1
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4.2 Topics in customer reviews

In this section, the results of exploration of customer reviews will be presented. In Google
Maps, users can review a restaurant by selecting a rating and some of them would leave
a text review. Out of the 1,135,436 reviews, 61% of them have text written by customers.
LDA is applied to find the topics in the reviews. Using the iteration method introduced in
Section 3.2, the optimal number of topics for this dataset is 3. Figure 7 is the distance map
of the detected topics. In this figure, each bubble is a topic, and its size depends on its
occurrence in all the reviews. It is found that there is no overlap between bubbles and the
bubbles are evenly scattered across the chart, which means the model performs well. Of
these bubbles, Topic 2 is the largest and includes 45.4% of the tokens in the dataset of
review text, which means this topic has a high prevalence in all review text. The bar chart
on the right shows the top 30 words in the reviews. It is noticed that “food” is mentioned

the most frequently. The aspects of service and atmosphere are also in this top 30 list.

Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms'

PC2

Marginal topic distribution

Overall term frequency
2% I Estimated term fraquency within the selected topic

Figure 7. Distance among topics generated by the package pyLDAvis.

The word clouds of the top ten words in each topic are shown in Figure 8. The first topic
is mainly about the experience of food. It mentions food related words, such as “delicious”
and “taste”, which refer to the aspect of food. Topic 2 mentions the words “service”,
“staff”, and “friendly”, which are all related to the aspect of service. Food and drink are
also in the top ten list of this topic. Moreover, the word “view” is in the field of

atmosphere, although it is not so frequent compared to service. Topic 3 mainly talks about
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some specific food, such as burgers and fish. In Figures A.2, A.3, and A.4 of appendices,
the top 30 words of each topic are provided. It is noticed that the word “price”, which
belongs to the aspect of value, is in the keywords of topic 1. From appendices, topic 3 is
a mixed topic of food and atmosphere. Therefore, all important aspects that customers
care about, as discussed in Section 3.2, have appeared in the topics detected by LDA.
However, these aspects are not distributed throughout the topics alone, because customers
may mention more than one aspect in one single review. It is also found that in all these
identified topics, words related to food are of high frequency, indicating that customers
of restaurants may care about the aspect of food the most. Moreover, several words of
customers’ positive experience are in the keywords, e.g., “best”, “good” and “great”. This
result is consistent with the one in the previous section that most customers are satisfied

with the restaurants they visited.

Topic 1 Topic 2 Topic 3
also . good . love
delicious amazing .,
dish fishpurger
portion
frech ordered one p].&}tguer
taste | foodpyagt
like fish

Figure 8. Word clouds of the top ten words in each topic.

4.3 Classification of customer reviews

Four classification approaches are used in this section to model the prioritizing process
of managers in deciding which reviews should get managerial responses. Table 5 lists the
accuracy value for these approaches. In this table, the highest value of accuracy is from
the random forest using numerical features. The neural network combining both
numerical features and review text provides the accuracy value of 0.63, which is the
second highest but poor performance. The other two approaches, logistic regression and

sequential classification with BERT, have low accuracy.

25



Table 5. Accuracy of four approaches

Approach Accuracy
Logistic regression | 0.54
Random forest | 0.84
Neural network | 0.63
BERT | 0.51

Figure 9 provides the confusion matrix for each approach. Logistic regression’s
predictions are positive for most cases, while BERT is likely to give negative predictions.
Using the neural network approach, most predictions match the actual labels, but the
quantity of erroneous predictions is still significant. In contrast, random forest’s
performance is much better. The incorrect predictions are much less than the correct ones.
This result is consistent with the observation from Table 5.
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Figure 9. Confusion matrices for four approaches: (a) Logistic regression, (b) Random forest, (c) Neural
network, (d) Sequential classification with BERT.
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In Figure 10, the importance of features used in random forest is compared. It is noticed
that the number of reviews of a restaurant is the most important feature in deciding
whether to reply to a customer review. This figure also shows that the average rating of
a restaurant would influence its intention to respond to its customer reviews. These two
features are about restaurants. On the other hand, the features of a review itself, i.e. rating
and whether there is text review, are not so important in this classification. Moreover,
whether a review came with images does not have significant influence on the managerial
response decisions. In summary, restaurants may exhibit considerable differences in the
pattern of providing managerial responses. The features of reviews are of low importance.
Therefore, results may vary if the classification approaches are applied to reviews of

different restaurants.

Random Forest Feature Importance

Number of reviews

Average rating

Review text

Feature Names

Rating

Image

T
0.0 0.2 0.4 0.6 0.8
Feature Importance

Figure 10. Feature importance of random forest.

To address this, we selected two restaurants and created two datasets of their reviews.
These two restaurants are randomly selected from the restaurants with high volumes of
reviews and responses. For the restaurants with only a few reviews, the data is not enough
for model training. The above classification steps are repeated to verify whether the
outcome is dependent on the dataset to which the model is applied. The results are listed
in Table 6, and they are different from Table 5. For restaurant 1, all the four approaches
show satisfying results of accuracy. Sequential classification using BERT performs the
best. Although the neural network approach has a slightly lower accuracy, its speed is
much faster than BERT. The results of restaurant 2 are quite different in that all
classification methods show poor accuracy. The reason may be that managers of

restaurants have their own criteria to write responses to customers. Some like to thank
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customers for rating high while some wish to explain to disappointed customers. It is also
possible that some restaurants just reply to customers occasionally, without any criteria.
The common implication of these two experiments is that including the review content
makes classification better. Considering that using BERT is time consuming, it is
suggested to try testing neural network first. Based on the accuracy, one can then decide

whether to use it to classify the reviews which need to be replied to.

Table 6. Accuracy of four approaches in datasets of two restaurants

Restaurant 1 Restaurant 2

Number of reviews | 4821 3708
Average rating | 4.3 4.3

Number of responses | 1957 2090

Logistic regression | 0.80 0.46

Random forest | 0.80 0.54

Neural network | 0.88 0.61

BERT | 0.91 0.55

4.4 Generating managerial responses with Al

In this section, the results of fine-tuning large language models will be presented. In the
context, names of reviewers, names of restaurants, ratings, and review text are included.
With names of reviewers, the models can generate responses which add salutation by
addressing the reviewers if needed. The names of restaurants can help identify different
response styles and the ratings can provide some information about review sentiment. It
is also possible that large language models can get sentimental information simply from
review texts. However, not all the reviewers provide review text. Moreover, the ratings
represent the total perceived values of customers, and the review text may not cover all
the aspects. As restaurant managers would also refer to the rating values of reviews, we
include this information in the context for fine-tuning. Large language models can make

decisions on whether to use this information in generating.

BERTScore is used as the evaluation metric, and the scores for the two fine-tuned models
are calculated in test set. Results are listed in Table 7. Both models show high scores, and
DialoGPT-medium performs slightly better. Considering that DialoGPT-small is of small

size and fine-tuning it takes less time, it is a good choice if one wants a model with good
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performance with limited resources. In Table 7 the BLEU scores are also provided. BLEU
scores are not as high as BERTScores for the generated responses. It is reasonable because
BLUE score is sensitive to word order and cannot capture semantic similarity between
sentences. BLEU score for DialoGPT-medium is higher than the one for DialoGPT-small,

which is consistent with the result of BERTScore.

Table 7. Evaluation of fine-tuned generative Al

DialoGPT-small DialoGPT-medium
BERTScore | 0.9019 0.9077
BLEU score | 0.4659 0.5194

The fine-tuned models can be applied to the test set and generate responses. The following
Table 8 lists some examples of the test results by fine-tuned DialoGPT-small. For the first
two examples, the managerial responses address the names of customers. The generated
responses by the fine-tuned model also mention customers’ names. This means that the
large language model can understand the usage of the customer names provided in
context. In the last example (e), the fine-tuned model utilizes the rating value in context
to generate a response saying, “thank you for your Four Star Google Review”. This is

consistent with the reference response which also mentions this rating value.

The generated responses by the model can also imitate the writing styles of original
responses by restaurants. In the first example (a), the response from manager contains
some emoji characters, as so does the generated one. In example (b), the owner adds her
name at the end of the response as a signature. The fine-tuned model has learned this
pattern and does the same thing in generating a response. The restaurant of example (d)
just replies in a short and quick way. The fine-tuned model also provides a short
prediction. The responses of examples (b), (d), and () use the word “mahalo” in Hawaiian
to express their appreciation. The fine-tuned model can generate responses to follow this

usage.

However, this fine-tune model is still not perfect. For example, it cannot generate
responses with specific details. In example (c) of Table 8, the customer is not satisfied
with the food of the restaurant and complains about the sauce. The response from the
restaurant expresses apology and explains the reason why the sauce is not satisfying. The

model generated response apologizes and promises to forward the feedback to kitchen
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staff but does not offer explanations. Although the prediction of model is not a poor
response, it cannot cover the details without related knowledge. Therefore, the

participation of human is still needed in customer service. The good point is that the model

does not make up a fake reason in this example.

Table 8. Examples of generated responses by fine-tuned model

Rating Review Response Prediction
@ b5 Hawaii...with Sheila SCORE! 0 Sheila thanks for stopping
grandson visiting Glad you spent by and for the review!
daughter stationed your day the right Wouldn't have been as
in Hawaii. way! @ ¥ &S @ FUN  without  youl
eve6®
(b) 4 None Thanks for stopping Thanks for coming by,
by, Antonette! Antonette! We're thrilled
Come see us again  you're a fan. Come back to
soon. -Mahalo, see us again soon. Mahalo.
Gina K., Owner -Gina K., Owner
(c) 3 | ordered Teriyaki Sorry Jacob. It We are sorry you didn't
stir fry w/ chicken means the kitchen enjoy your meal. We will
& noodles. The didn't drain your share your feedback with
sauce was watery veggies properly. our kitchen and
and | wasn't a fan Sorry. The noodles  management staff. Thank
of the noodles. are buckwheat soba  you for your time to share
Japanese noodles. your experience.
d 5 Eat here at least Mahalo! Mahalo for coming in &
twice every visit
to Kona. Great
atmosphere, food
and music
(e) 4 (Translated by Mahalo for the 4 Aloha and thank you for

Google) Spacious,
clean and friendly

star rating. We are
glad that you found

your Four Star Google
Review. Mahalo and we

(Original) S it comfortable!-- hope to see you again
Ccw soon!

77HAA i

NESEIJG R

To compare the performance of general language models and fine-tuned models, we ask
ChatGPT to help generate managerial responses. The same information is provided and
ChatGPT is asked to act as a restaurant manager. In Table Al of appendices, we list the
responses from this model for the above reviews in Table 8. It is noticed that ChatGPT
provides much more formal responses. And the lengths of the generated responses are

almost the same. The generated responses of this model designed for general usage are
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also proper. However, it cannot imitate the linguistic styles of different restaurants. These
responses are more likely from the same template. If a restaurant would like to keep its

original replying style, a fine-tune model is better suited to meet the requirement.
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5 Discussions

5.1 Discussion of results

In section 4, the experiment results have been presented. Statistics of the customer review
dataset have shown that most reviews are from satisfied customers. Although the unhappy
customers are more likely to write text reviews, they cover a small part of the dataset.
Therefore, positive words appear frequently in the topics identified by LDA. The results
also indicate that the aspects of a restaurant that customers emphasize include food,
service, atmosphere, and price. This is consistent with previous research. It is noticed that
food is the most important for these customers, and then followed by service and
atmosphere. The words about price or value are not as frequent as the words related to
other aspects. Such an observation is based on the dataset in this thesis. Results may be
different if other datasets are used.

This thesis has attempted to classify customer reviews to decide which ones should be
replied to. Four approaches are proposed to simulate the restaurants’ decision process,
and several features of reviews are used. Although the approach of random forest has a
high value of accuracy, the important features are about restaurants but not about reviews.
This means that differences exist between restaurants. The experiments are repeated in
datasets of two randomly selected restaurants. However, the performance of all
classification methods is poor in one of these restaurants. The reason may be the
distinction of decision criteria between restaurants. Therefore, it does not work for all
businesses to use machine learning methods to provide suggestions on whether a review
needs a managerial response. It is suggested that making use of the text of reviews would

provide better results.

The experiment of response generation with fine-tuned large language models has
demonstrated the efficiency and quality of generative Al. After training with the reviews
and responses in the dataset, large language models can generate responses which can
identify and make use of specific information provided in context. Moreover, the models
can imitate the writing styles of different restaurants. Nevertheless, the models cannot
answer some questions not included in training data. If a restaurant does not have enough

samples for models to learn, the generated responses may not be good enough.
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5.2 Application of generative Al in customer service

One of the objectives of this thesis is to improve customer service procedure with
generative Al. The results have verified the efficiency of managerial response generation
for customer reviews. To apply generative Al in customer service, it is suggested to adjust
application ways based on the specific conditions of each restaurant. For the restaurants
with sufficient samples for model learning, e.g. thousands of review-response pairs, fine-
tuning a model for each individual restaurant with its own dataset can generate responses
better matching the style of its responses in the dataset. Then the model can be used to
help reply to customer reviews. Before using the generated responses, managers or staff
of the restaurant should examine them. If the generated responses contain inappropriate
information, they should be revised. Restaurants can supplement details, such as

explanations for questions and complaints.

For restaurants without enough samples, they can use a fine-tuned model for general
restaurants to generate responses. The models in this thesis are models for general
restaurants which use dataset of multiple restaurants in training. The performance of these
models is good enough to improve the efficiency. Another approach is to train a model
with dataset of multiple similar restaurants. The metrics to measure the similarity can be
various. For example, restaurants within the same subcategory or restaurants with similar
target customers can be comparable. The exploration of this approach can be done in

future work. Also, participation of humans is needed for this kind of restaurants.

The application of classification is not recommended for all restaurants because the
results of this thesis indicate that the classification processes are different among
restaurants. The response decision criteria may be not constant but evolve over time even
for an individual restaurant. Before training a classification model, it is required that there
are enough data of this restaurant. If the data is imbalanced, more data are needed. For
the restaurants which have enough data and a set of standards to evaluate the reviews and
make decisions, making use of machine learning to improve this process may be possible.
Moreover, the classification models should be updated if the standards are altered. The

application of this requires deeper analysis.
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5.3 Ethical considerations in the application of generative Al

There are some ethical considerations for the use of generative Al in customer service.
First, the bias of training data should be considered. Large language models are trained
on large datasets which usually contain biases. In this thesis, large language models are
fine-tuned using the responses and reviews in our dataset. If the training data of the
original models and our domain-specific data are biased, the unfairness may be
represented in the generated contents. A possible solution is to ensure that the fine-tuning
data is diverse and representative. The participation of humans, as it is suggested in this

thesis, can also weaken the possible biases.

The second issue is transparency in the use of generative Al. Informing customers that
the responses are generated with the assistance of Al helps strengthen the trust with
customers. However, customers may have concerns if they have negative perception of
Al technologies. Moreover, customers may be afraid that their opinions are not received
by the management teams. In the previous section, managers are suggested to examine
the generated responses before using them. We suggest emphasizing the participation of
humans while informing the use of generative Al. By claiming that the reviews are read,

and response contents are reviewed by humans, customers can be reassured.

Privacy is also an ethical issue in the use of generative Al. The data from customers
should be handled in compliance with relevant laws and regulations. It should be ensured
that customers consent to how their data are used. Moreover, it is suggested to formulate

guidelines to avoid the misuse of generative Al.

In summary, the application of generative Al in customer service is feasible under the
supervision of humans. Further research in this area would provide better and more
detailed approaches of application. Moreover, the application of generative Al should
consider ethical issues and comply with local laws and regulations. This thesis only uses
dataset of restaurants, but other industries can also gain insight from the results of this

thesis.
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6 Conclusion and future works

This thesis has studied the customer reviews of restaurants and discussed the possibility
of applying generative Al in improving customer service efficiency. The basic statistics
of the dataset are presented and LDA is applied to provide a primary understanding of
customer reviews. This study has tried to figure out if machine learning helps reduce the
efforts in deciding reviews which need responses. Although the results suggest that
review classification is difficult to apply, this study also provides some suggestions. The
application of generative Al to generate responses by fine-tuning large language models
is demonstrated to be feasible. The fine-tune models can generate responses with high
BERTScore values, which calculate the similarity between generated and reference
responses. Moreover, the generated responses can imitate the writing styles of the original
ones well. Suggestions on how different restaurants apply generative Al are provided in

the discussion section.

This thesis is a preliminary study of the application of generative Al. Future works can
include the investigation of tailored models for restaurants without sufficient training
data. Timestamps of reviews and responses can also be considered in future works to
explore whether topics in review and response patterns evolve over time. The current
study is based on the customer reviews of restaurants. Other categories of businesses can

be included in future research.
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SET
SELECT

input-output

Figure A.1. Pseudo-code for fine-tuning DialoGPT model.
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Top-30 Most Relevant Terms for Topic 1 (29.5% of tokens)

deiicious [N

pineapple -
steak [N
pancake -

Owerall term frequency
I Estimated tarm frequency within the selected tapic
Figure A.2. Frequent words in topic 1 of the topic modelling result.
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Top-30 Most Relevant Terms for Topic 2 (45.4% of tokens)
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I Estimated term frequency within the selected topic
Figure A.3. Frequent words in topic 2 of the topic modelling result.
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Top-30 Most Relevant Terms for Topic 3 (25.1% of tokens)
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Figure A.4. Frequent words in topic 3 of the topic modelling result.
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Table A.1. Examples of generated responses by ChatGPT

Rating
5

Review

Hawaii...with
grandson  visiting
daughter stationed
in Hawaii.

None

| ordered Teriyaki
stir fry w/ chicken
& noodles. The
sauce was watery
and | wasn't a fan
of the noodles.

Eat here at least
twice every visit to

Kona. Great
atmosphere, food
and music

(Translated by
Google) Spacious,
clean and friendly

(Original) S22
77HAM—|—
AEYolR

Response

Sheila SCORE! €&
Glad you spent your
day the right way!

evdse

Thanks for stopping
by, Antonette!
Come see us again
soon. -Mahalo, Gina
K., Owner

Sorry  Jacob. It
means the Kkitchen
didn't drain your
veggies  properly.
Sorry. The noodles
are buckwheat soba
Japanese noodles.

Mahalo!

Mahalo for the 4 star
rating. We are glad
that you found it
comfortable!--CW
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Prediction of ChatGPT

Hi Sheila,

Thank you for your positive review and for
choosing Dave & Buster's! We're thrilled to
hear that you had a great time during your visit
with your grandson. It's fantastic to know that
our restaurant could contribute to your
memorable experience. We appreciate your
support and hope to see you again soon!

Best regards, [Your Name]

Hi Antonette,

Thank you for taking the time to leave a review
for Hawaiian Style Cafe - Waimea. We
appreciate your feedback and are glad to hear
about your experience. If you have any specific
comments or suggestions for us, please feel
free to share. We hope to have the opportunity
to serve you again soon!

Best regards, [Your Name]

Hello Jacob,

Thank you for providing feedback on your
recent visit to Bamboo Restaurant & Gallery.
We apologize that your experience with our
Teriyaki stir fry did not meet vyour
expectations. We take your comments
seriously and will address the issues with our
culinary team to ensure consistent quality in
our dishes. We hope you'll consider giving us
another chance to impress you in the future.
Best regards, [Your Name]

Hi Lynn,

Thank you for your glowing review and for
being a loyal patron of On the Rocks! We're
thrilled to hear that you enjoy our
atmosphere, food, and music during your
visits to Kona. Your support means the
world to us, and we look forward to
welcoming you back for many more
memorable dining experiences.

Warm regards, [Your Name]

Hello Jae Ho,

Thank you for your review of Hard Rock Cafe!
We're glad to hear that you found our
establishment spacious, clean, and friendly.
Customer satisfaction is our top priority, and
we appreciate your positive feedback. We hope
to see you again soon for another enjoyable
dining experience.

Best regards, [Your Name]
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