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Abstract

In this paper, we proposed a multi-subject-level sentiment analysis model for user reviews using the Latent

Dirichlet Allocation (LDA) method targeting user-generated content (UGC). Data were collected from users' online

reviews of hotels in major tourist cities in the world, and 30 hotel-related topics were extracted using the entire

user reviews through the LDA technique. Six major hotel-related themes (Cleanliness, Location, Rooms, Service,

Sleep Quality, and Value) were selected from the extracted themes, and emotions were evaluated for sentences

corresponding to six themes in each user review in the proposed sentiment analysis model. Sentiment was analyzed

using a dictionary. In addition, the performance of the proposed sentiment analysis model was evaluated by

comparing the emotional values for each subject in the user reviews and the detailed scores evaluated by the user

directly for each hotel attribute. As a result of analyzing the values of accuracy and recall of the proposed sentiment

analysis model, it was analyzed that the efficiency was high.
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1. Introduction

Along with the rapid growth of social networks,

Internet users are able to search and collect travel and

tourism information alone. As a result, numerous tour-

ism information about tourist attractions, hotels, and

restaurants are created in the form of online user-gen-

erated contents (UCG)[1,2]. The user-generated contents

found in websites of various social media include con-

sumer experience, user feedback, and product review.

Also, searching the travel-related information is one of

the most famous online activities[3].

In response, natural language processing and data

mining methods have been hugely spotlighted for devel-

oping the analysis method which precisely extracts the

opinions of people from large amount of user-generated

contents[4]. The purpose of sentiment analysis and opin-

ion mining is to explore the subjective information such

as opinion, attitude, and sentiment expressed in the user-

generated contents automatically.

Topic-based sentiment analysis is one of the basic

frameworks of sentiment analysis[5]. There have been

numerous researches on topic-based sentiment analysis.

The sentiment analysis was conducted by selecting a

topic by extracting a noun from the sentence of docu-

ment, analyzing the sentiment with a sentiment lexicon

based on the topic, and defining topic concept in the

level of aspect for the topic extraction[6]. For selecting

the extracted aspect, the aspect was selected with

experts[7]. In addition, there were numbers of researches

that suggested new research methods by combining

topic models and sentiment analysis[8].

The topic-based sentiment analysis researches through

topic modeling mainly analyze the sentiment by creat-

ing multiple topics for all reviews posted by users. In

other words, it analyzes the overall sentiment toward the
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topic extract by combining the reviews of all users.

However, as there might be different points of sentiment

in one review, it is necessary to analyze the sentiment

for each topic of the reviews. In response, this study

seeks to develop a model for analyzing the sentiment of

each topic of each customer review. The suggested sen-

timent analysis model is capable of inter-comparing var-

ious sentiments of each user for multiple topics.

In the sentiment analysis model, the data of user

review on hotel is collected for sentiment analysis for

each topic. First, LDA model is applied on the online

review to extract the topic that users are most interested

in. The extracted topics show the types of topics that

hotel guests are interested in. Here, topics are used to

analyze the sentiment of the users in each topic of the

user reviews. To evaluate the performance of the sug-

gested sentiment analysis model, this study compared

the hotel user’s evaluation on each attribute of hotel and

the results of sentiment analysis conducted by using the

6 attributes in the user reviews. In this model, hotel

administrators are capable of reviewing sentiment val-

ues for various topics in user reviews and identifying

the results of sentiment analysis for each detailed attrib-

ute of the hotel.

2. Related Research
 

2.1. Topic model

Recently, big data is showing a rapid growth. Com-

pared to numerical data, text data produced through the

social media used by people in real-time is getting much

more important.

In regard to researches about text-based documents,

there have been numerous researches on various anal-

ysis methods including topic model method. Topic

model is a method of exploring different topics holding

significance in collection of documents and the model

is used for extracting topics. Each topic is composed of

similar terms holding significance. The purpose of topic

model is to explore the significant topics in mass data.

According to Blei and Lafferty, topic model-based

information system is capable of interpreting documents

automatically and extracting useful structures[9].

In addition, there have been numerous researches on

the topic model for finding the topics of text data[10].

Blei et al. applied LDA model to extract topics from

documents[11]. LDA model which is often used for topic

extraction assumes that extracted topics have different

shares in each document. LDA model regards topic-

mixed parameter as the variable taken from Dirichlet

distribution to expand pLSA model[12].

2.2. LDA-based sentiment analysis

There have been active topic model researches based

on LDA algorithm. Lin and He developed a new LDA-

based probabilistic modeling framework[13]. This research

model is called a joint sentiment/topic (JST) model and

it is capable of analyzing and carrying out sentiment

classification and topic extraction at the same time.

Xianghua et al. applied LDA, found out multiple global

topics in social reviews, and demonstrated that local

topic and sentiment are extractable based on the sliding

window context[4]. Marrese-Taylor et al. upgraded the

method suggested by Liu and applied on the tourism

field. This study developed natural language processing

(NLP) rules related to sentiment classification and more

complicated aspect-level subjectivity and verified the

effectiveness of the suggested method[7,14].

3. Sentiment Analysis Modeling

Sentiment analysis modeling has a research frame-

work as indicated in Figure 1. In the stage 1, data is col-

lected by crawling user-created contents mainly from

websites. This study used a python program to collect

data from online reviews posted on a travel platform

(Tripadvisor). After collecting the data, cases with miss-

ing value were deleted. The user reviews were posted

in English and all reviews were processed by eliminat-

ing stop words and converting all characters into small

letters.

In step 2, the optimum number of topic had to be set

before classifying the topics. The review data collected

depending on the number of topic was applied with

LDA model to extract important topics. Based on the

general meaning of the extracted keywords, the topics

extracted by referring to documents and interpreting the

classified topics are matched with 6 attributes of the

hotel. Then, the final keyword is determined by refer-

ring to the document based on the keyword for the

matching topic. Like this, the sentence for each topic is

obtained by matching the sentences that include key-

word for each topic.

Lastly, the sentiment value for each topic was figured
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out through sentiment analysis based on the sentiment

lexicon for sentences of each topic. The performance of

the suggested model was evaluated by comparing the

sentiment values for each topic of the reviews calcu-

lated by using the suggested sentiment analysis model

and customer evaluation value of 6 attributes in online

reviews. Also, classification matrix was used to evaluate

whether the extracted sentiment value for each topic is

significant or not. In addition, each measurement result

demonstrates the meaning of the suggested model.

4. Experiments and Results Analysis

4.1. Data collection

This study targeted on Tripadvisor platform and col-

lected online review data on hotels located in 7 major

cities (London, Paris, Bangkok, Beijing, Hong Kong,

Seoul, Singapore). The collected data includes the total

evaluation grade, detailed evaluation grade for each

attribute, and evaluation review for hotels that users

experienced from January 2019 to December 2019.

Total of 34,679 hotel data cases were collected while

11,700 of them were effective. Table 1 is the summary

of the collected data. In online reviews, the evaluation

grade of 4 and 5 were regarded as positive sentiment

while evaluation grade of 1 and 2 were regarded as neg-

ative sentiment.

4.2. Experiment design

The experiment of the suggested sentiment analysis

model used a python program. The processes of anal-

ysis using the collected data were as follows. In the data

Fig. 1. System configuration.

Table 1. Collection data

Rating Overall Cleanliness Location Rooms Service Sleep Quality Value

1 622 296 148 463 337 242 438

2 998 460 332 745 423 344 703

3 3592 1734 1810 3251 1541 1353 3234

4 11259 5629 4943 7899 3986 3717 8298

5 18208 14399 10840 13788 8817 6844 12221

NA 0 12161 16606 8533 19575 22179 9785
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preprocessing process, stop words that are not necessary

for the analysis were processed while items such as

numbers and special letters that are hard to analyze were

eliminated. After data preprocessing, LDA was used to

extract topics. In LDA model-based experiment, param-

eters were designated as follows. The alpha (α) value

was set by the number of topic (K) divided by 50 while

beta (β) was set to 0.01. Then, LDA was used to extract

the adequate topics for the collected hotel reviews. In

addition Bing Liu sentiment lexicon was used for the

sentiment analysis on the sentences for each extracted

topic. Bing Liu sentiment lexicon is composed of 2,006

positive words and 4,683 negative words. This study

analyzed the positive cases (sentiment value>0) and

negative cases (sentiment value<0) without considering

the case where sentiment value is 0.

To evaluate the performance of sentiment analysis

constructed based on the suggested model, this study

compared the evaluation grade for each attribute and

sentiment value obtained through the suggested model.

For the performance evaluation criteria, this study used

accuracy, precision, recall, and F-measure.

4.3. Results analysis

In the LDA model, K value of the topic and alpha (α)

and beta (β) of Dirichlet distribution are to be deter-

mined by the researcher. In response, this study com-

bined 5-fold cross-validation to figure out the optimum

K valuae with perplexity as the evaluation index. LDA

model showed a higher generalization ability in text

analysis when perplexity was lower[15]. This study com-

bined perplexity together with cross-validation to figure

out the most optimum number of topic. The formula for

perplexity is calculated as following Equation 1[16].

Perplexity (Dtest) (1)

Dtext indicates the test set and Dtest includes M number

of documents. Nd is the length of the document d while

P(Wd) is the probability of document d created by the

model.

Table 2 indicates the results of extracting 30 top key-

words and 10 related keywords with high probability.

The final keywords related to 6 top attributes were

derived by referring to documents based on the key-

words extracted by using LDA. Table 3 indicates the

sentiment analysis results for sentences extracted by

matching to sentences of reviews including keywords.

“-1” means negative sentiment while “1” means posi-

tive sentiment. When the user review didn’t have any

sentence related to the topic, it was indicated as “NA”. 

To evaluate the performance of the sentiment analysis

constructed based on the suggested model, this study

compared the evaluation grade for 6 hotel attributes and

sentiment value obtained from the suggested model. For

the performance evaluation criteria, this study used

recall, accuracy, and F-measure. Accuracy is the per-

centage of classifying positive and negative cases accu-

rately. Precision is the percentage of actual positive

cases among the cases that were assumed to be positive.

Recall is the percentage of cases assumed to be positive

among groups of correct answers.

exp
Σd 1=

M
logP Wd( )

Σd 1=

M
Md

---------------------------------–
⎩ ⎭
⎨ ⎬
⎧ ⎫

=

Table 2. Topic extraction using LDA

Topic Number Dimension Top 10 Words

Topic 1 Service asked, booking, call, called, card, desk, guests, left, reception, told

Topic 2 Rooms bath, bathroom, bed, coffee, large, shower, toilet, towels, TV, water

Topic 3 Sleep Quality air, door, floor, hear, night, noise, open, room, sleep, window

… … …

Topic 30 Cleanliness/Location/Service clean, friendly, great, helpful, highly, location, perfect, recommend, staff, stay

Table 3. Sentiment value matrix for each review-topic

Cleanliness Location Rooms Service Sleep Quality Value

Review1 Positive Positive Positive Negative NA Negative

Review2 Negative NA Negative Negative Positive Negative

… … … … … … …

Review 11700 NA Positive Positive Positive NA NA
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Precison= (2)

Recall= (3)

F-measure= (4)

Table 4 is the classification matrix and Equation 2, 3,

4 shows the related recall, precision, and F-measure.

Also, Table 5 shows the results of evaluating the sen-

timent analysis model performance based on recall, pre-

cision, and F-measure.

The experiment results were as follows. In “Sleep

Quality”, accuracy and precision showed the lowest

performance while recall showed relatively higher per-

formance. Also, accuracy for “Room”, “Service”,

“Location” and “Cleanliness” was over 85% except

“Sleep Quality” and “Value” while the minimum value

for F-measure criteria was 86.14%. In the measurement

of recall, all of the 6 top topics showed recall over 90%.

This demonstrated the effectiveness in classification of

sentiment for each topic of the review.

4. Conclusion

This study used LDA to extract topics from the online

evaluation review data on hotels that users personally

experienced. This study analyzed the topics by using 10

keywords that were frequently used in each topic. By

analyzing the extracted topics, this study could explore

the hotel topics that users were most interested in.

This study also used LDA-based model to predict the

user’s sentiment toward toe topic depending on interest.

The topics extracted for evaluating the performance of

the suggested sentiment analysis model were used for

sentiment analysis on each topic of the reviews and

applied with performance evaluation criteria. The sug-

gested model is expected to be applicable not only in

hotel fields but also in other fields, too.

The limitations were as follows. The sematic senti-

ment lexicon holds a limit of depending on the general

meaning without understanding the situation or envi-

ronment where the language is used. Also, there needs

to be researches on a sentiment model that includes

“Neutral” opinions in sentiment analysis. Furthermore,

further sentiment analysis on different topics and fields

and researches for enhancing model accuracy are nec-

essary.
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