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Abstract: For hotel management, occupancy is a crucial indicator. Online reviews from customers
have gradually become the main reference for customers to evaluate accommodation choices. Thus,
this study employed online customer rating scores and review text provided by booking systems
to forecast monthly hotel occupancy using long short-term memory networks (LSTMs). Online
customer reviews of hotels in Taiwan in various languages were gathered, and Google’s natural
language application programming interface was used to convert online customer reviews into
sentiment scores. Five other forecasting models—back propagation neural networks (BPNN), general
regression neural networks (GRNN), least square support vector regression (LSSVR), random forest
(RF), and gaussian process regression (GPR)—were employed to predict hotel occupancy using
the same datasets. The numerical data indicated that the long short-term memory network model
outperformed the other five models in terms of forecasting accuracy. Integrating hotel online customer
review sentiment scores and customer rating scores can lead to more accurate results than using
unique scores individually. The novelty and applicability of this study is the application of deep
learning techniques in forecasting room occupancy rates in multilingual comment scenarios with
data gathered from review text and customers’ rating scores. This study reveals that using long
short-term memory networks with sentiment analysis of review text and customers’ rating scores is a
feasible and promising alternative in forecasting hotel room occupancy.

Keywords: sentiment analysis; online reviews; long short-term memory networks; forecast; hotel
room occupancy

1. Introduction

Business performance management is significant for enterprises in any industry,
especially in the tourism and hotel industry, because of the fixed service products in
terms of content and quantity. When a room passes the sales time point, a fixed cost is
paid. However, no more sales can be made, which directly affects the company’s revenue
and operating performance. Therefore, the prediction and management of occupancy
are important. Hotel performance management is usually composed of two aspects—
revenue management and cost control. The discipline of revenue management includes two
strategic levers, namely duration control and demand-based pricing [1]. Research on hotel
needs consists of two major categories. One category involves developing new methods to
improve the accuracy of demand prediction. This type of research usually employs many
alternative forecasting models to predict travel or hotel demand and compares forecasting
performance. The other category involves determining hotel needs and the relationship
between needs. Existing econometric models are applied to quantify the impact of demand
factors using demand elasticity analysis [2].

Appl. Sci. 2021, 11, 10291. https://doi.org/10.3390/app112110291 https://www.mdpi.com/journal/applsci

https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-1079-0697
https://orcid.org/0000-0002-5291-0108
https://orcid.org/0000-0002-4020-3326
https://doi.org/10.3390/app112110291
https://doi.org/10.3390/app112110291
https://doi.org/10.3390/app112110291
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/app112110291
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app112110291?type=check_update&version=1


Appl. Sci. 2021, 11, 10291 2 of 14

A variety of factors influence hotel operating performance. In the past, historical sales
data have been used to analyze demand patterns and trends in addition to hotel factors,
such as geographic locations, hotel facilities, service quality, and marketing activities. Re-
cently, with the rise of online booking platforms, customers’ behavior patterns in searching
and choosing hotel accommodations have changed. When online customers choose a hotel,
they target the date and area. Then, they filter out hotel information that meets their needs
on the basis of the accommodation options provided by the online travel agent booking
website. Finally, when determining accommodation, previous customer reviews tend to be
an influential factor. Thus, more studies are using customer online comment analysis as the
subject of hotel management research. The Tourism Bureau of the Ministry of Transporta-
tion in Taiwan pointed out some statistical indicators ranking the operating performance of
hotels, such as total revenue, annual occupancy rate, annual average price, and the annual
average price of saleable rooms. The revenue of tourist hotels usually comes from the guest
room and catering departments. However, the consumer reviews on the booking websites
are mainly for guests’ consuming experience of hotel accommodation. Thus, hotels’ total
operating incomes are not appropriate for further analysis. Furthermore, differences in
total operating income and average house prices may be caused by the number of operating
rooms, locations, and decoration equipment. Therefore, this study employed hotel room
occupancy rates as a criterion for evaluating hotel operating performance. The rest of
this study is organized as follows: Section 2 discusses the literature, Section 3 briefs long
short-term memory networks, Section 4 introduces the proposed forecasting architecture
for hotel room occupancy, Section 5 depicts the numerical results, and Section 6 presents
the conclusions.

2. Related Literature
2.1. Online Customer Reviews Analysis

Recently, Online Travel Agencies (OTAs) have emerged, and customers can search,
compare prices, and make online reservations through various platforms. Customer
reviews thus have been increasingly important sources providing informative data for
customers when making purchasing decisions. Three directions can be categorized in the
literature of online customer reviews. The first category involves using statistical analysis
or hypothesis testing. Salehan and Kim [3] employed correlation analysis to investigate
review text and sentiments. The study provided insights regarding the reviews’ impact
on potential customers. De Pelsmacker et al. [4] used the number of reviews and review
valence to analyze occupancy and revenue per available room. This study revealed that
review volume and review valence influenced room occupancy and revenue per available
room, respectively. Furthermore, hotel locations and room quality are the two most essential
terms of review comments. Anagnostopoulou et al. [5] used statistical methods to analyze
the impact of online customer reviews on financial profitability. It was reported that positive
comments were significantly related to hotel financial performance. Liu et al. [6] employed
customers’ reviews to analyze distributions of domestic and international customers’ hotel
ratings. This study pointed out that domestic travel, international travel, language, and
culture had a statistically significant impact on hotel preference and satisfaction. The
second category involves employing data-driven approaches to explore the relationship
between customers’ reviews and hotel performance. Fernandes et al. [7] used a cross-
industry standard process for data mining to investigate the influences of online reviewers’
comments on restaurant performance. Phillips et al. [8] utilized a partial least squares
path method to examine the influences of positive and negative reviews on revenue per
available room. This study concluded that “stars” and percentages of positive comments
had a critical impact on revenue per available room. The third category uses sentiment
analysis tools, such as a sentiment dictionary, to understand online customer reviews and
the impact of reviews. Morente-Molinera et al. [9] indicated that the users’ opinions were
usually unstructured, and users were used to expressing opinions in their own ways. This
study employed fuzzy ontology to homogenize information; therefore, subjective and
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unformatted information could be handled. Hu et al. [10] used standardized coefficients to
analyze the interrelationship between ratings, sentiments, and sales rankings. The study
reported that ratings did not have a significant impact on sales directly but did have an
indirect impact through sentiments. Zhang et al. [11] utilized a majority decision algorithm
and a stochastic gradient descent technique to classify sentimental orientations of WeChat
texts. The numerical results indicated that the presented method outperformed the other
four machine learning approaches.

In the previous three categories of studies mentioned, descriptive statistics, hypothesis
testing, correlation analysis, cluster analysis, and regression analysis were employed
by studies to analyze the influence of customers’ online reviews on hotel performance.
Some investigations focused on exploring the relationship between emotional words and
ratings. However, predictions of hotel performance, such as room occupancy, have not
been conducted.

2.2. Occupancy Rate Forecast

First, for the online data sources employed for occupancy rate predictions, Li et al. [12]
pointed out that online data utilized to forecast hotel room occupancy includes Baidu
Index [13], Google Trends [14], web traffic volume-Google Analytics [15,16], and Twitter
tweets and retweets [17]. Second, the approaches employed in forecasting hotel room
occupancy are depicted as follows. Aliyev et al. [18] analyzed time series data and applied
the fuzzy c-means clustering algorithm to forecast hotel occupancy rates. Ampounto-
las [19] investigated hotel daily demand in a U.S. metropolitan city. The attributes used
included temperature, holidays, and hotel ranking. The results indicated that a seasonal
autoregressive integrated moving average with exogenous variables model was supe-
rior to the other forecasting models. Zhang et al. [20] forecasted hotel occupancy in
Charleston, South Carolina, USA using weekly data. The authors reported that for the
mid-term prediction of hotel stays in tourist destinations, the revised model provided
more accurate prediction results than the original EEMD-ARIMA (ensemble empirical
mode decomposition–autoregressive integrated moving average) model. Ginindza and
Tichaawa [21] studied hotel occupancy rates in the kingdom of Swaziland using the factors
of Airbnb room occupancy rates, foreign visitor arrival numbers, unemployment rates,
and exchange rates with statistical approaches. The numerical result showed a positive
relationship between the hotel occupancy rates and Airbnb room occupancy rates. Fiori
and Foroni [22] integrated historical and advanced booking methods into a combination of
prediction models. The results revealed that the proposed model had a practical impact
on the design and implementation of effective demand-side policies for hotels. Assaf and
Tsionas [23] proposed two Bayesian compression methods and applied them in the hotel
occupancy rate forecasting. This study indicated that the presented Bayesian compression
models outperformed the other forecasting alternative models in terms of forecasting accu-
racy in all forecast horizons. Al Shehhi and Karathanasopoulos [24] employed the adaptive
network fuzzy interference system to forecast hotel room prices in the Gulf Cooperation
Council region. The authors claimed that forecasting results provided by the proposed
adaptive network fuzzy interference system were superior to the other three forecasting
models in terms of forecasting accuracy. Zhang et al. [25] used deep neural networks to
predict the occupancy and prices of hotels on weekdays and peak days. The numerical
results indicated that deep neural network models could significantly outperform the other
seven models, including time-series forecasting models and machine learning models.
Sánchez-Medina and Eleazar [26] employed artificial neural networks with genetic algo-
rithms to forecast booking cancellations. The designed method could reach an accuracy
of 98 percent and was significantly superior to the other three forecasting techniques in
terms of forecasting accuracy. Wang and Duggasani [27] designed two long- and short-
term memory models to predict the daily booking volume of hotels by data of arrival
dates, booking dates, and the day of the week. The proposed method could improve
the forecasting accuracy by about three percent compared with the best results generated
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by the other six machine learning methods. Huang and Zheng [28] proposed using the
agglomeration effect combined with the attention mechanism and Bayesian optimization
algorithm to predict the daily demand of hotels with agglomeration effects. The results
showed that the proposed model was helpful in increasing hotel revenue management by
decreasing the gap between the potential demand and available capacity. Das et al. [29]
used a light gradient boosting machine to predict demand with seasonality using historical
booking data. In this study, customer booking patterns and potential trends in the booking
curve were investigated. Then, daily, monthly, and holiday occupancy were predicted.
The experiment results revealed that the light gradient boosting machine could generate
more accurate forecasting results than the other five forecasting methods, including the
time-series techniques. Lee et al. [30] proposed a combined neural network framework
architecture with time series booked data and seasonal components to predict accommo-
dation demand. It was reported that the designed model could generate more accurate
forecasting results than the other time-series methods. Phumchusri and Ungtrakul [31]
developed an artificial neural networks model to forecast daily hotel demand in Thailand.
The numerical results showed that artificial neural networks could obtain more accurate
forecasting results than the other forecasting models employed in the study.

According to the review of related literature, deep learning techniques have not been
broadly explored in predicting hotel room occupancy rates. Furthermore, most of the
previous research on online customer sentiment analysis has focused on reviews in English,
apparently lacking multilingual comment content. Thus, this study collected daily and
monthly research data from Internet crawling and government databases, and it used long
short-term memory networks to forecast hotel room occupancy using sentiment analysis of
review text and consumers’ rating scores in multilingual comment content. The other five
machine learning forecasting approaches were used to conduct predictions with the same
datasets to compare forecasting performance.

3. Long Short-Term Memory Networks

Long short-term memory networks are extended algorithms that improve the gradient
vanishing problems in the recurrent neural networks when processing long sequences.
They save essential information for a long time so that earlier information can be associated
with current tasks. Long short-term memory networks provide fusion memory units,
allowing the network to update hidden units on the basis of new information before
learning. Thus, they are especially able to remember the most important information for
future tasks. In addition, long short-term memory networks can select the tanh function as
an activation function, which is a stable method that is beneficial in regression problems.
Figure 1 shows the neural network architecture of long short-term memory networks.
There are many variants in use called bidirectional long short-term memory networks. The
cell or memory area of long short-term memory networks is composed of the input gate,
forget gate, output gate, and cell state. The forget gate controls whether the memory should
be cleared or how much information is entered into the next cell’s memory. The input gate
controls whether the input value enters the memory. On the other hand, the output gate
controls whether the updated value should be output to the next layer of networks. These
layers all operate in a specific way, of which three gates control all additions or deletions of
the unit state. The long short-term memory network calculation is from the input sequence
x, represented by Equation (1):

x = (xt−1, xt, xt+1 . . . , xt+n) (1)

to the output sequence y, denoted by Equation (2).

y = (yt−1, yt, yt+1 . . . , yt+n) (2)
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For mapping, the first step is to input the activation vectors it and c̃t, represented by
Equations (3) and (4), respectively.

it = sigmoid(Wi[xt, ht−1] + bi) (3)

c̃t = tanh(Wc[xt, ht−1] + bc) (4)

The sigmoid represents the activation function and maps the variable to values be-
tween zero and one, where W is the weight matrix, and b is the bias, c̃t is created by each
tanh layer, and the forgetting gate ft is created by Equation (5).

ft = sigmoid
(

W f [xt, ht−1

]
+ b f ) (5)

c̃t and ft are employed to generate the new state of the memory cell Ct, which can be
expressed by Equation (6):

Ct = it c̃t + ftct−1 (6)

The cell state vector Ct is utilized to calculate the output gate ot, which is illustrated
in Equation (7).

ot = sigmoid(Wo[xt, ht−1] + bo) (7)

Finally, the output vector ht of long short-term memory networks is determined
by Equation (8).

ht = tanh(ct)ot (8)

The output gate uses the cell state and activation vector to calculate the output, and
the weight matrix is used in the training phase to learn with the bias vector. The long
short-term memory network architecture has been successful and effective in dealing with
vanishing gradient problems [32–35].

4. The Proposed Hotel Occupancy Forecasting Architecture

Figure 2 shows this study’s proposed forecasting architecture for hotel room occupancy.
The designed architecture uses the customer-generated experience content on the official
database and online travel agent reservation websites to predict monthly hotel room
occupancy rates in Taiwan. In particular, three parts are included in the framework, namely
data collection, data preprocessing, and model testing. For the data collection, data of hotel
lists and reviews of customers were gathered. In the data preprocessing stage, multilingual
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customer reviews were converted into sentiment scores, and the rating scores and sentiment
scores were scaled into ranking variables. Then, the counts of variables were accumulated
according to monthly data and mapped into the room occupancy in the next month. Finally,
data were split into a training dataset and a testing dataset for modeling and performance
evaluation of forecasting models.
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4.1. Data Collection

This study collected data from the booking website Booking.com (accessed on 27 April
2021) and the Taiwan travel and accommodation website taiwanstay.net.tw, which is
commissioned by the Tourism Bureau of the Ministry of Transportation of Taiwan. The
customer hotel database provided by the Tourism Bureau contained monthly data, such
as revenue, average room prices, occupancy rates, number of employees, etc. Hotels with
room occupancy rates and customer reviews on the Booking.com (accessed on 27 April
2021) website were collected for this study. The datasets were based on the customer hotel
database listed by the tourism bureau and text crawled from the booking website, includ-
ing customers’ online rating scores and comments. Figure 3 depicts the data collection
flow of this study. The monthly data collection period was from July 2017 to December
2019. In total, 53 hotels with 1590 hotel data on the booking website were crawled. The
customer review page obtained from the Booking.com (accessed on 27 April 2021) website
is illustrated in Figure 4. The data of the hotels contain multiple customer review entries,
including overall satisfaction scores for consumption experiences as well as positive and
negative customer comments.

4.2. Data Preprocessing

In this study, online customer reviews gathered from websites were processed using
the natural language application programming interface developed by Google
(https://cloud.google.com/natural-language?hl=zh-tw (accessed on 27 April 2021)) to
generate sentiment scores. Multilingual sentiment analysis was performed in this study.
Google’s natural language application programming interface is based on machine learning
theory. It has developed and provided user-friendly functions and interfaces for coping
with multilingual sentiment analysis. Some of its successful applications have been re-
ported [36,37]. Figure 5 shows the flow chart of the sentiment analysis generated from
customer reviews. Online customer reviews are divided into positive and negative reviews.
Therefore, this study separately calculated the sentiment scores of positive and negative
comments and integrated the scores. Then, online customer reviews were converted to
sentiment scores. Table 1 lists data collected from the booking websites and the results of
sentiment analysis. R_s refers to the customers’ rating scores, whereas P_s and N_s refer

https://cloud.google.com/natural-language?hl=zh-tw
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to positive and negative sentiment scores, respectively, obtained from the comments. In
addition, the term Lang. refers to the language categories of the customer reviews.
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For use in further analysis, this study transformed the sentiment analysis of the review
text and customers’ rating scores into ranking data. The sentiment scores of Google’s
application programming interface were between −1 and 1. The greater the positive value,
the higher the positive sentiment. Conversely, the greater the negative value, the higher the
negative sentiment. Thus, the study divides sentiment scales into seven ranks, as shown in
Table 2. In Table 2, the fourth rank is “more than or equal to −0.1 and less than 0.1”. This
rank includes a sort of “neutral” state. Negative reviews contain both important aspects
and minor issues with respect to various ranks, with scores from −0.1 to −1. Customers’
ratings, illustrated in Table 3, are based on the hotel ratings of the booking website. Table 3
reflects major or minor issues collected from customers in terms of six ranks provided by
booking systems with scores from 0 to 10. Then, by integrating Tables 2 and 3, Table 4
illustrates the sample datasets employed in this study. To compare the performance of the
sentiment analysis of the review text, customers’ rating scores, and the combined data of
customers’ rating scores in forecasting monthly hotel occupancy rates, three datasets are
illustrated in Table 5.
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Table 2. Sentiment scales.

Rank Abbreviations Boundaries

1 X1 less than −0.7
2 X2 more than or equal to −0.7 and less than −0.4
3 X3 more than or equal to −0.4 and less than −0.1
4 X4 more than or equal to −0.1 and less than 0.1
5 X5 more than or equal to 0.1 and less than 0.4
6 X6 more than or equal to 0.4 and less than 0.7
7 X7 more than or equal to 0.7

Table 3. Customer rating scales.

Rank Abbreviations Boundaries

1 X8 less than or equal to 6.9
2 X9 between 7.0 and 7.9
3 X10 between 8.0 and 8.4
4 X11 between 8.5 and 8.9
5 X12 between 9.0 and 9.4
6 X13 more than or equal to 9.5
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Table 4. All independent variables and monthly occupancy rates.

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 Y (%)

3 3 1 2 3 2 7 0 2 0 1 3 5 56.23
5 10 3 1 4 6 20 5 4 2 2 3 15 86.20
2 5 0 1 2 3 11 1 1 0 1 1 11 45.13
5 7 3 1 4 5 12 4 7 1 2 1 9 64.90
2 2 1 0 2 1 6 2 2 0 1 1 4 67.35
0 1 0 0 1 0 1 0 0 2 0 2 0 11.96
3 4 2 0 2 4 14 3 5 1 2 3 9 74.91
0 2 0 0 0 2 1 0 0 0 0 2 3 77.18
4 7 3 1 2 4 14 1 3 0 8 5 8 60.81
5 7 5 0 8 8 16 3 4 5 8 2 13 66.00
1 2 0 1 0 0 5 3 0 1 0 0 2 19.31

Y (%) = monthly occupancy rates.

Table 5. The three divided datasets used in this study.

Content of Data Variables

Dataset I sentiment analysis of review text X1–X7
Dataset II customers’ rating scores X8–X13
Dataset III sentiment analysis of review text and customers’ rating scores X1–X13

4.3. Modeling and Testing

The data are divided into two datasets—a modeling dataset and a testing dataset.
The modeling dataset with 1272 data included monthly data from July 2017 to June 2019,
whereas the testing dataset with 318 data consisted of monthly data from July 2019 to
December 2019. The modeling dataset was employed to train forecasting models, and
the testing dataset was used to evaluate the performance of forecasting models. Figure 6
illustrates the modeling dataset and the testing dataset. A one-month-ahead forecasting
policy was used in this study. Therefore, data gathered from the booking website in a given
month were employed to predict hotel room occupancy rates in the next month.
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5. Numerical Results

In this study, six forecasting models were used to predict hotel room occupancy rates.
The long short-term memory network model used in this study contained 64 neurons.
The time step, batch size, and epoch were 1, 72, and 100, respectively. For the structure
of backpropagation neural networks, one hidden layer with 10 hidden nodes was used.
Table 6 lists the parameters used by the forecasting models in this study. Two indices—
mean absolute percentage error (MAPE) and root mean square error (RMSE), expressed
as Equations (9) and (10)—were employed to measure the performance of the forecasting
models. Table 7 shows two measurements of forecasting accuracy generated by six models
with three datasets. In terms of forecasting accuracy, it was indicated that long short-term
memory network models could generate superior forecasting accuracy compared with
the other five forecasting models. According to the numerical results in Table 7, it can
be observed that using sentiment analysis of review text and customers’ rating scores in
forecasting models can yield more accurate results than using unique data of sentiment
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analysis of review text or customers’ rating scores only. Thus, in this study, hybrid data
were recommended for hotel room occupancy forecasting. Figures 7–9 plot the absolute
error values of hotel occupancies provided by the forecasting models with three datasets.
A boxplot was used to plot the error values. The boxplot provides a clear data distribution
map when there is a large number of values in the visual representation [38].

MAPE(%) =
100
N ∑N

t=1

∣∣∣∣Yt − Ft

Yt

∣∣∣∣ (9)

RMSE =

√
∑N

t=1(Yt − Ft)
2

N
(10)

where N is the number of forecasting periods, Yt is the real value at period t, and Ft is
the forecasting value at period t. In addition, the Wilcoxon signed-rank test [39] was
performed to examine the significance of the accuracy improvement of the LSTM models.
Table 8 illustrates the results of the Wilcoxon signed-rank test with α = 0.025. The results
indicated that the LSTM models statistically and significantly outperformed the other five
forecasting models.

Table 6. Parameters of forecasting models.

Model Parameters Dataset I Dataset II Dataset III

LSTM

Learning rate 0.020 0.029 0.016
Beta_1 0.725 0.883 0.900
Beta 2 0.812 0.913 0.997
Decay 0.023 0.012 0.004

BPNN
Learning rate 0.900 0.200 0.100
Momentum 0.500 0.800 0.800

GRNN Spread 0.100 0.200 0.900

LSSVR
γ 480 500 350
σ 1 50 100

RF

Number of trees 1000 1100 1050
Minimum number of samples to split 2 4 4

Minimum number of samples at a
leaf node 1 2 3

Maximum depth 50 54 60

GPR Kernel bounds [−11,11];
[−11,11]

[−16,16];
[−11,11]

[−18,18];
[−11,11]

Table 7. Measurements of forecasting accuracy by six models with different datasets.

Datasets Measurements
Models

LSTM BPNN GRNN LSSVR RF GPR

Dataset I
MAPE (%) 16.618 17.391 20.254 19.449 21.747 22.447

RMSE 13.221 14.698 17.364 16.494 18.753 22.043

Dataset II
MAPE (%) 16.883 17.898 20.721 19.062 20.777 25.296

RMSE 13.494 15.177 18.139 16.876 17.210 25.673

Dataset III
MAPE (%) 16.416 17.006 19.717 18.905 21.471 21.049

RMSE 13.076 13.826 17.197 16.401 17.946 20.624
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Table 8. The results of the Wilcoxon signed-rank test with α = 0.025.

Dataset Measurements
LSTM vs.

LSSVR BPNN GRNN GPR RF

Dataset I

Z Value 4.042 3.296 4.534 7.507 5.903
Significance Yes Yes Yes Yes Yes

Positive number 184 188 185 206 192
Negative number 134 130 133 112 126

Dataset II

Z Value 3.821 3.327 4.204 5.545 5.315
Significance Yes Yes Yes Yes Yes

Positive number 184 177 180 193 195
Negative number 134 141 138 125 123

Dataset III

Z Value 4.065 2.783 3.164 3.849 6.052
Significance Yes Yes Yes Yes Yes

Positive number 194 174 178 179 198
Negative number 124 144 140 139 120

6. Conclusions

Because of the expansion of online travel agent booking systems, the collection of
customers’ opinions on accommodations has become more diversified. Customers’ online
rating scores and review text in booking systems have become major sources that gather
customers’ experiences; hence, they are essential influences to forecast hotel occupancy.
This study used three datasets—a sentiment analysis of review text, customers’ rating
scores, and combined data of customers’ rating scores—to predict the monthly hotel
occupancy rates with a one-month-ahead forecasting policy. Besides, multilingual comment
contents were included in this study. Six forecasting models—LSTM, BPNN, GRNN,
LSSVR, RF, and GPR—were utilized to deal with the same dataset. The numerical results
indicated that the long short-term memory network model could provide more accurate
hotel occupancy forecasting rates than the other five models in three datasets. In addition,
the hybrid data of the sentiment analysis of review text and customers’ rating scores
produced the most accurate results among all forecasting models.

For future studies, more detailed data, such as attributes of hotels and customers, can
be added as input data for forecasting models. The hotel attributes include international
type, customer type, location, the number of rooms, and prices. The customer attributes
possibly consist of gender, nationality, and stay type. The sentiment analysis and compari-
son according to clusters of different countries and the study of site-specific peculiarities
could be paths for future study. With more detailed data, forecasting models are able to
provide more informative data for hotel management and decision-making. In addition,
the hotel room occupancy used in this study was gathered from public sectors that do not
provide bed and breakfast room occupancy data. Bed and breakfast room occupancy data,
mostly used for the AirBnB system, could be another possible direction for further study to
examine the performance of the proposed hotel room occupancy forecasting architecture.
Finally, because the COVID-19 crisis affected hotel room occupancy, the data collected in
the COVID-19 period is a challenging topic worthy of future investigation.
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