
978-1-6654-9796-1/22/$31.00 ©2022 IEEE 

Performance Analysis of Deep Approaches on 
Airbnb Sentiment Reviews 

Muhammad Raheel Raza 

Department of Software Engineering 

Firat University 

Elazig, Turkey 
191137125@firat.edu.tr 

ORCID: 0000-0002-6305-2583 

Walayat Hussain  
Victoria University Business School 

Victoria University 

Melbourne, VIC 3011, Australia 
walayat.hussain@vu.edu.au 

ORCID: 0000-0003-0610-4006 

Asaf Varol  
Faculty of Engineering and Natural 

Sciences 
Maltepe University 

Istanbul, Turkey 
asafvarol@maltepe.edu.tr 

ORCID: 0000-0003-1606-4079 

 

Abstract— Consumer reviews in the Airbnb marketplace are 

one of the key attributes to measure the quality of services and 

the main determinant of consumer rentals decisions. Such 

feedback can impact both a new and repeated consumer's choice 

decision. The way to manage poor reviews can help to save or 

damage the host's reputation. Sentiment analysis enables an 

Airbnb host to get an insight into the business, pinpoint 

degradation of the specific component of compound services and 

assist in managing it proactively. Multiple Deep Learning 

algorithms have been used for Natural Language Processing 

(NLP). For optimal sentiment management in the Airbnb 

marketplace, it is crucial to identify the right algorithm. The 

paper uses multiple Deep Learning algorithms to identify 

different aspects of guest reviews and analyze their accuracies. 

The paper uses four accuracy measurement benchmarks – 

Precision, Recall, F1-score and Support to analyze results. The 

analysis shows that the GRU method achieves the best results 

with the highest classification metrics values as compared to 

RNN and LSTM.        
 

Keywords— Deep Learning, Sentiment Analysis, RNN, 

LSTM, GRU, Airbnb reviews. 

I. INTRODUCTION 

Air Bed and Breakfast, abbreviated as Airbnb, is an 
internet marketplace that lists and arranges local homes 
and extra living spaces for short-term rental purposes. The 
company was founded in 2008 by Joe Gebbia, Brian Chesky, 
and Nathan Blecharczyk. As an idea initiative, Gebbia and 
Chesky first used their own home as an Airbnb place to 
supplement their income and pay their rent. Since its inception 
in 2008, it has provided 7 million houses and accommodations 
in over 81,000 locations across 191 countries. The three cities 
with the most listings in 2020 included Paris, New York, and 
London. Individuals and traveller groups that are searching 
for housing and travel experiences beside hotels are 
increasingly turning to Airbnb [1]. For instance, in the US, San 
Francisco, being a global metropolis, has one of the highest 
concentrations of listings within the region and is a popular 
Airbnb destination with a vast world population. 

Airbnb, itself does not own any real estate. It serves as a 
middleman between individuals ready to rent out their 
places and those who wish to get a rented space. The concept 
underlying Airbnb is quite clear. It discovers a way for 
residents to supplement their income by renting out their 
free rooms and additional houses or spaces to visitors [2]. 
Homeowners who avail the services of Airbnb may advertise 
their houses to millions of people around the globe while also 
knowing that a huge organization will handle payments and 
support. Airbnb aims to facilitate a more comfortable 
atmosphere and more individuality for tourists [3].  

Due to the extensive usage of Airbnb services worldwide, 
millions of people stay connected as hosts and guests. After 

availing the rental services, people tend to share their 
experiences on the online Airbnb portal in comments and 
reviews. This feedback assists other thousands of people in 
deciding before consulting the same services and location [4]. 
People may suggest positive and negative reviews, which, in 
turn, impact the popularity and reputation of hosts and their 
offered home services. Therefore, the analysis of online 
customer reviews is considered a crucial task that affects the 
decision-making process [5].  

Sentiment Analysis is a text processing technique that 
finds and extracts subjective data from the source content, 
allowing an organization to know the social perception of its 
products and service by analyzing the online discussions 
and conversations [6]. Sentiment analysis derives data from 
customer comments that can improve the prediction models' 
performance and increases the accuracy of models' results [7]. 
The capability of algorithms to analyze text has greatly 
increased because of the latest advancements in deep learning 
[8, 9]. Sophisticated Artificial Intelligence algorithms used 
creatively can be a valuable tool for conducting in-depth 
analysis [10, 11]. DL is a field of AI that mimics human brain 
activity and allows a computer to function and think like one 
[12].  The different layer nodes of the DL architecture are 
similar to those of a neural network [13]. RNNs follow the 
backpropagation algorithm in a network and keep an internal 
memory of the current input as well as the output from the 
last memory unit as input to make correct predictions [14, 15]. 
LSTM overcomes the problems of RNN by ensuring long-
term dependencies, making it ideal for sentiment 
categorization [16, 17]. GRU is another RNN that functions 
like LSTM to address short-term memory with two other 
update gate and reset gate gates. 

The rest of the paper is structured as follows: Section 2 
contains a limited literatüre review performing sentiment 
classification of Airbnb reviews. Section 3 highlights the basic 
concepts of deep learning approaches used in the study. 
Description of the dataset and implementation are mentioned 
in Section 4. The results of the analysis are displayed in 
Section 5 of the paper. Section 6 includes the conclusion of 
the study. 

II. RELATED WORK 

The section gives a brief literature review of limited 
articles focusing on text sentiment classification of Airbnb 
user reviews. The reviews focused on different aspects of 
customer consideration, including price factor, 
accommodation location, and many more. 

To investigate the correlations between the self-
description proposed by the host, trust assessment, and 
purchase decisions on Airbnb, a sentiment analysis framework 
was presented in the paper [18]. A deep-learning-based 
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approach automatically classifies the trust evaluation of the 
owner's self-descriptions. Text mining algorithms were used 
to retrieve the semantic and syntactic aspects of descriptive 
texts [19]. The impact of grammatical and semantic elements 
on trust perception is also determined, as well as the 
correlation is identified between trust assessment and 
purchasing behavior. On the basis of house specifications, 
tenant information, and customer's listing reviews, the article 
[20] tries to develop a model for estimating the rates of an 
Airbnb listing. The generated model may be used by both 
hosts and guests to predict the Airbnb listing values. It 
performed sentiment analysis, extracting information from 
customer comments that assist improve the prediction model's 
performance. 

By examining a large-scale dataset of online comments, 
the study [21] analyzes the factors that impact travellers from 
various cultures. The study found that Chinese-speaking 
visitors and English-speaking tourists have different priorities 
[22] regarding the four factors that travellers take into account 
when deciding on an Airbnb: the owner, housing, location, 
and cost. The findings imply that Chinese-speaking visitors 
are more favorable and realistic when submitting online 
reviews than English-speaking ones. The paper [23] gathered 
reviews from Airbnb and Couchsurfing, two companies that 
cater to the sharing economy. Because personal interaction 
between the homeowner and the visitor is widespread in 
sharing economy hosting services, this may influence the 
visitor's decision to leave bad comments, as poor ratings might 
undermine the provided services [24]. It is discovered after 
doing a sentiment analysis that ratings in the sharing economy 
are relatively better than in the traditional economy. 

The authors [25] concentrated on plain-text in Airbnb 
reviews and used sentiment analysis DL methods [26] to see 
if user rating and review behaviours alter when plain-text 
feedback is compared to numeric ratings. I'll also look at the 
outcomes of plain-text feedback sentiment analysis to see if 
the sentiment scores can lead to less inflated values. The 
findings indicate that plain-text feedback' sentiment scores are 
not considerably different from numerical ratings, and they 
show comparable rating inflation patterns. The sentiment 
classification of public visitor reviews about short-term 
accommodation in the paper [27] is proposed regarding 
human comfort and fulfilment. A methodology is devised and 
proven for determining the top known reasons for IEQ (Indoor 
Environmental Quality) complaints, evaluating seasonal 
trends in IEQ concerns, and quantifying the occurrence of 
multi-domain IEQ complaints. 

Authors [28] utilized ML-based techniques to analyze 
100,000 user reviews submitted on the Airbnb site to find 
distinct characteristics that impact consumer satisfaction by 
dividing them into categories as individuals, couples, and 
families. Six satisfaction measures were used to assess the 
performance of accommodation using NLP algorithms and 
ML approaches. The findings imply that people's perceptions 
of these variables differ as they go from one category to the 
next. The papers [1, 29] evaluate a set of online 
customer reviews using text mining and sentiment 
classification and analyze the factors that impact Airbnb users' 
experiences. Users of Airbnb prefer to rate their experiences 
based on observations done at previous accommodations. The 
paper uses location, amenities, and host as the three most 
important qualities of customer accommodation reviews. 

The Latent Aspect Rating Analysis (LARA) [30] is 
tweaked to include both textual and numerical ratings in the 
sentiment evaluation of Yelp reviews. Customers will be able 
to recognize the major characteristics [31] and feelings 
inherent in textual comments, as well as comprehend how 
these attributes and emotions contribute to readers' overall 
satisfaction. The article [32] examines customer evaluations 
on Airbnb in order to gauge client satisfaction and better 
understand the factors that Airbnb users use when renting 
short-term accommodations. The goal is to establish which 
qualities are essential to clients and to deliver city typologies 
based on their preferences. 

III. SENTIMENT CLASSIFICATION TECHNIQUES 

Sentiment analysis examines how a text expresses 
emotion. User feedback, survey replies and product 
evaluations are all analyzed to identify user interests. 
Sentiment classification may help with social media 
monitoring, brand management and customer satisfaction [33, 
34]. It can detect positive mentions indicating strengths and 
negative mentions representing unfavourable reviews and 
difficulties that people confront. Different sentiment analysis 
approaches include Deep Learning approaches such as RNN, 
LSTM and GRU [22].  

A. Recurrent Neural Network (RNN) 

Within the RNN architecture, the input layer is symbolized 
as 'ipt', the hidden layer as 'hdn' and the output layer as 'otpt'. 
Within the time 't', two inputs of 'ipt(t)' and 'hdn(t-1)' are fed 
into the current state expressed as the current hidden state 
'hdn(t)': 

                  ℎ��� = �(ℎ���	
, ���)                         (1) 

The application of an activation function (tanh) and taking 
the weights into consideration, for instance, 'W(hdn)' is the 
weight of the last hidden state and 'W(ipt)' is the weight of the 
current input state, transforms the equation (1) as: 

                ℎ��� = ���ℎ(���� ∗ ℎ���	
 + ���� ∗ ���)       (2) 

The output of the current state, expressed in equation (3) 
includes the product of the last hidden state and the weight of 
the output state: 

                                 ���� = ����� ∗ ℎ���	
                         (3) 

B. Long-Short Term Memory (LSTM) 

Within the LSTM architecture, two inputs of 'ipt(t)' and 
'hdn(t-1)' are fed into the current state using a sigmoid 
activation function is expressed as a forget gate 'frgt(t)': 

        ����� = �[�� !� ∗ (ℎ���	
, ���) + "��#� !�]     (4) 

It is computed in two parts to determine the amount of data 
to be saved in the cell state. First, the combination of 'ipt(t)' 
and 'hdn(t-1)' is processed by a sigmoid layer to yield 0 or 1. 
Second, the same data is sent to the tanh function, which gives 
'cell' (t)' to the cell state. The input gate's formulas are as 
follows: 

   ��%�� = �[����&� ∗ (ℎ���	
, ���) + "��#���&�]     (5) 

    '())�′ = ���ℎ[�+,--. ∗ (ℎ���	
, ���) + "��#+,--.]    (6) 

To modify the prior cell state 'cell(t-1)', taking the product 
of 'cell(t-1)' and 'frgt(t)' for eliminating any irrelevant data. 
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Now multiplying 'cell'(t)' with 'input(t)' to get the new data, 
and then adding the two resultants as: 

               '())� = (����� ∗ '())�	
) + (��%�� ∗ '())�
.)       (7) 

Finally, the output gate outputs the data decided by input 
and cell states. 

              ���� = � (����� ∗ [ℎ���	
, ���] + "��#����)     (8) 

ℎ��� = ����� ∗ ���ℎ('())�)        (9) 

C. Gated Recuurent Unit (GRU) 

The Update gate 'updt(t)' manages the short-term memory 
as follows: 

           %��� = � (�&��� ∗ [ℎ���	
, ���] + "��#&���)    (10) 

Similarly, the Reset gate 'rst(t)' manages the long-term 
memory, expressed as follows: 

                 �#�� = � (� /� ∗ [ℎ���	
, ���] + "��# /�) (11) 

For the calculation of current hidden state 'hdn(t)', a 
candidate hidden state 'hdn' (t)' is expressed as: 

          ℎ���′ = ���ℎ (� /� ∗ [ℎ���	
, ���] + "��# /�) (12) 

 The final current hidden state is achieved as equation (13):   

          ℎ��� = %��� ∗ ℎ���	
 + (1 1 %���) ∗ ℎ��′� (13) 

IV. IMPLEMENTATION & DESIGN 

This section involves a brief description of the dataset, the 
flowchart of deep learning sentiment analysis, and DL models' 
hyper-parameter configuration. 

A. Description of Dataset 

The experiment uses the Airbnb text reviews dataset 
downloaded from the Kaggle repository. The repository 
includes numerous text review datasets from different online 
platforms and accommodation booking websites such as 
Airbnb, Couchsurfing, Agoda, Expedia, etc. The text reviews 
give information to the other guests about the accommodation 
status, their experiences while staying at that place, the 
condition of the place or house, including rooms, prices of the 
places, and other topics that would help new guests make 
decisions easily. For our analysis, the dataset contains 13,051 
text reviews from 2008 to 2019. Each record contains several 
columns describing the ID, description, URL, house rules, 
hostname, host location, city, country, zip code, maximum 
and minimum nights for stay, number of guests allowed etc. 
The dataset follows an 80:20 split. Table 1 describes the 
division of training and testing datasets in a tabular form. 

TABLE I.  DIVISION OF AIRBNB REVIEWS DATASET 

Airbnb Reviews 

Dataset 
No. of Reviews Percentage 

Training Sample 10,440 80% 

Testing Sample 2611 20% 

Total 130,51 100% 

B. Flowchart 

Figure 1 displays a flowchart describing the process 
followed in carrying out the sentiment classification of Airbnb 
reviews. It is a step-by-step procedure from taking the reviews 
dataset calculating classification metrics values. 

 

Fig. 1. Flow diagram showing Sentiment Analysis of Airbnb Reviews. 

C. Hyper-parameter Configuration 

The model employed is Sequential, which means it has a 
sequence of layers. Each model has a single layer that 
corresponds to the layer name. For all DL models, the learning 
rate is set as 0.001, which balances the model's learning 
ability. The activation function used is the Softmax activation 
function. Table 2 shows the model's different hyper-
parameters adjusted for analysis. 

TABLE II.  HYPER-PARAMETERS CONFIGURATION 

Hyper-parameters Airbnb Reviews Dataset 

Model Sequential 

Activation Function Softmax 

No. of Epochs 20 

Optimizer Adam 

Layers 
[1-LSTM / 1-RNN / 1-GRU] 

per model 

Learning Rate 0.001 

 

V. EXPERIMENTAL OUTCOMES 

The use of Deep Learning techniques of RNN, LSTM and 
GRU to perform sentiment analysis of Airbnb text reviews has 
substantially impacted the outcomes. The approaches are first 
used to train the model. It goes through 20 epochs for 
complete training of model. The model is then applied to the 
test dataset to check its accuracy. A comparative analysis of 
the accuracy rates obtained by three DL approaches is given 
in the Table 3. 
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TABLE III.  COMPARISON OF ACCURACY RATES PER EPOCH 

Accuracy RNN LSTM GRU 

 

 

Epochs 

1st 0.9338 0.9392 0.9425 

2nd 0.9569 0.9602 0.9605 

3rd 0.9612 0.9657 0.9716 

4th  0.9690 0.9689 0.9745 

5th  0.9733 0.9722 0.9754 

 

Classification metrics such as Precision, Recall, F1-score 
and Support values are calculated by DL models for positive 
reviews represented as '2', neutral reviews as '1' and negative 
reviews as '0' within the dataset. Tables 4, 5 and 6 show the 
classification metrics values calculated by RNN, LSTM and 
GRU models, respectively. Results show that GRU 
outperforms the RNN and LSTM models and delivers the 
highest classification metrics values. 

TABLE IV.  CLASSIFICATION METRICS FOR RNN MODEL 

Sentiment Precision Recall F1-score Support 

0 0.69      1.00       0.81  159 

1 0.56 0.17 0.26 59 

2 0.98 0.97 0.97 2393 

 

TABLE V.  CLASSIFICATION METRICS FOR LSTM MODEL 

Sentiment Precision Recall F1-score Support 

0 0.68      1.00       0.81  159 

1 0.48 0.24 0.32 59 

2 0.98 0.96 0.97 2393 

 

TABLE VI.  CLASSIFICATION METRICS FOR GRU MODEL 

Sentiment Precision Recall F1-score Support 

0 0.68 1.00 0.81 159 

1 0.55 0.27 0.36 59 

2 0.98 0.97 0.98 2393 

A line graph representing the performances of DL models 
throughout the experiment is shown in Figure 2. 

      

Fig. 2. Graphical Representation of Accuracy Rates of RNN, LSTM & 
GRU. 

VI. CONCLUSION 

Nowadays, people tend to use the services offered by 
Airbnb and other online platforms rather than booking hotels 
and consulting them to stay while travelling. Therefore, it 
remains a crucial task for them to decide the best place to stay. 
For that purpose, the study undergoes sentiment classification 
of Airbnb reviews commented by the guests. Results from 
three Deep Learning methods of RNN, LSTM and GRU are 
compared to achieve the best accuracy and classification 
metrics values. Experiment shows that GRU outperforms 
RNN and LSTM in accuracy rates and other performance 
results. 
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