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Abstract 

The COVID-19 pandemic has tremendously impacted our society, with massive economic 

shifts, including within the tourism industry. The aim of this research is to answer the question 

of how risk awareness has developed among tourists during the COVID-19 pandemic. Using 

Airbnb reviews, this research examines whether perception of cleanliness has changed since 

the outbreak and how this has affected indicators such as occupancy, price and monthly income. 

Based on Latent Dirichlet Allocation topic modelling algorithm, this paper shows that there has 

been a change in risk perception, which also has a positive impact on the performance indicators 

of cleanly-perceived properties. 

 

Keywords: COVID-19 Impact, Hospitality Management, Tourism Industry, Sharing Econ-

omy, Machine Learning, Natural Language Processing, Sentiment Analysis 
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1. Introduction 

1.1. Background and Problem Statement 

“The impacts of COVID-19 on tourism are unprecedented. With borders closed, hotels shut 

down and planes on the ground, tourism has come to a total standstill in the last two months,”  

This quote by Zoritsa Urosevic (UNWTO 2020), Director of Institutional Relations and Part-

nerships at UNWTO, describes the precarious situation which the tourism industry has been 

exposed to following the outbreak of the coronavirus. The outbreak of the COVID-19 pandemic 

has affected countries, societies and individuals across the globe and has resulted in a public 

health crisis - hospitals working at full capacity, cancelled operations, and perform triage (Gal-

lina 2020). This dramatic development has severe consequences for the international and do-

mestic tourism industry which has experienced a significant downturn. The UNWTO (2020) 

estimated that the pandemic will result in a loss of approximately $910 billion and a decline in 

international travel of 60-80% after the WHO declared COVID-19 a global pandemic.  

Airbnb, as a sharing platform for housing particularly affected by the pandemic, reported a 

decline in revenues by 72%, leading to 1,800 job cuts as a result of the COVID-19 outbreak 

(Airbnb, 2020a). However, in the second half of the year 2020, Airbnb seemed to have recov-

ered with returned profits and a successful IPO, where the company generated a market cap 

past the market cap of comparable industry giants such as Booking.com or Expedia (Abril, 

2020). Despite this trend, many Airbnb hosts are still in a precarious situation. In the United 

States, Airbnb hosts have lost $4,036 since the beginning of the pandemic and have not seen 

booking increase since the lifting of certain COVID-19 measures (Lane 2020). The Forbes 

Magazine (2020) moreover revealed that 47% of Airbnb hosts did not feel safe renting out their 

properties, while over 70% of guests were afraid to stay in an Airbnb. This leads to the question 

of whether the risk perception of tourists have changed during the pandemic and how this im-

pacts Airbnb’s business model. 
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1.2. Objectives and Scientific Approach 

Numerous studies have highlighted the importance of risk perception of tourists during and post 

health crises (Sharpley and Craven 2001; Baxter and Bowen, 2004; Rassy and Smith 2013). 

Currently, little is known about how COVID-19, which exceeds all previous tourism crises, has 

influenced the risk perception of travelers. Therefore, the central objective of this thesis is to 

assess the impact of COVID-19 on Airbnb and analyze whether the perception of risk has been 

changed due to the pandemic. The main variable that is considered in this regard is perceived 

cleanliness. At the beginning of the pandemic, it was unclear how exactly COVID-19 was 

transmitted. As the pandemic progressed, it became increasingly evident that the virus could be 

contracted by touching contaminated surfaces and breathing contaminated air. It can be thus 

hypothesized that guests made their choices of which listing to book based on the perceived 

cleanliness of other guests. Following this premise, this research paper focuses solely on prop-

erties in the city of London between January 2019 and January 2021. London is a suitable can-

didate for testing as the reviews here are largely written in English. Multilingual reviews would 

only lead to unnecessary complications in the topic modeling algorithm. Furthermore, January 

2019 is an appropriate start date due to the consistency of the data and the fact that seasonal 

effects might be diminished.  

This research relies on a topic modeling approach conducted with the Latent Dirichlet Alloca-

tion (LDA) algorithm, to assess how the perception of cleanliness has evolved over the course 

of the sample period. This model, combined with sentiment analysis, is used to implement a 

parameter that distinguishes between properties perceived as clean and otherwise. This distin-

guishing parameter will help to compare the development of price, monthly income and occu-

pancy rate of properties in London with the goal to create a framework that can be used through-

out other regions. The results will ultimately be used to drive recommendations for how Airbnb 

hosts can react towards COVID-19 to still be able to attract tourists as the pandemic continues. 
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2. Literature Review 

In order to bring the research question into context, a few theoretical frameworks will be dis-

cussed. Since the research is designed to study the effects of COVID-19 on Airbnb, it is crucial 

to understand current trends in the sharing economy, of which Airbnb is one of the biggest 

players. Analyzing current trends in the sharing economy will also help to understand how 

resistant this industry is against disruptive events like a pandemic. Building upon this research, 

it will be explained how a pandemic can influence the hospitality and tourism industry in gen-

eral. Airbnb is a player in the sharing economy, offering hospitality services with a client base 

of mostly, and therefore very suitable to study these effects. Finally, the topic of risk perceptions 

and the role this plays on the tourism industry will be addressed in order to lay the foundation 

of the generated hypotheses. 

2.1.  The Sharing Economy 

Given the speed of which COVID-19 is spreading and considering the strict measures imposed 

on the society, the sharing economy is an ideal industry to study the impact of the pandemic. 

The sharing economy is defined as “people coordinating the acquisition and distribution of a 

resource for a fee or other compensation” (Belk, 2014, p. 1597). Many economic, social, and 

technological factors are driving the sharing economy in order to propel the industry into a 

successful phenomenon and stable economic sector (Mody et al., 2019). The sharing economy 

focuses on underutilized resources, and therefore, drives sustainability (Cheng et al., 2020; 

Geissinger et al., 2019). The sharing economy has had a positive impact on various industries, 

such as transportation (e.g., Uber), lodging (e.g., Airbnb) and household services (e.g., 

Care.com) and is thereby promoting a shift towards more sustainable production and consump-

tion. To be more specific, it is increasingly linked with the discourse surrounding the circular 

economy, highlighted by the advantages of a transition from an ownership-based economy to 

an access-based economy (Botsman and Rogers, 2010; Curtis and Mont, 2020).  
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2.1.1. Short-term Impacts of COVID-19 on Sharing Platforms 

COVID-19 has disrupted the sharing economy significantly. However, at this moment there is 

only a limited amount of research papers that discusses the impact of COVID-19 on this indus-

trial sector. Most of the literature regarding the sharing economy and the COVID-19 pandemic 

thereby focuses on Uber and Airbnb, which correlates with the existing literature about the 

sharing economy generally (Muñoz and Cohen, 2018; Ritter and Schanz, 2018). Following this, 

it is necessary to distinguish the pandemic’s short-term impacts of the pandemic between the 

macro- (e.g., societies, economies, governments), meso- (e.g., businesses, organizations, com-

munities), and micro-levels (e.g., employees, individuals, consumers) (Baum et al. 2020). For 

example, COVID-19 measures from a macro perspective, like physical distancing, lockdowns, 

closed borders or increased hygiene standards have a significant impact on sharing platforms 

and its operations (Curtis and Mont 2020). Since these business models usually operate in a 

two-sided market, which requires a personal exchange in goods and services, restrictions on 

distances have severe consequences. With individuals being precautious in terms of avoiding 

contracting and spreading the virus, the demand for engaging with sharing platforms conse-

quently seems to decrease in the same way (Mont et al. 2021).  

However, a major advantage of sharing platforms is their ability to exploit information and 

communication technology (ICT) in order to potentially reduce the drawbacks experienced by 

other types of industries that are less digitalized. Exploiting the opportunities of smartphone 

applications, digital keys and virtual communication does not only reduce the need to meet in 

person but eventually keeps a certain quality of service. The digital nature of sharing platforms 

also increases the ability to adapt more quickly to new conditions and technologies, due to 

technical flexibility and higher agility, which results in low transition costs (Kamal 2020). Ac-

cordingly, the trend is that demand of sharing platforms is going to increase, especially those 

that manage the transition to contactless exchange of goods (Horgan et al. 2020).   
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2.1.2. Airbnb as a Major Participant in the Sharing Economy 

Looking at the different types of sharing platforms, it becomes clear that they have been im-

pacted in different ways and to a different extent. The type of sharing platform that has probably 

been most affected are hospitality platforms like Airbnb (Lee and Deale 2021; Boros et al. 2020; 

Hossain 2021). Airbnb’s founding idea is based on a concept of living together with strangers 

for low costs and high host involvement (Zervas et al. 2017). Although the company developed 

a very successful business model, a significant number of consumers have also conveyed com-

plaints, constraints and risk associated with staying in such accommodations even before the 

pandemic (Liang 2018; Phua 2019). According to this, perceived risk and lack of trust have 

been explored as obstacles for Airbnb (Jun 2020; Lee 2020). Previous studies thereby examined 

that distrust generates a negative attitude towards Airbnb properties and that Airbnb guests de-

velop their risk perception mainly based on previous experiences and experiences of others. (So 

et al. 2018; Liang 2018).  

During a pandemic, these obstacles become particularly observable through several key perfor-

mance indicators. For instance, Airbnb reservations in many countries went down by a reported 

90% linked directly to travel restrictions and lockdown measures. Consequently, COVID-19 

perfectly illustrates the fragility of Airbnb towards external events and travel behavior of tour-

ists that are closely related to risk perceptions. As a result, Airbnb’s market valuation dropped 

from USD 31 billion in early 2017 to USD 18 billion in April 2020. Compared to 2019, reve-

nues dropped more than 50% (Airbnb 2020a). While many experts expected a long-term decline 

in demand for Airbnb, in the US, Airbnb experienced more bookings in the summer of 2020 

than during 2019. Mohamed (Mohamed 2020) examined that the reason for this might be that 

tourists perceive Airbnb properties as less risky for contracting the virus compared to hotels. 

Despite these first indications, yet only little is known about how the risk perception of tourists 

has changed due to the pandemic (Lee and Deale 2021). 
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2.2. Impact of Diseases on Tourism Industry 

The example of Airbnb shows how fragile the tourism sector is and exposes its influenceability 

when faced with natural or human-made disasters or diseases outbreaks (Çakar 2018; Reddy et 

al. 2020). In the past 20 years, several major events have significantly disrupted the tourism 

industry such as terrorist attacks (e.g., New York City 2001, Bali 2002), the global financial 

crisis of 2008, the eruption of the volcano Eyjafjallajökull in 2010 or the 2004 Tsunami in 

Southeast Asia (Hall 2010; Lim and Won 2020). The most significant disease outbreaks affect-

ing the tourism industry were the bovine spongiform encephalopathy (“mad cow disease”) in 

2002-2003, the severe acute respiratory syndrome (SARS-CoV) in 2003, the avian flu in 2004, 

the swine flu (H1N1) in 2009, Middle East Respiratory syndrome-related coronavirus in 2012 

(MERS-CoV) and the Ebola outbreak in 2014 (Boros et al. 2020). All these events have em-

phasized the relevance of post-crisis management in the tourism industry and caused a series of 

academic research studying the effects of such outbreaks while highlighting the importance of 

precaution and preventive mechanisms (Sharpley and Craven 2001; Baxter and Bowen, 2004; 

Rassy and Smith 2013.; McAleer et al. 2010). However, as we see in the current COVID-19 

crisis, governments worldwide have failed to introduce effective measures for disease-related 

tourism management and communication (Kuo et al. 2009; Lee et al. 2012; Joo et al. 2019).  

Across the research papers, common ground can be found through the fact that declines in tour-

istic activities are primarily caused by concerns of tourist’s health and security as well as to 

non-pharmaceutical interventions like lockdowns, surveillance, border control and quarantine 

(Ryu et al. 2020; Ho et al. 2017; Lee et al. 2012). These observations are coherent with the 

concept of perceived risk theory. According to this framework, the consumer purchasing pro-

cess is negatively influenced by unknown and uncertain factors which are evaluated by personal 

and subjective evaluations (Bauer 1980). Following this, risk perception can be explained as 

the subjective evaluation of risk of a threatening situation based on its features and severity 
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(Sjöberg et al. 2004; Moreira 2008). In this regard, it is worth mentioning that touristic activities 

are not only affected by diseases but also by the speed of its spread (Omrani and Shalhoub 

2015; Findlater and Bogoch 2018). Due to an increasing mobility, accessibility and affordabil-

ity of air travel, infectious diseases can spread more easily and rapidly across the globe.  

According to this, risk perception of tourists plays an important role in tourist behavior and 

travel decisions, albeit depending on the tourist’s experience and knowledge in such critical 

situations. Studies show that touristic activities decline significantly when tourists are con-

cerned about their health and safety (Leggat et al. 2010; Pine and McKercher 2004; Yanni et 

al. 2010; Schroeder et al. 2013). Following this, negative effects in traveling appear quickly 

with long recovery times (Lean and Smyth 2009). Accordingly, the time for recovery seems to 

be connected to different cultural backgrounds as studies of the SARS outbreak in Taiwan re-

veal. Lim and Won (2020) examined that the risk is perceived differently and is affected by 

experiences regarding the virus and the trust in health organizations. In this regard, the recovery 

from tourist flows of Japan took much longer compared to the United States or Hong Kong.  

2.3. Communication as a Key to Attract Customers in Times of Uncertainty 

Many research papers connect travel decisions with the perception of risk where communica-

tion plays a crucial part in influencing tourists by driving fear, uncertainty and concerns (Baxter 

and Bowen 2004; Sparke and Anguelov 2012; Maphanga and Henema 2019; Jamal and Budke 

2020). In general, infectious outbreaks always negatively affect consumer behavior – even if 

the disease is not harmful, such as in the case of the avian flu (Kim et al. 2020). Following this, 

it can be observed that the media can be responsible for setting an atmosphere of fear and un-

certainty among tourists (Monterrubio 2010). Another aspect that plays an important role in this 

regard is the concept of word-of-mouth which refers to non-commercial flow of information 

regarding brands, products, companies and others (Harrison-Walker 2001). The reason why 

word-of-mouth is so influential is because humans usually rely more on what family, friends or 
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reliable people say rather than commercial advertising. Therefore, word-of-mouth is often re-

ferred to as a consumer-driven communication tool which becomes even more significant in 

our modern society that is driven by social media and digital technology (Hennig-Thurau et al. 

2002; Fong and Burton 2006). This puts an emphasize on communication as a mechanism for 

recovering in times of crisis. Scholars point out that that hotel facilities and destinations must 

convey a message of safety and appropriate health conditions in order to attract tourists which 

makes word of mouth as an influential communication method of particular interest in this re-

gard (Yu et al. 2020).  

3. Hypotheses 

In order to investigate the impact of COVID-19 on Airbnb and analyze whether the perception 

of risk has shifted due to the pandemic, the following two central hypotheses are proposed 

which are extensively examined in the empirical part. First, the hypotheses relate to the general 

question of whether the perception of cleanliness as a risk factor has changed with the onset of 

COVID-19. In the next step, the hypotheses become more specific and determine how this po-

tentially observed shift has affected the business. For this, the development occupancy rates, 

price per night and monthly generated income will be assessed over the course of the pandemic.  

Hypothesis H1: Due to the outbreak of the coronavirus, the perception of cleanliness has 

changed significantly. It is expected that the awareness of hygiene as a risk factor has increased 

during the pandemic. This means that from March 2020, it is more likely that in an Airbnb 

review, the most relevant topic is cleanliness.  

In this hypothesis, it is assumed that due to media coverage, general public fear and severity of 

the disease, the factor of hygiene moves into the focus of attention when people make reviews 

about Airbnb properties. Prior to the pandemic, other factors might have been more relevant 

than cleanliness, such as location and how well the property is connected to the public trans-

portation system. The hypothesis is therefore confirmed if, on the one hand, the topic 
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corresponding to hygiene has a higher weight in the reviews while other topics become increas-

ingly irrelevant over the course of the pandemic.  

Hypothesis H2: COVID-19 causes a significant difference in monthly occupancy, price per 

night and monthly generated income between Airbnb listings perceived as clean and properties 

not perceived as clean. Here, it is assumed that in times of uncertainty, travelers base the pur-

chasing decision based on experiences of others according to the word-of-mouth framework. 

Therefore, tourists book units, where the perceived risk is as low as possible, at a higher rate. 

This would correspond with clean-perceived apartments which is why this hypothesis is con-

firmed if Airbnb listings classified as clean charge higher prices, are booked more frequently 

and consequently generate more income as compared to not perceived clean apartments.  

4. Methodology 

The empirical analysis and testing of the formulated hypothesis was carried out in a two-step 

approach. In the first step, reviews of Airbnb properties in London, United Kingdom were pro-

cessed with the Latent Dirichlet Allocation (LDA) algorithm in the sample period of the 1st of 

January 2019 until the 31st of January 2021. This algorithm, an unsupervised machine learning 

model that is used for topic modeling, examines what Airbnb guests talk about in their reviews. 

The goal is to find a topic corresponding to hygiene before its relevance and dominance in the 

reviews will be analyzed over the course of the sample period.  

Following this, each listing where cleanliness is the dominant topic will be labeled accordingly. 

At the end, a parameter will be induced to the dataset that will distinguish between properties 

where guests talk about cleanliness or not. Then, sentiment analysis is applied on each sentence 

per review that deals with cleanliness. For this, with the help of the Python library SpaCy, a 

library of synonyms related to cleanliness and dirtiness is created, which will be used to extract 

all the relevant sentences. If a property where cleanliness is a dominant topic contains a 

clean/dirty reference, the sentence will be extracted, and sentiment analysis will be applied on 
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it. If the sentiment score is positive, the listing will be labeled as perceived clean and not per-

ceived clean if otherwise.  

4.1. Origin of the Data 

This research uses Airbnb data which was provided by Inside Airbnb for bookings occurring 

between the 1st of January 2020 and 31st of January 2021 in London, United Kingdom. The 

selected time period and location allows deep insights into how COVID-19 has affected the 

short-term rental market in a metropole that is typically a main tourist and business traveler 

hub. According to Inside Airbnb, the data was verified, cleansed and aggregated and comes 

from public information on the Airbnb website (Inside Airbnb, 2021). For the purpose of this 

research, two files are extracted each month: listings and reviews and. The Airbnb listing data 

includes key property characteristics with timestamps that allow for the analysis of which fac-

tors are most affected by the COVID-19 pandemic. The variables include property location, 

property type, room type, Superhost status, allowed number of guests and Airbnb scores. The 

final dataset counts for 318,698 observations. The reviews’ dataset includes a unique timestamp 

for each review. Furthermore, the dataset records a unique reviewer ID, the listing ID and the 

exact comment. The comments will later be used to determine whether a listing is perceived 

clean or not and for the topic modelling in order to determine the development of review topics 

around the term clean. Before presenting the results, the next section will explain how LDA 

topic modeling works in order to have a better understanding of the outcome of the analysis.  

4.2. Topic Modelling with Latent Dirichlet Allocation 

Topic modelling has been widely used in many different fields including scientific topic ex-

traction, cryptocurrency, operation and risk extraction, communication research, marketing, in-

vestor attention modeling, computer vision and even bioinformatics (Blei and Lafferty 2007; 

Linton et al. 2017; Huang et al. 2017; Maier et al. 2018; Reisenbichler and Reutterer 2019; Liu 

et al., 2018). Generally speaking, topic modelling is a form of unsupervised machine learning 
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that enables processing a large collection of data, but preserves statistical relationships in order 

to perform classification or summarization tasks (Bhat et al., 2019). Topic models are used for 

discovering latent variables which affect the composition of a document. These latent variables 

represent abstract topics. The main challenges in topic modeling are (1) handling the predomi-

nance of the most frequently appearing words in the estimated topics and (2) interpreting topics 

that are overlapping with common words. Thereby, topic modeling makes use of the word co-

occurrence information to predict topics. The reason why co-occurrence is an appropriate 

method is due the way the human language is structured. Certain words appear more frequently 

than others which leads to a co-occurrence of these words where more words result in a pre-

dominance in estimated topics (Lei and Ying 2021).  

4.2.1. The Foundation of Topic Modelling 

Topic modelling with the LDA model is a relatively young method, dating its origin back to the 

early 1980s. Founders Salton and McGill (1983) thereby set the groundwork for modern topic 

modelling by developing a method to analyze text data. This method is called frequency-inverse 

document frequency (tf-idf) and calculates the statistical importance of a word within a docu-

ment. Tf-idf vectorization thereby compares the number of occurrences of a word within a doc-

ument with the number of occurrences of a word within the corpus, expressed by the formula 

below (Salton and McGill 1983). 

𝑤!,# =	 𝑡𝑓!,# 	× 	𝑙𝑜𝑔	 *
𝑁
𝑑𝑓!
- 

However, this approach does not cover any statistical relationship between the terms in a text 

document which is why Deerwester et al. (1990) developed a different model (Latent Semantic 

Indexing (LSI)) that conducts a so-called low-rank approximation of the term-document matrix 

A. In this matrix, the tf-idf score is calculated for each entry according to the formula above in 

order to assign a weight to each term. Following this, a term has a high weight if it occurs 
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frequently in a document but infrequently across the corpus. A is usually is a very noisy matrix 

due to its many dimensions, but through introducing the hyperparameter t number of topics, the 

dimensionalities are reduced with the so-called truncated singular value decomposition (SVD), 

which factorizes a matrix into the product of three independent matrices 𝑀 = 𝑈	 × 	𝑆	 × 	𝑉 

(Deerwester et al. 1990). This results in the following formula for the document-term matrix in 

LSI.  

𝐴 ≈ 	𝑈! 	× 	𝑆$	 	× 	𝑉$ 

The problem Deerwester et al. (1990) could not solve was that the generated topics were very 

difficult to interpret and required a huge amount of input data. Hoffman (1999) therefore re-

placed the truncated SVD with a probabilistic method to reduce dimensions in the document-

term matrix and called it the probabilistic Latent Semantic Indexing (pLSI). According to the 

following formula, pLSI adds probabilistic component to this approach so that one can say that 

topic z is present in document d with a probability of 𝑃(𝑧½𝑑). Similarly, word w belongs to 

topic z with a probability of 𝑃8𝑤½𝑧9, as illustrated in appendix A1. The right side of the formula 

thereby describes the likelihood of seeing some document and then, based on the topic distri-

bution in that document, the likelihood of finding a specific word within the sample document.  

𝑃(𝐷,𝑊) = 𝑃(𝐷)=𝑃8𝑍½𝐷9𝑃8𝑊½𝑍9
&

 

4.2.2. Latent Dirichlet Allocation (LDA) 

This research performs topic modelling with the LDA algorithm. LDA thereby presents a 

Bayesian version of pLSI which uses Dirichlet priors a and b for the document-topic and word-

topic distribution. It is an unsupervised machine learning algorithm developed by Blei et al. 

(2003) using a generative probabilistic topic modeling approach for collecting discrete data 

such as text corpora, genome sequences or collection of images (Lei and Ying 2021). In text 

collections, LDA explores all possible representations of documents as random mixtures over 
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latent topics, where each topic is determined as a Dirichlet distribution over words. A synonym 

for Dirichlet can be distributions over distributions which allows for better generalization 

(Naushan 2020). As a result, Dirichlet distributions therefore gives an actual probability distri-

bution likely to be observed given a certain distribution (Blei et al., 2003). Compared to pLSI, 

LDA works differently as illustrated in appendix A2. 

First, a random sample representing the topic distribution is retrieved from a Dirichlet distribu-

tion Dir	(a) which refers to q((,)) and describes the per-document topic distribution. This prob-

ability is calculated over d documents of the corpus with the following formula.   

𝑃8𝑍$ = 	𝑡	½	𝑑9 = 	q((,)) 

From here, a topic Z is selected before a random sample, which stands for the word distribution, 

in topic Z is selected from a Dirichlet distribution Dir(b).  This word distribution refers to ft 

from where a word w is chosen. The corresponding probability is approximated over vocabulary 

V of the corpus such that  

𝑃8𝑤!	½	𝑧+ = 𝑡9 = 	f()+,,!) 

The big advantage of LDA, when compared with pLSI and LSI thereby results in usually human 

interpretable topics, where each topic only contains words that are strongly associated with each 

other.  

4.3. Implementation of LDA 

Putting the LDA algorithm in practice and achieving good results requires some preprocessing 

work and hyperparameter fine-tuning. In this research, tuning the number of topics k was em-

phasized while for the rest of the parameters, default values were induced due to disproportion-

ate computational tuning effort. Furthermore, the LDA model was tried out with different val-

ues for a and b, but large effects from adjusting these parameters could not be observed. How-

ever, before setting up the model, the text data must be preprocessed so that the algorithm can 
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work with it (Naushan, 2020). For this, the text documents must be lowercased, punctuations 

must be removed, and all the terms must be tokenized and lemmatized.  

Furthermore, so-called stopwords (e.g., a, the, while) and other frequently occurring words 

must be removed because they can potentially dilute the interpretability of the topics. Lemma-

tizing furthermore reduces inflectional forms of a word to a common base form (e.g., am, are 

to be) (Skorkovská, 2012). The lemmatized text will then be used to create the dictionary and 

corpus, where both will be both induced into the LDA algorithm. In the corpus creation process, 

a unique ID will be assigned to each term with the corresponding term frequency in the docu-

ment. Bellow, an example of a corpus can be seen: For instance, (19, 1) implies that word ID 

19 occurs one time in the respective document. Likewise, word ID 23 also occurs one time and 

so on.  

 

In order to determine the k number of topics where the LDA algorithm would show the best 

performance, the coherence value for each number of topics in a range from 1 to 30 will be 

calculated (Roeder et al. 2015). Appendix B shows the coherence scores on the Airbnb reviews 

data set. The LDA model appears to be optimal for either 22 or ten topics. However, after testing 

several k values, a smaller number of topics leads to better interpretability. This is why the LDA 

algorithm will be conducted with six topics (coherence value = .5484) which is still a good 

result (Roeder et al. 2015).  

4.4. Descriptive Statistics  

Before presenting the results of the LDA model and how the identified topics have evolved 

over time, the following section will outline some basic descriptive statistics of Airbnb proper-

ties in London in order to convey a sense of how the dataset is structured as well as how Airbnb 

is positioned in the city. The most popular neighborhoods are represented by Westminster, the 

Lower Hamlets and Camden. There are 60,864 unique listings that make up for 318,698 listing 
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observations over the sample period.  Appendix C provides the summary statistics of the listings 

in the underlying sample segmented by the pre and during COVID-19, as well as by the clean-

liness classification. The two groups both pre and during COVID-19, show similar property 

and booking characteristics (e.g., number of accommodates, review scores and space type). 

However, it can also be seen that the share of booked houses has increased during the pandemic 

as well as the amount of Superhosts who furthermore have a larger share across clean listings. 

In addition to that, clean listings receive on average more reviews per month than not-clean 

listings. The number of listings started to decline in March 2020, coinciding with the number 

COVID-19 cases. The virus caused a significant decrease of 34.3% in the number of active 

listings from February 2020 to March 2020. From March to April 2020, due to lockdown 

measures and the burden on the health care system, there were 90% less Airbnb listings avail-

able.  

The average property accommodates for approximately three people, about 30% of the listings 

are managed by Superhosts, which is an Airbnb classification for hosts with good response 

times and good ratings. The average price is €111 with standard deviation of €172. The resulting 

average generated income per month of €439, which is estimated by two nights per review 

received times the price per night. Furthermore, the average property gets 2.56 reviews per 

month which results in an occupancy rate of 4.5 days for each listing. Since the actual booking 

data is not available, occupancy rate is only estimated based on information about average 

booked nights and reviews per booking.  

Using the LDA algorithm, combined with sentiment analysis on all the sentences that were 

related to cleanliness, each review was analyzed according to its dominant topic and sentiment 

score on the sentences related to cleanliness. Accordingly, a review was labeled as perceived 

clean if the most dominant topic was related to cleanliness and the corresponding sentiment 

score is positive. Consequently, all other reviews where the most dominant topic was not related 
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to cleanliness and/or the sentiment score of a clean-related sentence was negative, the review 

is labeled as not perceived clean. It can be shown that prior to the pandemic, approximately 

21% of the listings are perceived clean while only 14.8% of the observations are labeled per-

ceived clean after the outbreak of COVID-19. This raises the question whether the tourists’ 

hygiene standards have risen through the pandemic.  

Delving into the statistics of the reviews, appendix E shows the distribution of document word 

counts. The graph shows that the reviews usually are short documents with a mean of 16 words 

and 88 words in the 99% percentile. Following this, appendix D displays the results of the LDA 

algorithm. The left panel thereby represents a general overview of the model and shows the 

prevalence of each topic as well as how they relate to each other. The topics are plotted as 

circles whose centers are defined by the computed distance between two topics. Thus, the closer 

to circles are, the closer the topics are related to each other. Following this, the prevalence of 

each topic is determined by the circle’s area. The right part of the tool contains a bar chart 

representing the most frequent terms that are useful the topic interpretation. The two adjacent 

bars show the topic-related frequency of each term in red and the corpus-wide frequency in the 

color of gray. If no topic is selected, the right panel shows the top 30 most prominent terms of 

the dataset (Dossin 2018, Sievert and Shirley 2014).  

The model identified six individual topics with the following relevant words: (1) room, bath-

room, bed, night, get, apartment; (2) station, walk, close, location, tube, minute; (3) home, 

make, feel, thank, host, stay; (4) check, easy, host, location, quick, clean; (5) location, clean, 

host, room, apartment, value, comfortable; (6) flat, host, locate, day, clean, location. The LDA 

visualization shows that with topic 5, the algorithm successfully identified a topic with clean 

as a dominant term, and furthermore, generated other easily interpretable topics such as 2 (lo-

cation and connection to public transport) or topic 3 (good relationship to host and convenient 

stay). Appendix F further displays the word counts and importance of topic key words which 
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highlights the importance of the term clean within topic 5. The topic word clouds also confirm 

the relevance of this term in the corresponding topic (appendix H).  

4.5. Hypothesis-Driven Evaluation of the Topic Modeling Results 

After examining the datasets using descriptive methods, the next section evaluates the hypoth-

eses formulated in section 3 using the LDA algorithm and sentiment analysis with the Vader 

library. From here, practical implications can be generated that will result in recommended 

actions for both Airbnb and Airbnb hosts. 

Hypothesis H1: As already indicated in the previous section, the LDA algorithm successfully 

identified a topic where the term clean has a significantly high relevance. An analysis of the 

development of topic relevance proves that with the onset of the COVID-19 outbreak, the topic 

of cleanliness is of increasing relevance, while other topics like location appear to have a de-

creasing importance. Figure 1 displays these results.  

Empirically, figure 1 shows that the central range of normalized topic scores for the topic re-

lated to cleanliness has increased from approximately 22.5% to approximately 27.5% in the 

first wave of the pandemic over the course of three months. Between July and September 2020, 

notably the few months before the second COVID-19 wave, this rate remained at a constant 

level before it fell back to pre-COVID tines. Towards the end of the year 2020, the rate climbed 

back to the post outbreak level again. These results are of particular interest when comparing 

them to the topic weights other than cleanliness. Topic 4 which corresponds to the location of 

the property experienced a sharp decline with the onset of the coronavirus. Prior to the outbreak 

of COVID-19, its average topic weight was around 17.5% which decreased to less approxi-

mately 12.5% during the pandemic. This confirms the assumption that the risk factor hygiene 

is perceived as increasingly relevant while others lose importance. Finally, it can be shown that 

the perception of cleanliness has indeed changed due to COVID-19 and that Airbnb guests 

seem to be more aware of this factor.   
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Figure 1: Development of topic weights 

Hypothesis H2: The outbreak of COVID-19 impacted Airbnb listings whereby properties per-

ceived as clean showed a better reaction towards the pandemic resulting in higher occupancy 

rates, increasing the price per night and consequently generated more monthly income com-

pared to Airbnb listings not perceived clean.  

Hypothesis H2 assumes that with the onset of COVID-19, the effects on occupancy rates, prices 

and monthly income of Airbnb listings can be observed, indicated by increasing attraction to 

perceived clean properties while the performance indicators for not clean perceived units show 

a declining trend. This assumption results from the fact that in times of pandemics, health is 

considered the biggest risk factor while travelling. The factor that corresponds to health issues 

in Airbnb properties is the perception of cleanliness, especially since at the beginning of the 

pandemic, there was a high uncertainty about how the virus was transmitted. It was clear that 

one way to contract COVID-19 was by touching surfaces that were covered with the virus or 

breathing in contaminated air. It is therefore assumed that perceived clean apartments are more 

in demand after the outbreak of the coronavirus. To test this hypothesis, the development of the 

previously mentioned performance indicators is analyzed over the course of the pandemic. 
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However, it is not examined whether the presented results are statistically significant which is 

why the statistical interpretation should be considered with reservation as biases could occur. 

Furthermore, only the parameter describing the perceived cleanliness is considered which 

should be extended to other variables in future studies.  

Figure 2 represents the price development of Airbnb properties before and during COVID-19. 

The red line thereby marks the beginning of the global pandemic. It can be seen that prior to 

the pandemic there was a huge price gap between properties perceived clean and properties not 

perceived clean. Listings, where cleanliness was not actively been observed as positive, 

thereby, charge a higher price compared to properties that are perceived clean. With the onset 

of the pandemic, both lines appear to be closer compared to pre-COVID-times. During the sec-

ond wave, the prices for perceived clean apartments begin to exceed those of not perceived 

clean units. 

 

Figure 2: Price Development 
 

Figure 3 shows the average monthly income of Airbnb properties that are perceived clean com-

pared to units that are not perceived clean. Before COVID-19, both cohorts show a similar trend 

where perceived clean apartments have generated more income, which appears to be strongly 
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affected by seasonal effects whereas not clean perceived apartments seem to be more resistant 

against this. However, both lines decrease sharply with the onset of the pandemic in March 

2020, but properties perceived clean recover significantly quicker in the following months. The 

same development can be observed for average nights booked (Appendix G).  

 

Figure 3: Development of Monthly Income 

 

5. Discussion 

The goal of this research was to determine whether the perception of cleanliness as a risk factor 

has changed due to the outbreak of COVID-19 and show the impact this has on key performance 

indicators such as occupancy rates, price per night and monthly generated income using the 

example of London during period between the 1st of January 2019 and the 31st of January 2021. 

The results from the LDA algorithm provide detailed knowledge about what Airbnb guests talk 

about in the reviews and how these topics evolve over time. In addition to these general insights, 

the research further indicated how this shift in risk awareness impacts the above-mentioned 

performance indicators. Since no research could have been found that combines topic modelling 

with sentiment analysis, the generated insights can provide significant added value to both 

Airbnb as an organization, as well as Airbnb hosts who seek to optimize their performance.  
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5.1. Summary and Interpretation of the Results 

The results of the LDA model clearly indicate that the topic surrounding the cleanliness of 

Airbnb listings has gained relevance with the outbreak of COVID-19. Although hygiene had 

the strongest weight prior to COVID-19, due to the pandemic this share has experienced another 

incline. At the same time, other topics have lost relevance, such as the listing’s location indi-

cating that tourists put less importance in convenience and more about safety.  

Considering the development of price, occupancy and monthly income over the sample period, 

underlines the implications of the LDA model. First, the price gap that existed between per-

ceived clean units and not clean perceived ones has been diminished. Before COVID-19, not 

clean perceived listings charged higher prices per night on average. Figure 2 illustrates that one 

reason for this might that before the pandemic, price was mainly determined by factors like 

location and how well the property is connected to the public transport system. COVID-19 

changed this picture. With the rise of the relevance of cleanliness, prices between perceived 

clean properties and not perceived properties almost equalize. Second, a similar trend can be 

observed with regards to monthly generated income and average nights booked. Perceived 

clean properties have always generated more income when compared with not perceived clean 

units - this has not changed with the outbreak of the pandemic. However, it can be observed 

that perceived clean properties clearly rebounded more significantly. A reason for this might 

be that due to the concept of word-of-mouth, people pay higher attention to references to clean-

liness in the reviews, and thus, prefer properties where other guests have confirmed certain 

hygiene standards. This effect is even stronger during the outbreak of the second wave in No-

vember 2020. The combination of higher prices and higher occupancy rates of clean perceived 

properties ultimately leads to more income, and thus, results in a competitive advantage when 

compared to not perceived clean listings.  
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5.2. Limitations  

Although the methodology developed and executed in this research has not been found in any 

relevant literature, combining both LDA topic modeling and sentiment analysis provides some 

distinguishing advantages compared to existing studies. Firstly, LDA topic modelling assures 

that apartments are only labeled as perceived clean when cleanliness is specifically emphasized 

and not only mentioned as a side note. Secondly, including sentiment analysis further guaran-

tees that properties are only perceived as clean if the respective statement has positive conno-

tation. Otherwise, reviews indicating that the property is not clean might falsely be labeled as 

clean (e.g., “not very clean”, etc.).  

However, this method has various some limitations. For instance, the results do not control for 

any other variables except for the perceived cleanliness. Accordingly, future studies could build 

up on this framework by creating coefficients of perceived cleanliness and property type, host 

status, neighborhood, etc. Furthermore, the sample period only covers two years in one specific 

city and the occupancy rate could only be estimated. Additionally, the city of London was in 

strict lockdown throughout most of the pandemic leading to an imbalance between data pre and 

during the pandemic. It would thus be valuable to include a variety of cities from different 

cultural backgrounds in a longer sample period in order to observe how the perception of clean-

liness has changed in different scenarios.  

Furthermore, research observing tourists’ risk awareness comparing the importance of location 

versus safety post the pandemic can prove to be valuable to Airbnb hosts promoting their prop-

erties. Nonetheless, the biggest limitation is from the LDA model itself. First, LDA fails to 

assess correlations between the topics which is why the algorithm could define two topics that 

are similar (as observed in Appendix E) and sometimes difficult to interpret. Additionally, due 

to its unsupervised nature, it is difficult to build a model that shows no signs of over- or 
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underfitting. To solve this, supervised classification models could be induced to LDA which 

would be time consuming due to the huge amount of required training data (Naushan 2020). 

5.3. Practical Implications 

Looking back to the research question, it can be concluded that the risk perception of tourists 

has changed due to COVID-19. Not only has the awareness of hygiene risen, with COVID-19 

the awareness of this risk factor stands outs against other parameters, such as location and con-

venience. Furthermore, the fact that a significant number of properties are perceived clean will 

help Airbnb to bounce back as the pandemic persists, increase traction on the platform and 

consequently increasing revenues. Although Airbnb has introduced a new cleaning protocol 

(Airbnb 2020b), which serves as a checklist for hosts to prepare the property according to sci-

entific health standards, there are still listings where the enhanced hygiene standards are not 

mentioned in the reviews. Since the results show that listings where cleanliness is specifically 

mentioned, generate more income, Airbnb should also implement processes that incentivize 

guests to write comments related to the cleanliness of a listing that go beyond rating cleanliness 

on a scale from 1 to 10. This is an opportunity where hosts can be more involved and communi-

cate with their guests that reviews should relate to cleanliness because of its strong impact on 

other tourists purchasing decision.  

6. Concluding Remarks 

The outbreak of the COVID-19 pandemic has been affecting society since March 2020, with 

repercussions that will follow for years to come. Lockdown measures put our planet at a stand-

still. International borders closed globally at an unprecedented rate and highlighted the defi-

ciencies in countries’ public health system. Disruptions have been felt far beyond the tourism 

industry, affecting every aspect of human life.  

The objective of this research was to identify whether the risk perception of tourists has changed 

with the outbreak of COVID-19 and to demonstrate how this has affected Airbnb. Using 
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Airbnb’s reviews as the dataset provided valuable insights into about what travelers pay atten-

tion to when renting Airbnb units. By combining both topic modelling with LDA and sentiment 

analysis, the results of this research paper not only show the increasing awareness of cleanliness 

as a risk factor over time, but also how the changing perception of cleanliness has influenced 

occupancy rates, prices per night and monthly generated income by Airbnb hosts. Additionally, 

this research contributes to the academic literature of health crises, travel risk perception and 

tourist behavior delivering empirical evidence that disruptive events, such as a pandemic, sig-

nificantly influence risk awareness of tourists. From a practical perspective, this research pro-

vides valuable insights for Airbnb as an organization, alongside Airbnb hosts, by developing 

appropriate communication strategies for tourists in order to convey a message of safety and 

high hygiene standards. Airbnb should therefore make more use of the reviews section as it 

provides a relatively unbiased platform for travelers to express their perception of health risk 

related to the property and can aid other travelers in purchasing their future stays. 

Several limitations must be considered when interpreting the results of this research. First, find-

ings of this study exclusively consider the perception of cleanliness and do not consider any 

other variables. In addition, the sample period covers a time in the pandemic characterized by 

strict measures, which is why future studies should imperatively study the long-term change in 

hygiene perception, including throughout several countries. Findings are furthermore limited 

by the res itself. The LDA algorithm is an unsupervised machine learning model which is al-

most impossible to tune to perfection and consequently always leaves room for some error. 

However, based on the framework provided in this research, future studies should compare 

these results with other cultural and geographical regions in order to find differences and simi-

larities in risk perception. As the pandemic subsides, it will be of particular interest to under-

stand to what degree individuals’ habits relating to safety remain over the long-term and to what 

degree risk perception reverts to pre-pandemic times, emphasizing pleasure and convenience. 
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Appendix A: Topic Model Descriptions 

Appendix A1: pLSI Model Description 

 
 

This plate notation displays the concept of the pLSI developed by Hofmann (1999). The grey 

circles correspond to the observable variables which are the documents and words in this regard. 

Thereby topic z is present in document d with a probability of 𝑃(𝑧½𝑑). Similarly, word w be-

longs to topic z with a probability of 𝑃8𝑤½𝑧9. 

 

 

Appendix A2: LDA Model Description 

 
 

Compared to the pLSI model, the LDA model contains two hyperparameters a and b which 

correspond to the document-topic density and topic-word density respectively. 
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Appendix B: Scores of Coherence Value Analysis 

 
This graph represents the results of the coherence value analysis for the LDA algorithm. The 

model works best for 22 topics. However, the model uses six topics due to better interpretabil-

ity. 

 

Appendix C: Descriptive Statistics of Airbnb Listings 

 

Note that nights booked is an estimate calculated by multiplying the number of reviews by 2. 

Monthly Income is calculated by multiplying the price with nights booked. Furthermore, clean 

refers to listings with cleanliness as a dominant topic and a positive sentiment score while not 

clean properties either have a negative sentiment score and/or a dominant topic not related to 

cleanliness. 
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Appendix D: Visualization of the LDA Results 

 

Here, the results of the LDA model are visualized. Accordingly, the topic where cleanliness has 

the highest relevance is assigned to bubble 5. The closer the bubbles are located to each other, 

the more related the topics are.  

 

Appendix E: Distribution of Document Word Counts 

 
The graph shows that most of the documents are relatively short with an average of 16 words.  
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Appendix F: Word Count and Importance of Topic Keywords 

 

Topic 5 corresponds to the topic where cleanliness is very relevant. It can be seen that it is 

counted approximately 200,000 times and has a weight of approximately 8%. 

 

 

Appendix G: Development of Monthly Nights Booked 

 
 

The average occupancy rate shows a similar trend compared to monthly income. The orange 

line corresponding to perceived clean apartments rebounds more significantly in the COVID-

19 pandemic, compared to not clean perceived apartments 
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Appendix H: Word Clouds of Topics 

 

 

These word clouds illustrate the most relevant words in each corresponding topic where the 

size of the word relates to its term-frequency. It can be seen that in topic 5, the term clean is 

one of the biggest words highlighting its dominance and relevance in the respective topic.  


