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Introduction

+ The sharing economy phenomenon, also called collaborative consumption, involves the activities of sharing, or renting surplus or 1dle capacity

of products and services offered by individuals within a peer-to-peer network or community, in exchange of payments or some alternative services.

+ The sharing economy has rapidly grown in the recent past, especially in the tourism and hospitality sectors, mostly for short-term shared-home

rentals; for example, online platforms such as Airbnb, VRBO, and HomeAway have pioneered the use of shared accommodations.

+ Each Airbnb home 1s unique 1n feature (1n terms of host profile, exact location, neighbourhood, variance in price per night, accommodation
capacity of guests, amenities offered, and reviews received from previous guests). In contrast, conventional hotels offer reputational features

through *“co-created value” in the form of brand identity, pre-defined set of amenities, and trust that peer-to-peer shared homes lack.

+ Existing academic research on Airbnb has examined pricing prediction and strategy, impact on the hotel industry, impact on room rents,

destination selection, impact on tourism employment, and user behaviour and experiences.



Literature

+ Belk, (2014) and Jiang and Tian, (2018): defined sharing economy as a peer-to-peer (P2P) activity of offering, sharing, or acquiring access to
products and services that is often facilitated by a community-based digital platform.

+ In recent years, the sharing economy has rapidly grown in the tourism and hospitality sectors, especially for short-term home rentals, Gansky,
(2010), and Sundararajan, (2013)).

+ Many scholars have examined the effectiveness of user-generated content (UGC) (such as product reviews) on the sellers” online sales in e-
commerce, Mudambi and Schuff, (2010), and Salehan and Kim, (2016).

+ Liang et al., (2020) opined that in addition to UGC, Marketer-generated content (MGC) is also very important when studying the factors that
encourage online sales (or booking in this place).

+ It becomes the responsibility of both parties to enable successful value co-creation during consumption of these collaborative services.
(Ramaswamy and Ozcan, 2018).

+ Efficient reputation and trust-building mechanisms installed in Airbnb include the superhost feature, Liang et al. (2017) , profile photos, Ert, and
Fleischer, (2016); Fagerstrom et al. (2017), verified host identity, Tussyadiah (2016) , and membership duration on the platform Xie and Mao,
(2017); Xu, (2019).

+ Wang and Nicolau (2017) reported heterogeneity effects of pricing determinants for Airbnb properties across different cities. We have thus
studied in depth the determinants of successful Airbnb bookings across different geographies.



Layout of an Airbnb listing page

Type of place Price Instant Book More filters Instant Book More filters
Entire place I The average nightly price is $148 I

Have a place to yourself

Private room
Have your own rcom and share some commaon

spaces o

More options

Superhost

Stay with recognised hosts
Learn more

Hotel room

Havwve a private or shared rcom in a boutique
hotel, hostel, and more

Small double/single room in

2 guests '1bed| 1shared bathroom

1GC

Sylvanis a Superhost
Superhosts are experienced, highly rated hosts who are committed to
providing great stays for guests.

Sparkling clean
10 recent guests said this place was sparkling clean. UGC

Great check-in experience GC
95% of recent quests gave the check-in process a 5-star rating.

Fulham ke S

London yivan
MGC

@ Private room|in townhouse

TRUST

$39 per night

I *4.78 (274 reviews) I

Dates

24-10-2019

Guests

1 guest

$39 x 3 nights @
Cleaning fee (?)

Service fee (?)

Accessibility
Find a place to stay that meets your mobility needs
Choose features of your place to stay

The space

A COMFY SPOTLESS small double room in Fulham, accessible from all major
airports and close to museums and shops. The room has a small double bed with
a new Memory Foam matiress -recomended as a best buy by Which magazine; it
has hanging and drawer space for all your ¢lothes and luggage.

Pretty small double room in a peaceful street in Fulham comprises 4' bed,
hanging space, bedside chest and table and chair. The shared bathroom is next
door. Weekly cleaning and change of linen and towels. Wireless Internet. Short
term bookings ideal. Well situated with 211, 295 and 74 bus routes which go
directly to the most popular tourist spots 2 minutes walk away. Fulham Broadway
or Parsons Green Stations are a 15 minute walk or a short bus ride.

Reviews

*478 275 reviews ‘ Q Searchreviews

Accuracy — 49 Communication — ——4.9

Check-in — {9 Cleanliness — {8

Value — 8 Location — ] 6
Hosted by Sylvan Cancellations

o — MGC
Londop, United Kingdon - Joined in August 2010 | I Strict - Free cancellation for 48 hoursl
eview RUST

are committed to providing great stays for guests.




Research gaps

The current literature lacks a detailed examination of the predictors that lead to successful reservations for these shared-homes.
Further, incumbent machine-learning models (Wang and Nicolau, 2017; Chattopadhyay and Mitra, 2019; Biswas et al.,
2020; Xu, 2020) ignore the effect of previously unbooked shared-homes while travellers search for lodgings. Additionally,
current studies overlook the presence of geography-specific features that influence these important predictors.




Objectives

We seek answers to the following research questions:

1. What are the major determinants of successful bookings on Airbnb shared-
rental listings?

2. How do these determinants vary across different geographies of the world?



onceptual framework

Space Description and
Textual Summary

Length of Space
Space Positive Sentiment
Space Negative Sentiment

~ Host
Superhost
Profile Photo
Membership
Response Time
Multiple Properties

Location

Exact Location
Social Neighbourhood l
vV

~ Star Rating
Star Rating >

Successful
, ' Airbnb
~ Price Bookings

4
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Neighbourhood Difference

Home

Accommodation capacity
Facilities

- Booking Policy
Instant Booking

Review Scores
Cleanliness Score
Communication Score
Value for Money




(Choice of variables

Count of words used in space to describe Airbnb listing

1 Length of Space Description Nime Zhang et al., 2018a; Liang et al., 2020
2 Positive Sentiment of Space Description Posmve. ST CODIERT 01 QINS R jpfSs e Ma et al. (2018)
(Numeric)
3 Negative Sentiment of Space Description Negatlvg SE T ERT N1 TR LRt 8 e fi Ma et al. (2018)
(Numeric)
4 Is Superhost Being a super host (Binary) Liang et al. (2017); Gunter (2018)
5 DeElonhe Pre.sence of host’s profile photo on Airbnb listing details Ettetal (2016)
(Binary)
6 Membership The duration of years spent by the host on Airbnb (Numeric)  Self-developed for this study
7 Response Time How soon the host responds to queries (Categorical) Developed from Liang et al. (2020)
8 Total Listings Count of total homes owned by the host (Numeric) Liang et al. (2017); Xie and Mao (2017)
9 Exact Location Location 1s Exact (Binary) Self-developed for this study
1 Sl Averagg star rating (out of 5) assigned to Airbnb listing AR ol Qi)
(Numeric)
1 e o The difference from the median price in a neighbourhood S e e

(Numeric)




Choice of variables (contd.

13 Accommodation Capacity Number of peqple that can be accommodated in the Airbnb Liang et al. (2017)
listing (Numeric)

14 o Number. of unique amenities offered at the Airbnb listing Chatopadiaond i £010)
(Numeric)

15 I o ki Whether the the Airbnb listing allows instant booking ro ol 0l )
(Binary)

16 Gl Avg. rating (out of 5) for cleanliness given by guests Ju et al. (2019)
(Numeric)

17 e Avg. rating (out of 5) for communication given by guests Xu (2020)
(Numeric)

18 e Avg. ratings (out of 5) for value-for-money set by guests Ju et al. (2019)

(Numeric)

Dependent variable

Proxied by the number of customer reviews received by the

e SouHEOEE g0 ATl Airbnb listing (Numeric)

Xu (2020); Liang et al. (2020)




Data

+ We collected the data for shared-home rentals for this study from http://insideairbnb.com/, a third-party open-access website that

sources publicly available information from the Airbnb website.

+ QOur study consisted of the shared-homes listed on Airbnb and active between October 2009 and September 2020 across the twenty

cities 1n the four continents (Europe, Australia, Asia-Pacific, and North America).

+ We also found that a significant number of listings did not receive any bookings at all.


http://insideairbnb.com/

Data details

Non-booked Listings

City No. of Listings Date Compiled
Amsterdam 18,782 2,291 09 October, 2020
Athens 9,455 2,184 25 October, 2020
Barcelona 19,896 5,878 12 October, 2020
Europe
Copenhagen 8,528 2,301 2’7 October, 2020
Dublin 7,965 1,448 19 October, 2020
Geneva 1,979 446 27 October, 2020
Melbourne 20,007 4,465 11 October, 2020
: Sydney 34,276 9,610 11 October, 2020
Australia :
Tasmania 4,818 360 07 October, 2020
Western Australia 9,257 2,035 26 October, 2020
Beljing 27,439 12,455 26 October, 2020
: . Hong Kong 7,209 35252 25 October, 2020
Asia Pacific :
Shanghai 35,572 16,602 26 October, 2020
Tokyo 11,715 2,396 27 October, 2020
Austin 10,305 2,687 19 October, 2020
Boston 3,254 891 24 October, 2020
USA Chicago 6,295 1,141 24 October, 2020
Hawaii 21,523 5,498 19 October, 2020
New York 44,666 10,518 05 October, 2020
Scattle 4,335 827 25 October, 2020




Signs of over-dispersion
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Figure 1: Density plots for “Count of customer reviews received by Airbnb
homes” (Asia-Pacific)



Empirical model

The underlying assumption is that the count of consumer reviews have a Poisson incidence rate y;, which i1s parametrized by a set of k regressors (the X-s).

The number of successful bookings for the i”* Airbnb home be y; such that y; follows a Poisson distribution with mean y; y,~Po ( ,ul-) and 1s given by the functional
form:

log, (ﬂi) = P+ PuXy + PpXn + ... + 0, X,

An alternative modelling 1s thought of to take care of over-dispersion in the data; this 1s done by using Hurdle models.
We consider a hurdle-at-zero Poisson Regression model in which the response variable Y,(i = 1,..., m) has the distribution given by the function below:

Wy , =10
P(Yl — yl) e e—ii/li)’i
(1_WO> (1_6_,1)yi! ’ yl>0
. : o C
where 0 < wy < 1 and wy = wy(z;) satisty logit(w,) = log( : ) = Z 20;
3=l
and z, = (z;; = 1,29, ..., Z;,,) 1s the i h row of the covariate matrix Z and 6 = (01, 0y, ..., 0,,) are unknown m-dimensional column vector of parameters.

m
The value of 4, 1s most commonly parametrized using a log-linear model of the following form: (4)) = Z x;;p; - P; s are the independent variables in the regression
j=1
model, and m 1s the number of the independent variables.



Results
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Figure 3: Top ten predictors using Hurdle Negative Binomial for Airbnb Europe Figure 4: Top ten predictors using Hurdle Negative Binomial for Airbnb Australia



Results (contd.
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Figure 5: Top ten predictors using Hurdle Negative Binomial for Airbnb Asia Pacific Figure 6: Top ten predictors using Hurdle Negative Binomial for Airbnb USA



Conclusions

This study recognized the prominence of the following predictors to explain the count of successful bookings at Airbnb shared-homes across the four
continents: space description and textual summary, host, location, star ratings, price difference, home, booking policy, and review scores from guests.

Among space description and textual summary attributes, length of space description is significant, while there 1s a minimal influence of sentiments for any
Airbnb home across all geographies.

Among host-based predictors, superhost badge and response-time are the strongest influencers, while the effect of host profile-photo 1s not strong across all
continents.

Star ratings positively affect room-reservations for all geographies.

We find a strong “price-stickiness” effect among the Asia-Pacific cities that cause bookings to decrease when the price per night deviates too much from the
neighbourhood median price.

Cities that have many business visitors are strongly affected by instant booking option, while other cities are not much affected. Accommodation capacity has
a consistently negative effect on the subsequent Airbnb reservations.

Guest review scores reveal that good communication and quick response to the queries posted by potential guests can strongly motivate successful reservations
on the Airbnb peer-to-peer platform across all geographies.
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