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Abstract
Using data from 16,144 peer-to-peer properties in London, we study the impact of the two compo-

nents of user-generated content – rating and sentiment – on occupancy rate. Our methodology is

innovative because, firstly, we control for price variation when estimating these review-occupancy

effects and secondly, we estimate interaction and curvilinear effects. We find that sentiment and rating

have significant positive effects on occupancy rate; there is some evidence that sentiment and rating

interact, one reinforcing the other; for a typical property among those analysed, an outstanding review

increases occupancy by a fifth in relative terms. Thus, we interpret these associations as evidence that

rating and sentiment signal value, and we estimate the strength of the signal in the peer-to-peer accom-

modation sector.
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Introduction
The peer-to-peer accommodation sector has
expanded rapidly over the past decade. According
to Dolinicar (2019, p. 248), ‘paid online peer-to-
peer accommodation platforms facilitate the inter-
action of non-commercial providers of space(hosts)
with end-users (guests)’. Impressive growth of plat-
forms like Airbnb, Roomorama, HomeExchange,
etc. have transformed patterns in accommodation
booking, travel and hospitality consumption behav-
iour. According to the latest available World Bank
report, in 2018, total peer-to-peer accommodation
was approximately 7% of the total accommodation
globally, that is about 8 million beds (World Bank,
2018). Over a very short time, Airbnb, the largest of
the peer-to-peer accommodation sector operators,

has become the fourth-largest accommodation
business (by rooms booked per night) with a
market potential of $3.4 trillion (Moore, 2020).
According to Volgger et al. (2019), the consistent
rise in the market share for Airbnb in the sector
could be attributed to unique consumption dynam-
ics at the macro-level like the ‘winner-takes-all’ or
‘superstar effects’.

There has been much research interest to
explore the determinants of success in the
peer-to-peer accommodation sector. For recent
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reviews see Belarmino and Koh (2020) and
Sainaghi et al. (2021). Conveying reliable
signals about the quality and value of the accom-
modation is a vital component of business models
in the sector (Xie and Mao, 2017; Fu et al., 2020).
The influence of e-word-of-mouth on the per-
formance of hotels is established in the existing
literature (Yang et al., 2018). A hotel chain
with an established brand name will have a
variety of avenues to communicate its quality to
a potential customer like mass media campaigns,
third-party referrals, etc. rather than just through
user-generated content. However, in the case of
hosts in the peer-to-peer sector, the reliance on
user-generated content is almost total as other
brand-related communication platforms are
unavailable. Thus, the importance of the signals
provided by previous customers may be critical
because a peer-to-peer accommodation provider
(host) is unlikely to possess the credible brand
image of a typical hotel chain. As Murillo et al.
(2017) contend, the rapid expansion of
peer-to-peer accommodation sector relies entirely
on the success of the ‘commodification of trust’.
Trust is built through online communities, where
users rely on the content generated by other users
to gauge the trustworthiness of hosts and proper-
ties. The role of user-generated content in the
sector is therefore even more critical than in the
case of branded hotel chains. It is thus very
important to explore strength of one of the most
important components of user-generate content
– sentiment expressed through user-generated
content on the occupancy rates of peer-to-peer
accommodation providers.

Typically, user-generated content has two
forms: (a) the review score – a number that quan-
tifies user-opinions about a property and (b)
textual reviews from users that provide rich,
qualitative information about the attributes of a
property (Li et al., 2019). One of the most import-
ant features of the textual review is the sentiment
conveyed in these reviews (Park et al., 2020), and
the hospitality sector is a rich field for conducting
sentiment analysis (Mehraliyev et al., 2022).

Studies that have tried to evaluate the link
between the characteristics of user-generated
content and property outcomes like occupancy
rate in the peer-to-peer accommodation sector
are rare. While there are several studies on
reviewer ratings and user-generated content
itself (please see a recent review by Zheng et al.
(2023), these articles do not empirically link
reviewer rating or review sentiment with occu-
pancy rates. A recent article published by

Zhang et al. (2021, p.1470) clearly explains this
gap in literature through the following statement:
‘most existing work evaluate UGC effects on pur-
chase intention/preference rather than more con-
crete outcomes such as actual arrivals’. In one
of these rare studies, Van der Borg et al. (2017)
showed that the rating (numerical value) of a
property positively impacts its occupancy rate.
However, this study does not consider the
impact of qualitative sentiments on occupancy
rates.

In the non-peer-to-peer sector, several studies
have considered the impact of online reviews on
factors such as revenue performance and occu-
pancy rate (e.g., Duverger, 2013; Viglia et al.
(2016); Yang et al., 2018). While many of these
studies look at the impact of rating on property
performance, very few studies have explored
the impact of textual reviews. This is despite find-
ings from studies in consumer psychology that
show textual reviews are very helpful for con-
sumer decision-making (e.g., Agnihotri and
Bhattacharya, 2016; Chua and Banerjee, 2016;
Lee et al., 2018).

In our study, we explore the effects of rating
and a sentiment score derived from textual
reviews upon occupancy rate in the peer-to-peer
accommodation sector. Using signalling theory
(Spence, 1973) as the theoretical lens, we
suggest that both these forms of user-generated
feedback signal the quality of a property, and
thereby aid consumer decision-making and influ-
ence occupancy rate. We do this using a large
sample of properties in London. We also investi-
gate the interaction between rating and sentiment
and curvilinear effects.

Our study contributes to the extant literature in
three ways. Firstly, by exploring the impact of
review sentiment on occupancy rate in
peer-to-peer accommodation, we extend the
extant knowledge on the determinants of occu-
pancy rate in this sector. As mentioned in the pre-
vious section, since peer-to-peer accommodation
sector have a higher reliance on user-generated
content to convey quality to customers, our
study is significant in understanding the factors
that impact occupancy rates in this sector.
Secondly, we contribute to the emerging literature
on the nature of the impact of online user-
generated content. That is, we are able to separate
the effects of rating and sentiment on occupancy
rate and thereby provide a more nuanced perspec-
tive on how user-generated content impacts occu-
pancy rate in the accommodation sector. This is
quite important since most of the extant studies
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have used only one of the components of user-
generated content to understand their impact on
outcome variables. Also, through exploring the
interaction effects of the two components of
UGC, we develop our understanding of the
mechanisms through which the two components
impact outcomes. Few studies have explored the
interactions between the two components of
UGC. Further, most of the extant studies have
used proxy variables to represent outcome vari-
ables like sales rank rather than a real outcome
variable like occupancy – thereby limiting the val-
idity of the results. By using a real outcome vari-
able, this limitation is reduced in the current study.

Thirdly, recent studies have pointed to the
positive bias inherent in user-generated content,
especially provided by customers in the context
of P2P accommodation sector. This positive
bias has led the researchers to question the true
impact of user-generated content on customer
behaviour. In this study by using actual value
of review ratings, consumer sentiment and occu-
pancy rate at the property level, we are able to
exhibit the extent of impact of user-generated
content on customer decision-making. The
results from this study therefore go towards clari-
fying the true extent of the impact of user-
generated content in P2P settings.

In the remaining sections, we review the rele-
vant literature, develop hypotheses, explain the
methodology adopted in the study, and then
present our results. We conclude by discussing
the theoretical and practical implications that
emerge from our study.

Online consumer reviews as signals
of quality
Signalling theory, developed by Spence (1973),
explains how the problem of sub-optimal transac-
tions due to information asymmetry is addressed
through the exchange of a variety of signals.
Signalling theory has been used in a variety of
domains including human resource management,
e-commerce, international trade, and entrepre-
neurship (Chen et al., 2020). The peer-to-peer
accommodation sector is unique in terms of the
effect of information asymmetry on consumption
choice. This is because the sector is largely
unregulated, with loosely enforced quality stan-
dards leading to higher levels of perceived risk
for consumers compared to accommodation
available through a hotel chain or a hotel brand
(Huang et al., 2019). Thus, as Ye et al. (2019)

explain, peer-to-peer accommodation, unlike
conventional hotels, cannot rely on traditional
risk-mitigation measures like brand or reputation.

Customers typically perceive significant risks
while booking accommodation through
peer-to-peer portals. According to Huang et al.
(2019) perceived risks have a high impact on
the intention to book accommodation in the
P2P sector. Potential customers face significant
levels of psychological risks, physical risks, per-
formance risks and social risks in the context of
P2P accommodation. As information asymmetry
is considered a significant contributor to per-
ceived risk in e-commerce (Glover and
Benbasat, 2010), signals that can reduce informa-
tion asymmetry will greatly enhance trust and
consumption in the peer-to-peer sector (Xie and
Mao, 2017). Yao et al. (2019) in fact argue
that information asymmetry between hosts
and guests is higher in the case of peer-to-peer
platforms like Airbnb than in the case of hotels.
This is because guests have to go through a
complicated process to sort out trustable
signals from the information uploaded by
hosts on Airbnb platform. Liang et al. (2018)
have found that e-word-of-mouth or user-
generated content can significantly reduce the
perceived risk of consumers in peer-to-peer
accommodation settings. Online reviews by
consumers, including both the overall rating
and the sentiment expressed through the quali-
tative opinions about the property, are expected
to be very important and strong signals of the
quality of a property.

Connelly et al. (2011) compared the utility of a
signal across several dimensions. In the context
of user-generated online reviews in peer-to-peer
accommodation, based on the framework of
Connelly et al. (2011), the dimensions that are
applicable are (a) signal observability (related to
the visibility and strength of the signal) and (b)
signal reliability (related to the veracity and valid-
ity of the signal). User-generated online reviews
are regarded as high in both observability and
reliability. As online reviews are easily accessible
to potential consumers and in fact peer-to-peer
accommodation portals attempt to provide
greater amplification for the display of user-
generated online reviews, visibility is assured.
Signal reliability is also assured because a poten-
tial consumer knows that the reviews are largely
provided by users who have stayed in the
property.

Cue-utilisation theory (Olson and Jacoby,
1972) is considered as a sub-theory of signalling
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theory (Yang et al., 2020). According to this
theory, customers tend to use cues with high con-
fidence value more when they are faced with
uncertainty. The confidence value of a cue is
defined in terms of a consumer’s perception
about the confidence with which they can per-
ceive and judge a cue. Rating and sentiment
reflected in textual, user-generated reviews are
easy for consumers to understand. It is therefore
expected that consumers are confident to use
these cues and act accordingly. As Dickinger
(2011) found, online reviews posted by other tra-
vellers are perceived to be more up-to-date, more
informative, more accessible and more reliable
than information from travel service providers,
and thus user-generated reviews are the more
heavily utilised cues. Thus, in our study, we
posit that user-generated rating and the sentiment
derived from textual reviews are cues that
consumers use to reduce risk when booking
rooms in the peer-to-peer accommodation
sector. Therefore, we would expect that the
propensity to book a property is influenced by
the signal provided by these two components of
user-generated reviews.

Online consumer reviews and
occupancy rate
User-generated content in the accommodation
sector comprises of two components: (a) an
overall rating of the property or the review
score – which is a quantitative score and (b) the
qualitative feedback about the property. We
develop separate hypotheses for the two compo-
nents of user-generated content.

The impact of overall rating or the review
score on sales has been established across
several studies in the hospitality sector. Yang
et al.’s (2018) meta-analysis lists 25 studies that
looked at the impact of online review on hotel
performance (not all of them were occupancy
rates), of which 23 studies showed a significant
positive relationship. However, two issues are
noteworthy: (a) these studies were not in the
peer-to-peer accommodation sector and (b)
except for the studies by Xie et al. (2016) and
Viglia et al. (2016), occupancy rate is not used
the dependent variable. Most of these studies
use a proxy variable – the revenue performance
of the hotel – as the dependent variable, which
is calculated as revenue per available room.
While most of these studies show that the quanti-
tative online review scores have a direct positive
impact on hotel performance, some studies have

shown a weak relationship (e.g., Lu et al.,
2014). To date only two studies (Van der Borg
et al., 2017; Leoni et al., 2020) have considered
the impact of overall rating scores of properties
on occupancy rate in the peer-to-peer accommo-
dation sector. The positive impact on occupancy
rates shows how rating works as a credible signal
for customers in their decision-making process.
Based on the previous studies, we therefore
hypothesise:

H1: the overall quantitative rating scores from
user-generated reviews positively impacts
the occupancy rate of a peer-to-peer
property.

Another important signal derived from user-
generated content is the sentiment conveyed in
textual reviews. As Zhang et al. (2021) explain,
online reviews written by the customers are con-
sidered to be more trustworthy than the inputs
provided by the hosts. Further, as Zhu et al.
(2020) explain sentiments expressed by custo-
mers through their qualitative review capture
their consumption emotions and thus often com-
plement the review ratings in P2P accommoda-
tion setting. Previous studies have shown that
sentiments conveyed by user-generated content
can act as a potent signal for consumers in their
decision-making process (Li et al., 2019; Hu
et al., 2014). When choosing accommodation,
most of the attributes associated with a property
are experience attributes and hence are better
assessed through subjective, experience-based
opinion. The qualitative comments provided by
reviewers are often able to better capture such
experience-based attributes than numerical
scores (Hu et al., 2014). As Yin et al. (2014)
explain, sentiments conveyed by the qualitative
textual reviews serve as unique cognitive apprai-
sals from previous customers that offer useful
information cues for processing by potential cus-
tomers. A positive sentiment score is therefore
associated with the positive quality of the
product/service thereby motivating potential cus-
tomers to choose the particular product/service.

Several studies in the past have found positive
relationships between positive sentiments from
user-generated reviews and product sales. For
instance, Hu et al. (2014) found a direct relation-
ship between sentiment score and sales of books
in Amazon.com, Li et al. (2019) with the sales for
tablet computers, Chong et al. (2016) in the
context of sales for electronic goods; Eslami
and Ghasemaghaei (2018) in the sales of
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musical instruments; Wu et al. (2018) in the sales
of cameras, etc. It should also be noted that none
of these studies used actual sales data. Instead, a
proxy – sales rank – was used. In fact, in one of
the rare studies which used actual sales data –
in the context of movie ticket sales – Lee et al.
(2017) could not find a direct relationship
between reviewer sentiment score and sales.
Interestingly, previous literature on peer-to-peer
accommodation has not considered the impact
of sentiments conveyed by textual reviews on
sales-related variables like occupancy rates of
properties, though Lawani et al. (2019) found,
in a study conducted in Boston, that the strength
of the positive sentiment score expressed by
Airbnb consumers impacts the price of proper-
ties. Based on the above arguments, it is therefore
hypothesised that:

H2: Strength of the sentiment expressed
through user-generated qualitative reviews
positively impact occupancy rates in
peer-to-peer accommodation.

While it is argued that the numerical rating and
sentiment score of the qualitative reviews both
separately influence consumer decision-making,
it is also possible that they show interaction
effects in influencing sales of the products. This
argument can be developed based on the perspec-
tive of consistency of signals (Erdem and Swait,
1998; Connelly et al., 2011). For instance, when
the rating is high, but the sentiment conveyed by
the qualitative review is not positive, the con-
sumer may get a confusing message, thus redu-
cing the impact of the rating on purchase
intentions. Instead, when the sentiment derived
from the qualitative review is strongly positive,
it will reinforce the positive impact of the rating
on consumer’s decision to select a property.
Few studies have explored the interaction
effects of these two variables in the context of
sales of products or services, let alone in the
case of peer-to-peer accommodation. Thus, our
third hypothesis is:

H3: Rating and sentiment expressed through
user-generated reviews interact to impact
positively on occupancy rate in peer-to-
peer accommodation.

Previous studies have reported curvilinear
effects of online consumer reviews (Hernandez-
Ortega, 2020). Based on cue-utilisation theory
(Easterbrook, 1959), consumers develop their
views about the quality of an offer through the

analysis of the extrinsic and intrinsic cues available
to them. Extrinsic cues are product or offer related
but are not part of the physical product (Shirai,
2020). User-generated content about a property,
both the quantitative review rating and the senti-
ment conveyed through the qualitative reviews
can be considered as extrinsic cues in this context.
It is generally believed that consumers will rely sig-
nificantly on extrinsic cues to infer product quality
when intrinsic cues are not available (Sabri et al.,
2020) as is the case of P2P properties.
Easterbrook (1959, p.193), explained the idea of
‘point of optimum proficiency’ on the continuum
of cue utilisation. According to this concept, there
is an optimum point at which cues achieve
maximum efficiency after which increase in the
intensity of cues actually reduces its performance
impact. Based on this idea it can be argued that,
as attention to online review-based cues increase,
initially, its efficacy also increases as other periph-
eral cues will be ignored, but as the attention
level increases beyond a point, even important ele-
ments of review-based cues will start getting
excluded as all the peripheral cues have already
been excluded. The salience of review-based
cues will thus start getting effected. Thus, we
hypothesise:

H4: Rating has a curvilinear effect on peer-to-
peer accommodation occupancy rate such
that once rating has increased beyond a
point its impact on the occupancy rate
diminishes.

H5: Sentiment has a curvilinear effect on
peer-to-peer accommodation occupancy
rate such that once sentiment has increased
beyond a point its impact on the occupancy
rate diminishes.

Quantitative methodology

Price-variance as a control variable
Price is considered as one of the most important
antecedents of occupancy rate in the hospitality
sector. In the extant literature, several studies
have used mean price as a determinant of occu-
pancy rate (e.g., Gunter and Onder, 2018; Leoni
et al., 2020; Van der Borg et al., 2017).
However, previous studies have found that the
rental price charged by a property is to a very
large extent determined by the price charged by
other hosts of similar properties (by size and
type) in the same location. For a brief review,
see Chica-Olmo et al. (2020). Landlords therefore
are expected to have very little latitude in pricing
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their properties. Thus, to meaningfully trace the
impact of price on occupancy rate, it is important
to see how the price of the property relative to its
neighbouring properties influences its occupancy
rate. For instance, Leoni et al. (2020) in their
model use the difference between the mean
price charged by nearby properties and the price
of the particular property as an independent vari-
able in their model.

We take a similar but more nuanced approach
to control for the impact of price in the relation-
ship between online reviews and occupancy
rate. We first determine, using a regression
model, the price a property would expect to
charge based on its neighbourhood, size, and
type (whether an entire home or private room in
a home). We then calculate the difference
between the actual price and this model-derived
expected price. We call this difference the ‘price
variance’, and use price variance as a control vari-
able in our model of occupancy rate. In this way,
the price variance signals the monetary value of a
property. A negative price-variance indicates that
a property is cheaper than one would expect given
its size and neighbourhood, etc. Using this value-
signal in our occupancy-rate model we can inves-
tigate the effect of review attributes on occupancy
rate while controlling for monetary value (price
variance).

Other control variables
As is typical of the previous studies we have
cited, we further use the following control vari-
ables: (a) the number of online reviews for the
property (n reviews), (b) the number of photos
of the property in the online interface (n
photos), (c) facility available (or not) for instant
booking in the online interface (instant book),
(d) the minimum number of nights of stay (min
stay), (e) the mean response time of the host
(response time), and (f) the type of the property
(property type).

Regression modelling
As indicated above, to control for the effect of
property price on occupancy rate, two linear
models were fitted. In the first, the landlord
model, price (mean-daily-rate), the response vari-
able or independent variable, is explained by the
explanatory variables (a) neighbourhood mean
price, (b) property type, (c) max guests, (d) can-
cellation and (e) the interaction of property type
and max guests.

In the second model, the visitor model, occu-
pancy rate (demand) is the dependent variable
and control variables are: (a) n reviews, (b) n
photos, (c) instant book, (d) min stay, (e)
response time, (f) price variance and (g) property
type, and explanatory variables are (a) sentiment
and (b) rating with linear terms, quadratic
terms, and interaction depending on the model.

Price variance is defined as price variance=
pricei − E(pricei), where pricei=K+ β1*(mean
price of neighbourhood properties)i+β2*(listing
type)i+ β3* (maximum number of guests)i+
β4*(cancellation policy)i+β5*(listing type)i-
*(maximum number of guests)i+ ϵi.

In the dataset, it was seen that many variables
are highly skewed, so transformation towards
multivariate normality is desirable. We use the
Yeo–Johnson transformation (Yeo and Johnson,
2000). This is a generalisation of the log trans-
formation in which input variables are not
required to be strictly positive. The transform-
ation is optimised using a function in R, part of
the recipes package (https://cran.r-project.org/
web/packages/recipes/recipes.pdf). The log trans-
formation is applied to price (since price is
strictly positive). Occupancy rate is not trans-
formed because it is not skewed.

Further, to control for multicollinearity,
instead of an OLS methodology, we used the
lasso (least absolute shrinkage and selection oper-
ator) regression methodology. Lasso regression
produces simple, sparse models and significantly
reduces multicollinearity (Tibshirani, 1996).

Data
We used data provided by the Consumer Data
Research Centre on Airbnb rentals in London for
the period 1 June 2017 to 31 May 2018. These
data are a subset of the data collected by
AirDNA LLC, which tracks the daily performance
of over 4.5 million properties in 60,000 markets
worldwide. The Consumer Data Research Centre
data are held in two separate databases. One
holds textual review data, the other holds all
other data (price, occupancy, rating, property
description, etc.). The two databases can be
linked using the unique identity of a property.
Notionally, the dataset lists 207,117 London prop-
erties. However, occupancy data is missing for
approximately half of these (100,135).
Furthermore, very many properties with occupancy
data have no review data (60,068). This is because
at least one of the following is true: a property has
zero occupancy; a property has no reviews; review
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data for a property is missing. A property may have
no reviews because either it has not been rented
(zero occupancy) or no visitor (renter) has submit-
ted a review. A property has missing review data
because there is no matching property (with the
same identity) on the review database.

The databases were linked using the R package
dplyr 0.8.3. The function ‘inner_join()’ returns all
rows from database 1 where there are matching
values in database 2. In the case of multiple
matches, inner_join() returns all combination of
the matches, so that our data preprocessing
handled the circumstance in which review data
are aggregated for each property.

We also excluded exotic property types (e.g.,
shared rooms), of which there are few instances
(115 in total), and focused on entire homes and
private rooms in a home. Thus, a property was
included in our analysis only if its occupancy
rate was not missing, it had at least one review,
and it was either an entire home or a private
room in a home. This resulted in a dataset of n
= 16,114 properties (8874 entire homes and
7240 private rooms) across 33 London neigh-
bourhoods (Table 1) with occupancy-and-review
data for the period 1 June 2017 to 31 May 2018.

Definition of variables
The variables considered in this study are shown
in Table 2. Thus, the dataset we used contained

the value of each of these variables for each prop-
erty (the unit of analysis). The descriptions of the
variables are provided in the Consumer Data
Research Centre dataset, except for those that
we derived from the data: neighbourhood mean
price and sentiment.

We measured sentiment by analysing the text
of reviews using the ‘bing’ lexicon (https://
www.cs.uic.edu/∼liub/FBS/sentiment-analysis.
html). This lexicon was first used in Hu and Liu
(2004). It partitions the set of all words into three
subsets: positive words; negative words, and
uninformative words. For each property, we
counted the number of positive words and the
number of negative words in the total review
text over the period, and calculated three senti-
ment measures: the total number of positive
words divided by the total number of reviews
of the property over the period (positive senti-
ment); the same but for negative words (nega-
tive sentiment); their difference, which we call
sentiment. Thus, sentiment is the mean senti-
ment score per review. Properties with sentiment
above 40 were classed as outliers and excluded.
There were only three excluded properties. The
next highest sentiment was 30.

Results
Matrix scatterplots of all variables in the landlord
model (Figure 1) and all variables in the visitor
model (Figure 2) are shown. These plots
provide visual checks on collinearity, effective-
ness of transformation, and outliers and influen-
tial observations. These are important to ensure
validity of the regression models. The plots also
provide confirmation (or otherwise) of associa-
tions between variables.

Results from the lasso regression models are
presented in Tables 3 and 4. Therein, we apply
a tune-grid to determine the amount of regularisa-
tion. By convention, tuning parameters are opti-
mised by fitting and evaluating a sequence of
models using cross-validation. The bounds of
95% confidence intervals (CI) are presented in
lieu of the p-values. A confidence interval that
does not contain the value zero is equivalent to
p < 0.05. In Table 4 (visitor model), model 1 is
a regression model with just the control variables,
and model 2 includes just linear components of
rating and sentiment, both of which are positive
and significant: βsentiment =0.012 (p < 0.05);
βrating= 0.083 (p < 0.05). Hence H1 and H2 are
supported. In model 3, the interaction is intro-
duced and is significant (β= 0.003, p < 0.05).

Table 1. Number of properties in each

neighbourhood.

Neighbourhood Count Neighbourhood Count

Westminster 1581 Greenwich 244

Hackney 1548 Barnet 233

Tower Hamlets 1429 Merton 211

Camden 1214 Hounslow 186

Islington 1131 Croydon 106

Lambeth 1112 Redbridge 100

Kensington and

Chelsea

1109 Bromley 98

Southwark 1102 City of London 88

Hammersmith

and Fulham

880 Kingston upon

Thames

88

Wandsworth 742 Enfield 81

Brent 515 Harrow 63

Haringey 467 Hillingdon 52

Lewisham 420 Sutton 39

Newham 319 Bexley 29

Richmond upon

Thames

309 Barking and

Dagenham

20

Ealing 301 Havering 18

Waltham Forest 279
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Thus, it is inferred that sentiment and rating inter-
act to influence occupancy rate, so that H3 is
supported.

In model 4, we introduce quadratic terms of
both sentiment and rating. The analysis shows
that both the quadratic terms are significant (β

= 0.878, p < 0.05) for sentiment and (β= 0.996,
p < 0.05) for rating. To understand the nature
of the quadratic effects, occupancy rate was
plotted against rating and against sentiment
(Figure 3). They indicate that as rating and sen-
timent each increases beyond a point, the rate of

Table 2. List of all the variables included in the models with description.

Variable name Variable type Description

Property type Categorical Entire home or private room in a home

Price Continuous Mean of the daily-rate (price in US$) over the period,
including cleaning fees distributed across the length of

each reservation

Occupancy rate Continuous (Days with a reservation)/(total number of days with a

reservation and available excluding blocked days)

N reviews Discrete Total number of reviews of the property

Max guests Discrete Maximum number of guests the property can accommodate

Response time Continuous Mean time it takes a host to respond to new booking

inquiries (minutes)

Cancellation Categorical Strict or nonstrict cancellation policy

Minimum stay Discrete Minimum night stay required by host

N photos Discrete Number of photographs of the property

Instantbook Categorical Property can be booked without any host-guest

communication (yes, no)

Rating Continuous Rating of the property on a scale of 1–5
Neighbourhood Categorical The London district (Table 1) numbered 1–33
Neighbourhood mean price* Continuous Mean daily-rate, over the period, of all properties in the same

neighbourhood as the property

Sentiment* Continuous Mean sentiment score per review (see Section 4.6)

Prices and occupancy rate were available for the period 1 June 2017 to 31 May 2018. Variables indicated * were calculated.

Figure 1. Variables in the landlord model (transformed data) showing: a smoothed empirical density plot of every

variable (diagonal entries); every variable plotted against every other (upper right off diagonal); and the respective

Pearson correlations (lower left). Response variable (occupancy rate) is on the top row. Entire homes (pink);

room in a home (turquoise).
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increase in the occupancy rate diminishes. Thus,
hypotheses H4 and H5 are supported.

Interestingly, in model 3 (Table 4), with linear
terms for rating and sentiment, the interaction is
statistically significant but sentiment is not – the
coefficient for sentiment is near-zero. This
points to the complex relationship between senti-
ment and occupancy rate in peer-to-peer proper-
ties. It suggests that sentiment is only important
when rating is high. Thus, good sentiment
alone is not sufficient to influence occupancy,
while on the contrary rating alone is important.
In this way, rating might be regarded as a

primary signal of quality and then if rating is
good, sentiment acts as secondary signal.

Of the control variables, price variance has a
negative coefficient that is significant. As
expected, this shows that lower-priced properties
tend to have higher occupancy. Unsurprisingly,
the coefficients of n reviews and, minimum stay
are positive and significant. Further, the instant
booking feature tends to increase occupancy.
On the other hand, the number of photos dis-
played appears to have no effect, while response
time has a negative impact. The negative coeffi-
cient on property type implies that properties of

Figure 2. Variables in the visitor model (transformed data) showing: a smoothed empirical density plot of every

variable (diagonal entries); every variable plotted against every other (upper right off diagonal); and the respective

Pearson correlations (lower left). Response variable (occupancy rate) is on the top row. Entire homes (pink);

room in a home (turquoise).

Table 3. Regression coefficients and their upper and lower 95% confidence bounds for the ‘landlord’ model.

Coefficient Lower Upper

Intercept −5.045
Neighbourhood mean price 3.572 3.464 3.685

Property type −0.045 −0.115 0.000

Max guests 1.689 1.641 1.735

Cancellation −0.043 −0.054 −0.032
Property type × max guests −0.525 −0.583 −0.441
Model summary R2 0.718
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type private room have slightly lower occupancy
rates than entire homes.

Finally, to indicate the practical relevance of
these results, the sizes of the sentiment effect
and rating effect were calculated. The following
methodology was used: In model 2, the occu-
pancy rate was determined for the ‘average’
property, which was the occupancy rate when
all variables in the visitor model are held at
their mean value. Then, this was repeated with
the variable of interest (sentiment or rating)
held at a high value, that is, at its mean plus
two standard deviations. The difference in the
two values of occupancy rate is then the benefit
of being exceptional as opposed to average, sen-
timent or rating-wise. Thus, exceptional is
defined as being in the top 2.5% on the
measure. A two standard deviation increase
(above the mean) in rating increases the expected
occupancy from 56% to 63% (an 12.5% increase
in relative terms). This increase of two standard
deviations is approximately equivalent to a one-
point increase in the rating. A two standard devi-
ation increase (above the mean) in sentiment
increases the expected occupancy rate from
56% to 61% (a 9% increase in relative terms).
When both sentiment and overall rating are set
simultaneously to two standard deviations
above the mean, the expected occupancy rate
increases from 56% to 68% (21% increase in rela-
tive terms). Alternatively, we can hold occupancy
rate constant by increasing the price (because
occupancy rate depends on price variance in
the visitor model). In this way, simultaneous
two standard deviation increases in rating and
sentiment increase the expected price (holding
occupancy rate constant) by $16 per night.
Thus, it is clear that rating and sentiment have a

real positive impact on the occupancy and
equivalently the price of peer-to-peer
accommodation.

Conclusions
Using a large dataset of properties in London, this
study measures the effect of user-generated
content on occupancy rate in the peer-to-peer
accommodation sector. Results indicate that the
sentiment expressed in textual reviews and the
numerical rating of a property have a significant
impact on its occupancy rate. Such user-
generated content is understood to signal value
and thereby influence consumer choice. This
study contributes to signalling theory in general,
and the emerging discussion on the impact of
user-generated content on demand in particular.

In this study, user-generated content, both
quantitative reviewer rating and the qualitative
sentiments are considered as cues that drive con-
sumer decision-making in P2P settings. Using
cue-utilisation theory – a sub-theory of signalling
theory, we demonstrate how the cues impact con-
sumer decision-making, both independently as
well as through an interaction between the two
cues. This result contributes to the extant theory
on cue utilisation, especially in the context of
consumer decision-making. The curvilinear
effect demonstrates the validity of Easterbrook’s
(1959) concept of ‘point of optimum proficiency’
of cues. The curvilinear effect of both the qualita-
tive sentiment scores and reviewer rating goes to
show the possibility of an optimum value in cue
utilisation.

Our study makes a novel contribution as pre-
vious studies that have explored similar relation-
ships either did not use real occupancy rate (e.g.,

Figure 3. Occupancy rate as a function of rating and sentiment (model 4); fitted effects (solid line) shown for the

quadratic model with confidence envelope for the effect (grey ribbon).
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Duverger, 2013; Park et al., 2020) of properties
or used the sentiments from review text (e.g.,
Viglia et al., 2016; Van Der Borg et al., 2017).
This was an important limitation of studies in
the extant literature especially considering the
critical importance of qualitative user-generated
content in assessing the quality of peer-to-peer
accommodation.

Thus, using occupancy rate, rather than other
proxy variables like revenue performance, and
using a measure of sentiment calculated from
review text, we are able to provide greater
depth and validity to the current understanding
of the influence of user-generated content on
outcome variables. Our study also explores how
rating and sentiment scores interact to provide a
more nuanced explanation to occupancy rate in
peer-to-peer accommodation. To our knowledge,
no previous study has explored the interaction
effect even though such interactions have been
suggested in extant theory. Interaction effects
are quite important since, based on the theory
of consistency of signals, the qualitative
reviews provided by users and overall rating
scores have a joint effect on outcome variables
like occupancy rates or sales of products. Our
models also include curvilinear effects of rating
and sentiment scores on occupancy rate and
found that beyond a point, the impact of rating
and sentiment scores on occupancy rate
decreases. The curvilinear effects can be inter-
preted as a necessary consequence of the fact
that occupancy rate is bounded, that is, it
cannot exceed 100%.

Further, recent studies in P2P sector (eg.
Bridges and Vasques, 2019), have specifically
pointed out the positive bias of user-generated
content and thus raised questions about its real
impact in driving outcomes like occupancy rates.
This study uses real data and shows that the two
dimensions of user-generated content namely
review rate and sentiments, positively impact
occupancy rates, hence we show that despite the
positive bias, user-generated content has a real
impact on occupancy rate. This result is also sig-
nificant since we have also control for other poten-
tial variables that could impact occupancy rates.

Managerial implications
This study therefore provides important insights
into the relationship between user-generated
content and occupancy rate in the context of
peer-to-peer accommodation. While consumer
choice in the peer-to-peer accommodation

sector is largely guided by user-generated
content, the role of sentiment scores in customer
choice had still not been conclusively established.
Results from the study help to establish the
strength of sentiment scores in impacting con-
sumer choice by specifying its role in improving
occupancy rates. The interaction and curvilinear
effects provide important pointers to decision-
makers regarding the optimum utilisation of user-
generated content in promoting their properties.
The impact of online reviews is enhanced by
positive sentiments revealed through textual
content highlighting the need to have both posi-
tive sentiment scores and a high rating. Hence,
satisfied customers who may provide positive
numerical reviews but very little or almost no
textual reviews hardly help to generate a positive
attitude towards the property among potential
customers. Similarly, customers who may
provide a near negative numerical review but
negative textual reviews can harm the attitudes
of potential customers to the property. These
insights can be very useful for practitioners in
devising digital marketing strategies. The curvi-
linear effects highlight the limited impact of
both rating and sentiment scores above a certain
level. Once high levels of rating and sentiment
scores are achieved, their impact in driving occu-
pancy rate is limited and hence other factors
should be considered to increase occupancy rates.

While our results support all our hypotheses,
there are limitations. Firstly, our findings apply
to peer-to-peer properties in London, a city with
unique characteristics. Nonetheless, occupancy
rates are generally uniformly high in London,
and the effects of interest may be easier to esti-
mate in regions with more variable occupancy
rates. Secondly, we have used linear models in
our analysis when there may exist critical thresh-
olds for sentiments and ratings and these thresh-
olds may vary with price. Nonetheless, such
thresholds may vary between consumers, so
that effects are blurred and the review-occupancy
relationship reverts to a smooth one. Thirdly,
although the dataset is from a reliable source,
there is limited detail about how rating is calcu-
lated, and sentiment can be measured in many
ways. In this context, it would be interesting in
further study to measure sentiment such that
more weight is placed on more recent reviews.
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