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Abstract
Airbnb is currently one of the most developed new forms of hospitality. It is essentially 
an online platform that connects the owners of apartments or rooms with potential guests. 
The core of the Airbnb model is the host, who offers a support to guests and favor a 
link between the guests and the tourism destination. Airbnb awards the best hosts with 
the badge of “Superhost”, which is attributed according to four elements: the occupancy 
rate, the number of reservations, the response rate and the cancellation policy. This paper 
focuses on hosts and their activities. Specifically, the main goal is understanding if the four 
aforementioned elements actually influence the attribution of the “Superhost” badge to 
hosts operating in two of the main Italian touristic destinations: Sardinia and Sicily. Fur-
thermore, the link between the four basic elements and other “managerial factors” is ana-
lyzed. Logistic and Probit models are used for these purposes and the main findings are 
derived from the computation of marginal effects. The results show a direct impact of the 
four Airbnb variables and of other “managerial” variables, as for instance the presence of 
extra fees for cleaning or similar services, on the probability to be a superhost.

Keywords  Airbnb · Superhost · Logistic regression · Probit regression · Marginal effects

1  Introduction

Airbnb is a company operating as an online marketplace for peer-to-peer accommodation 
rental services. It is one of the most famous online platforms where it is possible to book 
single rooms or whole apartments for one or more days. Founded in 2008 in San Francisco, 
in the last few years it has grown significantly, becoming an important tool for tourists 
who look for a different, often less expensive kind of accommodation (Guttentag 2015; 
Aznar et al. 2017). Actually, it operates in more than 65,000 cities and 191 countries and 
it sells millions of room nights for tourists around the globe. In 2016, Airbnb has declared 
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160 million guests. In the same year, more than three millions of announcements were 
published.

The number of hosts is 2.9 millions and an average of 800,000 overnight stays are spent 
each day in rooms or apartments booked on Airbnb.1 The number of people that subscribe 
as hosts increases at a rate of around 14,000 new hosts per month.2 To become a host is 
only necessary to decide to share a proper space, a room or an entire apartment, and to 
enroll on the Airbnb platform. Moreover, before to appear in the platform, it is necessary 
to decide, and to declare, specific aspects related to the host activity: a minimum and maxi-
mum number of nights, how far in the future guests can book, cleaning fees, weekly dis-
counts or eventually special prices and so on.3

The role of hosts is at the core of the Airbnb activity. This role is so relevant that Airbnb 
awards the best hosts with the status of “superhost”. In fact, each 3 months, Airbnb attrib-
utes this badge to new hosts and confirms or deletes the status of previous superhosts. The 
status is defined taking into account four different criteria. Airbnb declares that to be a 
superhost it is necessary, in the previous 12 months:

1.	 to host at least 10 stays a year;
2.	 to honor every reservation unless there is an extenuating circumstance;
3.	 to respond to customer requests within 24 h at least 90% of the time;
4.	 to achieve a 4.8+ overall rating.

The last criterion has been recently modified. Until June 2018, it was necessary to have a 
five-star rating from at least 80% of accommodated guests. In other words, hosts must be 
active, reliable, responsive and highly rated.4 However, it is not clear if these criteria have a 
direct influence on the status of superhost, and if all the variables are equally important, or 
if one variable is more important than the others.

Recently, a study carried out on Airbnb hosts in San Francisco (US) has demonstrated 
that the four Airbnb criteria influence the attribution of the superhost badge and that it is 
possible to identify a rank among these criteria (Gunter 2018). In particular, this study 
revealed that the most important criterion is rating, followed by a reliable cancellation 
behavior, responsiveness and a sufficient demand. The author of Gunter (2018) has recog-
nized three different limitations of his study. The first is a geographical limitation, as only 
the San Francisco area is analyzed. The second is a time limitation: data are focused only 
on 2016. The third limitation is generated by data themselves, as it used scraped data and 
not official data.

The research findings presented in Gunter (2018) are the starting point of the analysis 
presented in this paper, whose main aim is to overcome two of the above-mentioned limita-
tions: the geographical one and that deriving from the use of non official data. We focus 
on the two most important and attractive Italian islands, Sardinia and Sicily, and analyze a 
dataset obtained from the company that officially manages the Airbnb’s data. Thus, it does 
not make use of scraped data. Specifically, the main goal of this study is twofold. First, it is 
designed to comprehend if the Airbnb criteria can really influence the status of superhost 
and if the rank defined by Gunter in Gunter (2018) can be successfully applied in different 

1  https​://www.airbn​b.com/host/homes​?from_foote​r=1&local​e=en, accessed on 15/02/2019.
2  https​://www.airbn​b.com/host/homes​?from_foote​r=1&local​e=en, accessed on 15/02/2019.
3  https​://www.airbn​b.com/b/setup​, accessed on 15/02/2019.
4  https​://www.airbn​b.com/Super​host?local​e=en, accessed on 30/11/2018.

https://www.airbnb.com/host/homes?from_footer=1&locale=en
https://www.airbnb.com/host/homes?from_footer=1&locale=en
https://www.airbnb.com/b/setup
https://www.airbnb.com/Superhost?locale=en
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geographic areas. Knowing which variables are more relevant can actually support hosts 
improving their chances to become a superhost. Second, we want to assess if the status 
of superhost not only depends from several factors considered individually, as it has been 
investigated in previous studies, but if these factors interact one with another to improve 
the chance for a host to become a superhost. To accomplish for this second goal, we aim to 
comprehend if other variables are involved in the attribution of the superhost badge. Spe-
cifically, the influence of variables related to the management decision, i.e. those strictly 
related to the management of the Airbnb activity, has been considered. To our knowledge, 
this is the first study that investigates the crucial elements that influence the status of super-
host taking into account not only the main variables used to attribute the badge, but also 
the variables related to the management of the host activity.

To sum up, the effort of this study is to answer the following questions:
Q1 = Are the variables that Airbnb declares to use in the identification of superhost 

really related to the status of superhost for hosts operating in Sardinia or Sicily? Is it pos-
sible to identify a rank among these variables?

Q2 = Can other variables, and the interactions among them, influence the status of 
superhost for hosts operating in Sardinia or Sicily?

We apply both the Logistic and the Probit model to answer the two above-mentioned 
research questions. The results underline that the statements made in Gunter (2018) can 
be extended straightforwardly to Sardinia and Sicily. Moreover, it is discovered that other 
variables, and their joint effect, can increase the probability of being a superhost.

Five sections compose this study. The first Section is focused on the review of the litera-
ture, the second on the presentation of an overview of Logistic and Probit regression and 
marginal effects as well as of both data and descriptive statistics. The results of the applica-
tion of the two models on Sardinia and Sicily are shown in the fourth Section. Finally, the 
last Section is focused on the managerial implications and on some concluding remarks.

2 � Literature review

In the last years, different researchers have studied Airbnb, focusing on different aspects.
Some researchers have studied Airbnb taking into account the development of the shar-

ing economy, as Airbnb is based on a platform that connects individuals with resources 
that they want to share to individuals that need those resources (Li et al. 2015; McNamara 
2015). This exchange between hosts and guests has determined the acknowledgment of 
Airbnb as one of the best-known sharing economy companies (Zervas et al. 2015; Gutt and 
Herrmann 2015; Gutierrez et  al. 2016; Quattrone et  al. 2016; Lutz and Newlands 2018; 
Gibbs et al. 2018; Roelofsen and Minca 2018; Liang et al. 2017; Dudás et al. 2017; Ert 
et al. 2016; Gunter 2018). For instance, Zervas et al. (2015, p. 2) have defined Airbnb as a 
center piece of the so-called sharing economy; Dudás et al. (2017) have defined it as one 
of the peer-to-peer based online platforms that promote user-generated content, sharing, 
and collaboration. However, other researchers, as for instance Oskam and Boswijk (2016), 
have criticized the vision of Airbnb as a part of sharing economy because of the monetary 
nature of Airbnb. They have stated that the sharing economy is based on a simple interac-
tion between two persons and not on a monetary exchange.

Other scholars have analyzed Airbnb w.r.t. the trustworthiness and perceived trust. For 
instance, Zhang et  al. (2018) have focused their study on the perceived trust, establish-
ing that the trust is based on different aspects as rating scores, textual reviews, photos, 
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the badge of superhost, accuracy and completeness of the information provided. Moreover, 
Zervas et al. (2015) have analyzed the importance of ratings and reviews. The same results 
have been highlighted in Guttentag and Smith (2017), where it is reported that Airbnb’s 
trust is based on different aspects as, for instance the reviews, the price, and the photos. 
Other researchers have recognized the importance of using the photos to promote the 
accommodation and to produce an impact on the guests’ decisions (Ert et al. 2016). These 
studies are relevant because they allow us to identify the fundamental elements for the defi-
nition of the Airbnb service and for the creation of trust in guests.

Other studies have focused on consumer segmentation. Lutz and Newlands (2018) have 
analyzed this aspect in the effort to comprehend whether Airbnb users prefer to book a 
shared room or an entire home. The results suggest that those who travel alone or with 
friends prefer to stay in shared rooms, whereas guests that travel with parents or children 
prefer to chose entire apartments. Moreover, the choice is influenced also by socio-eco-
nomic status: guests with a higher socio-economic status are more likely to book an entire 
home.

Another important topic analyzed has been the choice of the price for the Airbnb 
accommodation. Some researchers, as for instance Wang and Nicolau (2017) and Gibbs 
et al. (2018), have attempted to identify which variables can have a direct impact on the 
price of Airbnb accommodations.

Additionally, Choi et al. (2015), Zervas et al. (2017), Guttentag and Smith (2017), Mar-
tin-Fuentes et al. (2018) and Blal et al. (2018) have analyzed the impact of Airbnb on the 
hotels’ activity. Not all studies show the same results. For instance, Guttentag and Smith 
have stated that many Airbnb guests use the service in place of a hotel, and especially 
mid-range hotels (Guttentag and Smith 2017, p. 9). This statement seems to contradict the 
above results of Choi et al. that have suggested that Airbnb has no effect on hotel revenue 
in a specific area as Korea (Choi et al. 2015).

Another considered aspect is the localization of Airbnb accommodation in the territo-
ries and the impact of Airbnb on cities (Gurran and Phibbs 2017). Dudás et  al. (2017) 
have defined a method to map the spatial distribution of Airbnb accommodations, whereas 
Gutiérrez et al. (2017) have analyzed their spatial distribution. Quattrone et al. (2016) have 
mapped the Airbnb accommodations in London to comprehend the socio-economic char-
acteristics of areas, and to evaluate the existence of differences between Airbnb listings of 
rooms and those of entire houses.

Finally, some researchers have focused their attention on the badge of superhost. Liang 
et  al. (2017) have analyzed how the status of superhost can influence published reviews 
and the behavior of ratings. Specifically, they have discovered that the accommodations 
managed by a superhost are more likely to receive reviews than those managed by a normal 
host, that the price of the accommodation is negatively associated with the review volume, 
and that guests prefer to spend more money for accommodations with the superhost badge. 
In the same perspective, Roelofsen and Minca have analyzed the phenomenon of Airbnb 
studying the importance and the pervasiveness of the biopolitical spatialities in the shar-
ing economies and particularly in the Airbnb platform. They have analyzed the capacity of 
Airbnb to create communities and interactions between guests and hosts. Particular atten-
tion is posed on the study of superhosts, defined as the champions of the Airbnb world of 
hospitality and as stellar human beings who excel in performing hospitality at their home 
(Roelofsen and Minca 2018, p. 177). These scholars have also underlined the importance 
of becoming superhosts in terms of a bigger visibility on the Airbnb platform. Wang and 
Nicolau (2017) have also discovered a positive relationship between the superhost status 
and the price, evidencing an increase in the income for the hosts that obtain the badge. 
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Additionally, Ma et al. (2017) have analyzed how the hosts describe themselves on their 
Airbnb profile pages and the perceived trustworthiness of their profiles. They have discov-
ered that superhosts have significantly more extensive host profile. Within this framework, 
as evidenced before, an interesting analysis has been realized by Gunter (2018) in order 
to comprehend if the variables used by Airbnb to define the status of superhost can really 
impact on the probability to be a superhost. He has applied the Logit and Probit model with 
the aim to evaluate which variable can influence this probability. Moreover, the use of mar-
ginal effects has allowed identifying the impact on this probability.

As previously stated, the present paper builds on the study presented in Gunter (2018) 
and tries to define a suitable statistical model that might be operationalized to understand 
the basic factor determining the shift from the status of host to the superhost one. The 
importance of studying the superhost status comes from the fact that the badge allows hosts 
to obtain several benefits. Airbnb summarizes the benefits in four main areas.5 First of all, 
a bigger visibility: superhosts are placed better in the online researches, so they can be 
found more easily. Moreover, a superhost filter is located in the Airbnb website improving, 
another time, the possibility to be found more easily and quickly. Finally, a badge is added 
to Superhosts’ profiles to certify their high standards, a guarantee of high quality services 
for Airbnb guests. The second advantage is related to the exclusive peaks, as called by 
Airbnb. These peaks are defined through a recognition of an extra referral bonus, the pos-
sibility to choose between a 100$ travel coupon or one free professional photo session in 
available markets and the application of discounts on next products and on Airbnb experi-
ence. The third advantage is related to the insider access. Airbnb provides a priority sup-
port when a superhost has a problem in his activity. Additionally, Airbnb recognizes an 
early access to new features offering the possibility to be the first to develop new programs 
and to test features before they are launched to the broader host community. Finally, super-
hosts can participate in exclusive events and product launches organized by Airbnb. The 
fourth advantage is related to the tools of the host business. Airbnb offers a tax service that 
allows obtaining a special discount and resources from the Airbnb tax partners. Moreover, 
Airbnb states in its website6 that superhosts earn 22% more than other hosts. Improved 
income can be considered as a fifth, certainly not negligible advantage.

3 � Research methodology

3.1 � Basics of Logistic and Probit models

In order to answer to the two research questions, we estimate the probability of being a 
superhost through both the Logistic model and the Probit model. These models have been 
chosen since they allow to reach the main goal of inferencing the effects of the covari-
ates over the binary response variable Superhost. Furthermore, they evaluate the mar-
ginal effects, providing more interpretable results especially for the coefficients of discrete 
covariates (Powers and Xie 2008).

Let us consider the matrix �� =
(
X0,X1,X2,… ,Xp

)
 , where X0 = (1,… , 1)� is a constant 

variable of length n and the other elements are the covariates expressed by a collection of p 

5  https​://www.airbn​b.com/super​host.
6  https​://www.airbn​b.com/Super​host?local​e=en, accessed on 30/11/2018.

https://www.airbnb.com/superhost
https://www.airbnb.com/Superhost?locale=en
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independent variables of length n. The response variable Y = (y1,… , yn)
� is dichotomous: 

it is equal to 1 when the host is a Superhost and to 0 if the host is not a Superhost. The con-
ditional probability for a superhost is

The vector � = (�0,… , �p) is an unknown vector of p + 1 regression coefficients. Several 
functions g(⋅) can be considered to estimate the relationship between Y and � . In the gen-
eralized linear modeling framework, the function g(⋅) is known as link function (see, for 
example (Fahrmeir and Tutz 1994)). Hereafter, we focus on logit and probit functions.

The logit-link function used in the logistic regression model is specified as

The probability �(�) as defined in Eq. (1) is related to � through g−1(���) , consequently

As for the probit model, instead, the probit-link function is specified as

and �(⋅) is the cumulative distribution function of a standard normal distribution. The pro-
bit transformation, given by the inverse of the cumulative distribution function of a stand-
ard normal distribution, i.e. g−1(���) , allows us to relate �(�) to � . Consequently:

Both the logistic and probit model parameters are estimated through maximum likelihood. 
The likelihood function is

Maximum likelihood estimation consists in finding the coefficient vector � maximizing 
log[L(�|Y ,�)].

As shown above, the main difference between logistic and probit is the link function, 
although both models generally give similar results. From a mathematical point of view, 
the logistic distribution has slightly fatter tails: the variance of a logistically distributed 
random variable is about �2∕3 , whereas that of a (standard) normally distributed variable is 
one. That is to say, the conditional probability Pr(Y = 1|�, �) approaches 0 or 1 at a slower 
rate in logit than in probit. But in practice there is no compelling reason to choose one over 
the other. For these reasons, we consider both approaches in the estimation of the probabil-
ity of being a superhost.

(1)Pr(Y = 1|�, �) = g(���) = �(�)

(2)g(���) =
e
∑p

i=0
�iXi

1 + e
∑p

i=0
�iXi

(3)log

(
�(�)

1 − �(�)

)
=

p∑

i=0

�iXi

(4)g(���) = �(���)∫
�

��

−∞

1
√
2�

exp
�
−
1

2
u2
�
du,

(5)�−1(�(�)) =

p∑

i=0

�iXi

(6)L(�|Y ,�) =
n∏

i=1

(
g(���)yi [1 − g(���)](1−yi)

)
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For both models (logistic and probit), a marginal effect is defined as the rate at which y 
changes at a given point in covariate space, with respect to one covariate dimension and 
holding all covariate values constant (Leeper 2017, p. 7). A marginal effect is computed 
through partial derivatives. For the kth the independent variable, in the case of continuous 
variables a unit change of xik determines a �k change in yi . Consequently, �k can be consid-
ered the marginal effect of xik

For a discrete independent variable the marginal effect is given by

Furthermore, a marginal effect can also be computed taking into account the conditional 
probability of yi = 1 . Specifically,

where f (⋅) denotes the density function. This quantity is the rate of change in the success 
probability in the neighborhood of a particular value of x.

3.2 � Data and descriptive statistics

The study has been realized using a dataset provided by Airdna®, a company that deals 
with Airbnb data. The Airdna dataset includes information concerning different aspects as 
for instance the hosts and their activities, the revenues, the number of reservation days, the 
characteristics of Airbnb accommodations, the judgments on the apartments and the coor-
dinates of the accommodations.

The variables we are going to consider in our analysis concern the information related 
to the host and to aspects involving his management activity, as shown in Table 1.

(7)
�yi

�xik
= �k

(8)E(yi|xik = 1) − E(yi|xik = 0) = �k

(9)
�Pr(yi = 1|�i)

�xik
=

�g(��
i
�)

�xik
= f (��

i
�)�k

Table 1   Airbnb data

Variables Means

Superhost 1 = superhost and 0 = otherwise

Cancellation policy 1 = cancellation policy and 0 = no cancellation policy

Cleaning fee 1 = cleaning fee and 0 = no cleaning fee

Number of bookings Number of unique reservations in the last 12 months
Response rate The percentage of time a host responds to potential guests within 24 h
Overall rating Overall customer rating from on a scale of 1–5
Max guests The maximum number of guests the listing can accommodate
Extra people fee Charge N∕A = no additional fee
Instant book enabled Yes = the property can be booked without any host/guest communication
Occupancy rate The percentage of : (days with a reservation) / (total number of days with 

a reservation and available). Calculation excludes blocked days
Latitude
Longitude
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The variable Superhost is chosen as a response variable. It is a binary variable that 
assumes value equal to one when the host is a superhost, and zero otherwise.

We consider four Airbnb variables as covariates in a first step of the analysis, that are 
used to specify a model to answer the research question Q1 . They are:

–	 the Cancellation policy, which has been transformed into a binary variable. It 
assumes value zero if the host choses a flexible cancellation policy and one if he opts 
for a strict or moderate policy;

–	 the Cleaning fee,  it assumes value one if the host requires a cleaning fee and zero 
otherwise;

–	 the number of reservations (Number of Bookings);
–	 the rate of a host responding to his guests (Response Rate);
–	 the value that the guests express to judge the whole Airbnb experience (Overall Rat-

ing).

In a second step, other variables are included in the model. These variables can be clas-
sified as managerial variables, as they are related to the managerial decisions of the 
host. Specifically, the subset is composed by the following variables:

•	 Max Guests, the number of maximum guests that can be hosted;
•	 Extra People fee, the price to pay to add one or more persons to the reservation;
•	 Instantbook Enabled, a service that allows guests to book an accommodation with-

out an explicit host approval, facilitating the reservation process.
•	 Occupancy rate, the proportion of days in a year when the accommodation is 

booked. This rate is related with the number of bookings, which is one of the vari-
ables that Airbnb uses to assign the status of superhost. This variable cannot be con-
trolled or determined directly by the host.

These variables are taken into account because, as evidenced before, they are important 
elements for a host in order to develop trust and to improve his communication ability. 
They are considered as fundamental aspects to become a superhost and are thus used to 
specify the model to answer the research question Q2.

The empirical analysis is made on data concerning reservations made during 2016 in 
Sardinia and Sicily. In the original dataset, 24,651 Airbnb hosts were located in Sardinia 
and 42,436 in Sicily. The original dataset has been cleaned removing observations pre-
senting missing values at least in one of the variables Superhost, Cancellation policy, 
Number of Bookings, Response Rate and Overall Rating. These variables are considered 
in the literature (e.g. Guttentag and Smith 2017; Gunter 2018) as the most important 
ones in determining the status of superhost. At the same time, we considered as outliers 
the observations that lie beyond the 95% whiskers of the boxplot of the variables Num-
ber of Bookings, Response Rate and Overall Rating, on both sides. These observations 
were removed from the original dataset. Following this data cleaning process, the final 
dataset is composed of 19,756 hosts, of which 11,086 are located in Sicily and 8670 in 
Sardinia.

The accommodations of the two islands considered in the final dataset are represented 
in Figs. 1 and 2. It is worth noting that they are mostly located near the coast. This aspect 
confirms what stated in Quattrone et al. (2016) and Boros et al. (2018): Airbnb listings tend 
to be concentrated near popular touristic destinations and in touristic areas.
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Tables  2 and 3 report the descriptive statistics for the observed variables for the two 
groups of Airbnb hosts.

From Table  2 it is possible to notice that the two regions have the same average 
levels of occupancy and response rates, maximum number of guests and overall rating. 
One important difference emerges w.r.t. the number of bookings: in Sicily, the mean 
number of bookings in a year equals 9.71 (median = 7.00). This average level appears 
as relevantly higher than that observed in Sardinia, where the mean (median) of the 
number of bookings is 6.71 (5.00). For all the observed numerical variables, there is 
more variability observed for Sicilian hosts: the coefficient of variation (last column of 
Table 2) observed for Sicily is always higher than that observed for Sardinia.

Table  3 reports the observed proportions of occurrences for the binary variables, 
including the variable Superhost that is used as response in the regression models. It 
is possible to notice that the proportion of superhosts is very high and rather simi-
lar in the two regions (about 0.90 for Sicily and about 0.93 for Sardinia). Important 
differences emerge, instead, for other variables: Sicilian hosts tend more to apply a 
moderate/strict cancellation policy as well as to require a cleaning fee to their clients. 
Sardinian hosts tend more to require additional fees for people who is added next to the 
reservation and are more orientated towards instant bookings.

Fig. 1   Airbnb in Sardinia
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In the next Sections, we will see that all the differences observed in Tables 2 and 3 
influence the outcomes of the regression models.

Fig. 2   Airbnb in Sicily

Table 2   Descriptive statistics of the observed numerical variables: minimum (min), maximum (max), 
median, mean, standard deviation (SD) and coefficient of variation (coef.var)

Variable Min Max Median Mean SD Coef.var

Occupancy rate 0.00 0.66 0.17 0.21 0.16 0.76
Max guests 1.00 16.00 4.00 4.53 2.43 0.54
Number of bookings 0.00 43.00 7.00 9.71 9.06 0.93
Response rate 76.00 100.00 100.00 98.86 3.83 0.04
Overall rating 3.60 5.00 4.70 4.62 0.36 0.08
Occupancy rate 0.00 0.63 0.19 0.22 0.15 0.66
Max guests 1.00 16.00 4.00 4.45 2.08 0.47
Number of bookings 1.00 25.00 5.00 6.71 5.17 0.77
Response rate 71.00 100.00 100.00 98.20 5.11 0.05
Overall rating 3.50 5.00 4.70 4.58 0.39 0.09
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4 � Results and implications

The Logistic and Probit models have been applied on the Sardinia and Sicily data in 
order to understand if the four major Airbnb variables identified in Gunter (2018) have 
a direct impact on the probability to obtain the superhost badge (first research question, 
Q1 ) as well as to investigate about the role of other important variables as well as on 
their interaction effects (second research question, Q2).

4.1 � The importance of the four major variables and their possible ranking

The four major variables used by Airbnb, specifically overall rating, cancellation policy, 
number of bookings and response rate, have a direct influence on the probability to be a 
superhost, as evidenced in Table 4. Results obtained from the two types of models pro-
vide the same information and are consistent one with another. Furthermore, the results 
obtained for the two islands also underline the existence of a rank among the variables: a 
rank that is confirmed by the results of the two models and by the computation of the mar-
ginal effects (bottom panel of Table 4). These results are in line with the statements made 
in Gunter (2018). The most important variable is overall rating, followed by cancellation 
policy, number of bookings and response rate.

It must be underlined that the variable “overall rating” is also able to capture the general 
judgement on the experience and the satisfaction level. It is therefore the synthesis of dif-
ferent aspects, as for instance the neatness of the accommodation, its location, etc. Addi-
tionally, this variable is really important because it also gives a measure of the quality of 
the service. This element is essential for a host that wants to become a superhost and wants 
to maintain this position. Moreover, as evidenced in Gutt and Herrmann (2015), this posi-
tive judgement can also impact on the rent price and improve the earnings rates of the host.

The second variable in the ranking is Cancellation Policy. A strict cancellation policy 
is considered as a warranty for the guest (Gunter 2018). It is supposed that the accuracy 
required from the host is also required by the host. Specifically, it is supposed that the 
choice of a strict cancellation policy is a signal of accuracy and honesty that the host 
requests to his guests. The same accuracy and honesty, on the other side, will be requested 
to the host, that is supposed not to cancel the reservation. When the guest books an accom-
modation, he certainly hopes to spend his holiday pleasantly and without problems. The 
cancellation of a room or an apartment is therefore a relevant problem, so in order to 
become a superhost it is very important not to delete reservations.

Table 3   Proportion of occurrences for the observed binary variables ( p
1
 is the observed proportion for 

Airbnb hosts operating in Sicily whilst p
2
 is observed proportions for Airbnb hosts operating in Sardinia)

p Variable

Superhost Cancellation 
policy

Extra people fee Cleaning fee Instant-
book 
enabled

p1 0.899 0.329 0.363 0.424 0.650
p2 0.932 0.262 0.558 0.341 0.755
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Number of booking and Response Rate are ranked in the third and fourth position, 
respectively. These two variables show roughly the same values. In fact, the value of mar-
ginal effects related to the two variables are very similar both in Siciliy and in Sardinia.

To be a superhost, it is necessary to host at least 10 stays during the previous year. A 
high number of reservations is a signal that the host is probably offering a service highly 
appreciated by guests. In Liang et  al. (2017) it is also showed that the superhost badge 
attracts more bookings.

To sum up, in order to become a superhost it is necessary to have a high number of res-
ervations. Since we are observing destinations (Sardinia and Sicily) characterized by a sea-
sonal nature of tourism where tourists use to stay often for a couple of weeks in the period 
from May to September, being a superhost in those regions implies that it is very likely that 
the accommodation is often booked out of season also.

At the same time, as underlined before, a high number of reservations guarantees 
the conservation of the superhost status. It is like a virtuous circle, where the number of 

Table 4   Logistic and Probit model: estimated coefficients and marginal effects

Estimated model

Logistic regression Probit regression

Variable 𝛽 𝜎̂𝛽 z Pr(> |z|) 𝛽 𝜎̂𝛽 z Pr(> |z|)

Sicily
(Intercept) − 21.335 1.361 − 15.67 0.00 − 10.683 0.661 − 16.15 0.00
N of bookings 0.059 0.003 18.73 0.00 0.031 0.002 17.78 0.00
Response rate 0.034 0.012 2.98 0.00 0.017 0.006 3.02 0.00
Overall rating 3.128 0.153 20.51 0.00 1.531 0.072 21.15 0.00
Cancellation policy 0.328 0.074 4.42 0.00 0.178 0.039 4.60 0.00

Sardinia
(Intercept) − 20.628 1.514 − 13.63 0.00 − 9.664 0.691 − 13.98 0.00
N of bookings 0.122 0.007 17.11 0.00 0.061 0.004 16.04 0.00
Response rate 0.035 0.012 2.88 0.00 0.016 0.006 2.92 0.00
Overall rating 2.829 0.192 14.75 0.00 1.271 0.086 14.87 0.00
Cancellation policy 0.292 0.108 2.71 0.01 0.139 0.053 2.62 0.01

Marginal effects

Logistic regression Probit regression

Variable AME 𝜎̂
AME

z Pr(> |z|) AME 𝜎̂
AME

z Pr(> |z|)

Sicily
N of bookings 0.0048 0.00 18.93 0.00 0.0048 0.00 17.94 0.00
Response rate 0.0028 0.00 2.98 0.00 0.0027 0.00 3.02 0.00
Overall rating 0.2576 0.01 20.02 0.00 0.2379 0.01 20.96 0.00
Cancellation policy 0.0259 0.01 4.61 0.00 0.0267 0.01 4.78 0.00

Sardinia
N of bookings 0.0071 0.00 16.46 0.00 0.0070 0.00 15.62 0.00
Response rate 0.0020 0.00 2.87 0.00 0.0019 0.00 2.91 0.00
Overall rating 0.1636 0.01 13.94 0.00 0.1467 0.01 14.31 0.00
Cancellation policy 0.0160 0.01 2.86 0.00 0.0154 0.01 2.75 0.01
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reservations is the key element that allows both obtaining the superhost status and to main-
tain it through time. Moreover, an elevate number of bookings can be also considered as a 
distinctive element of a host that works “professionally”. The label professional has been 
used by several researchers to describe Airbnb hosts. The first to use of this term occurred 
in Li et al. (2015) that classified the Airbnb hosts as professional or unprofessional. Spe-
cifically, the label professional was used for the hosts that rent more than one property. On 
the contrary, the label unprofessional was used for the hosts that offer only one property on 
the Airbnb platform. The same label is applied in this study. However, in this case the label 
professional is used to identify those hosts that have the status of Superhost. On the con-
trary, the label unprofessional is used for those hosts that do not have the badge of Super-
host. The separation of professional (super)hosts from unprofessional (non-super)hosts 
ones operated in this study is motivated by the relevant effort realized by the Superhost to 
reach the four above-mentioned criteria required by Airbnb. Only an accurate management 
of the Airbnb activity and a constant effort to improve the quality of the service allow to 
obtain the badge and to maintain it. This effort is a clear signal that the aim of a host is to 
market a profitable product, and therefore we use it as an indication that the superhost is 
actually a professional host.

The variable Response Rate has the same relevance. This variable is directly calculated 
by the platform and it measures how fast the host responds to guest’s online enquiry (Roe-
lofsen and Minca 2018). This aspect is relevant for three reasons. Firstly, the Airbnb activ-
ity is based on the creation of a relationship between hosts and guests. Secondly, the choice 
of an Airbnb accommodation is based (or at least should be based) on the desire to meet 
new people and to live the holiday differently. Finally, a host that answers quickly changes 
completely the travel experience, as it supports and accompaign guests along their entire 
vacations.

The four variables have generally the same impact and assume roughly the same values 
on the two different Italian islands. Thus, it is possible to answer Q1 stating that the vari-
ables that Airbnb declares to use in the identification of superhost are really related to the 
status of superhost for hosts operating in Sardinia or Sicily and a rank among these vari-
ables exists.

Interesting differences are found on the value of the variables Number of Bookings, 
Overall rating and Cancellation Policy. The marginal effect of Cancellation Policy and 
Overall Rating is higher in Sicily whilst that of Number of Bookings is higher in Sardinia. 
These differences are observed for both the logistic and the probit models. The values 
obtained for the two islands are similar to the results obtained by Gunter (2018) for San 
Francisco. This means that the same model is therefore applicable for other geographic 
areas.

4.2 � The role of “managerial variables” and the interaction effects

In a second step of the analysis, after assessing the direct influence that the four Airbnb 
variables have on the status of superhost, we attempted to comprehend if other variables 
can influence directly the probability to be a Superhost. It is clear that only the four varia-
bles are used by Airbnb to attribute this badge. However, it is important to establish if other 
aspects can influence this probability in order to support hosts in their effort to improve the 
quality of the service they offer and their position in the Airbnb platform. At the same time, 
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it is interesting to investigate whether these additional variables have the same effect on the 
probability of being a superhost in two different areas.

It has been shown that aspects such as services, rental rules and customer reviews can 
influence the possibility to obtain the badge of Superhost (Wang and Nicolau 2017). We 
focus on the impact that the variables related to the management of an Airbnb accom-
modation have on the probability to become a superhost. The Airbnb platform, in fact, 
gives hosts the possibility to make different choices concerning the reservation process 
and the accommodation rules, that can change completely not only the booking experi-
ence but also the entire stay. For instance, they can ask guests to pay a security deposit, 
fix a minimum or maximum number of days, and choose what services they want to 
offer.

Specifically, in our analysis we focus on the following additional variables that we 
define “managerial variables”: Occupancy Rate; Max Guests; Extra People Fee; Cleaning 
Fee and Instant book Enabled. The first two variables are quantitative, whereas the remain-
ing three are qualitative.

The variable Occupancy rate is intended as a proxy of the quality of the service. It is 
not directly controllable by the host but strictly related to the quality of the service offered 
by the host since it depends on the proportion of positive reviews made by guests. Con-
sequently, it can be considered as a variable controlled by the host. Moreover, it has been 
demonstrated that guests generally write positive rather than negative reviews, and that 
they normally share only the good experiences they had during their stays, minimizing the 
bad aspects (Bridges and Vásquez 2018).

Therefore, if a host gets many reviews, they will be positive in most cases, and a high 
number of positive reviews has a positive impact also on the probability to become a super-
host. As a corollary, a high number of positive reviews also generates trust in potential 
guests, and this affects even more positively the occupancy rate and thus the possibility to 
obtain the superhost badge.

The Logistic and Probit models have been applied in order to comprehend the direct 
impact of the managerial variables on the probability to be a superhost. Beside the main 
effects part of the model, we searched for significant cross-product interaction terms of 
both the second and third order to understand if the basic variables and the managerial ones 
interact one with another and in different ways to determine the superhost status. Results of 
this second step of the analysis are summarized in Table 5.

We considered the main effects model as our starting model and added all the possible 
interaction terms of both the second and third order. At the end, to define the final model 
we removed the interaction terms that were not significant. Of course, the final model has 
been defined taking into account of the well known hierarchy principle: a third-order inter-
action effect is kept in the model only if all the interactions of the second order involv-
ing the same covariates are included as well. Interestingly and rather surprisingly, the final 
model obtained for the two regions include the same main effects and the same interaction 
terms. Nevertheless, important differences arise w.r.t. the estimated coefficients and the 
marginal effects.

From Table 5, it is possible to notice that the estimated coefficients for the four vari-
ables used in the first step of the analysis (whose results are reported in Table 4), but not 
for Number of Bookings, have all the same positive effect on the probability of being a 
superhost. This result characterizes models estimated for the two islands. The number of 
bookings, if considered alone, has a negative effect on the estimated probability, particu-
larly for hosts operating in Sicily. The other managerial variables included in the main 
effects part of the model lead to different findings for the two areas: Extra People Fee is the 
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unique variable that present a positive sign of the estimated coefficient for both islands and 
this coefficient is highly significant. Conversely, Occupancy Rate and Cleaning Fee have a 
positive effect on the superhost status in Sicily only. These two variables have no important 
effect for Sardinian hosts if considered alone. For these hosts, it seems that the presence 
of the instant-booking option is an important element that influences the estimated prob-
ability. The analysis of the main effects part of the model also shows that the maximum 
number of guest has a positive effect on the superhost status for hosts located in Sicily and 
a negative effect for those operating in Sardinia.

Moving to the second-order interactions, the output reported in Table  5 shows that 
number of bookings and overall rating have together a positive effect on the probability of 
being a superhost in both regions, whilst the opposite result is obtained for the joint effect 
of the number of bookings and the presence of a cleaning fee. Those results seem to sug-
gest that the turnover of guests and the rating are important elements to improve the quality 
of the service, but in accommodations with many reservations where additional fees are 
requested, as for example for cleaning, are not straightforwardly linked to the superhost 
stauts, as the required extra-payment is not always perceived by guests as an improvement 
of the service.

It could be guessed that this effect is particularly important for Sicily if we consider that 
the joint effects of the response rate and the cleaning fee, and of the occupancy rate and the 
cleaning fee, since both cause the probability of being a superhost to decrease.

The differences observed for the second-order interaction effects are reflected in the two 
interactions of the third order that characterize the models estimated for Sicily and Sar-
dinia. They show that increasing at the same time the number of bookings and the overall 
rate causes the probability of being a superhost to increase at most for hosts who require 
a cleaning fee: this effect is very important in Sardinia as the value for the estimated coef-
ficient in both models are higher than those obtained for Sicilian hosts. In Sicily, the prob-
ability of being a superhost is highly influenced by the joint effect of occupancy rate and 
response rate: this means that hosts replying quickly at clients’ requests are very likely to 
increase their occupancy rates and this effect is more pronounced in the case a cleaning fee 
is also required. Conversely, there is a negative joint effect of these three variables on the 
probability of being a superhost for Sardinian hosts: in these cases, it seems that these addi-
tional services are not particularly appreciated.

For the models estimated in this second stage of the analysis, marginal effects are not 
reported to save space. Those related to the main effects part of the model and, in particu-
lar, to the added “managerial variables” are consistent with the values of estimated coef-
ficients. Those concerning the interaction effects cannot be computed. Nevertheless, the 
latter can be represented graphically as they help in understanding how the joint effect of 
two or more covariates influence the probability of the occurrence of a certain event.

In this respect, we focus on third-order interactions and represent in Fig. 3 the two terms 
obtained from our second model separately for Sicily and Sardinia. The two scatterplots 
in the first row of Fig. 3 represent the marginal effect of overall rating and the number of 
bookings on the probability of being a superhost for a host operating in Sicily (left panel) 
or in Sardinia (right panel). The interaction effect involves the possibility to ask for a clean-
ing fee also, as we represent with two separate lines hosts requiring this additional fee (dot-
ted line) and those who do not require it (solid line). It is possible to notice that the number 
of bookings and the overall rating jointly have a direct influence on the superhost status 
in both regions, but this influence is more marked for hosts requiring the cleaning fee. In 
Sardinia, if the number of bookings is below 7.5 and/or the overall rate is below 0.20 this 
effect is not so evident, to be exact.



1650	 G. Contu et al.

1 3

Interesting differences between Sicily and Sardinia are notable when we focus on the 
joint marginal effect of the response rate, the occupancy rate and the cleaning fee on the 
superhost status. The bottom-left panel of Fig. 3 provides evidence that, in Sicily, increas-
ing both the response rate and the occupancy rate causes the probability of being a super-
host to increase if an extra-fee for cleaning is required, whilst there is no joint effect of the 
two numerical variables (or even a slightly negative effect if the occupancy rate is above 
0.35) for hosts who do not require a cleaning fee. Opposite conclusions can be drawn for 
Sardinian hosts (bottom-right plot in Fig. 3): in this case, requiring a cleaning fee causes 
the probability of being a superhost to decrease, particularly if the occupancy rate is above 
0.10 and/or the response rate is very low (below 0.00125). For Sardinian hosts who do not 
require a specific cleaning fee, instead, there is a positive joint marginal effect of occu-
pancy rate and response rate.

In our opinion, this difference is attributable to two possible causes: the cleaning fee is 
implicitly included in the total fee or hosts of Sardinian rooms or apartments have highest 
expectations w.r.t. the quality of service and are prepared to pay more only if the quality of 
the service is clearly superior. Oppositely, cleaning is a discriminating factor for Sicilian 

Fig. 3   Third-order interaction effects
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hosts: for them, requiring a related extra fee and ensuring high standards for cleaning is 
an important discriminating factor. This finding is consistent with the idea that offering an 
elevate number of extra services and facilities should improve, and maintain, high quality 
levels in time (Liang et al. 2017).

To conclude, the empirical evidence provided in this section is consistent with Q2 . It has 
been demonstrated that “managerial variables”, and the interactions between them and the 
four main variables, influence the status of superhost for hosts operating either in Sardinia 
or Sicily.

5 � Concluding remarks

In this study, we applied the logistic and the probit models to evaluate if the findings 
obtained in Gunter (2018) concerning some aspects related to the Airbnb Superhost 
badge can be extended to other geographic areas, such as the Italian islands of Sardinia 
and Sicily.

These are two areas with several similarities, such as the preponderance of seaside 
tourism and the concentration of Airbnb accommodations in costal areas. We focus on 
Sardinia and Sicily because we are interested in investigating about the main features of 
the Airbnb phenomenon in the two largest islands of Italy. The two islands are among 
the most favored destinations in Italy for tourists, particularly those interested in sea-
side tourism, but they differ w.r.t. many cultural and economic factors that stimulate our 
interest in investigating about different factors influencing Airbnb’s hosts.

Although in principle the two destinations might appear very similar, there are many 
differences to be highlighted to further motivate the present study. As an example, 
Sardinia’s territory is characterized by a variety of ecosystems that lead to define this 
region “a micro-continent”: they include mountains, woods, plains, largely uninhabited 
territories, streams, rocky coasts and long sandy beaches. Nowadays, Sardinian land-
scape still houses the vestiges of the Nuragic civilization.

Contrariwise, Sicily is a melting pot of a variety of different cultures and ethnici-
ties, including the original Italic people and, among others, the Phoenicians, Carthagin-
ians, Greeks, Romans, Byzantines, Arabs, Normans and Albanians, each contributing to 
the island’s culture and genetic makeup. Furthermore, the Sardinian economy is today 
focused on the overdeveloped tertiary sector, and tourism represents the main industry 
of the island although its development is hindered by high costs of transportation and 
limited tourism planning capacity. Instead, Sicily is more easily reachable and thus it 
attracts more tourists from mainland Italy: although the tourist season peaks in the sum-
mer months, people visit the island all year round. Beside seasonal tourism, more Medi-
terranean cruise ships stop in Sicily and many wine tourists also visit the island.

The results show that the four Airbnb main variables have a real impact on the prob-
ability to become a superhost. In fact, not all the variables have the same impact: the 
variable Overall rating is the most important. To become a superhost, it is important to 
offer a high quality service, in order to be able to satisfy guests and create a nice holiday 
experience. Therefore, it can be argued that the model specified by Gunter (2018) is 
able to explain how the superhost badges are assigned, and it can be applied to different 
geographic areas.

Next, other variables have been included in the model to comprehend if other specific 
aspects can influence the probability to become superhost. Also in this case, the results 
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evidence the importance to offer a high quality service. This aspect is certainly confirmed 
by the elevate impact discovered w.r.t. other variables, as for instance the requirement of 
additional fees for adding new guests to a previously confirmed reservation or for cleaning. 
Guests normally choose an Airbnb accommodation because it has less limitations com-
pared to hotels and more traditional accommodations, and because they offer more free-
dom and a stronger connection with local people. Moreover, guests prefer facilities and 
services that make them feel like in their own homes. Hosts who want to improve their 
activity and become superhosts must offer a quality service to fulfill guests’ needs.

Another relevant aspect is related to the capacity of the host to build a personal rela-
tionship with his guests, based on trust and respect. The two aspects can be generated 
only if the host takes care of his guests before and during their vacation. The creation 
of this relationship improves the possibility to become a superhost and it makes the real 
difference between an unprofessional and a professional host.

To sum up, to become a superhost it is necessary to work professionally and to offer a 
high quality service, support guests during the entire travel and satisfying their needs.

The results of this study have some limitations, due to the small time range consid-
ered: data were available only for 2016, and this affects the results. Future research will be 
addressed towards a broader time range.

Moreover, it would also be interesting to analyze more variables. This study dealt only 
with variables concerning aspects that can be directly controlled by hosts. As a matter of 
fact, though, uncontrollable variables exists that could have a remarkable impact on the 
probability to become a superhost. For instance, the type of accommodation cannot be 
directly controlled by the host, but it certainly impact the host success. Including uncon-
trollable variables and analyzing them together with controllable ones would certainly 
strengthen the model we used in this research, and would provide additional information to 
better define what is really important to pass to the superhost status.
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