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Design/methodology/approach: This is an explorative study based on the city of Milan (Italy). The sample
is composed by 31,000 Airbnb hosts. To explore the scaling and seasonal patterns of Airbnb listings,
AirDNA daily data were used by the research team, which cover the period of 2014 (from November) to
June 2019. Therefore, the data include four completed years (2015-2018) and support a longitudinal
analysis.

Purpose: This paper explores the scaling (size) effect, focusing on Airbnb’s host providers, with the aim of
understanding the similarities and differences in the seasonal patterns, which is considered as a proxy for
competitive threat.

Findings: Empirical findings show progressive dissimilarities when moving from single to multiple listings.
There are fewer differences during the seasonal periods that are more centered around leisure clients and
higher when Milan works prevalently with business travelers. The evidence supports the scaling effect and
its ability to reduce the competitive threat among different hosts.

Originality/value: The previous studies largely distinguish only between single- and multi-listing hosts,
ignoring the magnitude of the scaling effect. The findings proposed in this study depict a very different
picture, showing a progressive differentiation in the seasonal patterns correlated to the rise in the managed
listings. The results, therefore, can significantly change the theoretical knowledge in this field and can re-
orient future studies, especially in the sub-field of competition, the determinants of listing performance, and
pricing strategies.
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INTRODUCTION

This paper explores the scaling (size) effect, focusing on Airbnb’s host providers, with the aim of
understanding the similarities and differences in the seasonal patterns. Since the launch of this commercial
peer-to-peer accommodation platform in 2007 (Razli, Jamal & Zahari, 2017), Airbnb attracted academic
debate (Prayag & Ozanne, 2018), especially in the last few years (Altinay & Taheri, 2019). Airbnb is a web
platform that rents idle assets, called listings (typically rooms, apartments, and houses) that are owned by
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hosts, to end travelers or guests (Bashir & Verma, 2016; Dolnicar, 2020). Airbnb is, therefore, a two-sided
platform (Blal, Singal & Templin, 2018) and a paid (or commercial) peer-to-peer accommodation platform
(Dolnicar, 2019).

The exponential rise of the Airbnb business model has attracted millions of listings around the world
(Suess, Woosnam & Erul, 2020); it has a strong concentration on main leisure destinations (Poon & Huang,
2017). As usual, in the tourism and hospitality industry (Leiper, 1979; Smith, 1988), researchers analyze
mainly the demand-side of Airbnb (Sainaghi et al., 2019), exploring many topics, such as consumer
behavior (Ert, Fleischer & Magen, 2016; Fagerstrom et al., 2017; Tussyadiah & Pesonen, 2018; Volgger,
Taplin & Pforr, 2019), customer satisfaction (Priporas et al., 2017a, 2017b) and dissatisfaction (Sthapit,
Bjork & Barreto, 2020), and customer segmentation (Decrop et al., 2018; Del Chiappa, Lorenzo-Romero
& Alarcon-del-Amo, 2018; Pera, Viglia & Furlan, 2016). By contrast, there are fewer studies investigating
the supply side (host) (Garau-Vadell, Gutiérrez-Tafo & Diaz-Armas, 2018). Previous papers centered on
listing performance focused on the scaling effect (Gibbs et al., 2018a, 2018b; Koh, Belarmino & Kim, 2019;
Kwok & Xie, 2019; Moreno-Izquierdo et al., 2019; Oskam, van der Rest & Telkamp, 2018; Wang &
Nicolau, 2017). In fact, many studies have distinguished between the host managing only one listing
(usually called “mom-and-pop” hosts or simply single-listing hosts) or more than one (usually defined as
“professional”, “commercial,” or multi-listing hosts) (Kwok & Xie, 2019; Xie, Kwok & Heo, 2019;
Wegmann & Jiao, 2017). Generally speaking, the two types of hosts (single versus multiple) depict different
results, as discussed in more detail in the next section.

However, the knowledge about the managerial differences among these two groups is very limited,
despite the ability of the scaling effect to deeply change the hosts’ business model (Kim, Tang & Wang,
2020). Furthermore, as later discussed, the large majority of these studies simply distinguish between single
and multi-listing hosts, without any additional segmentation. Scaling, as usual in managerial studies
(Bocken & Prabhu, 2016), in this paper refers to the number of listings managed by one host. The higher
the number of listings, the higher the scaling effect and the opposite. To contribute to reducing the current
gap in the commercial peer-to-peer accommodation platform literature, the present article explores the
ability of scaling to change the seasonal patterns to measure the degree of similarity and differences among
Airbnb hosts. These similarities and differences are used as a proxy for the competition threat among
different (in size) Airbnb listings (as later discussed in detail in the Methodology). According to Butler, the
definition of seasonality is “a temporal imbalance in the phenomenon of tourism, [which] may be expressed
in terms of dimensions of such elements as numbers of visitors, expenditure of visitors, traffic on highways
and other forms of transportation, employment, and admissions to attractions” (Butler, 1994, p. 332). As
clarified in the methodology, the seasonality is measured considering the daily data and developing a
longitudinal (four years) approach. The higher the similarity of seasonal patterns, the higher the potential
competition among the Airbnb hosts; the opposite in the case of different seasonal patterns (Sainaghi, Mauri
& d’Angella, 2018). The current literature has developed studies exploring the potential disruptive
innovation generated by peer-to-peer accommodation platforms on hotels (Guttentag, 2015; Zervas,
Proserpio & Byers, 2017; Heo, Blal & Choi, 2019; Sainaghi & Baggio, 2020) and other local stakeholders
(Buhalis, Andreu & Gnoth, 2020), but any study has explored the competition among Airbnb listings and,
in particular, the role of scaling. Therefore, this study’s research question focuses on seasonal patterns and
the competition threat among Airbnb hosts.

Research question: The scaling effect: can it change the seasonal patterns of Airbnb hosts? Does the
scaling effect reduce or increase the competition among Airbnb hosts?

The rest of the paper is organized in the following way. The next section succinctly discusses the scaling
approach in the peer-to-peer accommodation platform field and introduces the key seasonal patterns of the
destination analyzed in this study (Milan, Italy). Based on this discussion, some research hypotheses are
introduced. The methodology presents the data and the technical tools employed to test the hypotheses.
Finally, the finding section reports the main results, while in the last section, some theoretical and empirical
conclusions are drawn, and the main study limitations identified.
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LITERATURE REVIEW

This section is structured in three parts. The first section analyzes the results suggested in previous
studies about Airbnb hosts focusing on the scaling effect. The second section explores the seasonal patterns
of Milan — the case analyzed in this paper — based on previous published studies. The third section (based
on the previous two) formulates the hypotheses tested in the empirical findings.

Host Scaling Effect

The peer-to-peer accommodation platform literature, despite the rising number of contributions
(Dolnicar, 2019), is in its infancy (Heo, 2016), and many research areas are less investigated (Sainaghi &
Baggio, 2019). One of them is the qualitative description of the host business model and the scaling effect
(Prayag & Ozanne, 2018). For this reason, this paper has analyzed some adjacent but different supply
research streams and in particular the impact studies on one hand and the determinants of listings results
and pricing strategies on the other.

The impact literature is centered on the effect of Airbnb on hotels (Guttentag, 2015), tourism
destinations (Gant, 2016; Martin, Martinez & Fernandez, 2018), and local stakeholders (Cocola-Gant &
Gago, 2019; Fang, Ye & Law, 2016), with prevailing attention on housing and long-term rentals (Horn &
Merante, 2017; Smith et al., 2018; Vinogradov, Leick & Kivedal, 2020). Although the effects on hotels are
contradictory (Akbar & Tracogna, 2018; Hajibaba & Dolnicar, 2017), the social transformation generated
by commercial peer-to-peer accommodation platforms is usually described as relevant. For this reason, the
impact studies include a growing area of inquiry exploring the regulation of peer-to-peer accommodation
platforms (Cao, 2017; Klju¢nikov, Krajcik, & Vincurova, 2018). Despite the importance of the impact
research, the focus is usually on the whole effect of the hosts; therefore, the topic of this article (the host
scaling effect) is not developed.

A second supply-side research stream has analyzed the determinants of listings results and the pricing
strategies (Abrate & Viglia, 2017). As anticipated in the introduction, this second area of inquiry usually
considers the host size as an independent variable that can influence, respectively, the listing results or the
pricing strategies. These two distinct sub-topics (performance and pricing) are now discussed. In both
groups, many papers (as later presented) distinguish between single- and multiple-listing hosts, also called
commercial or professional hosts. The latter (multiple) includes the hosts managing two or more listings.

The determinants of results represent a small research stream that explores the determinants or
antecedents of listing performance (Sainaghi, 2020), usually operationalized using review volume or rating
(Liang et al., 2017) or, more rarely, occupancy (Gunter & Onder, 2018). It is quite a small area of inquiry
and is separated in this article from the second, wider, research stream that focuses on pricing strategy.
Some studies have considered the number of listings managed by a host as a relevant independent variable.
Xie and Mao (2017) have found a trade-off between host quality and the quantity of her/his listings. In
particular, “as the number of listings managed by a host increases, the performance effects of host quality
diminish” (Xie & Mao, 2017, p. 2240). Gunter (2018) has investigated the conditions improving the
likelihood of obtaining the superhost badge. The author has found four variables, one of them being the
status of “commercial” Airbnb host. Kim, Tang and Wang (2020) have explored the relevance of the scale
of entrepreneurial capital, revealing the relative competitive advantage that multi-listing hosts have in term
of financial, social, intellectual, and human capital in comparison with a mom-and-pop host.

Moving to the second sub-topic (pricing strategy), many previous studies have considered the
distinction between single-unit and multi-unit hosts (Li, Moreno & Zhang, 2015). Multi-unit hosts,
generally speaking, are described as being more proficient in using a dynamic pricing strategy (Gibbs et
al., 2018a, 2018b; Koh, Belarmino & Kim, 2019) and in achieving a higher price or revenue (variously
operationalized) than a single-unit host (Kwok & Xie, 2019; Moreno-Izquierdo et al., 2019; Oskam, van
der Rest & Telkamp, 2018; Wang & Nicolau, 2017). In the theoretical model created by Chen, Zhang and
Liu (2020), the adoption of a flexible pricing strategy leads to higher performance in a large market, but the
accommodation quality is not better. The study of Gibbs et al. (2018b) reveals that the host’s experience
positively influences the adoption of dynamic pricing. Realistically, a multi-listing host has more
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opportunity to improve her/his experience than a single unit host because the host manages a higher number
of transactions (Kwok & Xie, 2019). In Magno, Cassia and Ugolini’s (2018) study, professional hosts
achieve a higher price per night. Similarly, professional hosts receive higher rates in rural Switzerland,
intermediate (between rural and urban areas), and in cities. These findings are confirmed both using a
random and a quantile estimation model (Falk, Larpin & Scaglione, 2019). Deboosere et al. (2019)
demonstrate a negative correlation between multi-listing and price but a positive correlation between
professional hosts and revenue per month.

However, there are some exceptions. For example, Gibbs et al. (2018a) focused on five metropolitan
areas in Canada. Professional hosts show a positive and significant coefficient with the dependent variable
(price), considering all the cases, but the coefficient is negative and insignificant in the case of Calgary.
Similarly, in Tong and Gunter’s (2020) study, two cities show negative and significant correlations with
price, while Madrid shows a positive (but not significant) coefficient. Xie, Kwok and Heo’s (2020) study
focused on the agglomeration effect in New York City. The findings have contradicted the hypothesis in
that the effect of agglomeration on price is stronger for multi-listing hosts than single-listing hosts. In Hong
Kong, multi-listing hosts book at lower price their capacity (Cai et al., 2019).

These contradictory results can be explained using at least six different arguments. First, multi-listing
hosting reduces social interaction with the guests, which is called reciprocity in Proserpio, Xu and Zervas’s
(2018) study, and this can generate a drop in price (Chen & Xie, 2017). Second, the correlation coefficient
that tied the multi-listing and rates together is usually small and can therefore suddenly change from being
slightly positive to slightly negative (Tong & Gunter, 2020). Third, the studies employ different frameworks
(i.e., hedonic models, regression, quantile analysis, and artificial neural networks), which can generate
different results (Moreno-Izquierdo et al., 2018; Perez-Sanchez et al., 2018; Tang, Kim & Wang, 2019).
Fourth, the relationship can change in different destination contexts (Chattopadhyay & Mitra, 2019). Fifth,
the studies use a diverse set of control variables that can influence the relationship between host size and
price (Falk, Larpin & Scaglione, 2019). Finally, different studies use diverse dependent variables, and
sometimes the relationships change (Deboosere et al., 2019).

However, as previously stated, the large majority of studies reveal a positive correlation between multi-
listings and rates. Curiously, the vast majority of the analyzed studies, with the exception of Deboosere et
al. (2019), have operationalized the scaling effect only by distinguishing between single and multiple hosts,
without any additional segmentation. In other words, a host managing two listings is considered similar to
a host renting fifty or more listings. The study of Deboosere et al. (2019) contradict this premise, which
states that a host managing more than 10 listings shows a higher correlation coefficient (0.0887) revenue
than hosts renting 2—10 listings (0.0660).

Milan Seasonal Patterns

This section explores the Milan seasonal patterns. The city is the economic capital of Italy and previous
studies have identified three main market segments attracted by Milan: 1) business, ii) trade-fair, and iii)
leisure (Baggio & Sainaghi, 2011; Guizzardi, Mariani, & Prayag, 2017; Sainaghi & Mauri, 2018). Each
segment is characterized by a clear seasonality. During weekdays, the business target is prevalent, while
during weekends the leisure is the main market segment. Some previous articles introduced the distinction
between “working days” and holiday (or “non-working days) (Sainaghi & Mauri, 2018; Sainaghi & Canali,
2009, 2011; Sainaghi et al., 2019). The first group (working days) includes, in line with the study of
Sainaghi et al. (2019), the weekdays not affected by religious (such as Christmas and Easter) or civil
holidays (as Republic day or Labor day). The opposite is for holidays, that include the weekends and all the
religious and civil holiday periods. During holidays the leisure clients are prevalent, while the business is
the core target of working days. Finally, Milan is a leading European city for exhibitions. When the local
trade-fair center (Fiera Milano) organizes some top events, the hotels achieve top performance in both
occupancy and revenue. For this reason, this study included these top events, that are mainly business-to-
business exhibitions able to attract a large international audience.

80 Journal of Knowledge Management Practice Vol. 26(1) 2026



Hypotheses Development

In this section, some previous insights related to both the number of listings managed by a host and
Milan’s seasonal patterns are considered as formulating two different groups of hypotheses, which guide
the empirical analysis.

The first group focuses on the scaling effect and explores the degree of synchronization (the similarity)
of the five groups of hosts. The precise meaning of synchronization is described in the methodology section.
However, in order to perceive the meaning of the proposed hypotheses, a qualitative explanation is
anticipated. The synchronization (as the name itself suggests) evaluates the similarities (differences) in time
series (Cazelles, 2004). This paper explores if the scaling effect is able or not to change the synchronization
degree among different (in size) groups of hosts. Said differently, do small and big hosts show similar series
or the scale differentiated them?

The hosts are segmented into five groups. As discussed (§2.1), previous studies usually distinguish only
between single and multiple listings (i.e. Gibbs et al., 2018a, 2018b; Koh, Belarmino & Kim, 2019; Kwok
& Xie, 2019; Moreno-Izquierdo et al., 2019; Oskam, van der Rest & Telkamp, 2018; Wang & Nicolau,
2017). However, some recent studies adopted a more fine-grained classification for multiple listings
(Deboosere et al., 2019; Sainaghi & Baggio, 2020). In line with these last papers, the current article
distinguishes between: i) a mom-and-pop host (single listing); ii) a host renting two listings; iii) a host
selling three listings; iv) a host managing four to ten listings; v) a host renting more than ten listings. The
five groups represent three different scaling effects. Logically, a host managing one to three listings can
organize her/his business without (or by limiting) the employment of external workers. Four is assumed as
the threshold for moving from a personal to a more professional business model, where professional means
the involvement of external collaborators (Sainaghi & Baggio, 2020). Finally, as suggested in the study of
Deboosere et al. (2019), more than ten can represent new, important scaling, which can favor more
specialization and professionalization in the main business functions (selling, housekeeping, customer
relationship management, and information technology). In this paper, the scaling effect is considered and
can therefore improve the host’s knowledge and managerial skills. For this reason, the following two
hypotheses are formulated.

Hypothesis 1. A rise in the number of listings progressively reduces the synchronization degree among the
five groups.

Hypothesis 2. A rise in the number of listings progressively reduces the synchronization degree between
each group and the overall (sample) mean.

The second set of hypotheses focuses on Milan’s seasonal patterns. As previously explained, Milan
shows a strong demand fluctuation between the holidays, the weekends, and the days without trade-fair
events compared with working days, midweek and days with trade-fair events (Sainaghi & Mauri, 2018;
Sainaghi, Mauri & d’Angella, 2018; Sainaghi et al., 2019; Sainaghi & Canali, 2009, 2011). Many previous
studies agree that Airbnb listings are mainly specialized and categorized as leisure (i.e. Prayag & Ozanne,
2018; Sainaghi, 2020; Yang et al., 2019). Therefore, Airbnb listings are expected to be more proficient
when leisure clients are more relevant (holidays and weekends) as well as when the city hosts trade-fair
events (many trade-fair guests combine business and leisure). In another words, when the key target of
Airbnb is prevalent (leisure) the differences among the five groups of hosts (based on their size) are less
nuanced. By contrast, when the key target of the city is business, reasonably smaller hosts are less skilled
ho serve this target and, therefore, show different seasonal patterns (and therefore less synchronization
degree) then bigger (scaled) hosts. In other words, the synchronization degree should be higher during
leisure (holidays and weekends) and trade-fair events compared with the business (working and midweek)
and the non-trade-fair periods. Therefore, the following three hypotheses are proposed.
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Hypothesis 3. The synchronization degree between the five groups and the total is higher during: 3.4 the
holiday period than the working period; 3.B. the weekend period than the midweek period; and 3.C the
trade-fair period than the non-trade-fair period.

The scaling effect should progressively increase the multi-hosts’ ability to serve the three main Milan
segments (leisure, business, and trade-fair guests) differently. In fact, these diverse targets have different
needs, seasonal patterns, performance metrics (Sainaghi & Mauri, 2018; Xu, Li & Lu, 2019) and require
diverse host’s skills and services (Yang et al., 2019). Therefore, in the six seasonal periods (holiday and
working; weekend and midweek; trade-fair and non-trade-fair events), the scaling effect is expected to show
progressive desynchronization patterns compared with the five groups. The following six hypotheses are
formulated.

Hypothesis 4. The synchronization degree among the five groups progressively reduces during: 4.4 the
holiday period; 4.B the working period; 4.C the weekend period; 4.D the midweek period; 4.E the trade-
fair period; and 4.F the non-trade-fair period.

METHODOLOGY

The Sample

This study has chosen the city of Milan due to its prevalent focus on business and trade-fair clients on
one side but in association with its non-marginal presence of leisure travelers on the other. Previous papers
that explore the effects of Airbnbs in Europe are mainly focused on large leisure cities, such as Barcelona
(Nofre et al., 2018) and Venice (Oxoli, Prestifilippo & Bertocchi, 2017), or mixed leisure and business
destinations, as Madrid (Garcia-Ayllon, 2018), Paris (Heo, Blal & Choi, 2019), London (Ferreri & Sanyal,
2018), and Berlin (Schifer & Braun, 2016).

To explore the scaling and seasonal patterns of Airbnb listings, AirDNA data were used by the research
team, which cover the period of 2014 (from November) to June 2019. Therefore, the data include four
completed years (2015-2018) and support a longitudinal analysis. Many previous papers have used
AirDNA data (Garcia et al., 2019; Koh, Belarmino & Kim, 2019; Kwok & Xie, 2019; Moreno-Izquierdo
et al., 2019; Tong & Gunter, 2020). To test the hypotheses, daily data were used. AirDNA considers the
available and sold listings as well as the price for each day and for each listing. The sample includes all
Milan’s population represented by more than 50,000 listings.

The Host Segmentation

As anticipated in the section dedicated to the hypotheses’ development, the 31,000 listings in Milan are
classified into five groups and consider the number of rented listings (one, two, or three, from four to ten,
or more than ten). The segmentation is based on the difference skills and competences required to manage
the increasing number of listings and the business organizational complexity and it is in line with some
previous studies (Deboosere et al., 2019; Sainaghi & Baggio, 2020). In this section, additional quantitative
data are considered to test the validity of this segmentation.

Figure 1 reports the host and listing distribution, which shows a typical power-law pattern. The graph
illustrates the long tail with a strong concentration on the right side of the horizontal axis. It means that few
hosts manage a wide number of listings. With this structure, statistic segmentation based on the quartile is
less relevant. Furthermore, the first three points on the left side account for a large number of hosts.
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FIGURE 1
HOST AND LISTING DISTRIBUTION
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Table 1 reports the descriptive statistics of the five groups; it is structured in five different vertical
sections. The first depicts the absolute metrics, and the second shows the relative measures. The first cluster
includes 78% of the hosts, but only 48% of the listings, which generate 35% of the total revenue. Focusing
on this latter figure (revenue), there is a good division among the remaining four groups: The second cluster
1s 13%, the third is 7%, the fourth is 15%, and the last is 29%. The small size of the third cluster in terms
of listings (8%), hosts (4%), and revenue (7%) appears coherent to the managerial description. In fact, this
group reasonably represents the breaking point of the “personal” business model, which is centered around
the work and the competencies of the host. The unitary values (third column) show the rising ability of the
bigger hosts to book a higher number of days, moving form 79 (cluster 1) to 117 days (cluster 5). Generally
speaking, the scaling generates approximately an augment of 10 additional booked days moving from one
cluster to the following. The penultimate column depicts the operating performance indices as occupancy
(booked days divided by available days), the average daily rate (ADR, revenue divided by booked days),
and the revenue per available night (RevPAN, revenue across available days). Focusing on the revenue per
available night, the scaling effect is associated with a progressive rise of this value. The last column reports
the variation of the performance metrics moving from the first to the last cluster. The revenue per available
night shows an impressive growth, rising to 3.1% (from the first to the second group), 38.8% (from the
second to the third), 8.2% (from the third to the fourth), and 46.7% (from the fourth to the fifth),
respectively.
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TABLE 1
DESCRIPTIVE STATISTICS OF THE FIVE GROUPS

2015-2018
Absolute measures Clusters' weigth Unitary values Performance Performance scaling
Available Book .
Clusters Host Listings  days days Re(!;e;r;;xe Rev List Host I::: A:;rD B:;:) Rev ADR Occ. RevPAN Var.  Var. Var.
(list) (Av_D) (Bo_D) (mil.) % % % host list list per list (*) ADR occ. RevPAN
(/oo0) (/000)
P1 24535 24,535 9,702 1,950 194 35% 48% 78% | 1.0 395 79 | 7,922 100 201% 20
P2 4215 8430 3,476 746 72 13% 17% 13% | 20 412 89 | 8520 96 21.5% 21 -35% 6.8% 3.1%
P3 1,289 3,867 1,666 383 48 7% 8% 4% | 3.0 431 99 (12352 125 23.0% 29 |29.8% 7.0% 38.8%
P10 1,238 6,539 2,812 709 87 15% 13% 4% | 5.3 430 109 [13342 123 25.2% 31 -1.5% 9.9% 8.2%
P>10 242 7,536 2,737 878 125 29% 15% 1% |31.1 363 117 |16,530 142 32.1% 46 15.4% 27.2% 46.7%
PAII 31,519 50,907 20393 4,666 526 |100% 100% 100%| 1.6 401 92 |10,328 113 22.9% 26

Legend: ( *) occupancy here is calculated as the ratio between book days over available days

The Method

As anticipated, this paper evaluates the synchronization degree comparing the five groups of hosts, in
order to perceive the similarities and differences (Serra & Arcos, 2014). The method developed by Cazelles
(2004) has been adopted. It requires three different steps, which are following introduced and described
(Freeman et al., 2019).

The first phase transforms the series (values) in a set of symbols, by comparing each value with its
neighbors’. As reported in Figure 1, there are some possible cases: i) trough point, ii) peak point, iii)
increase, iv) decrease, v) stability. These five trends are then observed comparing couple groups of different
hosts (in term of size).

Formally, these five situations are identified using these formulas: i) x(t+1)<x(t)<=x(t+2) or
X(tHD)<x(t+2)<=x(t); i1) X()<x(t+2)<=x(t+1) or x(t+2)<x(t)<=x(t+1) or x(t+2)<=x(t)<x(t+1); iii)
X()<=x(t+1)<x(t+2); iv) x(t+2)<=x(t+1)<x(t); v) x(t)=x(t+1)=x(t+2). An example of the five situations are
reported in Figure 1 — A (trough point), B (peak point), C (increase), D (decrease), E (stability). The
example (Figure 2) is developed in the study of Sainaghi and Baggio (2020).

FIGURE 2
THE TRANSFORMATION OF A TIME SERIES IN SYMBOLS
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Source: Sainaghi & Baggio (2019).
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The second phase is the heart of the analysis and calculates the mutual information degree. It is a
quantitative method that compares two series and evaluates the degree of similarity (synchronization) or
dissimilarity (de-synchronization). “Given the series X and Y, the mutual information I(X,Y) is calculated

as: [(X,Y)=H(X)+H(Y)-H(X.Y), where H is the entropy of each series H(X) = — ), p(x))log, (p (xl-)),

and H(X,Y) is the joint entropy of the series H(X,Y) = — ) > p(x;, y)log, (p(x;,v;)). We then
normalize the mutual information using the formula: U(X,Y)= I(X,Y) / (H(x)+H(Y)). Thus U(X,Y) is in
the interval [0,1]. It is easy to demonstrate that if X and Y are independent random variables, then H(X, Y)
= H(X) + H(Y); therefore, the mutual information is zero” (Sainaghi & Baggio, 2020, p. 5). To calculate
this indicator, the Python scripts were used.

The last phase evaluates the statistical significance of the values U(X,Y). In line with previous studies
(Cazelles, 2004; Freeman et al., 2019; Sainaghi & Baggio, 2020) some surrogate pairs of series were
created, based on a Markov process. These surrogate pairs (500 in this study) are able to maintain the
structure of the series (with a 1 time-step memory). Finally, the five groups of hosts (analyzed by pair) were
compared to the surrogate series (considering the mean), using a one-sample t-test, in order to evaluate the
statistic relevance.

FINDINGS

The findings are structured in two sub-sections. The first tests the hypotheses focused on the scaling
effect, while the second explores the seasonal patterns.

Scaling Effect

Table 2 reports the findings related to the first (synchronization degree among clusters) and the second
hypothesis (synchronization degree between each cluster and the overall sample). In both hypotheses, the
rise of listings is expected to reduce the synchronization degree. As explained in the methodology section,
the synchronization is measured by the mutual information. The higher the value of the mutual information
score, the higher the similarity and vice versa. A ratio of 0.40 identifies a good similarity (or
synchronization), while a value lower than 0.20 depicts a strong dissimilarity or desynchronization (Latham
& Roudi, 2009). The following columns are based on the comparison between the different clusters and the
500 random series.

TABLE 2
MUTUAL INFORMATION AMONG THE FIVE CLUSTERS

Clusters P1 P2 P3 P10 P>10 PAIl Mean
P1 1

P2 0.498 1 0.498
P3 0.429 0.377 1 0.403
P10 0.363 0.367 0.337 1 0.356
P>10 0.334 0.308 0.276 0.343 1 0.315
PAll 0.665 0.560 0.499 0.454 0.395 110.515

The evidence reported in the first five columns (from P1 to P>10) are used to test the first hypothesis.
The mutual information of the first cluster (P1) shows a progressive reduction comparing the single host
with cluster P2 (0.498), P3 (0.429), P10 (0.363), and P>10 (0.334). The other column shows the same
pattern. Therefore, the evidence confirms the first hypothesis that the synchronization among the different
clusters reduces, rising the number of managed listings.

Moving to the second hypothesis, reading the values of the last line is sufficient. In fact, the values
show a very strong synchronization for the first cluster (0.665), but the mutual information progressively
reduces, moving to P2 (0.560), P3 (0.499), P10 (0.454), and P>10 (0.395). The second hypothesis is
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confirmed, and it implicitly confirms that the overall sample (PAll) is largely influenced by the first three
clusters, which together represent the 95% of hosts, the 72% of listings, and 55% of total revenue.

Seasonal Patterns

Now, the analysis explores the seasonal patterns characterizing the chosen destination. The hypothesis
focuses on the synchronization degree between the five groups and the total (PAll) comparing the opposed
seasonal patterns: Holiday and working; weekend and midweek; trade fair and non-trade fair. The values
are reported in Table 3. The values should be read while comparing each vertical couple for each cluster.
If the synchronization degree reduces (for each cluster and for each of the opposed seasonal periods), then
the three hypotheses are confirmed. Focusing on hypothesis 3.A, the cluster P1 moves from 0.649 (holiday)
to 0.643 (working); P2 from 0.553 to 0.505; P3 from 0.521 to 0.438; P10 from 0.434 to 0.412; and P>10
from 0.403 to 0.331. The values confirm hypothesis 3.A, which means that each cluster is more
synchronized with the overall sample during the holiday period rather than the working days (when business
is dominant). This evidence confirms the prevalent specialization of Airbnb listings for leisure rather than
business guests. These results can be extended to the second (hypothesis 3.B) and third (hypothesis 3.C)
seasonal periods. During the last seasonal period (trade-fair), when Milan hosts some events, the
synchronization degree registers as the highest value in all clusters (for example, is 0.860 for P1).

TABLE 3
MUTUAL INFORMATION BETWEEN CLUSTERS AND OVERALL SAMPLE DURING
OPPOSED SEASONAL PERIODS

Seasonal periods P1 P2 P3 P10 P>10
PAIl

Hypothesis 3.A

Holiday 0.649 0.533 0.521 0.434 0.403
Working 0.643 0.505 0.438 0.412 0.331
Hypothesis 3.B

Weekend 0.721 0.573 0.533 0.472 0.415
Midweek 0.596 0.477 0.413 0.396 0.33
Hypothesis 3.C

Trade-fair 0.860 0.801 0.676 0.508 0.513
Non-trade fair 0.654 0.549 0.490 0.465 0.396

Finally, Table 4 reports the relationships among the five clusters during the different seasonal periods
in order to test the last six hypotheses, according to which the synchronization decreases when the scaling
effect rises. Table 4 contains six panels — one for each seasonal period. Hypothesis 4.A focuses on holiday.
Reading the table by column, cluster P1 shows a progressive reduction in the mutual information moving
from top (0.47) to down (0.35). Generally speaking, all the values show this trend with very few exceptions
(three over sixty) identified by the squared cells in Table 4. Therefore, the evidence largely confirms the
six hypotheses.
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TABLE 4
MUTUAL INFORMATION BETWEEN CLUSTERS DURING EACH SEASONAL PERIOD

Holiday (4.A) | P1 P2 P3 P10 P>10 Weekend (4.C)| PL P2 P3 P10 P>10 Trade-fair (4.E) PL P2 P3 P10 P>10
P1 1.00 P1 1.00 P1 1.00

P2 0.47 1.00 P2 0.48 1.00 P2 0.75 1.00

P3 0.42 0.34 1.00 P3 0.49 0.39 1.00 P3 0.58 0.68 1.00

P10 0.35(0.36 034 1.00 P10 0.40 0.44]0.38 1.00 P10 0.43 0.51 0.55 1.00
P>10 035 0.28 027 0.29 100 P>10 0.36 0.33 0.30 031 1.00 P>10 0.44 0.47 0.54 060 1.00

Working (4.B)| P1 P2 P3 P10 P>10 Midweek(4.D)| P1L P2 P3 P10 P>10 Non-trade-fair (4.F)| P1L P2 P3 P10 P=10

P1 1.00 P1 1.00 P1 1.00

P2 0.45 1.00 P2 0.41 1.00 P2 0.48 1.00

P3 0.37 0.36 1.00 P3 0.34 0.30 1.00 P3 0.42 0.36 1.00

P10 0.32 0.29 0.27 1.00 P10 0.30 0.27 0.26 1.00 P10 0.370.34 1.00
P>10 0.26 0.24 0.20 0.28 1.00 P>10 0.25 0.23 0.19 0.26 1.00 P>10 0.34 0.31 0.27 0.33 1.00

Legend: squared values: increase
DISCUSSION

The research question of this paper focuses on the relationship between the scaling effect and the
seasonal patterns. The latter are used as a proxy for the competition among different (in terms of size)
Airbnb hosts. Based on the findings previously shown, this section discusses the main results. Focusing on
the overall (annual) seasonal patterns (hypothesis 1 and 2), the data confirm that the scaling effect increases
the dissimilarities between the hosts managing a few and many listings, respectively. Realistically, this
evidence supports a progressive competitive reduction among big and small hosts.

The second set of hypotheses (3 and 4) move from the whole (annual) patterns to the specific seasonal
periods characterizing the destination under study. Generally speaking, the synchronization degree is higher
during the holiday and weekend periods, confirming the prevalent specialization of Airbnb listings for
leisure clients. However, the mutual information degree registers an important drop moving from single to
multi-listing hosts, suggesting, also in this case, different (or partially different) business models. By
contrast, during the working and especially midweek periods, the synchronization is lower, and the
dissimilarities augment when comparing mom-and-pop hosts with large multi-listing providers. Therefore,
the progressive reduction in the competition appears more relevant. These results can be extended to the
trade-fair and non-trade fair seasonal periods.

CONCLUSIONS

The conclusions are articulated in four sections: Some theoretical, as well as practical, implications are
traced, future research avenues are proposed, and some study limitations are identified.

Theoretical Implications

As discussed in the introduction and in the literature review, the current studies largely distinguish only
between single- and multi-listing hosts, ignoring the magnitude of the scaling effect. The findings proposed
in this study depict a very different picture, showing a progressive differentiation in the seasonal patterns
correlated to the rise in the managed listings. The results, therefore, can significantly change the theoretical
knowledge in this field and can re-orient future studies, especially in the sub-field of competition, the
determinants of listing performance, and pricing strategies.

Second, the synchronization degree among the different (in scale) hosts is not homogenous but changes
according to the different seasonal patterns of the Milan destination. The higher the specialization in leisure
segments, the higher the competition among the different hosts; the higher the specialization in the business
segment, the lower the similarities and, therefore, the competitive pressure.
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Finally, this paper introduces important innovations to analyze the competition among Airbnb listings.
The first innovation is to clearly identify the main destination market segments (in the case of Milan, leisure,
business, and trade-fair guests) and the corresponding seasonal patterns. The second methodological
innovation is the use of mutual information to perceive and measure the degree of synchronization between
the series, variously articulated to measure the scaling effect and the identified seasonal periods. This
approach can open new research opportunities in other destination contexts.

Practical Implications

This paper sheds new light on the competition threat among Airbnb listings considering their scale. In
particular, the findings clearly suggest a progressive reduction in the similarity of seasonal patterns when
the size of the host, measured by her/his listings, rises. Therefore, the results support identifying different
groups in the Airbnb arena that have a diverse competitive threat according to the specific seasonal period.
Therefore, a single host, according to her/his scaling effect, can create a different competitive set.
Furthermore, the competitive intensity varies according to the specific seasonal period and appears to be
higher when the attracted segments are leisure, which reduces in the case of business guests.

Research Avenues

The findings reported open many new research opportunities. Some of them are discussed in this sub-
section. It is surprising that the current peer-to-peer accommodation platform literature has completely
omitted any studies qualitatively exploring the business models of mom-and-pop and multi-listing hosts.
Future research must cover this gap, identifying the advantages and disadvantages of moving from a limited
size to a bigger scale. This qualitative research can shed light about the main resources and competences
that can be stretched rising the scale.

A second interesting area of inquiry can explore the competitive threat between Airbnb listings and
hotels. In particular, based on the current findings, this research area can explore if the listing scaling
augments the synchronization degree between Airbnb and hotels, thereby increasing the competition and
the substitution threat. Furthermore, the competition intensity can be articulated considering the different
seasonal periods characterizing the destination under study.

A third research avenue focuses on the studies exploring the determinants of performance and pricing
strategies. As analytically discussed in the literature review, the research standard, with very few
exceptions, is to segment the hosts into single- or multi-listings. Based on the current results, future research
should investigate more analytical segmentation and consider different relevant seasonal periods. In fact,
the determinants of the results and rates can change consistently.

Limitations

This is an explorative paper, which is in line with similar previous studies focused on competitive
threats (Heo, Blal & Choi, 2019; Zervas, Proserpio & and Byers, 2017). It is centered around a single case
study. The findings’ generalization is partially limited. However, the paper adopts a longitudinal approach,
creating a consistent temporal pattern. A future research agenda is called to verify whether, within a multi-
destination study, the evidence reported is confirmed.
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