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Abstract. Sharing economy platforms are rapidly scaling up by reach-
ing increasingly diverse demographics. However, this expansion comes
with great difficulties in adequately identifying and responding to every-
one’s needs. In this paper, we study gender-related behaviors of guests
on the currently most prominent home-sharing platform, Airbnb. While
our results confirm the efficacy of Airbnb’s reputation system, we also
find that the level of trust and participation on the platform varies by
gender. In particular, female solo travelers are more likely to be conscious
of review sentiment and choose more often female hosts than male solo
travelers. Our findings are obtained by combining exploratory data anal-
ysis with large-scale experiment and call for further studies on the usage
of sharing economy platforms among subpopulations, informing and im-
proving both policy and practice in these growing online environments.

Keywords: Sharing economy · Reputation systems · Trust · Gender
bias.

1 Introduction
Airbnb provides both small entrepreneurs the chance to thrive and travel-

ers to secure cost-efficient housing options. Despite the economic benefits that
the platform presents, the interplay between guests making booking requests
and hosts choosing to selectively accept requests might facilitate discrimination
based on demographic characteristics. For instance, previous research has un-
covered racial bias on Airbnb [12, 13]. To counter such biases, Airbnb provides a
reputation system based on user reviews, has a damage protection and insurance
program, publicizes anti-discrimination policies, and promotes an instant book-
ing option that does not require hosts’ approval. Recent research has shown
that this reputation system is effectively mitigating some social biases [3, 21].
However, it remains unclear how in particular men and women use the infor-
mation provided by the reputation system and how this influences their choices
as guests to book with a host or not. This study addresses thus the question of
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whether male and female travelers exhibit differential information processing and
decision-making on Airbnb to increase and facilitate their usage of the platform.

With an analysis of large-scale Airbnb data and human subject experiment,
we focus on people who travel alone, as multiple travel websites have seen a
surge of demand from this understudied market segment [4, 14, 19]. Our study
makes the following contributions:

1. It identifies large-scale trends in the structural underpinnings of the review-
ing process by studying patterns in host–guest networks built from Airbnb
data.

2. It uncovers guests’ safety-concerns on the platform using simple linguistic
analyses of over 150,000 Airbnb reviews.

3. It studies experimentally the different role of review sentiment for men and
women.

4. It examines the effect of the preference to interact with other users of one’s
own gender (i.e., homophily) on booking rates.

The results are aligned with and extend previous findings in social computing
[25, 26, 33, 34, 16, 21, 3]. The paper is structured as follows: we summarize rele-
vant work in Section 2, and detail the used methodologies and obtained findings
in Sections 3 and 4. Finally, we discuss our results in light of existing literature
proposing directions for further research in Section 5.

2 Related Work
Social biases Recent research has started to explore biases in online rental mar-
ketplaces and showed that hosts exhibit different acceptance rates for guests
with certain racial characteristics. Specifically, Edelman, Luca, and Svirsky con-
ducted a field experiment in which they created fictitious guest profiles with
distinctively white or African-American names and sent booking requests to ac-
tual hosts on Airbnb. This experiment showed that African-American guests
were 16% less likely to be accepted compared to white guests [13]. In a separate
experiment that tested for digital discrimination against Airbnb hosts, Edelman
and Luca found African-American hosts to be at a disadvantage as well, making
less money than white hosts [12]. Based on this literature, it is unclear whether
and how gender bias would manifest itself on Airbnb. More broadly, there is ev-
idence that women are perceived as more trustworthy than men in an artificial
investment setting [5], which suggests that female hosts could have an advantage
over male hosts. Additionally, there is evidence that the preference for females is
more pronounced among other females [30]. To accurately assess the implications
of a potential preference for one’s own gender on Airbnb, we need systematic
comparisons about the participation rates of men and women. If there would be
a strong imbalance in participation on top of a considerable in-group preference,
the smaller group’s growth could be limited.

Gender-based risk aversion Since participation rates may be closely associated
with perceived risks, this research is also informed by previous literature on
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gender-based risk aversion. An extensive body of literature reported that women
are in general more risk-averse than men (e.g., see [6]). In the context of the
sharing economy, a study on online freelance work found that while workers of
both genders considered crime and distance when accepting tasks to complete,
female taskers were less likely to accept tasks than males in the presence of
safety concerns [34]. The difference in willingness to perform tasks was close
to 20%. Again, it is not well understood how risk is perceived and dealt with
on Airbnb. If we were to find female users to be more concerned about their
safety when using the platform and thus be more sensitive to negative signals
about hosts than male users, this would have implications for policies imposing
universal non-discrimination rules under the assumption of uniform attitudes
towards risk.

Reputation systems Various studies have also investigated the effect of simi-
lar reputation systems. Favorable reputation and trust are positively correlated,
and high trust can affect consumer decision-making [25, 23, 20, 26, 11, 15, 14]. A
study involving field experiments found that both positive and negative reviews
significantly increase the acceptance rate for Airbnb guests with an African-
American-sounding name [8]. These results suggest that information provided
by the reputation system about service quality reduces the risks perceived by
consumers. Ert et al. compared specific features of the reputation system with
evaluations of trustworthiness: After measuring the effect of star ratings and
number of reviews, they showed that the latter has a stronger effect on en-
gendering trust than average ratings [15]. None of these studies, however, have
explicitly considered demographic characteristics of reviewers contributing to
the reputation system nor how these reviews might be evaluated differently by
guests from the same vs other demographic groups. We are thus lacking an un-
derstanding of the potential differences between male and female guest’s use of
Airbnb’s reputation system.

3 Exploratory Data Analysis of User Activity on Airbnb
3.1 Data and Methods

To first gain a macro-level understanding of Airbnb users’ behavior, we used
large-scale data available on InsideAirbnb.com [17, 29]. To ensure representa-
tiveness and sample sizes that lend themselves to statistical analysis, we picked
listings associated with three large cities from across the U.S.: New York City
(25,636 listings recorded between March 12th, 2009 and March 4th, 2018), Los
Angeles (18,405 listings recorded between January 10th, 2009 and May 10th,
2017), and Chicago (3,610 listings recorded between July 3rd, 2009 and May
10th, 2017). For each city, we manually picked 100 listings and verified that
the available data is consistent with the real information provided on Airbnb’s
website. This sample contained details about 47,651 listings that accumulated
in total 1,014,134 reviews.

We assigned gender to each unique host and reviewer using U.S. census
data [2], applying a procedure similar to [18, 35]. Additionally, we validated each
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persons gender with the GenderChecker database [1]. In total, 84.2% of the
reviewers and hosts were gender-identifiable. To restrict our sample to solo trav-
elers, we filtered out reviews that used collective group words like “us”, “we”,
and “our”. We further limited the data to listings that are commonly chosen by
individuals traveling alone, i.e., private or shared rooms. By doing so, we focus
on the concerns of solo travelers who are unlikely to have had the resources to
opt for a whole house or apartment and were thus only left with the option to
share space with strangers on Airbnb. These data processing steps restricted our
sample to 18,123 listings and 169,632 reviews.

To uncover systematic trends, we performed both structural and linguistic
analyses. First, we explored preferences in choosing one gender over the other
in the Airbnb context with a structural mapping of the reviewing process to a
host–guest bipartite network [24]. Essentially, we built a network for every city
by connecting each host having a listing in the considered region with every
guest who left a review on their profile. Since we have extensive longitudinal
data for over six years, the resulting networks can be assumed to reflect stable
gender-related patterns. Second, we studied the content of the reviews. We used
a common dictionary-based approach known as LIWC [31] to match stemmed
words from the reviews with a large human-curated dictionary. LIWC was only
used to annotate reviews with their overall sentiment. To also investigate user
concerns about security, we identified and counted the occurrence of safety-
related words (i.e, “safe”, “secure”, “lock”, “safety”, “dangerous”, “crime”).
Note that while not every Airbnb guest writes reviews, we used reviewers as a
proxy for Airbnb guests throughout both types of analyses.

3.2 Results

Structural Analysis Table A.1 in Appendix shows the number of hosts and
solo traveling guests of both genders in the three networks. Although in NYC
and LA, female hosts outnumber male hosts, across the board there are less
female guests who write reviews. In total, 44.0% of the 149,112 unique gender-
identifiable reviewers were women. To enhance readers’ understanding of the
link between roles (guest vs host), gender, and prevalence of activity on Airbnb,
we show the distribution of users with a given number of activities (i.e., having
written a review as a guest and having had a review written for them as a host)
in the studied time frame (see Fig. A.1 in Appendix). For each city, we found
typical right-skewed distributions indicating that most activities are generated
by a few users, while the majority of people utilize Airbnb only occasionally.
While it is unsurprising that guests have systematically less activity than hosts,
the gender differences are interesting. In terms of the number of reviews written,
which is a proxy for the number of stays of a guest on Airbnb, male guests write
significantly more reviews than female guests (Mann-Whitney U tests: 𝑝 < 0.001
for all three cities). Male hosts also receive significantly more reviews (i.e., proxy
for the number of visitors a host has) in NYC and Chicago (Mann-Whitney U
tests: 𝑝 < 0.001 and 𝑝 = 0.03). The fact that male hosts receive more reviews in
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NYC is especially noteworthy given that, in absolute numbers, there are fewer
male hosts than female hosts.

In addition to differences between male and female users’ presence and fre-
quency of activity on the platform, we studied how gender-homophily could
penetrate Airbnb’s booking system. Homophily is the tendency to prefer others
within one’s own gender group, which is a fundamental and wide-spread social
process in the formation of social ties [22]. We computed a homophily index [9]
that captures the fraction of female reviewers (guests) among prior reviewers
on a listing when the current reviewer (guest) chooses it. We found that female
guests choose listings reviewed previously by more females than males, while
male guests choose listings reviewed by more males. The difference between
male and female guests is consistently significant (Chi-squared tests: 𝑝 < 0.001)
across all three cities (see Fig. 1).

Fig. 1: The fraction of females among the reviewers seen by female vs male guests
when considering a listing indicates that female guests choose listings reviewed
by more females.

Linguistic Analysis The overall sentiment of review texts was strongly skewed
towards positive reviews (98.6% positive). This wide-spread positivity is in agree-
ment with trends identified on Airbnb five years ago [36]. We also explored basic
differences in the text of male and female users’ reviews. To examine whether
safety concerns vary by gender, we compared female and male reviewers’ explicit
mentions of safety-related words. We listed the words that are generally asso-
ciated with security. Then, we counted the instances in which female and male
reviewers mentioned safety-related words to measure its frequency. Among fe-
male solo reviewers, 6.6% mentioned concerns or satisfactions related to safety,
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while only 5.3% of male solo reviewers talked about safety. This difference is
statistically significant (𝑝 < 0.001).

Summary and Unanswered Questions Our analysis of large-scale Airbnb
data resulted in four main findings. First, although there tend to be more female
hosts, male hosts have more reviews and, by extension, more guests. Second,
there are fewer female than male reviewers (guests) and they write less reviews.
Third, female guests choose listings reviewed by more females. Finally, female
guests’ reviews mention safety-concerns more frequently. While the first two
findings represent observations about patterns created over more than six years
on Airbnb around the LA, Chicago, and NYC area, the last finding lends itself to
experimental study. To strengthen thus the validity of these findings and further
explore potential explanations behind them, in what followed we conducted an
experiment that tackles the following questions:

1. How effective are positive reviews? Our analysis finds that essentially nearly
all reviews on Airbnb are positive. It is unclear how potential guests would
react to negative reviews. Understanding this would indicate whether the
current Airbnb system has selected an efficient tool in the usage of positive
reviews.

2. Is there a preference for hosts of either gender and do reviewers of a specific
gender have more weight? On the one hand, literature about the link between
trust and gender indicates more trust for females [5]. On the other hand, our
empirical analysis shows that potential guests on Airbnb might be drawn
to listings with reviews written by reviewers of their own gender. We tested
this possibility with an appropriately designed experiment.

3. Is the lower participation rate of female solo travelers explained by gendered
response and sensitivity to review sentiment? To exclude the possibility that
this mode of travel is simply less desirable for female solo travelers, we created
identical scenarios for men and women and explored which elements of the
situation influence their decisions, this way increasing our understanding of
a key factor behind observed behaviors.

4 Experimental Study
Given existing evidence for the effectiveness of Airbnb’s reputation system [8,

3], we anticipated that reviews influence decision-making for both genders. How-
ever, literature on women’s risk-aversion [6] suggests that they might be more
sensitive to review sentiment than men. We thus tested whether review senti-
ment impacts guests differently based on their gender. To better understand
differences in participation on Airbnb and to more directly address the different
risk-attitudes in the face of safety concerns, we also tested whether guest gender
itself is associated with booking decision after accounting for factors related to
review sentiment, host and reviewer gender. Additionally, we considered insights
from the large-scale data analysis related to gender-based homophily and differ-
ent levels of concern about safety for men and women. To assess the effect of
homophily, we first examined whether the gender of reviewers on a certain host’s
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profile acts as a significant decision factor for guests, for instance as a strategy
to better assess risk with the help of reviews from others of the same gender.
Second, we investigated the possibility that guests have a preference with regard
to host gender. To this end, we explicitly tested for an interaction effect between
guest and host gender. Our hypotheses are as follows:

H1.1 There is an interaction effect between the sentiment of review text and
guest gender.

H1.2 Guest gender affects booking decision.
H1.3 Reviewer gender affects guests’ booking decisions.
H1.4 There is an interaction effect between host and guest gender.
For the experiment, we created a set of fictitious profiles such that each

profile had a gender-revealing host name, reviewer name, and one review (either
positive or negative). Reviews used in each profile were randomly drawn from
InsideAirbnb data by sentiment category. Both positive and negative reviews had
similar word counts. Reviews only discussed sentiment towards the host without
mentioning any physical attributes of the listed property to avoid confounding.
Additionally, we inserted star ratings into a random sample of profiles to better
replicate the effects of the reputation system. Selected profiles with a negative
review were given 3 stars, while profiles with a positive review were given 5 stars.

We recruited 1,041 Mechanical Turk workers who had completed more than
1,000 tasks, had above 97% acceptance rate, were residents of the U.S., and were
current Airbnb users.Participants were shown one of sixteen randomly assigned
host profiles that were simplified mock-ups of real Airbnb profiles. To avoid con-
founding, host profile photos were replaced with scenery images and fictitious
hosts were assigned race-neutral names. Participants were then asked whether or
not they would send a booking request if they were to travel alone and only had
enough budget to book a shared/private room on Airbnb. One attention checker
was included that asked participants halfway through the questions which type
of room they were opting for in this study. We retained only those participants’
answers who stated to be making decisions as solo travelers looking to book
shared/private rooms. For each combination of variables, we measured the per-
centage of participants who decided to book with the host. The randomization
of host profiles and participants acted as a valid instrument for the estimation
of causal relationships.

4.1 Results

As shown in Fig. 2, we examined the difference in booking rate by review
sentiment and guest gender using non-parametric proportion tests. We stratified
the data by the sentiment of the review text. When one negative review was
presented in a host’s profile, female participants (guests) had a 1.3% probabil-
ity of booking, while male participants (guests) booked in 6.2% of the cases;
this difference is statistically significant (𝑝 = 0.006). However, the difference in
the booking rate between male and female participants was insignificant in the
presence of a positive review (𝑝 = 0.784). Similarly, without further controls, the
overall difference in the probability of deciding to book between male and female
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participants (i.e., 32.4% vs 27.3% ) was not significant (𝑝 = 0.08). We also strat-
ified the data by host gender. Female participants had a 33.3% probability of
booking with female hosts and a 21.5% probability of booking with male hosts,
a difference that is statistically significant (𝑝 = 0.002). In the absence of other
controls, the difference in male participants’ probability of booking with female
vs male hosts was 28.6% vs 36.3%, 𝑝 = 0.09. Finally, participants did not show
statistically significant booking differences based on the gender of the reviewer
when we stratified the data by the reviewer’s gender.
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Fig. 2: Booking rates as percentages in the experimental study. The difference in
the overall booking rate between male and female guests is insignificant, but it
becomes significant in the presence of a negative review.

We formally tested these findings with a logistic regression model whose
dependent variable was the decision to book or not. Key independent variables
were guest gender, host gender, reviewer gender, and review sentiment (i.e.,
either positive or negative review about a host). Our model explicitly tested for
interaction effects between these variables. Additionally, we controlled for guest
age, income, frequency of activity on Airbnb, as well as star rating of the host.
Table 1 shows the results. Positive reviews are a highly significant indicator of
booking. One positive review played a significant role in increasing the chances
that a female guest would book with a host of any gender. Holding other variables
constant, the odds of a female guest choosing a host with a positive review was
115 times higher than the odds of a female participant choosing a host with a
negative review. In a similar scenario, the odds of a male participant (guest)
choosing a host with a positive review was 21 times higher than the odds of a
male participant (guest) choosing a host with a negative review. Positive review
sentiment plays thus a role among both genders, although female guests are more
sensitive to the sentiment of review text than male guests, supporting hypothesis
H1.1.

Although the lower overall booking rate for women was not significant in
the direct comparison, the odds of female guests booking are 88% less than the
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Variable Coeff SD
𝐹𝑒𝑚𝑎𝑙𝑒 ℎ𝑜𝑠𝑡 -0.28 0.24
𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑟𝑒𝑣𝑖𝑒𝑤 3.07*** 0.31
𝐹𝑒𝑚𝑎𝑙𝑒 𝑔𝑢𝑒𝑠𝑡 -2.12*** 0.64
𝐹𝑒𝑚𝑎𝑙𝑒 𝑔𝑢𝑒𝑠𝑡 𝑥 𝐹𝑒𝑚𝑎𝑙𝑒 ℎ𝑜𝑠𝑡 1.03** 0.34
𝐹𝑒𝑚𝑎𝑙𝑒 𝑟𝑒𝑣𝑖𝑒𝑤𝑒𝑟 0.10 0.24
𝐹𝑒𝑚𝑎𝑙𝑒 𝑔𝑢𝑒𝑠𝑡 𝑥 𝐹𝑒𝑚𝑎𝑙𝑒 𝑟𝑒𝑣𝑖𝑒𝑤𝑒𝑟 -0.18 0.34
𝐹𝑒𝑚𝑎𝑙𝑒 𝑔𝑢𝑒𝑠𝑡 𝑥 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑟𝑒𝑣𝑖𝑒𝑤 1.67** 0.61
𝑆𝑡𝑎𝑟𝑠 0.40* 0.17
Constant 0.14 1.45
Deviance = 809.95
Penalized Deviance = 781.76
McFadden’s pseudo R2 = 0.36

Table 1: Results of logistic regression models for our experimental study. The
model emphasizes the role of positive reviews. Above and beyond that, the model
also indicates that on the one hand there is a significant gender-homophily be-
tween guests and hosts with whom they book and on the other hand female
guests book overall less. Note that guests in this table correspond to study par-
ticipants, hosts and reviewers are deduced from the fictitious profiles.
Note: * 𝑝 < 0.05; ** 𝑝 < 0.01;*** 𝑝 < 0.001.

odds of male guests booking, confirming hypothesis H1.2. In contrast, hypothesis
H1.3 is not supported: Reviewer gender and its interaction with guest gender
are insignificant, suggesting that positive reviews are efficient regardless of the
gender of the reviewer. Finally, we studied the effect of guest gender and its
interaction with host gender. Both female and male participants (guests) in our
experiment demonstrated a preference for hosts of their own gender. Holding
other variables constant, the odds that a male guest booked a male host were
25% greater than the odds of them booking with a female host. Female guests
displayed an even stronger homophily: The odds of a female guest booking with
a female host were twice the odds of them booking with a male host. This finding
supports hypothesis H1.4 and concludes our regression analysis.

To further unpack the finding that solo female guests were more sensitive to
negative reviews than male participants, in a post-experiment questionnaire, we
asked about accommodation preferences and safety-concerns. 1,275 study partic-
ipants (631 females and 644 males) responded to this questionnaire. 70% of the
participants indicated that they would rather stay at a hotel than book a room
on Airbnb if they had to travel alone. 80% of the respondents who preferred ho-
tels selected “security” as one of their reasons. Broken down by gender, 73.3%
of females preferred hotels over Airbnb and 89.2% of them mentioned security
as a reason. In contrast, only 65.9% of males preferred hotels over Airbnb, and
a lower percentage of them (i.e., 69.6%) referred to security as a reason. The
questionnaire encapsulated the perceived association between risk and staying
at an Airbnb and implied that safety is a key involved risk. According to partici-
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pants’ responses, users (especially female solo travelers) opt for hotels instead of
Airbnb listings because of the safety of hotels. This observation is aligned with
previous research indicating that women are more risk-averse than men in the
presence of safety concerns in the sharing economy and beyond [34, 6].

5 Discussion and Conclusion
This paper extends previous studies on the role of front-end features in sig-

naling trustworthiness of a user [8] by initiating questions about gender-related
differences in solo travelers’ usage of Airbnb. Specifically, the paper studies the
effect of the reputation system on male versus female guest’s trust judgments.
Our study creates new knowledge about how male and female solo travelers uti-
lize Airbnb’s reputation system and its (gender-related) features designed to give
guests the opportunity to leave reviews and have more information about their
choices. We examined whether and how informational elements available in this
reputation system acted as a security blanket.

Given our finding that one positive review leads to a sizeable increase in
booking rates for both male and female guests compared to one negative review,
it is extremely important for new hosts with no prior hosting experience to
receive positive reviews from their first guests. Our results also show gender-
homophily among guests of both genders. This result explains why male hosts
had a higher number of reviews in our structural analysis of InsideAirbnb data.
InsideAirbnb data had a greater number of male than female reviewers (96,726
vs 72,906). Male guests preferring male hosts led to a greater number of bookings
for male hosts. This effect was overcoming a larger absolute number of female
hosts and a potentially higher trust in them. The result implies that simply
having a high percentage of female hosts does not necessarily mean that Airbnb
is a hospitable ecosystem for female hosts to thrive.

InsideAirbnb data indicated that female reviewers explicitly stated more
safety-related words than male reviewers. Additionally, in our experiment, solo
female guests were more sensitive to negative reviews than male participants.
Given that Airbnb (a peer-to-peer platform) has a different business structure
from, and provides different service than hotels (business-to-peer institutions),
women traveling solo require stronger signals of safety. The lower number of
female reviewers in InsideAirbnb data suggests that more risk-averse solo trav-
elers had effectively opted out of using the platform. Participants in our study,
especially females, appealed to gender-homophily as a strategy to deal with un-
certainty [10]. While homophily is effective in this respect, it can also have con-
siderable drawbacks. Most importantly, the imbalance in male vs female guests’
participation on top of a considerable in-group preference can be assumed to
further restrain the expansion of the platform’s female user base.

With this dilemma in mind, Airbnb could potentially carefully leverage the
features in its reputation system that enable homophily to lower the barrier to
participation. For example, Airbnb could offer its users personalized recommen-
dation of hosts with an eye for exposing guests to a variety of host options, but
also encouraging connections within subpopulations when the risk-aversion of
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the guest is high. Airbnb can potentially provide (female) solo travelers with
more equitable access to its sharing economy platform. For our specific recom-
mendation to be valid, however, further research is required to test and measure
its impact.

5.1 Limitations of Exploratory Data Analyses
InsideAirbnb data There are some intrinsic limitations to the dataset that uti-
lized public information compiled from the Airbnb website. The group that ver-
ified, processed, and analyzed aggregate data is unaffiliated with Airbnb [17],
so the accuracy and completeness of the entire information cannot be guaran-
teed. More importantly, while findings from real Airbnb profiles provided some
insights about actual Airbnb hosts and guests who travel alone, the data com-
prised only the sample of guests who left reviews and did make the choice to book
a shared/private room. Finally, we acknowledge that gender is not binary [28]
and use in this study name-based gender assignment approaches to approximate
salient categories that display gendered behavior.

Structural and linguistic analysis In the linguistic analysis, the frequency of
safety-related words mentioned by female and male reviewers was measured by
listing words that are generally associated with security and counting the in-
stances. We did not consider reviews that are less explicit and more descriptive
about safety-related situations during reviewers’ stay. For example, we did not
consider reviews such as “It was really dark at night and I heard someone knock-
ing on my door multiple times” or “My host installed and hid a camera in my
room.”

We also did not consider or measure the distribution of key safety concerns
expressed by reviewers on Airbnb. Although this does not significantly influ-
ence our current findings, in the future, we could expand on how guests connect
Airbnb with safety issues and better specify their concerns, which could involve
issues about hosts, location, electronic transaction process, and more. In ad-
dition to analyzing review content, future studies should explore the linguistic
characteristics of the positive reviews and their relation with booking decisions.
In other words, given that most reviews are positive, whether certain distinctive
linguistic characteristics within positive reviews make readers convinced to book
a place is still a question to be explored. Future studies could also explore how
emotional tone and linguistic style differ by reviewer gender.

5.2 Limitations of the Experimental Study
Absence of host decision Inside Airbnb data, on which we conducted our EDA,
accounts for successful transactions between guests and hosts. In our experiment,
however, we take Airbnb hosts’ decision making into account only indirectly.
Female hosts having less reviews than male hosts may not solely be attributed
to guests favoring the same gender host. If female hosts also exhibit gender-
homophily favoring same gender guests, more so than male hosts, there will
be a surplus of female hosts in the market given the relatively large number of
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female hosts and the small number of female guests. This may provide additional
explanation as to why female hosts had less reviews and, by extension, less guests
in our structural analysis.

Number of reviews In our experimental study, we only included one review for
each of our fictitious host profiles to avoid confounding. We found that the host
profile with a positive review attracts more booking. However, in reality, listings
can have multiple reviews. It may be that the fraction, not the existence of pos-
itive reviews, matters the most in solo guests’ decision making. The results of
our study call for further investigations using multiple reviews in a host profile.
Those studies could also verify the effect of the reviewer’s gender on booking.
In our exploratory data analysis, we saw that female guests book listings with
greater fraction of females than males. In our experiment, however, we found
reviewer gender to be statistically insignificant. If the reviewer gender only be-
comes significant after a certain number of reviewers, such discrepancy in results
may be reconciled.

Atypical motivation Participants in our studies knew that they were put in a
hypothetical situation and it is difficult to know whether each participant was
fully engaged and made their truest possible decisions involving trust. If partic-
ipants lacked the motivation to evaluate the provided host profiles, this could
have affected our findings. Future studies should consider conducting a field ex-
periment to explore solo guests’ decision outcomes in real settings. For example,
one possible study could collaborate with current Airbnb hosts in a specific geo-
graphic area (controlling for other attributes of hosts and listing characteristics)
and analyze the booking requests they received to more accurately estimate the
effect of variables explored in this study.

Altogether, our findings provide a better understanding of male vs female solo
travelers’ usage of Airbnb’s reputation system. These results have implications
for designing an open and safe space on the platform for the growing market
segment of solo travelers. Above all, our study highlights the value of not assum-
ing uniform attitudes towards risk, but breaking down the user population into
subpopulations with differing behaviors and needs. We thus encourage future
research examining Airbnb’s reputation system and policies to consider per-
spectives across different subpopulations. Our approach relying on both insights
from large-scale user activity data and controlled experiment produces knowl-
edge that can potentially lead to a more personalized and thoughtful service
experience that will ultimately embrace and satisfy a more diverse population
on the platform.
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A Appendix

Table A.1: Basic statistics of host–reviewer
networks built for NYC, LA, and Chicago.

NYC LA Chicago

𝐹𝑒𝑚𝑎𝑙𝑒 ℎ𝑜𝑠𝑡𝑠 5,445 3,483 627
𝑀𝑎𝑙𝑒 ℎ𝑜𝑠𝑡𝑠 4,898 2,908 690
𝐹𝑒𝑚𝑎𝑙𝑒 𝑟𝑒𝑣𝑖𝑒𝑤𝑒𝑟𝑠 35,167 24,584 6,336
𝑀𝑎𝑙𝑒 𝑟𝑒𝑣𝑖𝑒𝑤𝑒𝑟𝑠 43,706 31,749 8,884

𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑣𝑖𝑒𝑤𝑠 87,241 65,339 16,271

Fig. A.1: Degree distributions of networks built for NYC, LA, and Chicago. Bi-
partite networks connect each host having a listing in the considered region with
every guest who left a review on their profile. The number of reviews written by
guests and the number of reviews obtained by hosts show that, in all but one
case, male guests write and male hosts receive significantly more reviews.


