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Understanding Guest Preferences and Optimizing Two-sided
Marketplaces: Airbnb as an Example

Yufei Wu
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ABSTRACT

Airbnb is a community based on connection and belonging — many
hosts on Airbnb are everyday people who share their worlds to
provide guests with the feeling of connection and being at home;
Airbnb strives to connect people and places. Among our efforts to
connect guests and hosts, we provide tools to enable hosts to set
competitive prices, which helps improve affordability for guests
while helping hosts get more bookings. We also personalize the
guest experience to show them the listings that match their needs.

To help inform these efforts, we combine economic modeling
and causal inference techniques to understand how guests book
stays based on the prices hosts set, among other factors, and how
that preference varies across different guests and listings. Such
understanding helps us identify opportunities for Airbnb to support
the marketplace and better connect guests and hosts. For example,
understanding how much guests respond to different prices helps
optimize the tools that we provide to hosts, in order to enable hosts
to choose and set competitive prices that further balance demand
and supply. As another example, understanding heterogeneity in
guest preferences helps us personalize the guest experience and
better match them with the listings that meet their needs, based on
how much they respond to different prices and other factors.

KEYWORDS

Two-Sided Marketplaces, Demand Modeling, Price Elasticity, Prefer-
ence Heterogeneity, Observational Causal Inference, Instrumental
Variables

1 INTRODUCTION

Airbnb is a community based on connection and belonging—a com-
munity that was born in 2007 when two Hosts welcomed three
guests to their San Francisco home, and has since grown to over 5
million Hosts who have welcomed over 1.5 billion guest arrivals to
over 100,000 cities and towns in almost every country and region
across the globe. Hosts on Airbnb are everyday people who share
their worlds to provide guests with the feeling of connection and
being at home. We strive to connect people and places.

For two-sided marketplaces, pricing is generally an important
lever to balance supply and demand. But Airbnb does not set the
prices that guests pay. Instead, hosts set prices for their places, while
Airbnb sets service fees, which are a percentage of the value of a
booking. There are several reasons why it can be challenging for
hosts to know what is the right price to set for their place. First, the
listings on Airbnb are highly heterogeneous, in terms of location,
home design, and amenities, making the pricing problem unique
for each host. Second, some hosts may have limited experience
hosting. Finally, because travel and accommodation is not an every-
day occurrence, bookings may come only relatively infrequently,
2024-08-23 21:57. Page 1 of 1-5.
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providing hosts with little feedback about the appropriateness of
prices.

As part of our efforts to connect guests and hosts, we provide
tools that help hosts to choose and set competitive prices, in or-
der to best meet the demand from guests. By providing the tools,
Airbnb can not only provide better value to guests but also help
hosts attract more business. For example, Ye, Qian, Chen, Wu, Zhou,
De Mars, Yang, and Zhang [1], a prior paper that Airbnb’s Pricing
Modeling team presented at KDD, discusses a predictive pricing
model that empowered price suggestions to help hosts choose and
set competitive prices. We also personalize guest experience and
host tools to better match guests with the listings that tailor to their
needs. For instance, Grbovic [2] and Grbovic and Cheng [3], two
papers that Airbnb’s Relevance team presented at KDD, explain
how Airbnb personalizes search ranking to match guests with the
listings that meet their short-term and long-term interests. As an-
other example, an Airbnb Blog Post by Jing and Xia [4] discusses
how Airbnb leverages machine learning models to personalize rec-
ommendations to hosts based on guest preferences for different
home attributes, such as acquiring the amenities that guests are
looking for the most.

To help inform these efforts, we combine economic modeling
with causal inference techniques to understand how guests book
stays based on the prices hosts set, among other factors, and how
that preference varies across different guests and listings. Such un-
derstanding helps us identify opportunities for Airbnb to optimize
the marketplace and better connect guests and hosts. Specifically,
we measure how sensitive guests are to prices, to help optimize
host pricing tools, enabling hosts to choose and set competitive
prices and better meet guest demand.

We also try to understand heterogeneity in guest preferences, or
how the preference for affordability varies across different segments
of guests. Such insights identify opportunities for guest experience
personalization, to help them more easily find the listings that meet
their needs, based on their preference for affordability and other
factors.

2 EXPERIMENTAL VS OBSERVATIONAL
METHODS

Both experimental and non-experimental methods (based on obser-
vational data) are useful and widely applied to understand consumer
preferences, including how much they value affordability, or how
sensitive they are to price changes.

Experiments have a long history in online marketplaces and,
when done correctly, are still seen as the gold standard for causal
inference. However, there are several nuances when running experi-
ments around pricing, which have been discussed by data scientists
and economists at Airbnb as well as other tech companies (see, for
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example, Holtz, Lobel, Liskovich, and Aral [5], Johari, Li, Liskovich,
and Weintraub [6], and Le and Deng [7]). An important concern
for marketplace experiments is interference, that an intervention
on a market participant would affect others. While pricing experi-
ments can be designed to minimize bias from interference, those
designs come at the cost of statistical power. Further constraints
on statistical power include the limited ability to introduce price
variation where the marketplace does not control prices directly,
and infrequent participation in the marketplace.

Given these nuances around pricing experimentation, observa-
tional methods are also very useful for understanding guest price
sensitivity in a marketplace like Airbnb. There is more variation
in prices in observational data, across listings and over time, com-
pared to pricing experiments. We draw on the academic literature
in economics, which has historically been focused on drawing infer-
ence from observational data. We combine that with experimental
studies to validate and calibrate the estimates from the observa-
tional method, to address the general challenge with establishing
unbiasedness of results for observational analysis.

3 UNDERSTAND GUEST PRICE SENSITIVITY
TO ENABLE HOSTS TO SET COMPETITIVE
PRICES

How do we model guest demand and measure guest price sensi-
tivity using observational data? Our method is grounded in the
economic theory of guest and host behavior. Specifically, we begin
by modeling guest behavior to inform our empirical problem. We
then leverage marketplace dynamics, considering the interaction
between host supply and guest demand, to isolate the impact of
price, or affordability, on guest demand.

3.1 Model guest choice

Following a well-established strand of academic economics litera-
ture, we model guest choice between different listing options using
a logit model. The model assumes that potential guest i’s utility,
or overall satisfaction, from choosing a certain product j in time ¢
can be expressed as follows, where p denotes price, X denotes ob-
served product attributes, and £ represents utility from unobserved
attributes of the product.! The error term € follows Type I Extreme
Value distribution.?

uije = —apje+ X, B+ Eje + €ije ¢y

A guest will choose the product that provides the highest utility
out of all available options. As a result, the share of guests choosing
product j, as the aggregated choice probability across guests, is as
follows. Intuitively, the higher the price hosts set, the lower share
of guests will choose the product, holding everything else the same.

exp(Jjr)

=7 2)
1+ Zj’:l exp(dj¢)

Sjt

For model tractability, we group listings based on their geography and selected
attributes into products, and calculate product price and attributes as the average
across listings. A common assumption in such models is that the utility from a product
only depends on its own characteristics and not those of other products. We adopt
this assumption here as well.

2This error distribution is commonly assumed in demand modeling to generate
tractable substitution patterns.
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where §; represent the mean utility from product j in ¢:

Ojt = —apjr + XJT-tﬂ +&j (3)
The price parameter a quantifies how sensitive guests are to host
price changes. To interpret it in a standardized unit-free manner,
we use the concept of the price elasticity of demand, which tells us
if hosts were to drop (or raise) price by 1%, how much bookings
would increase (or decrease). This price elasticity of demand can
be derived as a function of the estimated price parameter &, the
average price p, and the average product share s.

é=-ap(1-3) ©)

We follow the method developed by Berry, Levinsohn, and Pakes
[8] (aka “BLP”) to simplify the estimation problem, to simplify the
empirical estimation into a linear regression problem and apply
instrumental variables to isolate the causal impact of price. The

next section will discuss how we construct instrumental variables
to help isolate causality from observational data.

3.2 Empirically estimate guest price sensitivity

Observational data provides rich information on how guests tend
to choose their stays, when they have different options at a range
of different prices. These signals help us estimate the guest choice
model above and understand how guests respond to changes in host
prices. However, unlike in experiments, real-world price variation is
endogenous rather than random, creating a challenge for estimating
the guest price elasticity.

Figure 1 visualizes the demand curve (describing how many
nights guests would book at each price level) and the supply curve
(describing how many listing nights hosts would supply at each
price level) for Airbnb stays across two observation periods, t1
and t2. We aim to measure guest price elasticity, or how guest
demand responds to price changes while holding everything else
unchanged — that is the slope of the demand curve, measurable by
comparing outcomes A and B. In reality, guest demand and host
supply jointly determine the equilibrium price and quantity we
observe. Thus, we would be comparing outcomes A and C instead
if we take observational data from t1 and t2 at face value. This
comparison mixes two types of quantity changes — guests’ demand
response to a supply-driven price change (the change from A to B;
the lower the price, the more nights guests would book), and hosts’
supply response to a demand-driven price change (the change from
B to C; the higher the price, the more listing nights hosts would
supply).

To isolate the guest price elasticity of interest (the slope between
A and B in Figure 1), we utilize methods that draw on sources of
variation that are plausibly exogenous to demand. We focus on
price variation induced by differences in supply relative to demand
across geographies. As a motivating example, Figure 2(A) compares
two popular destination geos for Airbnb stays, demonstrating how
differential supply growth could potentially introduce an exogenous
source of price variation. The horizontal axis represents calendar
quarter, while the vertical axis represents supply and price, both
normalized to one at the beginning of the example period. Over
this time period, average price increased 4% in Geo A but decreased
13% in Geo B. Part of that difference was driven by the fact that
Geo B has experienced faster supply growth than Geo A.
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Figure 1: Supply and demand jointly determine equilibrium price
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This example compares supply growth without considering pos-
sible demand growth, begging the question of whether such supply
variation could be a response to demand. Next, we control for the
level of demand and focus on supply variation that’s driven by
differences in factors other than demand, such as heterogeneity in
short term rental regulations and cost of providing accommodation
across geographies. As 2(B) illustrates, the comparison between Geo
A and Geo B is robust to accounting for the realized level of demand,
as measured by the total number of listing views. The horizontal
axis represents listing supply growth over a certain time period,
conditional on realized demand, while the vertical axis represents
changes in the average price over the same time period. Relative
to realized demand, listing supply has grown by over 60% in Geo
B (the green dot) but has grown much less in Geo A (the purple
dot) over the same time period, explaining why prices decreased
more in Geo B relative to Geo A. This relationship generalizes to
other destination geos, as shown by the blue circles.? There is a
clear negative relationship between price and supply, conditional
on demand, as illustrated by the red fitted line from a linear regres-
sion. The faster listing supply grows relative to demand, the lower
the prices that hosts set on average.

This empirical relationship motivates our instrumental variables
approach. Controlling for the level of realized demand, we use
differential supply growth across geographies as an instrument for
price variation, to isolate supply-driven price changes and estimate
guest price elasticity. To the extent that hosts adjust listing supply
without perfect foresight of demand changes, variation in listing
supply induces plausibly exogenous price variation, which we use to
estimate the guest choice model and understand the causal impact
of price on guest bookings.

3.3 Use experimental results to validate and
calibrate the model

We acknowledge a general limitation with observational methods:
it is difficult to establish unbiasedness of the results without a
randomized experiment. While we use instrumental variables to
help isolate the causal impact of price, the unbiasedness of the
results depends on the validity of the exclusion restriction (see,
for example, Chapter 5 of Wooldridge [9]), which assumes that

3Each circle represents a destination geo, with the circle size scaled according to its
level of realized demand.
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Figure 2: Heat Maps of Channel Residual Impressions Across DMAs Over Time
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our instrument affects guest choice only through price and not by
any other means. However, proving the validity of such exclusion
restrictions is not possible. To address this challenge and to ensure
confidence in our findings, we leverage experimental results to
validate and calibrate our model, to the extent possible.

When we initially developed this method, we relied on carefully
designed pricing experiments that minimized interference bias as
the source of ground truth. We estimated our model using data from
around the same time as these experiments and compared our esti-
mates to experimental results. These experimental results serve two
purposes. First, they help qualitatively confirm the findings from
our model, particularly regarding guest preference heterogeneity.
For instance, segments estimated to be particularly sensitive to
prices in our model are also found to be sensitive to prices in the
experimental data. Second, while our model estimates are in the
same range as the experiment estimates, comparing them helps
us assess the direction and degree of bias from our observational
method. Specifically, our estimates of guest price sensitivity are
slightly higher in magnitude than experimental results. We correct
for this upward bias by applying a haircut based on the difference
between our model estimates and the experimental results, using
data from a similar time period.

Through this validation and calibration process, we are able to
update our model estimates using more recent data. We also incor-
porate new experimental data as it becomes available. In fact, after
initially calibrating the model to historial experiments and applying
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to more recent data, a subsequent experiment further validated the
findings, showing that our latest estimates closely matched experi-
mental results. This demonstrates the value of continuing to use
experiment data to validate observational methods, reinforcing our
confidence in the insights derived from those methods.

In summary, our observational method and experimentation
complement rather than substitute each other. While our method
provides ongoing measurement and unlocks insights at more gran-
ular levels by leveraging more data, experimentation helps validate
our findings and calibrate our estimates to adjust for any potential
bias.

3.4 Provide on-going measurement to improve
affordability and host success

In summary, in addition to using experiments, it is valuable to apply
choice models from the economics literature to non-experimental
data, and leverage supply-driven price variation to measure guest
price sensitivity. Validated against experimental data, our model
enhances our ability to measure guest price sensitivity and under-
stand guest preferences on an ongoing basis using observational
data.

This capability allows us to detect important trends in guest pref-
erences and leverage those insights to continually optimize the tools
we provide to hosts. As discussed earlier, it can be difficult for hosts
to determine the right price to set for their place because listings
are highly heterogeneous, their hosting experience varies, and the
relatively infrequent nature of bookings limits timely feedback for
host pricing decisions. Additionally, guest preferences can change
over time, making it even more challenging for host-set prices to
stay competitive without any guidance. By understanding guest
price sensitivity on an ongoing basis and monitoring important
changes over time, we can update our tools to better assist hosts
with their pricing strategies, both to accommodate the evolving
needs of guests and to help hosts optimize for success.

4 UNDERSTAND PREFERENCE
HETEROGENEITY TO PERSONALIZE GUEST
EXPERIENCE

As discussed earlier, we follow a well established strand of eco-
nomics literature and model guest choice using a logit model. The
logit model is widely used because it provides tractable product
shares and substitution patterns, simplifying the empirical esti-
mation. However, a technical nuance of a logit model is that it
predicts a strictly positive share for every product. That means
the model’s predicted shares cannot match the observed product
shares for some observations, creating a challenge for estimation,
especially when we consider smaller guest segments. As Gandhi
and Nevo [10] points out, dropping product observations with zero
shares or assigning them small positive shares can result in large
biases. Dubé, Hortagsu, and Joo [11] and Gandhi, Lu, and Shi [12]
developed two methods to address this challenge, but these meth-
ods either require additional assumptions or provide only partial
parameter identification.

We propose a solution to this challenge that is relatively easy to
implement and interpret, which addresses our need for understand-
ing preference heterogeneity by guest segment. Specifically, we

Yufei Wu and Daniel Schmierer

first model the theoretical relationship between (A) how the guest
mix changes in response to price changes; and (B) the heterogeneity
of guest price elasticity across guest segments. As formularized in
Equation (5), how a guest segment k’s share of conversions (o)
responds to changes in price (p) is determined by segment k’s price
elasticity (ek ), relative to that of a representative guest (€).

k k
alral(lo +1) (k2 g 5)
n(p) ok +1

We then empirically understand this theoretical relationship, by
estimating how the guest mix responds to price changes using the
following panel linear regression. We apply the supply-based instru-
mental variables for price (p) to causally estimate 7, the sensitivity

of guest mix to price changes.

ln(o—ft +1) =0; +nln(pjs) + XJT-ty +€jr (6)

After estimating 7 from equation (6), we can combine that with
the overall price elasticity estimate e, to derive the price elasticity
for different guest segments. Such insights, combined with other
findings on heterogeneous preferences for listing attributes, pro-
vides guidance on improving the personalization of experience
for different segments of guests. Using the hypothetical example
in Figure 3 for illustration, suppose guests in segment 1 values
affordability more than other guests (i.e., they have higher price
elasticity), but values certain listing attributes less (e.g., high rat-
ings). That suggests opportunities for helping guests in segment
1 find more affordable listings more easily. One option could be
to curate marketing communications for these guests to highlight
affordable listings in the destinations they have recently searched,
which are more likely to meet their needs, compared to more ex-
pensive listings that may be appealing in other aspects, such as
high ratings. While this serves as a simplified hypothetical example,
the actual product iterations are more complex and require careful
consideration.

Figure 3: Hypothetical illustration of preference heterogeneity

Guest price elasticity
(absolute value)

Pooled Segment 1 Segment 2 Segment 3

5 CONCLUSION

In this paper, we combine economic modeling with causal infer-
ence methods, in order to understand guest preferences and mea-
sure guest price elasticity using observational data. This approach
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complements experiments, which establish the ground truth for
calibration but are subject to low statistical power and practical
constraints. Our method not only enables ongoing measurement
but also helps identify preference heterogeneity across guests. As a
result, we can pinpoint opportunities to optimize host tools and per-
sonalize guest experience, enhancing our ability to connect guests
and hosts.

While well-designed experimentation remains the gold standard
for measurement, our research contributes to enhancing the fea-
sibility and continuity of understanding consumer preferences in
two-sided marketplaces, and leveraging those insights for ongoing
product optimization. Our approach is particularly valuable in set-
tings where it is particularly difficult to experiment, such as when
the marketplace has limited direct control over prices. For instance,
our method can be readily applied to study consumer preferences on
consumer-to-consumer (“C2C”) e-commerce marketplaces, where
sellers list products and set prices, buyers make purchasing deci-
sions, and the e-commerce marketplace charges fees as a percentage
of seller-set prices. For such platforms, understanding consumer
preferences and heterogeneity can generate important insights to
help sellers set competitive prices and improve products to meet
consumer needs and build successful businesses; it can also provide
insights to help match consumers with the product offerings that
meet their needs. Our method allows for model consumer choices
among alternative products and using instrumental variables to
isolate the causal impact of price and product features on buyer
choice. In our setting, we construct supply-based instruments to
isolate the causal impact of price, but with proper instruments, the
approach can also help isolate the causal impact of other product
features.

In conclusion, our approach bridges the gap between experimen-
tal and observational methods, providing a robust framework for
ongoing understanding of guest preferences in two-sided market-
places. It can be easily adapted to other two-sided marketplaces
facing similar challenges to pricing experimentation, such as C2C
e-commerce platforms.
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