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DEMAND PREDICTION FOR TIME-EXPIRING INVENTORY

CROSS REFERENCE 70O RELATED APPLICATIONS

[B081] This application claims the benefit of ULS. Provisional Application Nos.
62/085,049 filed November 26, 2014, 62/112,567 filed February §, 2015, and 62/166,440,

filed May 26, 2015, cach of which is imcorporated by reference in its entirety.
TRCHNICAL FIELD

{8082} This application relates generally to the use of machine learning models and
data analysis in the context of Hime-cxpiring inventory, and particularly o the assigament of

training labels to machine learning sample data relating to time-expiring inventoery.
BACKGROUND

8003} In a typical transaction for a good or service, the manager that controls or owns
the good sets the price of the good and waits for an interested party to agrec 1o pay the
proposed price. Oftentimes the manager fails to correctly price the good but because of
meomplete information in the market and other cconomic factors someone may eventually
agree to pay the price. However, pricing time-expiring inventories is a more challenging
endeavor because if the fnventory 18 not sold before it expires, the inventory is wasted and the
manager receives no revemie. Thus, 8 manager of a time expiring inventory is susceptible to
either pricing their inventory too high and risk losing revenue from expiration, or pricing
their inveniory too low and receiving suboptimal revenue but with good utilization.
Additionally, the ideal or desired market-clearing price for a time-expiring inventory may
change as the mventory approaches its expiration date. This combination of factors makes #t

difficult for a manager of a time-cxpiring inventory o optimally price their inventory.

SUMMARY
{8004} An online system cnables managers to create listings for time-expiring
mventorics and cnables clicnts o submit a transaction request o reserve, lease, or buy a listed
time-expiring inveniory. The online system estimates demand for a listing of a time-expiring
imventory. The online system defines a set of features that describe the time-expiring
mventory, the associated listing, and the market for the time-expiring inventory. A set of
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these descriptive features is a feature vector for a listing. The online system estimates demand
for a listing by imputting the featore vector of that listing into a demand function.

{B805] The demand function may be comprised of a feature model for cach feature of
the feature vector where each feature in the feature vector is associated with a feature model.
The demand function may be a generalized additive model that sums the feature models to
generate the demand estimate. The online system may train the demand function using
training data where cach sample from the training data comprises a binary label describing
whether the time-expiring inventory of the listing received a transaction request from a client
before it expired as well as a feature vector describing the listing of the time-cxpiring
mventory at cach sample time. The online system may collect a plurality of samples fora
single listing where cach sample corresponds to the featares of the listing for the time-
expiring mventory during a time period before the expirvation of the time-cxpiring nventory.
{6806} The onling system may then use 8 likelihood model to convert the demand
estimate to a bikelihood of receiving a transaction request frem a client. The online systern
may then create a price tip for the manager of a time-expiring inventory. The online system
calculates the price tip by gencrating a set of test prices that are greater than or less than the
current price of the time-cxpiring inventory. The online system then inputs, into the demand
function, modified feature vectors of the listing of the time-expiring inventory each modified
featore vector having a different test price. The demand function gencrates a set of test
demand cstimates, which the online system converts to a set of test Hkeliboods using the
fikelthood model.

{8067} The online system may then determine a price tip based on the set of test
likclihoods. The online system may {it a function based on data points cach data point
comprised of a test likehhood and the corresponding test price that resulted 1u the test
likelihood. The function vepresents a range of prices and the resulting predicted Hikelihoods of
receiving a transaction request. The online system may select a new price that maximizes the

product of price and the request likelihood for a peint on the function.
BRIEF DESCRIPTION OF THE DRAWINGS

[B008] FIG. 1 s a block diagram of a computing environment including an online
system that makes avatiable time-cxpiring inventory for booking, in accordance with one

embodiment.
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{6069} FIG. 2 15 a block diagram of the logical components of the online system in

accordance with one embodiment.

{8019} FIGS. 3A-3B arc diagrams illustrating the componenis and operation of the

demand module in accordance with one embodiment.

{8011} FIGS. 4A-4D illustrate labeling logic for training data used by the demand

module in accordance with one embodiment.

{8012} FIG. § iflustrates example stores for storing the training data used by the

demand module in accordance with one embodiment.

{8813] FiG. 6 illustrates a feature model in accordance with one embodiment,

{8614] FIGS. 7A-78 illustrate example feature models in accordance with ong
embodiment.

8015 FIG. % illusirates a likelihood model used by the demand module in accordance

with one embodiment,

180196} FIGS. 9A-9C illustrates the process of creating the pricing model for a listing in

accordance with one embodiment.

{8017 The figures depict various embodiments of the present invention for purposes of
Hustration only. Oune skilled tn the art will readily recognize from the following discussion
that alternative embodiments of the structures and methods llustrated herein may be

employed without departing from the principies of the invention described herein.

DETAED DESCRIPTION

L System Overview

{B018] FIG. 1 18 a block diagram of a computing environment including an online
system for providing time-expiring inventory for purchase, rental, lease, reservation, ete. in
accordance with one embodiment. The network 109 represents the communication pathways
hetween one party to a transaction, herein referred to as clients 102A and the other party to

the transaction, herein referred 10 as managers 1028,
s o)
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{8019} For clarity of explanation, clients inclades potential purchasers for value,
renters, fessees, clients holding a reservation, or any other party providing consideration in
exchange for access 1o, in whatover form, the time-expiring inventory. For clarity of
explanation, managers includes the seliers of an item of time expiring inventory, landlords
and property owners who manage property on behalf of the landlord, lessors, those managing
rescrvation inveniory such as ticket salesman or restaurant or hotel booking staff, or any other
party receiving counsideration in exchange for providing access {in whatever form) to the time
expiring inventory. Depending upon the type of time-expiring inventory being transacted for,
the time-expiring mventory may be being sold, leased, reserved, ete. For clarity of
explanation, these differcot types of transactions are herein referred to as “bookings” to

provide one convenient term for the whole set of possible types of transactions.

18024] The online system 111 inchudes one or more computing devices that couples the
computing devices 101 associated with the chents and managers across the network 109 to
allow the clionts and managers to virtually interact over the network 109, In one crabodiment,
the network is the Internet. The network can also utilize dedicated or private comnwumication
links {e.g. wide area networks (WANS), metropolitan area networks (MANS), or local area
networks {LANs)) that are not necessarily part of the Internet. The network oses standard

communications technologies and/or protocols.

{8021} The computing devices 101 are used by the clients and managers for interacting
with the online systerm 113, A computing device 101 execuntes an operating system, for
example, a Microsoft Windows-compatible operating system (085}, Apple OS X or 108, a
Limux distribution, or Google’s Android OS. In some embodiments, the client device 101
may usc a web browser 113, such as Microsoft Internet Explorer, Morzilla Firefox, Google
Chrome, Apple Safari and/or Opera, as 2o user-friendly graphical interface with which to
mteract with the online system 111, In other embodiments, the computing devices 101 may

execute a dedicated software application for accessing the online system 111,

{8022} The online system 111 provides a computing platform for clients and managers
to interact via their computing devices 101 to transact for time-cxpiring nventory. The online
system 111 may support, for example, a restaurant dining online system {or any other kind of

online system such as a plane or train seat online system, a hotel online system or a day spa
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online system), a ride-share (carpool) online system, an accommodation online system, and

the like.

8023} The online system 111 provides managers with the ability to create listings for
time-expiring mventory. A Hsting may be created for cach ndividual instance of a time-
expiring mventory, such as each seat for cach plane for each flight offered by an airline
online system. Alternatively, a listing may be created for a particular piece of inventory
irrespective of time, and then the listing may be transacted for units of time that expire when
those units of time have already passed. In this case, the listing is common to a set of time-
expiring inventory, cach item of time-expiring inventory in the set varying from the other
only in the time/date ranges which is being transacted for. For example, for a real estate vental
system, a listing may be for a particular apartment or condominium, and clients and managers
may transact for ditferent units of time (e.g., dates) associated with that apartment or

condominiym.

{8024] Generally, though not necessarily, each listing will have an associated real-
world geographic location associated with the hsting. This might be the location of a property
for a vent, or a location of a restaurant for a rescrvation and possibly the specific table to be
reserved. The online systern 111 further provides managers with online software teols to help
the managers manage their listings, which melade providing mformation on actual and
predicted demand for listings, as well as tips that cmpower managers with information they

can opt o use to improve the utilization and/or reverwe of a particular listing.

8025} The online system provides clients with the ability to search for listings,
conununicate with managers regarding possible transactions, formally or informally roquest
that & transaction take place {¢.g., make an offer), and actually perform a transaction {¢.g.,
buy, tease, reserve) with respect to a listing. The online system 1171 comprises additional

components and modules that arc described below.

H. Online System

[B026] FIG. 2 is a block diagram of the logical components of the online systern 11, in
accordance with one embodiment. The online system 111 comprises a front end server 201, 2
client module 203, a manager module 203, a listing module 207, a scarch module 209, a

transaction module 211, a demand module 213, and a database 250. Those of skill in the art
5
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will further appreciate that the online system 111 may also contain different and other
modules that are not described herein. In addition, conventional clements, such as firewalls,
authentication sysierns, payment processing systems, network management tools, load
balancers, and so forth are not shown as they are not divectly material to the subject matter

described herein.

{8627} The online system [11 may be implemented using a single computing device, or
a network of computing devices, inchuding cloud-based computer implementations. The
computing devices are preferably server class computers inchuding one or more high-
performance computer processors and random access memory, and running an operating
system soach as LINUX or variants thereof. The operations of the online system 111 as
described berein can be conirolied through cither hardware or through computer programs
mstalled in non-transitory computer readable storage devices such as solid state drives or
magnetic storage devices and exceuted by the processors to perform the functions described
herein. The database 250 is implemented using non-transtiory computer readable storage
devices, and suitable databasc management systems for data access and retrieval. The online
system 111 includes other hardware elements necessary for the operations described herein,
ncluding network interfaces and protocels, input devices for data entry, and output devices
for display, printing, or other presentations of data. Additionally, the operations listed here
arc necessarily performed at such a frequency and over such a large set of data that they must
be performed by a computer in order to be performed in a commercially useful amount of
fime, and thus cannet be performed in any vsefuf embodiment by mental steps in the human

mind.

18428] The database 250 mchudes a client data store 251, a manager data store 252, a
listing data store 253, a query data store 254, a transaction data store 255, and a training data
store 256. Those of skill in the art will appreciate that these data stores are not components of
a generic database, and that database 250 may contain other data stores that are not explicitly
mentioned here. The database may be tmplemented using any suitable databasc managemont
system such as MySQL, PostgreSQL, Microsoft SGQL Server, Oracle, SAP, IBM DB2, or the
like.

3829 The front end server 201 includes program code that client and manager
& =

computing devices 101 to commumicate with the online system 111, and is one means for
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doing so. The front end server 201 may include a web server hosting one or more websites
accessible via a hyperiext transfer protocol (HTTP), such that user agenis such as web
browser software applications that may be instalied on the computing devices 101 can send
commands and receive data from the online system. The front end server 201 may also make
available an application programming interface (APT) that allows software applications
nstalled on the computing devices 101 to make calls to the AP to send commands and
receive data from the online system. The front end server 201 further includes program code
to route commands and data to the other components of the online system 111 to carry oot the

processes described herein and respond to the computing devices 101 accordingly.

LA Clients and Managers
186381 The chient module 203 comprises program code that allows clients to manage
their interactions with the online system 111, and executes processing logic for client related
nformation that 1oay be requested by other compouents of the online system 111, and is one
means for doing so. Each chent is represented i the online system 111 by an individual
client object having a unigoe client ID and client profile both of which are stored n client
store 251, The client profile includes a number of client related atiribute ficlds that may
meluade a profile picture and/or other identifying information, a geographical location, and a
client calendar. The client module 203 provides code for clients 1o set up and modify their
client profile. The online system 111 allows cach client (o communicate with mudtiple
managers. The online systeme 111 allows a chent to exchange conununications, rogquests for

transactions, and transactions with managers.

18031} The client’s geographic location is cither 2 client’s current [ocation {c.g., based
on information provided by their computmg device 101), or their manually-entered home
address, neighborhood, ¢ity, state, or country of residence. The chent location that may be
used to filter search criteria for time-cxpiring inventory relevant to a particular client or

assign default language preferences.

18032} The manager module 205 comprises program code that provides a user interface
that allows managers to manage their interactions and Hstings with the online system 111 and
executes processing logic for manager related information that may be requested by other
components of the online system 111, and is one means for doing so. Each manager is

represented in the online systern 111 by an individual manager object having a unique

~
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manager 1D and manager profile, both of which are stored in manager store 252. The
managey profile is associated with one or more listings owned or managed by the manager,
and includes a number of manager attributes mehuding transaction requests and a set of listing
calendars for each of the listings managed by the manager. The manager moedule 205
provides code for managers to set up and modify their manager profile and listings. A aser of
the online system 111 can be both a manager and 2 client. In this case, the user will have a
profile entry in both the client store 251 and the manager store 252 and represented by both a
client object and manager object. The online system 111 allows a manager to exchange

communications, responses to requests for transactions, and transactions with nanagers.

[B833] Any personally identifying information included as part of a client or manager
profile, or that is fransmitted to carry out a transaction is encrypied for user privacy and
protection. For example, upon completion of a fransaction by which 2 manager grauts 2ccess
to an accommodation and the client pays for such access, the transaction information is

encrypted and stored as historical trapsaction information in datgbase 250

LB Listings
8634} The listing module 207 comprises program code for managers to st time
expiring inventory for booking by clients, and is one means for doing so. The listing module
207 is configured to receive a listing from a manager describing the inventory being offered,
a time frame of its availability inchuding one or more of a start date, end date, start time, and
an end time, a price, a geographic location, images and description that characterize the
nveniory, and any other relevant information. For example, for an accommuodation online
system, a listing includes a type of accommodation {(e.g. house, apartment, room, sleeping
space, other), a representation of its size (e.g., square footage, or number of rooms), the dates
that the accommodation is available, and a price (e.g., per night, week, month, ete.). The
listing module 207 allows the user to mchude additional information about the inventory, such

as videos, photographs and other media.

18435} Each listing is represented in the ondine system by a listing object which
mchudes the listing’s information as provided by the manager and a unique listing 1D, both of

which are stored in the listing store 253, Hach listing object is also associated with the

manager object for the manager providing the listing.
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18838} Regarding geographic location of a Histing specifically, the location associated
with a listing identifies the complete address, neighborhood, city, and/or couniry of the
offered listing. The listing module 207 is also capable of converting one type of location
mformation {¢.g., mailing address) into another type of location mformation {¢.g., country,

state, city, and neighborhood) asing externally available geographical map information.

{86371 Regarding the price of a listing specifically, the price is the amount of money a
client needs to pay in order to complete a transaction for the inventory. The price may be
spocified as an amount of money per day, per week, per day, per month, and/or per season, or
other interval of time specified by the manager. Additionally, price may include additional
charges such as, for accommodation mventory, cleaning fees, pet foes, service foes, and

taxes.

{8038} Each listing object has an associated listing calendar. The listing calendar stores
the availability of the listing for cach time interval in a time period (cach of which may be
thought of as an independent item of fime-expiring inventory), as specified by the manager or
determined automatically (e.g., through a calendar import process). That is, 3 manager
accesses the listing calendar for a listing, and manuvally indicates which fime intervals that the
listing is available for transaction by a client , which time futervals are blocked as not
available by the manager, and which time intervals are already transaction for by a chient. In
addition, the histing calendar continues to store historical imformation as to the availability of
the listing by identifying which past time intervals were booked by clicuts, blocked, or
available. Further, the Hsting calendar may inchide calendar rules, e.g., the minimum and
maximum number of nights allowed for the inventory. Information from each listing calendar

is stored in the fisting table 253.

$1.C Search, Reguests and Transactions
{88391 The search module 209 comprises program code configured to receive an mput
search query from a clicnt and returp a set of time-expiring nventory and/or listings that
match the fnput query, and is one means for porforming this function. Search querics are
saved as query objects stored by the onling system 113 in a query store 254, A guery may
contains a search location, a desired start time/date, a desired duration, a desired histing type,
and a desired price range, and may also include other desired atiributes of a listing. A
potential client need not provide all the parameters of the query listed above in order to

9
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receive results from search module 209, The search module 209 provides a set of time-
expiring inventory and/or listings in response to the submitted query that fulfill the
parameters of the submitted query. The online system 111 may also allow clients to browse
listmgs without submitting a seavch query in which case the viewing data recorded will only
mdicate that a client has viewed the particular Hsting without any further details from a
submitied search query. Upon a client providing an input selecting a time-expiring inventory /
listing to more carcfully review for a possible fransaction, the search module 209 records the
selection/viewing data indicating which tnventory/histings the client viewed. This information

is also siored in the query data siore 254.

{8046} The transaction module 211 comprises program code configured to enable
clicnts to submit contractual transaction requesis {also referred to as formal requesis) to
transact for time-expiring foventory, and is one means for performing this function. In
operation, the transaction module 211 receives a transaction request from a client to transact
for an item of time-expiring inventory, such as a particolar date range for a listing offered by
a particular manager. A transaction request may be a standardized request form that is sent by
the chient, which may be modified by responses 1o the request by the manager, either
accepting or denying a received request form, such that the agrecable terms are reached
between the manager and the client. Modifications to a received request may include, for
exaniple, changing the date, price, or time/date range (and thus, cffectively, which time-
expiring inventory is being transacted for), The standardized forms may require the client to
record the start time/date, duration {or end time), or any other details that must be included

for an acceptance to be binding without further communication.

{3841} The transaction module 211 receives the filled out form from the client and
presents the completed request form including the booking parameters to the manager
associated with the listing. The manager may accept the request, reject the request, or provide
a proposed alternative that modifies one or more of the parameters. If the manager accepts the
request {or if the client accepts the proposed alternative), then the rangaction module 211
updates an acceptance status associated with the request and the time-expiring fnventory to
mdicate that the request was accepted. The client calendar and the bsting calendar are also
updated to reflect that the time-expiring mventory has been transacted for a particular time
wmterval, Other modules not specifically described berein ther allow the clicut to complete
payment, and for the manager 1o receive the payment.

19
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{8042} The transaction store 254 stores requests made by clients, and is one means for
performing this function. Each request is reprosented by request object. The request may
nchude a timestamp, a requested start time, and a reguested duration or a reservation end
time. Because the acceptance of a booking by a manager 1s a contractually binding agreement
with the client that the manager will provide the time expiring imventory to the client at the
specified times, all of the information that the manager needs to approve such an agreement
are tncluded in 2 request. A manager response 10 a request is comprised of a value indicating

acceptance or denial and a timestamp.

[8043] The transaction module 211 may also provide managers and clents with the
ability to exchange informal requests to transact. Informal requests are not sufficient to be
binding upon the client or manager if accepied, and in terms of content may vary from mere
conununications and general inguiries regarding the availability of inventory, to requests that
fall just short of whatever specific requirements the online system 111 sets forth for a formal
ransaction request. The transaction module 211 may also store informal requests in the
transaction store 254, as both fnformal and formal requests provide useful information about

the demand for time-expiring inventory.

18844} The demand module 213 is described immediately below with respect to FIG. 3.

. Demand Prediction

IIL A Overview

8045} FIG. 3A is a flow diagram illustrating the components and operation of the
demand module in accordance with one embodiment. In order to predict demand for a time-
expiring inventory in the online system 111, demand module 213 uses a sequence of models
and fimetions ncluding multiple feature models 3085, a demand function 300, a hikelihood

model 318, and a pricing model 320.

8044} The demand module 213 trains the feature models 305 using a set of training
data retrieved from the training store 256. The feature models 305 are used as partofa
demand function 300 to determine a demand estimate for time-expiring inventory associated

with listings 1n the listing store 223. The demand estimate may n practice be a unit-less

11
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numerical valae, however the likelihood model 310 can use the demand estimate to determine
the likelihood that a given time-cxpiring inventory will receive a transaction request prior to
expiration. The pricing model 320 can make use of likelihoods generated by modei 310 10
predict the likelihood that time-expiring inventory will receive transaction requests at many
different test prices, and therefore provide information about how changes in price (or any
other feature from the feature models 305} are expected to shift the likelibood that the time

expiring inventory receives a transaction request before expiration.

18047| The demand module 213 operates on data regarding individual fime-expiving
mventory from associated listings, where listings are represented in the bisting store 223 by a
number of features. To predict demand, the demand module 213 analyzes many of such
nventory in aggregate, and the level of aggregation for demand analysis may vary by
implementation. For example. the demand prediction may be system-wide, such that all data
across all Estings on the online system 111 are analyzed. Alternatively, smaller groupings of
the data may be analyzed separately. For example, an online accommodation systen may
separately analyze the expected demand for all reservation listings in the Chicago
metropolitan area, all reservation listings n the state of Kentucky, or all listings within a
certain proximity to 8 national park. These localized estimates of demand are then used to

predict demand in those specific locales.

[6048] When discussing features, m represents the number of features that describe a
listing, individual features are represented as f7, /3, 15, ..., fu, and the set of all foatures for the
listmg are represented by a feature vector . The value of any given feature for a given listing
may be a mumerical value such as an integer, 2 floating point number, or a binary value, or it
may be categorical. Common features include the price of the Histing and the remaining time
uniil the inventory expires. For more information sbout the stracture of individual justances
of sample training data that are used to train the varions functions and models demand
madude 213, and also to use the demand module 213 to obtain useful information about thme-

cxpiring inventory, sec section HL.C below.

{8049} The price feature is the price at which the Hsting 1s offered by the manager. For
example, in the case of an ondine accommaodation system, the value of the price feature would

¢ the lsted price for a chent to book an accommmeodation on a particular day. The manager of
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a histing may change the price before the expiration time of the lsting; therefore, a hsting

may have had multiple prices before it expires.

18658] The time until expiration feature is defined as the number of time ntervals or
duration of time before the expiration of the time-expiring inventory. Depending upon the
implementation, this may be days hours, minutes, cte. Again using the example of an online
accommodation system, the “expiration” of an individual time-expiring inventory would be
the day the listing is sought to be booked. For example, a listing to reserve an accommodation

w

on December 20” would expire on December 207, therefore the value of the time until
expiration feature would be the number of days from the current date until December 20™ In
this case, the time interval used 1s a day because bookings in an online accommodation
system are typically made on a daily basis. However, in the case of an online restaurant
hooking system it might be preferable for the time interval to be an hour because restaurant

bookings occur at a higher frequency and over narrower windows of time.

{B051] A listing of a time-expiring inventory in online system 111 may have any
number of featores in addition to the price and time until expiration featiwes. These additional
features are dependent on the implementation of the online system 111 and arc descriptive of
the time-cxpiring inveniory or the listing. For example, in an online accommodation system a
listing might have features representing the average client rating for a histed accommodation,
the geographical location of the listed accommodation, the number of beds in the listed
accommodation, whether the listed acconymodation has a wireless router, or any other
relevant attributes of the listed accommodation. Additionally, features may include qualities
ot the hsting itself, for example, the mimber of views the listing has received, the fength of
the description of the accomumodation in the listing, whether a request to book the listing will
be reviewed by the manager of the histing before being accepted, or any other qualities of the

onfine listing,

U Features may also include features that are relevant to the Hsting but are not
directly related to the individual listing. These features may, for example, provide
information aboui the state of the market for the listings related to a given item of inventory
while that inventory was active (1.¢., not yet expired or near in fime to when it was expired).
Examples of such features are the number of scarches performed by clients on the online

system 111 in the market for other inventory in the same market as the mventory. For

13
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example, i the case of an online acconumodation system, the feature may be the number of
searches for the day for accommedations in the San Francisco Noc Valicy neighborhood in
rclation to an item of inventory located in that neighborhood. Another possible feature might
be a binary feature indicating whether a noteworthy event (¢.g., the Super Bowl) is occurring

1 sufficient proximity in time and geographic location to the inventory.

{8653} Additionally, a feature may describe an interaction between multiple other
features or be derivative of other features. For example, the average price may be calculated
for a listing between the time it was booked snd the time it was listed. Aliernatively, & feature

might include a correlation value between the value of two other featares.

16054) The demand function 300 may be any function or statistical model that uses the
feature values of listings to produce a demand estimate. In one tmplementation the demand
function is a gencralized additive mode] that is created by fitting the feature models for the
features together to determine the contribution of that feature to the demand cstimate. A
demand function 300 using a generalized additive model is of the forou DGA=w, (1) + wo(o) +
A welf). Where D(f) is the demand function 300 and is also the output demand estimate,
and wy, wy, ..., Wy, are the weight functions of cach of the feature models 305 that determine
the contribution of cach feature value f7, /5, ..., /i respectively 1o D{f). The fitting of the
generalized additive model may be completed using a number of fitting algorithms including
stochastic gradient descent, kd-trees, Bayes, or a backfitting algorithm. These algorithms arc
used to iteratively fit the feature models 305 in order o reduce some loss function of the
partial residuals between the feature models 305 and the labels on the raining data of prior

time-expiring inventory.

18055) A feature model 305 may be any non-parametric statistical model relating a
feature value to a weight indicative of the effect of the feature on the likelihood of the time-
cxpiring inventory receiving a transaction requesi before expiration, which is related to the
demand estimate D). Depending on the characteristics of each feature, a different statistical
model may be fitted to cach feature based on training data regavding possible values for that
feature. For example, B-spiines, cubic splines, linear fits, bivariate plane fifs, plecewise
constant functions, ctc. may all be used. To define the features themselves, both supervised
and unsupervised machine learning techniques may be used to determine the features at the

outset prior to training of the generalized additive model. In the case of supervised learning

14
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techniques, the training may be based on some other signal other than the label of the training

data, as that is instead used to irain the generalized additive model.

IR A positive label is assigoed to a prior time-expiring inventory (herein referred (o
as a training time-cxpiring inventory) that received & transaction request from a chient before
expiration, and a negative Iabel 15 assigned to a training time-expiving mventory that expired
without recetving a transaction request. Further discassion of training data stroctore and
raining of feature models 303 is provided in sections HH.C and LD, respectively, and with

reference to FIGS. 4A-78.

8057} Returning to the demand estimate D{f}, the domand estimate is a unit-less
measure that is not actionable without verification using the tratning data. For exampie, a
value for D{fy} for a particular feature vector £y might be 0.735. This information alone is not
helpful without determining which values of the demand function 300 correspond with a
likelibeod of receiving a transaction request for a time-cxpiring inventory from a chient
before its expiration. The likelihood model 310 is a statistical model that solves this problem
by mapping demand estimates, D{#), to the likelithood of receiving a transaction reqoest,
P, given a listing with feature vector §7 The likelihood modei 310 is trained by using the
same positive and negative training labels for each feature vector fused to estimate a demand
D{fy. Further discussion of the likelihood model 310 1s described in section HLE with

reference to FIG. 8.

[B058] The pricing model 320 models the likelihood of receiving a transaction request
for g listing at a variety of test prices arcound the listing’s current price {or any other
arbitrarily chosen price on request). The demand module 213 uses an iterative process to
generate the pricing model] 320 that genevates test data surrounding an ininal data point
representing the likelihood of receiving a transaction request at the listing’s current price.
This process is outlined in section 1. B below and is further described in section 1L F with

refervence to FIG. 9.

HLB Examplc Process Flow

[B059] FIG. 3A also illustrates the process flow for training the demand function 300

and likelihood model 310 for a time expiring inventory accerding to the arrows between each

of the models, functions and data stores in the figure. The demand module 213 trains 330 the
i3
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feature models 305 using the training data from training store 256. The demand module 213
then evaluates the demand function 300 for each feature vector of each sample in the training
data and trains 340 the likelihood model 310 based on the label for each feature vector in

each sample.

18066] FIG. 3B illustrates the process of pricing a listing after the demand module 213
has trained the demand function 300 and the hkelihood model 310, Upon receiving
imstructions from the online system 111 to predict the demand for a subject listing, the
demand module 213 retrieves 350 the feature vector corresponding to the subject listing, £,
from the hsting table 223 and uses it as an input to the demand function 300, The demand
module 213 then sends 360 the resubting demand estimate, D{f,), to the likelihood model 310
for conversion to a likelihood of receiving a transaction request priot to expiration. The
demand module 213 may then fransfor 370 the rosulting likelihood, P{I{f}), to the pricing
model 320 for use in modeling how changes in the pricing of a bisting may aker demand for

the fisting.

8061} To generate the pricing model 320, the demand module 213 then modifies 380
the valoe of the price feature in the feature vector f by incrementing the price feature by a
price interval o both the positive and negative directions creating test prices, thereby creating
modified feature vectors £ and £, which contain price feature value equal to each of the
test prices. In the modified feature vectors, all other features valucs other than price are keft
vnmedified. The likelihoods of receiving a transaction request for each of the new feature
vectors, PIB{A™Y) and P(D(E)), are then caleulated by the demand function 300 and the
likelihood model 310 and grouped with the original Hlelihood for the histing P{D{£)). The
demand module 213 then continues incrementing the price feature by the price interval to
create additional test prices for feature vectors £, and £, and the process is repeated until

enough data points are created.

[8062] Upon reaching a threshold number of pricing points, the demand module 213
processes the test prices and corresponding Hikelihoods of receiving a transaction request to
identify a price that moets a goal of the manager or requester of the information. In one
embodiment, this is accomplished by fitting the test price and likelthoods with a

monotonically decreasing likelihood function, which takes an input price and generates an
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output Hkelihood. The fit function may be used to identify a new tip for how to price a listing

and/or achieve a certain hikelihood of booking.

8063} More generaily, the ability of the demand module 213 to generate a likelihood
estimate based on demand provides information to the manager of the time-expiring
mventory that the manager may take into account when selecting a price for the time-cxpiring

mventory.

HI1.C Training Data Labels

[8064] FIGS. 4A-4D illustrate the labeling logic for training data used by the demand
module in accordance with one embodiment. In FIG, 4A a listing calendar is displayed
having a time interval of one day. This means that a listing is only offered for booking by a
client on a daily basis (though a clent may request booking of a listing on multiple adjacent
days). FiQG. 4A illustrates how training data is sampled from historical booking data, which
may be retrieved from the transaction store 255 and separately transferred to store 256 for use
as training data. The timeline llustrated 1n FIG. 4A represents data taken from a single
listing. The listing has an expiration time {or expiration date) 400 of October 24" an iitial
listing time (or initial listing date) 410 of October 2™, and a request received and accepted

time (or date) of October 15

18065} The expiration time 400 of a listing is the tine at which the time-expiring
mventory 1s no longer available or presented to the client by the online system 111, In onhine
oservation sysiems, the expiration time 400 is typically the time at which the reservation

would begin,

8066} The initial listing time 410 is the time at which the listing is first made available
to chients and/or the first day that the listing was provided to the online system 111 by the

manager.

{6867} The request received and accepted time 420 1s the time at which a transaction
request from a client has been both received and (formally) aceepted by the manager,

generally making the transaction contractually binding on both parties.
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{6068} In the example of FIG. 4A, scparate samples of training data are recorded 430 in
the training store 256 for cach day between the initial listing date 410 and the request
received and accepted date 420. Each sample 15 comprised of a feature vector f for the listing
on the day it was recorded. Labels for the samples are not applied until the final outcome of
the hsting is known. In the example of FIG. 4A, the samples for each of Oct. Znd through
Oct. 15th are given positive labels corresponding fo an accepted request bocause the eventual
outcome of the listing was a request and a subsequent acceptance of that request onthe

request received and accepted date 420,

{8869} In some embodiments, no samples are collected for the days between 420 and
the expiration date 400 as the listing has already been accepted and is no longer being
prescnted to clients on the online system 111, This may occur, for example, if the time-
expiring inventory is unique. When a tiroe expiring inventory is not undque (e.g., multiple
approximately identical scats on a flight) the system may allow the listing to persist, and thos
more data may be collected, during the time votil the time expiring inventory is exhausted or
expives. In some cmbodiments, the system defines multiple histings that share the same price
and treats each non-unique listing as a unique Hsting which has a nomber of identical
features. Bookings of a member of the group of listings are applied to one of the histings in

the group and the rest of the listings are allowed to persist.

{8074} Recording a sample of training data for each time interval whilc the listing is
avatlable vastly fncreases the number of data poinds available to the demand module 213 for
analysis when compared to collecting only one data point for each accepted transaction

request in aggregate over the total period of availability,

18071} FIG. 4B illustrates a second example outcome for labeling samples of training
data from a historical booking data. In the case illustrated in FIG. 4B the expiration date 400
and the initial Hsting date arc the same as in FIG. 4A. However, in FIG. 4B no transaction
requests were received for the histing even though the listing was available from the initial
listing date 410 to the expiration date 400. As a result, all samples 440 obtained for the days
that the listing was available are labelled with 2 negative training label indicating that 2
transaction request for the listing was not received before the time-cxpiring mventory

expired.
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{8672} Obtaining samples of training data for listings that have both received
ransaction request and also which have not received trapsaction requests and labeling them
differently further increases the amount of data available o the demand module 213 when
compared to models that only take into account those histings that received transaction

requests.

{8673} FIG. 4C illustrates a third more complicated example outcome for obtaining and
labeling samples of training data from historical booking data. In FiQG. 4C, the expiration daic
400 and the initial Hsting date 410 arc the same as n the two previous examples. However, in
FIG. 4C the manager of the listing receives a transaction request on October 157 but
subsequently denies the request 450, This leaves the listing available to receive further
transaction requests. No forther fransaction requests are received between the request denial

date 450 and the cxpiration date.

18074 1n this situation, positive labels are applicd 430 to samples for dates before the
transaction request for the listing was received and subsequently rejected 450 as the request
could have resulted in a successful transaction if the manager had accepted. Because the
listing received no further fransaction requests after the request denial date 4350, samples for
dates after the first request is labeled with a negative label 440, as the lack of transaction
requests received during that period of time is independent of transaction requests received
carhier in time, thus the featores of the listing during that time period were unable to generate
the demand sufficient to attract a transaction request. In some embodiments, the request
denial date 450 may be the date that the denied transaction request was received. In other
embodiments, the request denial date 450 1s the date that the transaction request was denied.
Alternatively (not shown) it a second fransaction request is received after the {irst request was

denied 450 the remaining samples would instead be labeled with a positive label.

[8075] FIG. 4D ilustrates a fourth example ouicome for obtaining and labeling samples
of training data from historical booking data. In FIG. 4D, the expiration date 400 and the
mitial listing date 410 are again the same as in previous examples. As in FIG. 4A, a
transaction request is received and accepted 420 on October 157, however in FIG. 4D the
clicut that requested the listing cancels the transaction request allowing the Hsting to again be
accessible o other clients on the ouline systems 111, Afier being cancelled, the Hsting receives

no further transaction requests. In a similar situation to FIG. 4C, the samples for dates from
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the initial listing date 410 to the transaction request acceptance date 420 are labelled 430 with
a positive label and, after the fisting is made available to clients on the cancellation date 460,
the training data is labelied 440 with a negative label. In this case, the day in between the
cancellation date 460 and the fransaction request acceptance date 420 no samples are
generated since the lsting is not available to chients during that ime. Again (not shown), if
the histing had received a transaction request after cancellation date 460 the samples afier the

cancellation date would jnstead receive a positive fabel.

8876} As above, Individual training data samples are obtained on each date indicated
by time periods 430 and 440, however samples 470A-470D are specifically labelled for use

1 the following discussion with reference to FIG. 5.

{86771 FIG. 5 illustraies example tables for storing the training data used by the
demand moduie 213 in accordance with one embodiment. FIG. 5 displays two example tables
for stored saropies of training data table 500 and table 510. Table 500 is a general example
mdicating the variety of features that may be included in a feature vector, while table 510 is a

specific example of samples 470 from a single listing that may be ased in an accommodation

system.
{8078} In table SO0, cach row represents a single sample of training data recorded for a

particular day from historical booking data. Each row contains the feature value of cach
feature in the feature vector {f; through /) and a training label that corresponds to the final
sutcome of the Hsting from which the training sample was recorded {as described with
reference fo FIG. 4A-4D). In this crobodiment, a raining label of 1 is used to represent that a
transaction request was received for the listing and a training label of -1 is used 1o represent a
situation i which no transaction request was received before the time-expiving inventory

expired.

{88791 The columns of table 500 illustrate a mumber of example feature types: features
1 and 2 arc quantitative, feature 3 is categorical, and feature m is binary. Table SO0 contains
m + 1 columns {some of which are edited out for HHustrative purposes) correspond to m
features and the training label for each feature vector. Table 500 contains N rows

corresponding to the total number of training data samples N,
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{60346} Table 510 tllustrates a selection of data sample from an example lsting timeline
iflustrated in FiG. 4D. Though samples would be recorded for cach day from the initial listing
datc 410 until the request acceptance data and again from the cancellation date 460 to the
expiration date 400, only samples 470A-470D are shown in the table for discussion purposes

and ease of illustration.

{6881} In table S10, the cohnmus are labeled with example features for an online
accommeodation system listing including price, days until expiration, city of the listed
accommodation, and whether the listed accommodation includes a wireless router {WiFi),
Because samples 470A-470D are all from the same listing the city feature and the Wik
feature remain the same over all samples, while the days until expiration feature and the price

featore change over the sampling period.

{8682} Sample 470A was recorded before the transaction request was received and
accepted 420 thus 2 training labe! of 1 1s applicd. Sample 470A was recorded on October 47,
20 days before the expiration date 400, thus the days until expiration feature has a value of
20, In this example, the price of the listing on October 4™ was $120, thus the price feature has
a value of 120. In sample 4708, the manager has reduced the price to $100 and a week has
passed stuce sample 470A was recorded. Therefore, the values for the days uniil expiration
feature and the price feature have changed to reflect the changes in the histing features. The
price of $100 romains constant in the days between the sample 4708 and sample 470C.
Sample 470C was recorded on the request received and accepted date 420, indicating that the
price at which the request was received was $100. Note that this price differs from the

original price of $120 for sample 470A.

6683} This difference in prices (and potentially other features) introduces a causality
issue because i 18 anknown whether lowering the price was the causal factor in inducing a
client to submit a fransaction request for the histing. For example, f a transaction requesit
wotild not been received at a price of 3120 but was later received when the price was lowered
to $80, the training label of | for the training data sample for dates where the price was $120
would indicate a positive result for feature values {e.g., price $120) that may not have caused

the receipt of a transaction request if the price had remained at $120 uniil expiration,

[8084] The demand moduole 213 may handle these types of causalities differently
depending on the embodiment. In some embodiments, a sample is thrown out if it differs
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substantially (based on munber of differing features between samples, a maximum difference
threshold, or another metric) frony the sample recorded on the receipt date 420 of the
transaction request. In another embodiment, a sample s given less weight based on how
much it differs from the sample recorded on the request received date (for exarmple a label of
0.5 may be given}. In yot another embodiment, additional features such as a “days until
request” or a “price at which the client request was recetved” feature may be added to the
feature vector to reflect differences in sample contributions to the demand function 300, 1o
some cascs, these samples with differing featares are given full weight for the purpose of
simplifying the data labeling process or because they arc assumed (o have a minimal effect on
the demand prediction model. In another embodiment, the average, median, or other measure
of the distribution of prices between the initial histing date 410 and the request received date

420 15 a separate feature.

LD Feature Models

{8085] FIG. 6 iHustrates a feature model w{f} in accordance with one embodiment, FIG,
6 displays a feature raodel 305 relating the value of feature 1 to a weight in the demand
function 300. A statistical model 600 1s fit 10 the training data points 610, which are the
partial residuals between the demand model 300 output D(f) and the comresponding feature
value f for an individual sample. Fach iteration of the training process changes the residuals
and the statistical model 600 1s fitted to the data. The algorithmes, such as stochastic gradient
descent and the backfitting algorithm seck to minimize the partial residuals between the
statistical models 600 for all features in the demand model 300, Upon tterating through the
training data set the statistical models 600 converge to the feature models 305 that output a
weight for cach given feature value. Many statistical methods may be used to fit the data
mchiding B-Splines, cubic splines, any type of regression, Drrac delta functions (for
categorical and binary data), or any combinations of these methods. Administraiors of the
online system 111 may configure the featore models 305 in order to best represent the data.
After fitting, feature models 305 will have weight vahies between -1 and 1 for fudl range of
featore values. In some embodiments, the feature values are normalized to restrict the range
to hetween O and 1. If the feature is categorical or binary the statistical model 600 may sinply
be a mapping from the feature category 10 a weight value, or based on a transformation of the

categorical data into a scale designed for use in determining the weight.

N2
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{6038} FIGS. 7TA-7B illustrate example feature models 305 in accordance with one
cmbodiment. FIG. 7A illustrates an example of what a feature model 305 for a price feature
might be with a typical set of training data. In this case, the statistical model 700 is typical of
a sphine fit for price data. Based on the statistical model, the price has a negative effect on
demand for very cheap listings (possibly because clients are concerned about being
scammed), at cheap but reasonable price levels the price has a positive effect on the demand
for a listing. As the price increases, the effect on demand becomes increasingly negative until
a certain point where clients at that price level have more elastic spending habits and the price

feature has a less negative effect on the demand.

{88871 FIG. 7B illustrates what a typical feature model 305 for a “days before
expiration” feature with a typical set of training data. The statistical model 710 used in this
case indicates that the carlier a Hsting 15 posted before its expiration date the more likely
demand will be high for that listing. Either of these example feature models 305 may vary
from: typical results and are used berein only as examples to illostrate the functionality of a

feature model 305 in the context of the online system 111,

TELE Likelihood Model

{8888} FIG. 8 ilusirates a likelihood mode! 310 used by the demand module 213 in
accordance with one embodiment. Onee the demand module 213 has trained the feature
models 303, the demand module 213 may use a set of feature voctors f for a number of
saraples of training data, and output an cstimated demand D(f} for each of the sarmaples using
the demand function 300. To train the hkelihood model 310, the demand module 213 fits a
hikelihood function 800 to the labeled values for the estimated demands D(f). The hikelihood
fonction 800 is a function that solves the binary classification problem of defermining the
likelihood that a feature vector £has a positive label given D{f), otherwise stated as the
likelihood a given sample reccived a transaction request before expiration of the thme-
expiring inventory. In FIG. 8, negative labels are represented with a white cirele 810 while
positive abels are represented by a biack circle 820, The likelihood function 800
approximates the likelihood of a dot being black based on the estimated demands for the

samples.
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16689} In some embodiments, a Platt scaling algorithm 1s used as the likelihood
fonction 800, The Platt scaling algorithm applied to the demand function would be of the

forou
PO = (1+ exp(aD(F) + By

Where « and J§ are lcarned constanis. A loss function, such as a Hinge-loss function or
another strilar technique, 1s used to train the Platt scaling algorithm using the maximum

likelihood method so that it best solves this binary classification problem.

18696} Once the demand module 213 has trained the likelihood function 800, the
Likelihood module 310 can receive as input an estimated demand D), and output a
likelihood that 3 time-expiring inventory will receive a transaction request betore expiration

PO

HLF Pricing Model

[8091] FIGK. 9A-9C jllustrate the process of ereating the pricing model 320 for a histing
in accordance with one embodiment. After both the demand model 300 (inchuding feature
models 303) and the likelihood model 310 (ncluding likelihood function 800) have been
trained using the samples of training data, the demand module 213 has the capability to

convert any feature vector fto a likelihood of receiving a ransaction reguest P{D{(H).

{8892} As introduced above, 1o provide the hkelihood of receiving a transaction request
within a range of test prices, the demand module 213 creates modified feature vectors with
price feature values equal to a set of test prices (including the current price of the listing) and
the values of the remaining features remaining unchanged. The demand module 213 then
determines test demand estimate and corresponding test likehhood of recciving a transaction

request for cach modified feature vector

[8893] The demand module 213 then processes the test prices and corresponding test
likelihoods of receiving a transaction request to identify a price that moets a goal of the
manager or requester of the information. In one embodiment, this 1s accomplished by fitting a
function to the test price and hikehihood data points to create a smooth monotonically

decreasing pricing model 320, This process is iustrated in FIGS. SA-9B.
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{8094} In FIG. 9A the valoe of the price featore and the hikelihood of receiving a
ransaction request for a time-expiring inventory is plotted. Daia point 900 represents the
current likelihood of the subject listing receiving a transaction request at its current price. The
demand module 213 then creates test data points 910 by incrementing the value of the price
feature by price intorval 920 positively and/or negatively. Price interval 920 may be an
amount or a proportion of the original vahue of the price feature for the subject listing. In

some embodiments, there are different positive and negative price infervals.

18095 The demand module 213 continues to increment the value of the price feature by
the price interval in either divection of the origmal price. This process continues until a
threshold range of test prices are covered or a threshold mumber of data points are generated,
depending on the embodiment. These test prices may, for cxample, be as high/low as
twice/half the current price or bigher/lower. Once enough test prices have been generated the
data points are fit with price function 930 as illostrated in FIG. 9C. Any function may be ased
to fit the gencrated price versus likelihood data. In one embodiment, the price fonction 930 is

a Wetbull distribution.

{8896} Upon fitting the price function 930 to the test prices and resulting generated
likelihoods, the demand module 213 may present the price function 930 to the manager to aid
m setting prices for the subject listing. Alternatively, the demand module 213 may provide
price tips to the manager. In one embodiment, price tips may be based on a threshold
likelihood (the maxtmum price that results in the threshold ikelithood of receiving a
transaction request). For example, if the threshold hikelihood was set at Hikelihood 940 the
resulting price tip would be price 950, In other embodiments, the price may be chosen to
maximize the value of the price times the likelihood. For example, if price 970 times
likelihood 960 is a maximum for the price function 930 then price 970 may be the price tip
for the user. In some embodiments, a revenue fimction is learned to determine a relationship
between price and the likelihood of receiving a transaction request that resalts in better price
tips. For example, the revenue function may be R(p, P(D{f)) =pn" P(D(f;))b {wherg p; is
the hypothetical price of the subject histing) for the price function 930 based on learned
constants ¢ and & In this case, the training data for this revenue function would be previous
price predictions and the corresponding likelihood values for those price predictions for

various listings. In addition, other metrics 1uay be used to provide as price tips to the user.

ND
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IV. Additional Considerations

{8897} Some portions of this description describe the embodiments of the nvention in
terms of algorithms and symbolic representations of operations on information. These
algorithiic descriptions and representations are commonly used by those skilled 1n the data
processing arts to convey the substance of their work effectively to others skilled m the art.
These operations, while deseribed functionally, computationally, or logically, are understood
io be implemented by computer programs or equivalent electrical circuits, microcode, or the
like. Furthermore, it has also proven convenient at times, to refer to these arrangements of
operations as modules, without loss of generality. The deseribed operations and their
associated modides may be embeodied in software, firmware, hardware, or any combinations
thereof. In one embodiment, a software module is implemented with g computer program
product comprising a persistent computer-readable medium containing computer program
code, which can be executed by a computer processor for performing any or all of the steps,

operations, or processes described.

[B098] Finally, the language vsed in the specification bas been principally selected for
readability and instructional purposcs, and it may not have been selected to delineate or
circumscribe the inventive subject matter. 1t is thevefore intended that the scope of the
mvention be limited not by this detailed deseription, but rather by any claims that issue on an
application based hereon. Accordingly, the disclosure of the embodiments of the invention is
intended to be llustrative, but not imiting, of the scope of the invention, an example of

which is set forth in the following claims.
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What is claimed is:

1. A computer-executed method comprising:

ecciving, at an online computing system, a feature vector for a subject listing, the subject
listing comprising a time-expiring inventory available to be booked by one of a
plurality of clients of the online computing system, the feature vector comprising
phirality of features of the listing inchiding a price feature indicating a current price of
the time-cxpiring nventory;

wnputting the feature vector into the demand function to generate a demand estimate that
is a numerical representation of a lkehhood that the ime-expiring inventory will
receive a transaction request from one of the clients before the time-expiring
inveniory cxpives; and

storing the demand estiroate.

2. The computer-cxecuted method of clain 1:
wherein the demand function comprises a plurality of feature models, each featore in the

feature vector associated with one of the feature models.

3. The computer-executed methed of claim 2:
wherein the demand function comprises a generalized additive model that includes the

feature models.

4. The computer-exceuted method of claim 1t
wherein the demand function was trained ou training data where cach saraple from the
raining data compriscs a binary label and a training feature vector of a training time-
expiring inventory, the binary label representing whether a training time-expiring
mventory received a transaction request before the expiration of the fraining time-
expiring inventory, the training feature vector a plurality of features of the training

listing associated with the traiping time-expiring inventory.

The computer-executed methed of claim 4:

jo

wherein training data compriscs a phurality of training time-expiring inventory, and
wherein at icast one of the training time-cxpiring inventory is associated with a
plurality of samples, cach of the samples associated with a different time period prioy

B

to the expiration of the time-expiring inventory.
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6. The computer-executed method of claim S:
wherein one of the training time-cxpiring inveniory receives no transaction requests prior
to the expiration of the time-expiring fnventory; and
wherein cach of the samples associated with the one training time-expiring inventory

have a negative label.

~J

The computer-executed method of claim §:

wherein one of the training time-cxpiring inventory receives a transaction request prior to
the expiration of the time-expiring inventory; and

wherein cach of the samples associated with the one training time-expiring inventory

ocowrring carlier in time than the transaction request have a positive label.

8. The computer-executed method of claim S:
wherein one of the training time-cxpiring inventory receives a transaction request at a
first time prior to the expiration of the time-expiring inventory, and whercin cither:
a manager of the ime-cxpiring mventory declines the transaction request at a
second time afler the time; or
the manager accepts but the client cancels the trapnsaction at the sccond time; and
wherein each of the samples associated with the one fraining time-expiring inventory

occurring earbier in time than the first time have a positive label.

9. The computer-executed method of claim 5:
wherein each of the samples associated with the one training time-expiring inventory
occurring on or later in time than the second time have a negative iabel unless another

transaction request is received betore the expiration of the time-expiring inventory.

10. The computer-cxecuted method of claim 2:
wherein the feature vector further comprises a time period until expiration feature

indicating a duration until the ime-expiring inventory expires.

11 The computer-executed methed of claim 1
wherein listing can be booked over a phirality of time periods, each time period
representing a scparate item of time-expiring inventory capable of being soparately

booked.

12. The computer-executed method of claim 1 further conprising:
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generating a set of test prices that are greater or less than the price of the time-expiring
mventory

nputting into the demand function, for each of the test prices in the set, a2 modified
version of the featare vector that replaces the current price with the test price in order
to generate a test demand estimate; and

generating a sot of demand estimates comprised of the test demand estimates generated

based on the test prices and the demand cstimate generated based on the current price.

The computer-cxecuted methed of claim 2 further comprising:

P
(oS

mputting the set of demand estimates into a likelihood model to generate a set of request
likelihoods, cach request ikehhood representing a likelihood that the ime-expiring
inventory associated with one of the demand estimates will receive a transaction

request at cach of the test prices.

4. The computer-cxecuted method of clain 13 further comprising:
determining a price tip for the time-expiring imventory or the listing based on the set of

request likelihoods.

15. The computer-executed method of elaim 14 wherein determining the price tip
cCOMmprises:
fitting a function based on a set of data points, cach data point in the sct comprising one
of the request likelihoods from the set and the test price used to generate the demand
estimate that was used to generate the vequest likehihood; the function representing a

range of prices for the time-expiring imventory at different request likelihoods.

i6. The computer-executed method of claim 15 wherein determining the price tip further
comprises selecting a new price that maximizes a product of price for the time-expiring

mventory multiplied by request hikelihood based on the function.

17. The computer-executed roethod of claim 15 wherein determining the price tip further
COMPrises:
maximizing a revenue function of the form R{p PO = p7 « PO wherein p, is
the hypothetical price of the subject listing, £ is the feature vector of the subject

fisting with a price equal o p,, and @ and 5 are learned constanis.
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