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AUTOMATIC COMPUTER PRICE TRACKING, VALUATION, AND NEGOTIATION
OPTIMIZATION

BACKGROUND
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62/905,755, filed September 25, 2019, 62/907,305, filed September 27, 2019 and U.S. Patent
Application No. 16/728,241, filed December 27, 2019 the contents of which are hereby

incorporated by reference in their entireties.

1. Technical Field

[0001] The present disclosure relates to price tracking, valuation, and negotiation optimization.

2. Introduction

[0002] The price of a hospitality product, such as a hotel room or meeting space, may be very
subjective and may vary based on variables that are not directly related to the product, supply, or
demand. For example, an offer price or an accepted price may be based on unpredictable or
inconsistent properties which may undermine the costumer’s confidence in proposed or accepted
rates. This may cause consumers to be unsure if they are getting a fair price on the space. Thus it
may be advantageous to use automated machine learning software to monitor the proposed rate
and the final negotiated rate of various spaces based on objective information. Proposed,
therefore, is a tool that associates historical pricing points to data points about the negotiation or
the property. For example, the desirability of the location, the time of year, the facilities available
in the space, the size of the space, the services included, the cancellation policy, information
about parties to the negotiation (i.e. their location, net worth, or size), how long the parties have
been negotiating, the time of the negotiation, the size of the account, the number of customers
that accepted bid in the last period year, or the proximity of the customer’s offices to the
property. A buyer facing tool may offer users the ability to predict pricing to aid potential buyers

in their negotiations.
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SUMMARY

[0003] Additional features and advantages of the disclosure will be set forth in the description
which follows, and in part will be obvious from the description, or can be learned by practice of
the herein disclosed principles. The features and advantages of the disclosure can be realized
and obtained by means of the instruments and combinations particularly pointed out in the
appended claims. These and other features of the disclosure will become more fully apparent
from the following description and appended claims, or can be learned by the practice of the
principles set forth herein.

[0004] Disclosed are systems, methods, and non-transitory computer-readable storage media a
technical solution to the technical problem described. A system, comprising: a data collector
configured to collect a historical proposed rate, a historical accepted rate, a historical product
characteristic, and a historical customer characteristic; a data cleaner configured to: receive the
historical proposed rate, the historical accepted rate, the historical product characteristic, and the
historical customer characteristic from the data collector; convert the historical proposed rate and
the historical accepted rate to a current currency value; remove outliers from a converted
historical proposed rate and a converted historical accepted rate; assign the converted historical
proposed rate and the converted historical accepted rate to a clean numeric variable; assign a
historical product characteristic and a historical customer characteristic to characteristic
variables; generate calculated variables; generate a numerical rate for characteristic variables
based on new calculated variables; characteristic variables, and numerical variables; divide the
numerical rate into a first data group, a second data group, and a third data group; perform a
training on the first data group; perform a validation on the second data group; and perform a
testing on the third data group; model builder configured to build a prediction model based on
the training, validation, and testing; rate predictor configured to: receive the prediction model;
receive inputs from a user about a channel characteristic, a property characteristic, and a season,
input the channel characteristic, the property characteristic, and the season into the prediction
model; generate a prediction from the prediction model; and output the prediction to the user.
[0005] A method comprising: collecting a historical proposed rate, a historical accepted rate, a
historical product characteristic, and a historical customer characteristic; converting the historical

proposed rate and the historical accepted rate to a cur-rent currency value; removing outliers
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from a converted historical proposed rate and a converted historical accepted rate; assigning the
converted historical proposed rate and the converted historical accepted rate to a clean numeric
variable; assigning a historical product characteristic and a historical customer characteristic to
characteristic variables; generating calculated variables; generating a numerical rate for
characteristic variables based on new calculated variables; characteristic variables, and numerical
variables; dividing the numerical rate into a first data group, a second data group, and a third data
group; performing a training on the first data group; performing a validation on the second data
group; performing a testing on the third data group; building a prediction model based on the
training, validation, and testing; receiving the prediction model; receiving inputs from a user
about a channel characteristic, a property characteristic, and a season; inputting the channel
characteristic, the property characteristic, and the season into the prediction model; generating a
prediction from the prediction model; and outputting the prediction to the user.

[0006] A computer-readable storage medium configured as disclosed here may store instructions
which, when executed by a computing device, causes the computing device to perform a method
comprising:: determining a property characteristic about a property; assigning the property
characteristic a numerical property value using a pricing model; determining a channel
characteristic about a channel; assigning the channel characteristic a numerical channel value
using the pricing model; determining a negotiation characteristic about a negotiation; assigning
the negotiation characteristic a numerical negotiation value using the pricing model; determining
a season characteristic about a season; assigning the season characteristic a numerical season
value using the pricing model; determining a term characteristic about a term; assigning the term
characteristic a numerical term value using the pricing model; receiving a paid price from a user
device; assigning the price paid to the property characteristic, the channel characteristic, the
negotiation characteristic, the season characteristic, and the term characteristic, removing outliers
from the property characteristic, the channel characteristic, the negotiation characteristic, the
season characteristic, and the term characteristic; dividing the property characteristic, the channel
characteristic, the negotiation characteristic, the season characteristic, and the term characteristic
into a first group, a second group, and a third group; performing training on the first group;
performing validation on the second group; performing testing on the third group; updating the

pricing model based on the training, validation and testing.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0007] Fig. 1 illustrates an example system embodiment;
[0008] Fig. 2 illustrates an example embodiment arrangement;
[0009] Fig. 3 is an example method,

[0010] Fig. 4 is an example method,

[0011] Fig. 5 is an example user interface; and

[0012] Fig. 6 is an example method.

DETAILED DESCRIPTION

[0013] Various embodiments of the disclosure are described in detail below. While specific
implementations are described, it should be understood that this is done for illustration purposes
only. Other components and configurations may be used without parting from the spirit and
scope of the disclosure.

[0014] The present disclosure is directed to methods, systems, and non-transitory computer-
readable media of providing a predicted rate based on information about the property, the
customer, and the amenities that a supplier has proposed. The rate may be based on many
factors that can be extracted or derived from the historical bid data, including, but not limited to:
location and market tier of the property, length of relationship with the channel (which may be
an account or customer), the included amenities, the cancellation policy, the size of the account’s
or channel’s event, the season of the booking, the proximity of the channel’s offices of the
account or channel to the property.

[0015] An embodiment of the system may build confidence in a corporate community that its
members will get a fair rate from the property, which may be a hotel or meeting space, with
which they are interacting. Increased customer confidence in their negotiating position may help
reduce rounds of negotiation between the customer and the property owner, manager, or
negotiating party by giving the customer information about what is typical price for similarly
situated customers for the property and desired amenities or services. The typical price may be
determined using machine learning model or an algorithm that provides negotiation assistance
for demand based on past negotiations with the similar properties (same rate type, room type,

tier, location, etc.) for this customer and other customers. Amenities that are considered may
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include breakfast, parking, fitness area, internet access, shuttle service, business center, etc. The
negotiation rates may further take into consideration information about the customer which may
impact the desirability of the customer to the property or the property to the customer. The
customer information may include whether the customer has an account with the property, the
proximity of the customer to the property, or the size of the customer.

[0016] The system may comprise a machine learning algorithm to provide pricing based on
many different factors including how long customers have been negotiating, the proximity of the
customer to the property, the size of the customer, or the net worth of the customer. Those data
points may be used to train the algorithm. The outcome of the negotiation may then be used to
further train the algorithm. Continuous learning by the algorithm can reduce the error rate of the
predictability over time.

[0017] In some embodiments, a user may input information about the prospective bid, such as
desired season, rate type, room types, and amenities. The user device may inform the user of the
price that should be offered, taking into consideration the amenities that should be offered with
the rate presented (the algorithm may determine price based on current amenities offered). This
can be in the form of a checkbox that is displayed alongside the rates or a graph. If the user
wants to see how the price will change when a different set of amenities are selected, the
negotiation assistant should update and reflect a new “suggested price” to the user.

[0018] Additionally, the program may present the customer an initial recommended rate range
which the customer can expect their negotiated rate to fall into. This initial rate range may be
established based on any default amenities that may be populated in a bid details from a property
profile or the cancellation policy derived from the bid rate plan that the supplier provided. The
recommended rate range may change if the corporation alters an amenity or a policy. In other
embodiments, an amenity may be added if no pre-population of the amenities occurred because
the supplier did not pre-populate its property profile with default amenities. A list of specific
fields may be provided that, if changed, may alter the recommended rate range.

[0019] There may be logic that dictates when a recommended rate range appears. For example, if
there are not enough data points in a particular market to drive a rate range with an acceptable
standard deviation (thus making the range of recommended rates too large). In some
embodiments, a property that does not have enough data points may be compared with other,

similar properties (as well as similar markets, room types, etc.) if the standard deviation is such
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that the recommended rate range would be too large to offer value in providing a range — for
example, if the recommended rate range is between $100 - $300, this would not be of value to
the customer. Thus inappropriate ranges may be prevented by providing a check of the size of
the range based on a comparison of the range size to the median price. Additionally, ‘outliers’
may be cleaned from the data to prevent bad data from effecting the algorithm.

[0020] There may also be logic that would allow interpretation of the result of the
recommendation. For example, the customer may get a notification if a property’s initial rate was
greater than the upper bound of the recommended rate range. The notification may indicate to the
customer that the data suggests they should expect a better rate than what is being offered given
amenities, policies offered, etc. in the bid rate. Conversely, if the properties initial rate fell below
the recommended rate range lower bound, the notification may indicate that the data suggests the
customer is getting a good offer given the expected rate range the system calculated.
Additionally, there may be logic that compares the price offered with the suggested value. If the
price offered is better, than the user may be prompted to choose the offered rate over the
suggested rate.

[0021] With reference to FIG. 1, an exemplary system includes a general-purpose computing
device 100, including a processing unit (CPU or processor) 120 and a system bus 110 that
couples various system components including the system memory 130 such as read-only
memory (ROM) 140 and random access memory (RAM) 150 to the processor 120. The
computing device 100 can include a cache of high-speed memory connected directly with, in
close proximity to, or integrated as part of the processor 120. The computing device 100 copies
data from the memory 130 and/or the storage device 160 to the cache for quick access by the
processor 120. In this way, the cache provides a performance boost that avoids processor 120
delays while waiting for data. These and other modules can control or be configured to control
the processor 120 to perform various actions. Other system memory 130 may be available for
use as well. The memory 130 can include multiple different types of memory with different
performance characteristics. It can be appreciated that the disclosure may operate on a
computing device 100 with more than one processor 120 or on a group or cluster of computing
devices networked together to provide greater processing capability. The processor 120 can
include any general purpose processor and a hardware module or software module, such as

module 1 162, module 2 164, and module 3 166 stored in storage device 160, configured to
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control the processor 120 as well as a special-purpose processor where software instructions are
incorporated into the actual processor design. The processor 120 may essentially be a
completely self-contained computing system, containing multiple cores or processors, a bus,
memory controller, cache, etc. A multi-core processor may be symmetric or asymmetric.

[0022] The system bus 110 may be any of several types of bus structures including a memory
bus or memory controller, a peripheral bus, and a local bus using any of a variety of bus
architectures. A basic input/output (BIOS) stored in ROM 140 or the like, may provide the basic
routine that helps to transfer information between elements within the computing device 100,
such as during start-up. The computing device 100 further includes storage devices 160 such as
a hard disk drive, a magnetic disk drive, an optical disk drive, tape drive or the like. The storage
device 160 can include software modules 162, 164, 166 for controlling the processor 120. Other
hardware or software modules are contemplated. The storage device 160 is connected to the
system bus 110 by a drive interface. The drives and the associated computer-readable storage
media provide nonvolatile storage of computer-readable instructions, data structures, program
modules and other data for the computing device 100. In one aspect, a hardware module that
performs a particular function includes the software component stored in a tangible computer-
readable storage medium in connection with the necessary hardware components, such as the
processor 120, system bus 110, an output device 170 that might be a display, and so forth, to
carry out the function. In another aspect, the system can use a processor and computer-readable
storage medium to store instructions which, when executed by the processor, cause the processor
to perform a method or other specific actions. The basic components and appropriate variations
are contemplated depending on the type of device, such as whether the computing device 100 is
a small, handheld computing device, a desktop computer, or a computer server.

[0023] Although the exemplary embodiment described herein employs the storage devices 160
that may be a hard disk, other types of computer-readable media which can store data that are
accessible by a computer, such as magnetic cassettes, flash memory cards, digital versatile disks,
cartridges, random access memories (RAMs) 150, and read-only memory (ROM) 140, may also
be used in the exemplary operating environment. Tangible computer-readable storage media,
computer-readable storage devices, or computer-readable memory devices, expressly exclude
media such as transitory waves, energy, carrier signals, electromagnetic waves, and signals per

S€.
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[0024] To enable user interaction with the computing device 100, an input device 190 represents
any number of input mechanisms, such as a microphone for speech, a touch-sensitive screen for
gesture or graphical input, keyboard, mouse, motion input, speech and so forth. An output
device 170 can also be one or more of a number of output mechanisms known to those of skill in
the art. In some instances, multimodal systems enable a user to provide multiple types of input
to communicate with the computing device 100. The communications interface 180 generally
governs and manages the user input and system output. There is no restriction on operating on
any particular hardware arrangement and therefore the basic features here may easily be
substituted for improved hardware or firmware arrangements as they are developed.

[0025] Use of language such as “at least one of X, Y, and Z,” “at least one of X, Y, or Z,” “at
least one or more of X, Y, and Z,” “at least one or more of X, Y, or Z,” “at least one or more of
X, Y, and/or Z,” or “at least one of X, Y, and/or Z,” are intended to be inclusive of both a single
item (e.g., just X, or just Y, or just Z) and multiple items (e.g., {X and Y}, {X and Z}, {Y and
Z3, or {X,Y,and Z}). The phrase “at least one of” and similar phrases are not intended to
convey a requirement that each possible item must be present, although each possible item may
be present.

[0026] FIG. 2 is a block diagram of an exemplary embodiment. The system may be divided into
three stages, a data collection stage 202, a data manipulation and cleaning stage 204, and a data
reform for model building stage 206. The data collection stage 202 may collect data including
the proposed rate for the property 208—which may be a hotel, a currency daily conversion chart
210, and an accepted rate 212 may include any amenities. The proposed rate for the property 208
a currency daily conversion chart 210, and an accepted rate 212 may be provided for currency
conversion 220 which may occur in the data manipulation and cleaning stage 204. The
conversion of the proposed rate and accepted rate 212 may be converted into the corresponding
rate at the time at 220. The conversion may be for inflation or for the type of currency, for
example, it may be converted from Euros to US dollars. At 222 the converted proposed rate for
the property 208, and the converted accepted rate 212 may cleaned to remove outliers. The
outliers may be a number of data points that are the highest and the lowest. In other embodiments
the outliers may be data points that deviate an amount from the other data points, for example,

outside of a standard deviation. At 224, the remaining converted proposed rate for the property



WO 2021/062194 PCT/US2020/052781

208, and the converted accepted rate 212 may be assigned to the season of the event, this may be
divided by days, weeks, months, or seasons.

[0027] The data collection stage 202 may further include a channel 214, a channel location 216,
and a property 218. The channel 214 may be a company, person, or organization that may be
sponsoring, hosting, or organizing the event. The channel location 216 may be geographical
location where the channel is located or head quartered. The property 218 may be the place
where the channel is seeking to host the event. The property 218 may include a number of
variables specific to the property that may be represented by a numeric value. The channel 214, a
channel location 216, a property 218, and the accepted rate 212 may be provided to 226 where
calculated variables may be added. The calculated variables may include the distance between
the channel’s office and the property, the number of offices the channel has, if the channel has a
contract that applies to the booking, whether there is a cancellation fee or include the terms of the
fee. At 228 the outliers may be removed from the data points using methods described herein. In
some embodiments, the room related variables relating to capacity or occupancy may be set to
conform to the property’s capacity or occupancy at 228.

[0028] The data reform for model building stage 206 may being at 230. At 230 the remaining
variables may be received and may be assigned a numerical value. For example, if the property
218 has a characteristic stating that the property is four-star, the star value may be set to 100. If
the property 218 has a characteristic stating that the property is two-star, the star value may be
set to 50. The categorical values may be any value that is not defined as a number value. For
example, the accepted rate 212 may not be considered to be a categorical value and the market
may be a categorical value. The final datasets may be sent to 232 and stored in a data bucket that
may be identified as S3. The data sets may be used to train a machine learning algorithm. In an
embodiment, a portion of the data may be used for training that algorithm, which may use the
data to make correlations between the different categories, for example, a price associated with a
particular channel. A portion of the data may be used for validation, this may determine how
accurately the algorithm performs and may create a standard deviation or error range. Another
portion of the data may be used for testing to ensure that the algorithm predictions are within the
standard deviation. In some embodiments, the training may be performed on 72% of the data.
The validation may be performed on 18% of the data. And the testing may be performed on the

remaining 10% of the data.
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[0029] FIG. 3 is an embodiment of a method 300 that may be employed when a request for a
prediction is provided by a user. At 302, property variables may be set. The property variables
may include information about the property that is the subject of the negotiation. For example,
the variables may include whether there are amenities, such as breakfast included, a fitness
center, free parking, transportation to the airport, a business center, wireless internet, etc. The
variables may further include information about property, for example, room size, bed type, star
rating, location, cancellation policy, etc. The variables may hold strings, vectors, Boolean
objects, or numeric values. Information about the channel which may be the client or customer,
may assigned to variables 304. These variables may include the desirability of the property to the
client or the client to the property, for example, if the property has a corporate relationship with
the client, or whether the client is large and could generate additional business. The client
variables may also indicate the bargaining power of the client. The variable values may be input
by a user or may be automatically set based on information known or obtained by the system. At
306, it may be determined if any of the variables of 302 and 304 were not available and/or not
set. If any of the variables are not set, equal to zero, or are empty a false flag may be returned at
308. At 310 the distance between a corporate office of the channel or client and the location of
the property may be determined. This may be based on the geographical coordinates of the
corporate office and the property.

[0030] The set variables may be input into the prediction algorithm at 312 and the predicted
price may be output at 314 based on the variables. This prediction may include a range with an
upper or lower bound or a median value as well as the prediction value. At 316 the algorithm
may request data from the user, this may include the final details and amenities agreed to by the
customer and supplier in the final agreement. At 318 the final accepted price may be entered.
Steps 316 and 318 may occur in the same session as the previous steps or the information may be
obtained later after the final agreement is reached. The method may prompt the user to enter this
information at a later time. At 320 the accuracy of the initial prediction may be determined
based on the information input at 316 and 318. In some embodiments a value may be given
indicating how accurate the prediction was. In other embodiments, the prediction may be deemed
accurate or inaccurate based on whether the prediction was within a margin of error or standard

deviation.
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[0031] The accuracy of the prediction may be determined at 320. If the prediction is found to be
accurate at 322, the certainty of the prediction model may be increased at 322 and the prediction
model algorithm may be trained using the information from the accepted price and terms. In
other embodiments, an accuracy marker may be set to a first value. If the prediction is not
determined accurate at 322, the method may determine at 324 whether the prediction was made
using the correct variables by comparing the final variables to the variables input at 302 and 304.
If the variables were incorrect, the method may end at 322. In other embodiments, an accuracy
value may be set to a second value. If the variables were accurate, the certainty of the model may
be decreased at 328. In other embodiments, an accuracy marker may be set to a third value. At
330 the accepted rate and variables may be used to train the algorithm at 330.

[0032] Fig. 4 is an embodiment of method that begins at 400 and is performed on a computing
environment using a software program designed to perform the method. At 402 the program may
receive details which may include the offered price. The bid may be generated by a third-party
such as hotel, event space, or event planning company. The bid may be received in response to
an inquiry made by a client or customer and may be made through the software program. The
inquiry may include details such as the desired amenities, the type or number of rooms desired,
the desired location, the date and length of stay, the desired hotel, etc. The bid or bids received at
402 may meet all or some of the details requested in the inquiry. At 404, the program may query
the details of the bid, such as the hotel amenities. At 406 the program may query the type of
room that is included in the bid. At 408 the program may query the terms of the bid, such as the
length of stay or use of the hotel or property, the date of the use or stay or whether there is a
cancellation policy.

[0033] At 410, the information a about the bid may be compared to historical information that
has been compiled about similar agreements that have been reached. At 412, the information
queried about the bid may be used to generate a predicted rate for similar rentals or agreements.
A confidence rate may be determined for a prediction and this may be provided to the user with
the prediction. In other embodiments, the prediction may be flagged if the confidence level is
below a threshold. At 414 the predicted rate may be compared to the bid rate. The difference in
the predicted rate and the bid rate may be used at 416 to determine a suggested counter offer that
may be output to the user. The software program may offer a prompt to submit the suggested

counter offer or to the original offeree. In other embodiments the user may manually submit or
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communicate the suggested offer or counter offer. The counter offer may include the price,
amenities, room type, or any other terms of the agreement. In other embodiments, one or more of
the terms of the agreements may be set as non-negotiable by the user and the other terms of the
agreement may be altered to form an appropriate counter offer. For example, the user may set the
price as non-negotiable and the counter offer may suggest a smaller room for that price point. In
other embodiments, the user may input a counter offer and the prediction generator may
determine the probability of the offer being accepted. In still further embodiments, the user may
edit desired amenities to generate new bids and/or predictions. At 418 the software may
determine if the counter offer was accepted. Acceptance or denial of the counter offer may be
automatic or determined by communicating via the software or it may be input by the user. In
some embodiments, the counter offer and acceptance may happen later or in a different user
session. In further embodiments, the software may prompt the user to input the counter offer that
was made and whether it was accepted. The software may also receive information about the
final contract, amenities, room type, or other information about the final negotiated agreement.
At 420, the information input about the accepted agreement may be used to train the prediction
algorithm. The method may end at 422.

[0034] Fig. 5 depicts an example user interface 500 for an embodiment of the invention. Bid
details, such as the hotel of property name, may be displayed at 502. At 504 the date of the
potential reservation may be displayed at 504. The rate group may be displayed at S08. The rate
group may identify the type of rate that the customer receives. For example, the customer may be
a member of a rewards program or the customer may be a corporation that has an applicable
corporate discount. The rate group 508 may identify the group that the customer belongs to and
the rate plan 506 may identify the type of plan that members of the group is entitled to. A
selectable box may be displayed at 510, this may allow a user to determine whether to activate a
program to generate offer suggestions and evaluate the bid based on historical data as discussed
herein. Various bid details may be displayed at 512, 514, and 516. The room type and price may
be displayed, for example. If the Negotiation Assistant option is selected, 512, 514, and 516 may
further display a suggested counter offer that may be generated using the methods and systems
described herein. Selecting or hovering over the bid may cause window 518 to pop-up. The
window 518 may indicate a range of rates that have been secured for the room type at that

property. This may further be based on the season or time that the room is being reserved. The
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suggested rate within that range may further be displayed. The suggested rate may be determined
based on any of the historical factors described herein. Additionally, the amenities that may be
available at that rate may be displayed. This may also be based on historical variables. Pop-up
window 518 may have selectable option 520 that, if selected, may cause the suggested bid to be
sent to the party offering the property.

[0035] Fig. 6 depicts method 600 that may be employed by a software program for performing
embodiments of the method described herein. At 602, the program may receive historical
information about agreements for booking various hospitality spaces, such as hotel rooms. The
historical information may include historically proposed rates, historically accepted rates,
historical product characteristics, such as room type, property or hotel, amenities, star rating,
location, etc., and historical customer characteristics. The customer characteristics may include
the specific customer, the size of the customer, the relationship between the customer and the
company providing the bid, whether the customer is an individual or corporation, etc. At 604 the
historical proposed rate and the historical accepted rate may be given a currency value. The
currency value may be determined based to the type of currency or the inflation rate since the
time of the historical proposed and accepted rate. At 606 historical outliers may be removed from
the data, this may create a more accurate data set. The outliers may be determined based on the
room type. At 608 additional variables may be calculated. For example, the distance between the
customer office and the property may be determined, the rate at which proposed rates are
accepted from the customer, whether there is a cancellation policy, the difference between the
amenities in the proposed bid and the excepted bid, etc. The variables may then be cleaned at
610. The clean numerical value may be assigned based on the characteristics, for example, some
variable, such as amenities may be changed into Boolean format. Numerical variables may be
rounded to set size or changed into a range. At 612 historic product characteristic and customer
characteristic variables transformed into a consistent format. At 614 the historic customer
characteristics and product characteristics are assigned a numerical value. For example, if one of
the historic product characteristics is month, the month may be converted to a numerical value
based on demand during the relevant month. This may be done using a LabelEncoder
application.

[0036] At 616, the cleaned and transformed data may be divided into three data groups. The
break down of the data groups may be 72% for training, 18% for validation, and 10% for testing
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in some embodiments. At 618 the training data may be used to train a model using any of the
machine learning training methods known in the art, such as using a xgboost model. At 620, the
validation may be performed on the dataset using the any of the methods known in the art, for
example, using a Mean Absolute Error metric. The model may then be tested on the remaining
data at 622. The final model may then be selected and built at 624. The generated model may
then be received in the rate predictor module at 626. In some embodiments, the validation and
testing results may be used to provide a confidence level of the model’s predictions.

[0037] The rate predictor may then be accessed by a user at 628. The user may input information
about the request, such as the parameters of the event or rental desired by the user, customer
information, the desired location, etc. The information input by the user may used to perform the
rate prediction at 630. In some embodiments, the user may receive bids and the rate prediction
may be performed using information specific to the bid that may not be specified by the user.
The prediction may then be provided to the user at 632. The prediction may then be compared to
one or more bids at 634. The comparison may be output to the user at 636. The comparison may
include additional information such as amenities that may be expected or included at a given bid
price. The model may continue to be updated as additional data is received.

[0038] The various embodiments described above are provided by way of illustration only and
should not be construed to limit the scope of the disclosure. Various modifications and changes
may be made to the principles described herein without following the example embodiments and
applications illustrated and described herein, and without departing from the spirit and scope of

the disclosure.
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Claims

1. A system, comprising:
a data collector configured to collect a historical proposed rate, a historical accepted
rate, a historical product characteristic, and a historical customer characteristic;
a data cleaner configured to:
receive the historical proposed rate, the historical accepted rate, the historical
product characteristic, and the historical customer characteristic from the data collector;
convert the historical proposed rate and the historical accepted rate to a current
currency value;
remove outliers from a converted historical proposed rate and a converted
historical accepted rate;
assign the converted historical proposed rate and the converted historical
accepted rate to a clean numeric variable;
assign a historical product characteristic and a historical customer characteristic
to characteristic variables;
generate calculated variables;
generate a numerical rate for characteristic variables based on new calculated
variables, characteristic variables, and numerical variables;
divide the numerical rate into a first data group, a second data group, and a third
data group;
perform a training on the first data group;
perform a validation on the second data group; and
perform a testing on the third data group;
a model builder configured to build a prediction model based on the training, validation,
and testing;
a rate predictor configured to:
receive the prediction model;
receive inputs from a user about a channel characteristic, a property
characteristic, and a season;
input the channel characteristic, the property characteristic, and the season into
the prediction model;
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generate a prediction from the prediction model; and

output the prediction to the user.

2. The system of claim 1, further comprising a negotiation assistant that receives a bid rate

from a third-party.

3. The system of claim 2, wherein the negotiation assistant compares the bid rate to the
prediction.

4. The system of claim 3, wherein the negotiation assistant outputs a suggested counter offer

if the bid rate is greater than the prediction.

5. The system of claim 3, wherein the negotiation assistant provides a probability of acceptance

based on a proposed rate provided by the user.

6. The system of claim 1, wherein an accepted rate is input into the data collector by the user.

7. The system of claim 1, wherein an accepted rate is used to determine the historical accepted

rate.

8. The system of claim 1, wherein the historical product characteristic is a hotel amenity.

9. The system of claim 1, wherein the historical product characteristic is a room type.

10. A method comprising:

collecting a historical proposed rate, a historical accepted rate, a historical product
characteristic, and a historical customer characteristic;

converting the historical proposed rate and the historical accepted rate to a current
currency value;

removing outliers from a converted historical proposed rate and a converted historical

accepted rate;
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assigning the converted historical proposed rate and the converted historical accepted
rate to a clean numeric variable;

assigning the historical product characteristic and a historical customer characteristic
to characteristic variables;

generating calculated variables;

generating a numerical rate for characteristic variables based on new calculated
variables, characteristic variables, and numerical variables;

dividing the numerical rate into a first data group, a second data group, and a third data
group;

performing a training on the first data group;

performing a validation on the second data group;

performing a testing on the third data group;

building a prediction model based on the training, validation, and testing;

receiving the prediction model;

receiving inputs from a user about a channel characteristic, a property characteristic,
and a season;

inputting the channel characteristic, the property characteristic, and the season into the
prediction model;

generating a prediction from the prediction model; and

outputting the prediction to the user.

11. The method of claim 10, wherein the prediction is a range of rates.
12. The method of claim 10, further comprising:
receiving edited characteristic values; and

generating a second prediction from the prediction model.

13. The method of claim 10, further comprising:

generating a confidence metric based on the validation of the second group.

14. The method of claim 13, further comprising:
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providing the confidence metric to the user with the prediction.

15. The method of claim 13, further comprising:
providing a warning to the user when the confidence metric is below a threshold.

16. The method of claim 10, further comprising:

receiving an accepted rate from the user;

updating at least one of the first data group, the second data group, or the third data
group based on the accepted rate, the channel characteristic, the property characteristic, and the

season.
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