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System and Method for Invitation Targeting in a Web-Based Social Network
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BACKGROUND OF THE INVENTION

Field of the Invention

[0002] The present invention relates generally to social networks, and more

particularly to invitations in a social network.

Description of Related Art

[0003] Social network environments allow users to send many types of
invitations to other users. Examples of an invitation include an advertisement, a
request to join a group, a request for an information exchange, a survey, a request to

write a blog entry, a request to verify a photo tag, and so forth.

[0004] An invitation may be personalized or targeted to a particular user in
the social network environment. Targeting may include predicting a likelihood that
the user will respond to an invitation and presenting the invitation to the user if the
likelihood is high. Targeting may also be useful for determining that the user has a
low probability of responding to certain invitations because the invitations are not

interesting to the user.

[0005] There are several approaches to personalizing or targeting an invitation
to a particular user. One approach is to track buying patterns. For example, after a
customer purchases a book via an internet store, the store may tell the customer
about products in stock that the customer might like such as other books by the same
author, or books purchased by other people who also bought the book that the
customer purchased. This approach, however, is limited to customers who purchase

items.

[0006] Another approach to targeting is to present invitations to a user who is

a member of a particular group. Groups may be based on gender, school, age,
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residence, club membership, political affiliation, and so on. However, not all groups
are well defined within the social network environment and determining that a
person is a member of a group may be cumbersome and require skill and an
understanding of the group dynamics and common interests. Unfortunately, none of
these approaches automatically select users of a social network environment who

have an increased probability of responding positively to an invitation.
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SUMMARY OF THE INVENTION

[0007] The invention provides a method for selecting users of a web-based
social network, each having associated profile information, who are likely to respond
to an invitation. In one embodiment, the method generates a probability function
that will predict the likelihood of a user in a social network environment responding
to an invitation. A pilot group of users is selected, as is a reduced set of keywords
based on profiles of the pilot group. The method further includes sending the
invitation to the pilot group and creating a training set of vectors based on responses
to the invitation, the pilot group profiles, and the reduced set of keywords. The
probability function may be determined from the training set and applied to the
users in the social network environment to predict which users are more likely to

respond to the invitation.

[0008] In another embodiment, the method comprises selecting a plurality of
pilot users from the users in the web based social network, selecting a reduced set of
keywords from the profile information for the pilot users, sending the invitation to
the pilot users, and receiving responses to the invitation from the pilot users. The
responses are classified as either positive or negative and a training set of vector
pairs is created, each vector pair representing a pilot user and including data
representing the classified response received from the pilot user and a set of training
keywords selected from the reduced set of keywords and based at least in part on the
associated profile information for the pilot user. The method further includes
determining a function based on the training set of vector pairs that calculates from a
user’s profile information a likelihood that the user will respond to the invitation and
calculating from the function a likelihood that each of one or more of the users in the

web based social network will respond to the invitation.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0009] FIG. 1 illustrates an exemplary social network that may be used with

various embodiments of the invention.

[0010] FIG. 2 illustrates one embodiment an architecture of the invitation

engine of FIG. 1.

[0011] FIG. 3 is screen a shot illustrating an example of an invitation

embedded in a news feed for a user.

[0012] FIG. 4 is an illustration of an exemplary iPod download invitation

according to one embodiment.

[0013] FIG. 5is a flow chart of an exemplary method for selecting target users

of a web-based social network.
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DETAILED DESCRIPTION OF THE INVENTION

[0014] The present invention provides a method for selecting users in a web-
based social network who are likely to respond to an invitation. In one embodiment,
the invitation is first sent to a pilot group of users selected at random. Positive and
negative responses are recorded. A set of the pilot group profiles containing a
reduced set of keywords may be correlated with the positive and negative responses
to the invitation and the correlations may be used to determine a probability function
that indicates the likelihood of responses based on the profiles. The profiles of other
the users in the social network may be analyzed using the probability function, and
target users may be selected to receive the invitation based on the likelihood of

responding to the invitation.

[0015] FIG. 1 illustrates an exemplary social network environment 100 that
may be used with embodiments of the invention. One or more users 102 at user
devices 110, are coupled to a social network provider 130 via a communications
network 120. In various embodiments, the user devices 110 may include a computer
terminal, a personal digital assistant (PDA), a wireless telephone, a digital camera, a
mobile device, a mobile phone, a cell-phone, a smart-phone, a notebook computer, a
laptop computer, a hand-held game console, and so forth. The communications
network 120 may include a local area network (LAN) such as an intranet, a wide area

network (WAN) such as the Internet, a wireless network, etc.

[0016] The social network provider 130 is typically a server that provides
social networking services, communication services, dating services, company
intranets, and/or online games, etc. The social network provider 130 may assemble
and store profiles of the users 102 for use in providing the social networking services.
In some embodiments, the social network environment 100 includes one or more

segmented communities, which are separate, exclusive or semi-exclusive subsets of
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the social network environment 100, wherein users 102 who are segmented
community members may access and interact with other members of their respective
segmented community. Examples of such groupings are set forth in further detail in

co-pending U.S. Patent Application Serial No. 11/369,655.

[0017] The users 102 may include various types of users 102A, 102B . . . 102N,
(hereinafter users 102A-102N). For example, a user 102A may be a pilot user who is
selected to receive an invitation as a part of the pilot study, while a user 102B is a
target user selected to receive the invitation based on a probability function. A
probability function is a function that returns a probability that a user 102 will
respond positively (or negatively) to the invitation. It may, for example, be based on

one or more keywords in the profile of the user 102.

[0018] The social network environment 100 further includes an invitation
engine 140 coupled to the social network provider 130. The invitation engine 140 is
configured to select a group of pilot users 102A for a pilot study, send invitations to
the pilot group, determine a probability function based on results of the pilot study,
select the target users 102B from the users 102 using the probability function, and

send invitations the target users 102B.

[0019] Keywords include words or phrases relating to information entered by
users and stored in the respective profiles of the users 102A-102N. Keywords may
also be words or phrases entered by the social network provider 130 to characterize
the users 102A-102N. Keywords may include words relating to demographics,
interests, usage, actions, or other information that may describe each of the users
102A-102N. A particular user profile may include multiple occurrences of one or
more keywords. The profile information for the users 102A-102N while typically
stored with the social network provider may also be found in profile databases in the

invitation engine 140.
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[0020] FIG. 2 illustrates one embodiment an architecture of the invitation
engine 140 of FIG. 1. As shown, the invitation engine 140 includes a profile database
200, an invitation module 210, a pilot group module 220, a dimension reduction

module 230, a training set module 240, and a probability function module 250.

[0021] The profile database 200 manages profile information that is provided
by users 102 of the social network. As discussed above, the profile information
includes keywords relating to demographics, interests, usage, actions, and/or other
information that may describe the users 102. The profile database 200 may store
values to represent various types of keywords, including numerical values, binary
values, and/or categorical values. For example, a numerical value may represent an
age or phone number. A binary number may indicate whether a keyword occurs or
does not occur in the profile of a user 102. For example, if the keyword is “football,”
a “1” may indicate that the word “football” occurs at least once in the profile of the
user 102 and a “0” that the word “football” does not occur in the profile of the user
102. In other embodiments, a “1” may indicate that the word “football” occurs more
than a predetermined number of times in the profile for the user 102. A categorical
value may represent a selection from a list. For example, political views may be

categorized as 1 = liberal, 2 = conservative, 3 = independent, etc.

[0022] Keywords relating to demographics may include information
regarding age, gender, relationship status, home state, and school. Demographic
keywords may be represented by numerical values, binary values, and/or categorical
values. Keywords relating to interests include book titles, authors, movies, television
programs, and music and may be represented by binary values. Examples of
keywords relating to usage include information regarding friendships, blog posts,
online gifts given and received via the social network provider 130, online purchases

via the social network provider 130, photo uploads, photo downloads, photo tags,
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and photo tag confirmations and may be represented by numerical values, binary

values, and/or categorical values.

[0023] Table 1 illustrates an example of various keyword names, keyword
types, and keyword values that may be stored in the profile database 200. For
example, the keyword “Birth Year” in the Keyword Names column of Table 1 is a
demographic keyword type and may be represented by a numerical value. The
keyword, “Political Views” is also a demographic keyword type, but one that may be
represented by a categorical value (e.g., 1=liberal, 2=conservative, 3=independent,
etc.). The entry “Top 5000 Favorite Movies” in the Keyword Names column
represents 5000 different keywords each associated with one of 5000 different movie
titles, respectively. For example, the movie title “Gone with the Wind” may be a
keyword. Each of the 5000 keywords is an Interest keyword and is represented by a
binary value in the illustrated embodiment to indicate that the movie title occurs or
does not occur in the profile of a user 102. While Demographic and Interest keyword
types are illustrated in Table 1, other keyword types (e.g., contacts, skills, etc.) may

also be included.

Table 1: Keywords

Keyword Names Keyword Type Keyword
Value
Gender Demographic Categorical
Birth Year Demographic Numerical
Political Views Demographic Categorical
Relationship Status Demographic Categorical
User Type Demographic Categorical
Top 5000 Favorite Movies Interests 5000 Binary
Top 5000 Favorite Books Interest 5000 Binary
Top 5000 Favorite Music Interest 5000 Binary
Top 5000 Favorite Activities | Interest 5000 Binary
Top 5000 Favorite TV shows | Interest 5000 Binary
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[0024] The profile for each user 102A-102N may be represented as a vector
and each keyword that occurs in the profile may be represented as a dimension or an
element of the vector. Dimensions may include entries other than keywords and
some keywords may not be represented by a dimension. In some embodiments,
dimensions may represent multiple keywords. Each dimension may include a
numerical value, a binary value, or a categorical value. In various embodiments, a
numerical value may represent the number of occurrences of a particular keyword in
the profile of the user 102, an age of the user 102, income, the number of friends of
the user 102, etc. A binary value may represent at least one occurrence (e.g., “1”) or
non-occurrence (e.g., “0”) of the keyword in the profile of the user 102. A categorical
value may represent a political view, gender, religion, etc. A profile database
containing all the keywords for all the users 102 may include as many as 10,000 to
100,000 or more keywords i.e., dimensions. On the other hand, a reduced set of
keywords (discussed below) may include many fewer keywords, for example 100 to
200 keywords. In some embodiments, the profile database 200 and/or the social

network provider 130 includes a reduced set of keywords.

[0025] The invitation module 210 is configured to send an invitation to users
102A-102N of the social network environment 100 and receive responses to the
invitation from the users 102A-102N. In various embodiments, the invitation module
210 may send invitations and receive responses from pilot users 102A and/or target
users 102B. Examples of an invitation include an advertisement, a survey, a request
to provide information to the social network provider 130, a request to send
information to another user 102, a suggestion to form a group, a request to join a
group, a request to confirm a photo tag, an offer to purchase a real, digital, or virtual
asset, and so on. In some embodiments, an invitation may include an opportunity

for the user to respond by taking an action.

10
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[0026] In various embodiments, a response includes accepting the invitation
by clicking on a link within the invitation, rejecting the invitation, requesting more
information about the invitation, requesting to be reminded later of the invitation,
and so forth. In some embodiments, ignoring the invitation may be a default
response. A positive response may include clicking on a button associated with the
invitation. Clicking on a link in an invitation is known as a “click through.”
Examples of a “click through” response include clicking on a link to purchase a
product, view a webpage, download information, and upload information. A click-
through rate may be calculated by dividing a number of “click-through” responses
by a number of users who received the invitation. A response may further include
taking other actions, such as joining a group, posting a photo, tagging a photo,
answering a survey, forwarding a message, forming a group, posting a blog, and so

forth.

[0027] The invitation module 210 may be configured to receive responses for a
predetermined period of time. For example, the invitation module 210 may send an
invitation to 50,000 pilot users 102A and receive responses to the invitation via the
invitation module 210 for one hour. In some embodiments, the invitation module
210 may receive a predetermined number of responses. For example, the invitation
module 210 may send an invitation to 50,000 pilot users 102A and stop accepting

responses after receiving the first 10,000 responses.

[0028] The pilot group module 220 is configured to select the pilot users 10.’);A
from the users 102 and provide a list of the pilot users 102A to the invitation module
210. The pilot group module 220 may randomly select the pilot users 102A from all
of the users 102 or from a subset of the users 102. Alternatively, the pilot group
module 220 may select pilot users 102A based on various criteria, for example, age,

gender, location, and so on.

11
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[0029] The pilot group module 220 is further configured to receive the
responses from the invitation module 210. The pilot group module 220 may provide
the invitation module 210 with a time period for accepting responses from the pilot
users 102A. Alternatively, the pilot group module 220 may direct the invitation
module 210 to receive a predetermined number of responses from the pilot users
102A. For example, the pilot group module 220 may provide the invitation module

with directions to accept only the first 10,000 responses.

[0030] In some embodiments, the pilot group module 220 may subdivide the
pilot group into a plurality of subgroups randomly or according to one or more
characteristics of the pilot users 102A. For example, a pilot group of about 50,000
pilot users 102A may be subdivided into 10 subgroups of about 5,000 pilot users
102A based on some characteristic or combination of characteristics, for example,
geographical region, age bracket, occupation, membership in a social group, and so
on. The pilot group module 220 may count the number of pilot users 102A who
respond positively in each of the 10 separate segmented communities and direct the
invitation module 210 to send the invitation to all of the users 102 in the network
who share the characteristics of the pilot group that had the highest number of
positive responses. Alternatively, the pilot group module 220 may divide the social
network community 100 into subgroups based on characteristics of the users 102 and
select a plurality of pilot users 102A at random from each of the subgroups. For
example, 10 separate segmented communities may be selected from the social
network community 100 and the pilot group module 220 may select 5,000 pilot users
102A at random from each of the segmented communities. The positive responses
may be counted as above for each of the 10 separate segmented communities. This
may save computation time in generating new probability functions for related

invitations.

12
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[0031] The dimension reduction module 230 is configured to reduce the
number of keywords (i.e., dimensions) used in the profiles associated with the pilot
group. The number of different keywords in the various profiles for all the users 102
can result in a very large set of keywords before dimension reduction. For example,
a total of about 10,000 to 100,000 keywords might be found in the profiles for all or a
large number of the users 102. Thus, 10,000 to 100,000 keywords may be available for
correlation with responses. The memory space and computing resources required to

process correlations with such a large number of keywords can be very large.

[0032] The dimension reduction module 230 reduces the 10,000 to 100,000
keywords to a reduced set of, for example, about 100 to 200 keywords using
dimensional reduction techniques that are known in the art. The reduced keyword
set may be based on the keywords collectively found in the profiles associated with
the group of pilot users 102A. A simple, intuitive example of a keyword reduction
technique includes keeping all the keywords found in all the profiles of the pilot
group and discarding all keywords not found in their profiles. However, the number
of remaining keywords might be to numerous. Techniques that may be useful for
reducing the number of dimensions while minimizing information loss include
singular vector decomposition (SVD), probabilistic latent semantic indexing (PLSI),
linear discriminant analysis (LDA), feature selection, and so forth. The keyword
reduction may be performed before or after sending the invitation to the pilot users
102A. In some embodiments, keyword reduction may produce new keywords that
are based on combinations of keywords in the data set before reduction. For
example, the keyword reduction module 230 may group several movie keywords
(e.g., “spider man 1,” “spider man 2,” and “spider man 3”) into one reduced

keyword “spider man” representing spider man in general.

[0033] The training set module 240 is configured to classify the responses,
correlate the classified response from each pilot user 102A with keywords in the

13
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profile database 200 for the pilot user 102A, and create a training set of data pairs
from the correlations. In some embodiments, the training set may not include data
pairs from all of the pilot users 102A and the training set module 240 may select the

pilot users 102A to be included the training set as discussed below.

[0034] The training set module 240 may classify each response for each pilot
user 102A. Classification of a response includes determining if a response is a
positive response or negative response. For example, the responses from the pilot
users 102A may include clicking on the invitation (a positive response) or taking no
action (a negative response). In various embodiments, positive responses include
accepting an invitation by clicking on a link within the invitation, requesting more
information about the invitation, requesting to be reminded later about the
invitation, joining a group, posting a photo, tagging a photo, and so forth. Negative
responses may include affirmatively rejecting the invitation (e.g., clicking on a “no”
button), ignoring the invitation, abstaining from responding, and so forth. In some
embodiments, classification includes assigning a value of “1” to a positive response
and a value of “0” to a negative response. The training set module 240 may store the
classifications (“1” or “0”) in the profile database with the profile information

associated with the respective pilot users 102A.

[0035] The training set includes correlated pairs of data, each data pair
representing a classified response and a profile of a pilot user 102A. The data pairs
may be represented as vector pairs. Each vector pair may include a response vector
representing a classified response by a pilot user 102A and a keyword vector
representing keywords in the profile of the pilot user 102A. Each response vector
may include a binary value as discussed above. Each keyword vector may include
numerical, binary, or categorical values. For simplicity, only binary values are
discussed below, thus, each dimension representing a keyword in the vector includes
a “1” or “0” representing an occurrence or non-occurrence, respectively, of the

14
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keyword. However, in general, dimensions including numerical and/or categorical

values may also be included in the training set vectors.

[0036] In a simplified example, the reduced keyword set includes three
keywords, namely (“Beatles,” “hockey,” “Murasaki”) and the training set includes a
first pilot user 102A and second pilot user 102A. A user profile for the first pilot user

ot

102A may include the keywords (“Shakespeare,” “Beatles,” “hockey,” “orange,”
“stargazing”) and the keyword vector may be represented by a (1,1,0). The first pilot
user 102A responds positively to an invitation for a football video and a “1” is
entered in the training set response vector for the first pilot user 102A to indicate the
positive response. Thus, the training set vector pair for the first pilot user 102A is (1),

(1,1,0) representing: (response=1), (“Beatles”=1, “hockey”=1, “Murasaki”=0). The

user profile for the second pilot user 102A may include the keywords (“Beatles,” “red

i i

hot chili peppers,” “pencil,” “a bridge too far,” “carpet cleaning,” “rose”). The
second pilot user 102A responds negatively to an invitation for the football video and
a “0” is entered to indicate the negative response. Thus, the training set vector pair
for the second pilot user 102A is (0), (1,0,0) representing: (response=0), (“Beatles”=1,
“hockey”=0, “Murasaki”=0). This example is merely illustrative and the training set
module 240 generally uses more complex methods known in the art for selecting
keywords from the reduced keyword set for the keyword vector and correlating the
response vector with the keyword vector. For example, some keywords common to

both the reduced keyword set and a profile may not be represented in the keyword

vector while some keywords not in common may be represented.

[0037] The training set may include vector pairs for all the pilot users 102A.
Generally, the number of pilot users 102A who respond positively is much less than
the number of pilot users 102A who respond negatively. In some embodiments, the
training set module 240 may assign relative weights to the positive and/or negative
pairs in the training set. The weights may be selected according to various weighting

15
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schemes. In some embodiments, the relative weights of the positive and negative
response may be selected to make the sum of the weighted positive pairs about equal
to the sum of the weighted negative pairs. For example, if a pilot group returns
10,000 positive responses and 50,000 negative responses, the training set module 240
may assign a weight to the vector pairs in the positive responses that is five times the
weight assigned to the vector pairs in the negative responses. Other weighting

schemes may be applied to the vector pairs in the training set.

[0038] In some embodiments, the training set module 240 is configured to
select a subset of the pilot users 102A to be included the training set. For example,
the training set module 240 may stratify the pilot users into two groups of pilot users
102A based on whether the response vectors are positive or negative and include
entries for all pilot users 102A who have responded positively and a random
selection of about an equal number of entries for pilot users 102A who have
responded negatively. When the training set is still too large, the training set module
may select a smaller number of pilot users 102A randomly in about equal numbers

from each of the two stratified groups.

[0039] The probability function module 250 is configured to generate a
probability function based on the training set. The probability function module 250
may use the probability function to predict the likelihood that a user will respond
positively (or negatively) to the invitation. In various embodiments, thé probability
function module 250 generates the probability function using a supervised learning
procedure, or a machine learning technique such as a support vector machine (SVM),
a neural network, or a boosted tree procedure. Boosted tree procedures may be used
because boosted trees do not require normalization of attributes and output may be
used to interpret results. More information about the probability function and

supervised learning procedures is contained in a paper entitled “Personalization for

16
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Online Social Networks” by Yun-Fang Juan, et al., presently unpublished and

attached hereto as an appendix.

[0040] The probability function module 250 is further configured to select
target users 102B to receive the invitation. The target users 102B may be selected
from all the users 102 of the social network environment 100. For example, the
probability function module 250 may rank all the users 102 from highest to lowest
according to a calculated likelihood of responding positively to the invitation and
select the 500,000 highest ranked users 102 to become target users 102B. In some
embodiments, the target users 102B may be selected from less than all the users 102.
For example, the probability function module 250 may rank a fraction of the users
102 and select target users 102B as above. Alternatively, the probability function
module 250 may select target users 102B for whom the calculated likelihood of
responding positively to an invitation exceeds a predetermined threshold value. The
probability function module 250 may adjust the predetermined threshold value to

select fewer or more target users 102B.

[0041] In some embodiments, a similar invitation may be sent to the selected
target users 102B. A similar invitation may be any invitation that contains a similar
content, message, or function as the invitation sent to the pilot users 102A. For
example, an invitation to enter a blog about surfing may be similar to an invitation in
the form of an advertisement to purchase snorkeling equipment via the social

network provider 130 since both invitations relate to ocean sports.

[0042] The invitation module 210 may track the number of target users 102B
who receive the invitation, the positive and negative responses to the invitation sent
to the target users 102B, and/or the click-through rate. The response data tracked by
the invitation module 210 may be used to perform keyword extraction. Please see

co-pending U.S. Patent Application Serial No. 11/893,820 filed on August 16, 2007,
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entitled “System and Method for Keyword Selection in a Web-Based Social

Network.”

[0043] While a response to an invitation is used as one type of response
variable entered in the training set vectors, other types of response variables may be
used to help segment the users 102 and allow vendors to target users 102. For
example, a response variable may include a frequency of usage of a user interface

- element of the social network environment 100. Examples of such usage include
number of blog posts, number of mobile photo uploads, etc. In some embodiments,
the response variable may include a click through rate of a content element. A
position of the content may be provided as a dimension to the training set module
240 and/or dimension reduction module 230 to account for positional effects. Group
membership may be used as the response variable. For example, a response variable
may have value of “1” if a user is a member of the interested group and “0”

otherwise.

[0044] Although the invitation engine 140 is described as being comprised of
various components (the profile database 200, the invitation module 210, the pilot
group module 220, the dimension reduction module 230, the training set module 240,
and the probability function module 250), fewer or more components may comprise

the invitation engine 140 and still fall within the scope of various embodiments.

[0045] FIG. 3 is a screen shot illustrating an example of an invitation 310
embedded into a news feed 300 for a user 102. A news feed presents information
about friends of a user 102 in a social network environment 100. The invitation 310 is
contained in the form of a feed advertisement in the news feed 300 and includes links
320, 330, and 340. The link 320 is configured to direct the user 102 to a web based gift
store. The link 330 is configured to enable the user 102 to forward or share the

invitation 310 with another user 102 in the social network environment 100. The link
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340 uses one or more clothing icons to direct the user 102 to particular pages within a

web based gift store.

[0046] The invitation module 210 may embed the invitation 310 into a news
feed 300 directed to pilot users 102A and monitor pilot users 102A for positive and
negative responses to the invitation 310. For example, a positive response may
include clicking on one or more of the links 320, 330 and 340. The invitation module
210 may send the same invitation 310 to target users 102B who are selected based on
a probability function determined from results of the responses from pilot users

102A.

[0047] FIG. 4 is an illustration of an exemplary iPod download invitation 400
according to one embodiment. The iPod download invitation 400 contains download
links 410 and 420, and share link 430. When selected, the download links 410 and
420 download a football game or information about the football game to the iPod.
The share link 430 enables the user 102 to forward the invitation 400 to another user
102 of the social network. The invitation module 210 may embed the iPod download
invitation 400 into a news feed 300 directed to pilot users 102A. The invitation
module 210 may monitor the pilot users 102A for positive or negative responses. For
example, the response to the iPod download invitation 400 may be considered
positive if pilot user 102A clicks the share link 430 sending the iPod download
invitation 400 to an acquaintance (another user 102) who selects the download link
410 or 420. In some embodiments, the training set may include profile information
from users 102 who were not part of the pilot group, but responded positively to the
iPod download invitation 400 that was received via the share link 430 from a pilot
user 102A. The invitation module 210 may send the same iPod download invitation
400 to target users 102B who are selected based on a probability function determined
from results of the responses of the pilot users 102A to the iPod download invitation
400.
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[0048] FIG. 5 is a flow chart of an exemplary method 500 for selecting users of
a web-based social network who are likely to respond to an invitation, each of the

users having associated profile information. In step 502, a plurality of pilot users are
selected from the users of the web based social network. In step 504, a reduced set of

keywords is selected from the profile information of the pilot users.

[0049] In step 506, an invitation is sent to each of the pilot users. In step 508,
responses are received from pilot users. In step 510, the received responses are

classified as either positive or negative.

[0050] In step 512, a training set of vector pairs is created. Each of the vector
pairs represents a pilot user and includes data representing the classified response
received from the pilot user and a set of training keywords selected from the reduced
set of keywords and based at least in part on the associated profile information for

the pilot user.

[0051] In step 514, a function is determined based on the training set of
vectors. In step 516, the function is used to calculate a likelihood that one or more of
the users in the web based sociai network will respond to the invitation. In some
embodiments, the likelihood of accepting the invitation is determined for every user

of the social network.

[0052] In optional step 518, an invitation is sent to one or more target users
who are selected to receive the invitation based on the calculated likelihood of
responding.

[0053] While the method 500 is described as being comprised of various steps
fewer or more steps may comprise the process and still fall within the scope of
various embodiments. In some embodiments, the order of the steps of the method

500 may be varied and still fall within the scope the various embodiments. For
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example, the step 504 of selecting a reduced set of keywords may be performed

before or after the steps 506, 508, or 510.

[0054] The embodiments discussed herein are illustrative of the present
invention. As these embodiments of the present invention are described with
reference to illustrations, various modifications or adaptations of the methods and/or
specific structures described may become apparent to those skilled in the art. All -
such modifications, adaptations, or variations that rely upon the teachings of the
present invention, and through which these teachings have advanced the art, are
considered to be within the spirit and scope of the present invention. Hence, these
descriptions and drawings should not be considered in a limiting sense, as it is
understood that the present invention is in no way limited to only the embodiments

illustrated.
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ABSTRACT

In this paper, we present iwo novel personalizalion algorithms for
online social nelworks such as Myspace or Faccbook. The
algorithms use user profiles to predici individual users' responses
10 ncw features, Ul changes, contem, etc. a3 well as to extract (he
most relevant keywords from such predictive tasks, Dimension
teduction models and supervised leaming procedures are
employed for such predictions. Then, 5 retonsiruction procedure
is petformed 10 find (he moss relevant keywords, The predictions
can be used to infer users® imerest levels for various site
introductions and can therclore be used for personalization. The
koywords extracted from such tasks provide insights on the
connections between usars' interests and their prefercnces for sile
introductiens. Qur experiments on the prediclive sk of ad
targeling have shown promising results, improving the ad
fespanse rate by over 50 percent in a live setting.

Categories and Subject Descriptors

H3.Y ({Information Storage and Retricval):
Exuraction, Prediclive Models, Personalization

lnformation

General Terms
Algorithms, Mcasurement, Intemer,

Keywords
Informasion Extraction, Social Networks, Machine Leaming, User
Targeting

1. INTRODUCTION

Online social metworks such as Myspace and Faccbook have
experienced phenomenal growth in the past two years. In
November 2006, 57.2 million Intemet users visited Myspace and

16.7 million visited Facebook [Comseore], People use these sites

to connecl with friends and lo express themseives: A typical user
puts up 2 profile, which contains personal information ranging
from gendes, hometowsn, and political views 1o favorite TV shows,
interesis, and recent activities. Ia this paper, our focus is to use the
profile information to predict individual users' preferences and
extract relevent keywards,

We deline 8 prediciive task as the process. of predicting an
individual wser's tendency 10 takc a particular action such as
responding 1o Bn advertisemen, joining a group, or wriling a biog
eatry.  Let us begin with a brief motivating cxample of a
prediclive task, Figure | shows an example of an advertisement
presenied o users of Facebook. There are Lwo questions we would
like 0. answer with regard (o this adventisement. Firsy, who is the

Kang-Xing Jin
kxjin@@facebook.com
+1-24Q-888-2082
Facebook.com
186 University Ave,
Palo Alto, CA, USA

most likely 10 respond to this advertisement? Second, whal are the
most relevant keywords and demographics for this advertisement?

If the two questions presenicd ubove can be answered sufficiently
for all such predictive tasks, a wide array-of personalized
applications can be realized. From the solution lo the first
question, we wil) be Ablc 10 estimate users’ preferentes for any

- mew feature, conient or message introduced 10 the site, From the
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solution w0 the sceond question, we can mateh the ncw site
introduction with uscrs using relovant demographic information
and keywords. in their profiles. Additionally, we can begin to
charecierize the types of users who are inclined 1o respond. -This
puper aims 1o.provide sufficicnl solutions o both questions. We
opply our selutions empirically to advertisements, but the
solutions are easily generalizable to other applications, which we
discuss in the concluding section of this paper.

In our solution 10 the problems, we assume thet somec response
dala have been collected in the past, We have some positive
examples from users who responded as well s some negavive
examples from users who were given the opportunity but did not
respond. We refer to this data as the training ser.

For the advertisement example, we can answer the first question
by formulating il a5 a supervised leaming problem where a binary
target variable iz defined by encoding positive and ncgative
examples in the Uaining set as value | and O respectively. The
leaming 1ask aims to use afl information obuined from users,
primarily profile information, 10 predict individual users”
probability of responding to the ad (i.e. having value 1), In
practice, the accuracy of the probability is (ess of a concem than
the relative ranking of the vsers. As Jong as we can identify the
uscrs who are most likely to respond to the ad and show the ad to
them instead of users who are unlikely to respond, we can
wnprove both the effectiveness of the ad as measured by click
through rate and the overalf user expericnce, since we arc showing
uscrs content in which they are interested. The algorithm of
Identifying the 1op users will be detailed in Section 2.

¥ Downtoad u-n'g, 0SU Games on (Tunest Timcsens ey
- st b U owuoupm Cooture the rivalry

(1) mwmemﬁs
'”:W.'G)

Figure 1: An Ad Example

To answer the second question of whal the most relevant
keywords or demographics are, en intuitive epproach is 0.
compute keyword histograms for both ke ~acitivn nrmd womnci..
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examples and then 10 find the keywords or demographics thal
demonstrate the greatest difference between thcse two groups.
‘Two technical {ssues arise from this approach. Firsi, how is the
difference  defined? Second, since the number of posilive

examples is usually small, the difference is often not statistically

significant. We aim to address these (wa issues in the currenl
paper. The deteils will be presented in Section 3.

The rest of this paper i5 organized as follows. In Section 2, we
give an overvicw of the uscr-ranking algorithm. 1n Section 3, we
prestat (wo different methods of extrocting relevant keywords and
briefly compare several difference measures. We then illustrate
oue algosithms by showing some empirical results in ad targeling
in Section 4. Wc present our conclusions in Section 5.

2. THE USER-RANKING ALGORITHM

The user-ranking elgorithm employs a black box medcl to
estimate user preferences by correlating historical rcsponsc data
with user data such as demographics, profile information, sitc
navigation behavior, cte. For the rest of the paper, we will refer to
user data as profile information.

Let N denotc the number of uscrs in the training set and § denote
\he user index, i = 1..N. Let ), denotz the targey valuc for uscr i

where ¥, = 1 if uscr i is one of the positive cxamples, Otherwise,
¥;= 0. Let P denote the profile information for user i, which is

represcnted as a very high dimensional vectar. Typically F} will

contain & smyll number of demographic attributes such as gender,
age, cis. as well as a large number of indicator variables that
indicale the prescnce of particular keywords. For example, an

clementof P, might indicate if user i has movic “Fight Club” as

one of higher favorites. In ordes lo have e good representation of
the user sct, P, typically must include tens of thousands such

indicator variables, Our goal is to use the awibutes in F to
estimate the probability that Y, = {.

With the N pairs of  y, , 7, ) we would Jike 1o find a function f

of P, 1o estimate the probability that ¥, = 1 using off-the-sheif

supervised leaming procedures such as SVM(), neural networks]},
or boosted treesf). No macter which learming method we choose,
we will have to fit our data sct into computer memory, [t is not
unusual that we have millions of users in the training set and tens
of thousands of anribute values for cach user. This results in a
very high memory requirement.  For example, il there are two
willion users in the training set, in which cvery uscr has thirty
thousand anribute values in double precision fioating numbers (8
bytes each), we will need 2,000,000x30,000x8 = 480 gigabytes
Just o load the waining set into memory, which is virually
infeasible in a single PC scrver cnvironment, One can argue that
the attributes nced nol 10 be double precision floals or the data can
bc represenied in @ sparss format w0 lower the memory
requirement. However, in most ofT-the-shell leamning procedures,
it is out of our control 10 decide how the data can be fit into
memory. Therefore, we have to assume the mosi geaeral
conditions. There are (wo ways to address the memory issue, and
we usc both in (his paper, First, in most applications we usuelly
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have far more negalive examples than positive examples. We can
srratify the sample, picking all the positive examples and
randomly sampling 8 portion of the ncgative examples. I1f the sizc
of the strutified sample is sill 1o large, we can randomty sample
from the stratificd sample o get a sample of desirable sample size.

The second way o address the memoary issue is through
dimension reduction. Again, some off-thc-shelf software such as
SVD[), pLS1[). or LDA{] ¢an bz uscd to reduce tcns of thousands
of dimensions in P, to just 8 few hundred. The loss of information
from the dimension reduction procedure is usually not a big issue
as the'indicator variables in P, arc quite sparse in Mmost cascs,

Also, it is reported in [] that a reduced dimension between 200
and 300 is sufficienty cffective in most IR applications. In this
paper, we use SVD for dimension reduction, although other
methods would also work well.

let X , and M denotc the reduced sttribute vector of user i and

the sample size of the new data sct after stralification,
respectively. We can now apply a supervised leaming procedure
on these M pairs of (y,, X', ). Belorc proceeding, we necd 1o

determine the relative weights of the positive and ncgative
examplus. The weight parameter is often subjcctive, as the
decision maker has to weigh the cost of false negatives against the
cost of false positives. If the goal is 10 optimize the area under the
ROC[) curve (AUC), it has been proven (] thet we should make
the sum of weights of posilive examples cqual to the sum of
weights of negative cxamples.

We choosc boosted trees as our model training method. Boosted
wrees have been a popular choice in supervised leaming
procedures since their debul in late 1990s. Compared o SVM or
neural notworks, boosted trees arc fast and do not require
normelization of attribules []. Boostcd trees are also @ universal
function [} that can approximate any function. Finally, the ourput
from boosted trees gives what the most important variables are for
predicting the tayget variable, This can hclp us interpret the
results,

Afcr training the predictive function f on (), ,X,) using
boosted wees, we can use this function to score all the rcgistered
wsers of the social network site, The highcr the score, the more
likely the user will respond 10 a similar message in the future. We
can also rank the uscrs according 1 1he output scores and target
future messages to the highest ranked users.

The user ranking algorithm can be summarized in the following 5
sieps:

1. Convert the training set ime N pairs of ( y, , P,)

2. Apply dimension reduction procedurcs on P, 10 get N
pairsof (y, . X,)

3. Sclect M pairs from (2) Whrough siralification and
random sampling

4. Tein the predictive function f on the M pairs of
(y,.X,) from (3) with boosied wees.

5. Score all the register users using f and rank ihe users
accordingly.
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3. THE KEYWORD EXTRACTION
ALGORITHM

In section 2, we prescnied an algorithm 10 estimate indjvidual
users' probabilitizs of responding 10 particular messages. In
addition to being able to predict the users most hikely to respond
10 @ message, it is also desirable to be able w extract insights inw
who these users we (e.g. what interests distinguish them from
users who did not respond, and how do the users who responded
diffcr demographically). The variable importance profile from the
output model in section 2 provides a quick overview of lhe
importance of individual variables, However, the variable
importance does not give detmils about the correlation berween
uscr preferences and the actual attribute vatues. In addition, duc to
dimension reduction, the artributes used in the model building
process are essentially un-inferpretable. It js difficult 1o extract
insights dircetly from the modsl, cspecially for the indicator
variables,

Instead of extracting insights from the model, we can achicve the
same goal by cxamining the dat jtself. Onc general approach is 1o
divide the data into two seig, A and B, compute sci-specific
histograms of al] the attributes in /2, and then find the atributes

with the largest differences betwzen the two sets.  The
perfarmance of this approach clearly depends on how the two sets
are defined and how the difference measure is defined. We
discuss each of these in turn.

One way 1o construcy A and B is 10 have A be the set of positive
gxamples and B be the scf of negative cxamples. Another way
would be (o have A be the set of highest scored users from the
user-ranking algorithm and B be a random set of users. Using
positive and negalive cxamples makes the most sense, intuitively,
However, due¢ ta the typically low nuraber of pasitive cxamples,
we might not have cnough top keywords that yicld a stalistically
significant differenec. Thal is why we propose the sccond
aliemative, By doing this, we can exiraet keywords from a bigger
sample 10 allcviate the statistical significance problem. This
approach can also be scon as a way Lo expand the sci of relevant
kcywords, as the model will not only exwact keywords seen
frequently in the positive group but it will also extract keywords
which co-occcur with the these top keywords. This property is
anributed to he fact that the dimeasion reduction procedurc
usually maps highly correfated variables to the same variable in
the reduccd varisble sct. More resulls and comparisons will be
shown in section 4.4.

Before proceeding, it is worth noting thal there are many other
plausible ways to define A and B. For example, we could les A be
a random sct of users and B be the negative examples or we could
i#1 A be the sct of highest scored users gnd B be the set of fowest
scored users.]

Let A, and B denote the percentage of users whose jth

keyword indicator variable is ! for group A and B, respeclively,
The difference between groups can be defined in mulliple ways,
Table ) list outs some examples of the differeace measures, In
praciice, the arithmetic difference tends 10 rank popular aitributes
100 high, while the ratio difference 1ends 10 rank rare attribuies 1o
high. Empirically, the information gain measure achicves a goad
balance and generally considercd the best differénce measure
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[citation]. As mentioned earlier, we can use these difference
measures 0 cxiract the top keywords from the computed
histograms. Some results will be presented in section 4.4,

Table 1: Examples of Difference Measures

Difference Name Formula

Arithmetic Difference (4,-B )

Ratio Difference (4,/B;)

Information Gain H(4,)-H(B,)
H(") denotcs entropy of *

0ads Ratio (4,(3-B,M(1-4,)B,)

Relevancy Score (4, +DY( B,+D)}

. D is the Laplacc succession

parameter

‘The keyword cxuraction algorithm can be summarized as [ollows:

1. Computc histograms of cach keyword indicator
varigble for thc posilive and negative groups
respectively

2. For cach keyword, calculate the difference between
the positive and negative groups

3. Rank keywords by diflerence from high 10 low. Sclec
top keywords bs the most relevant

4. Select the highest scored users from the bogsted trec
model,

5. Gelarandom sample from the set of registered uscrs
repeal 1 1o 3 for the highest score proup and the
random group
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4. AD TARGETING RESULTS
4.1 Data

In this scclion, we present empirical results of the user ranking
and keyword extraction algorithms, We applied our algorithms to
three sponsared slory ads on Facebook. The ads arc embedded in
the News Feed section of user home pages, as shown in Figure 2.

facebook
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+ A video from Collsgsitumar
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Add o coomant

=i

.Flgure 2: A Feed Ad Exomple

The three ads are shown in Figure 3. These ads cover three
distinct interest catcgories—football, the movie Van Wilder 2,
and digital photography. Each of thesc three sds is inventory
congtrained, so It i3 not feasible 10 show them to every user. Our
goal ig to targel the ads to users who arc most likely o respond
and W be able two characterize these users One can make
conjectures aboul what keywords and demographic atributes will
be relcvant and targel the users eccordingly. However, this
approach is not objcctive and might not generate enough users to
target on.
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The user ranking algorithm address these two issues by
objectively generating an arbitrary number of users who arc most
likely 0 rc$pohd The prerequisite for applying the algorithm to
ad targeting is that we have to run the ad campaign in two stages.
The first stage is the pifor siage where we show the ad o a
rendom sample of uscrs and collect the responses for our training
set. Then we go through the modcling exercise, rank all the
registered users from the site, and penerate a list of uscrs who arc
most likely to respond Lo the same zd in the future. The targeied
uger list will be used in the second production stage where the ad
is targeied 10 the users ranked most highly by the model. In
Section 4.2, we present the results from running our model on el
three ads, including the predicicd ROC curves. tn Section 4.3, we
presenl aclual regponse rates from a live test of targeted and
untargeted digital photography ads. In Section 4.4, we present the
results of keyword extraction for all three ads.

In the strauificd samples, there are 1534, 29417, and 2531 positive
examples and 99572, 470268, and 44699 negative cxamples for
the foothall, Van Wilder 2 and digital photography ads,
respectively.

¥ Downtoad U-M vg, 05U Games on ITunes! Seansirnd [EranTe]
| This fust b U-M vs. OSL b @ big das!, Caturd the tivalry
your our Qames only gn Mnes (73,
97, ez, '08),
Example 1: Footbal
4 See Marional Lampoon's Van Wilder 2 sonzmet
Attettion Belut * coms cisplay your mod sds

Intha Van Wilder University Challange! Play to win &
golf cant, Fim hs theaters Dot 1.

Example 2, Van Wilder

a Locking for the perfect holiday GINY Spanasd JET0)

Ga ba the Fac sbook Printshop to croats pusters, Calendars and prints of
vmebmm ,

Ezample 3: Digital Photography

Figure 3: Ad Messages
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Table 2: Raw Attribute List

Name Category Type
Gender Demographic Catcporical
Birth Year Demographic Numerical
Political Views Demographic Catcgorical
Relationship Staws | Demographic Categorical
User Type Demographic Categorical

Top $000 Favorite | Keyword Indicator | 5000 Binary
Movits

Top 5000 Favoritc | Keyword Indicator | 5000 Binary
Books

Top 5000 Favorile | Keyword Indicator | 5000 Binary
Music

Top 5000 Intcrests | Keyword Indicator | 5000 Binary

Top 5000 Favorite | Keyword Indicator | 5000 Binary
TV shows

Tahle 2 summarizes the raw stuributes ( P, ) used to predict ad

' résponses, There are 23, 000+ autribuies, and most of them are
indicator varinbles. $VD (singular vector decomposition)f)
reduced these 25,000 indicator variables t 100 pumerical
variables. The 100 numerical SVD veriables along with the
demographic variables are used as predictors for the boosed trecs
that fit the response dala we coliceted in the pilot phase. -~

For cvaluation purposcs, we divided the historical pilot stage data
into the maining set and the test sei. We fit the mode] with the
training sct and back wsted our mode) using the test sct to predict
future performance.

4.2 Model Summary

During the modcling process, we adjusied the case weights 1o
make the sum of weights of al} positive examples equivalent o
sum of weights of alf ncgative examples. As mentioned in seclion
2, this strategy optimizes the area under the ROC curve. This
sustcgy does nov neccssarily oplimize cvery single application
with different targcling percenizges, However, it is the common
denominator, since the modeling process is fully sutomated. We
set our leamning rate = 0,008 and number of trees = 500 for the
boosted ree procedure afler some experimentation.

Tabls 3 lists the madel performance summary of the ads from the
test set. The lifi score represents the ratio of the response rate
with tarpeling 10 the response rate without targeling. The ROC
curves are shown in Figure 4. The AUC (area under ROC curve)
should bc a number between 0.5 and 1. If the users are manked
randomly, the AUC score will be close 1o 0.5. If the users are
ranked perfectly (all the positive cxamples are on the 10p), the
AUC will be 1. Qur goal is to maximize AUC. As shown in Table
3, the AUC scores are well above 0.5 and the responding rates for
all three sds can be dramatically improved by the models wilh
improvements ranging from 45% to 309%.

26

PCT/US2008/008137



WO 2009/023067

Appendix
Table 3: Model Performance Summary
Lift
Example 3:
Targeting | Example1 | Example 2: DigHal
Percent : Football | Van Wilder | Photography |
5% 4.0925 2.5656 1.4563
10% 3.4091 2.3824 1.4401
15% 2.9002 2.2805° 1.5102
20% 2.6515 2.1284 1.4401
25% 2.3840 1.9927 1.4628
30% 2.1549 1.8271 1.3484
36% 1.9915 1.7022 1.3407
40% 1.8876 1.58B4 1.3066
50% 1.6313 1.4407 1.2460
60% 1.4562 1.3101 1.1893
70% 1.29156 1.2145 1.1086
80% 1.1648 1.1387 1.0841
80% 10774 1.0707 1.0374
100% 1.0000 1.0000 1.0000
AUC 0.7343 0.6708 0.5846

-—

Vin Wada

Figure 4: ROC Curves for the Ads

Table 4 symmarizes the top 10 variables and their importance for
models gencrated for all 3 ads. The variables with names starting
with svd are variablcs after dimension reduction, From the results,
we can sce that gender and binh year are preity cffective
prediciors across the board while the SVD variables also pley a
significant role, coniributing as much as 85% in the digital

pholography case.
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Table 4: Variable Importance Profiles

Examplel:
Football
R Importance
Rauok Name (%)
1 | Gender 42.1308
2 | Binh Year 5.21%9
3 | svd-nl.49 43341
4 | User Type 2.7169
5 | svd-nl 37 2,0727
6 | svd-nl.j0 1.9999
7 { svd-nl.é 1.7548
B | svd-nl17 L7271
9 | svd-nl.26 1.5955
10 | svd-nl.23 1.5904
+ | Exomple 2; Van
Wilder
E Importancc
Rank Name {%)
1_{ Gender 73.6656
2 | svd-nl.)7 41079
3 | svdal10 37178
4 | svd-nl37 . 32012
S | Birth Year 21210
6 | svd-nl36 2,0921
7 | svd-nl19 1.9901
8 | svd-nilé 1.5685
Relationship
lswws )} 12708 |
10 | svd-nl.41 11262
Exomple 3:
Digitat
Photopeaphy
Imporace
Rank Name %)
1 | Binth Year 6.3643
2 | svd-nl.7 5.335)
3 | Gender 4.9933
Relationship
4 | Status 3.4577
§ | svd-nl$ 2.1879
6 | svd-nl.66 2.1300
% | svdenl.1) 2.6770
8 | User Type 2.6360
9 | svd-nl.24 2.5274
10 | svd-nl3 2.4393
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If we only usc the demographic variables and apply degision tree
modeling on the daia, the modcl performance is consistently
worse. The AUC for football, Van Wilder 2 and digilal
photography arc 0.723, 0.645, and 0.568 respectively and Iift
scores al 5% are 2.93, 2.06, and 1.39, respectively. This shows
that the combination of SVD and boosted trees increascs
performance.

4.3 Live Test Results
We lested the model for the digilal pholography ad in a live
semting by showing the ad 1o wo sets of users. The first set was

the ‘random’ set, consisting of users randomly gampled from al)
the registered users on the site. The sccond scl was the ‘arger
sel, consisting of users ranked in the top 2.5% by the boosted tree
model described in Section 4.2 The (wo sels of users were shown
the same ad message over the same time period. The response data
is shown in Teble 5. Both the click through rale and the unique
user click through ratc on the ad were dramatically higher in the
targei sct.

Table 5; Live Test Result

Random | Target Relative { Z- :
CTR(%) | CTR(%) | Diff(%) | ststistic |-p-value
<6.22096E-
CTR 1.9761 3.1795 | 60.899 | 19,986 | 16
uv : <6.22096E-
CTR 1.8082 [ " 28508 | 67661 [ 18.205] 16
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4.4 Keyword Extraction

Tables 6 = B show the top keywords cxtracted from the training
set and thc models using information gain as the difference
measure. As the results have shown, the keywords cxtracied are
highly relevant. “Sporiscenter” and “Football” are extracted from
the football cxample while “Van Wilder® i5 exiracted from the
Van Wilder 2 cxample. The digimi photography example doesn't
generate apparently relevant examples on the top 20. However,
“photograpby” is ranked 44 from the training set and 98 from the
mode), which is much higher than the original rank of 7958,
There is definitely room for improvement for the ranking of the
keyworde. A composite rank scorc bascd on editorially judged
deta should give us a more objective view on how much weight
we should pui on cach diffcrence measure. :

From the results, il seems that the keywords cxiracted from the
training sct are better than the model. This is not surprising, since
the keywords are exuwacicd directly from the obscrved cxamples,
However, duc to the low number of the positive examples (usually
in the onder of thousands), the extracted keywords are no longer
statistically significant sfter rank 200. In applications where high
coverage is important, the model will be able provide a
siatistically significant keyword list of any desirable size.

Table 6; Top 20 Keywords for Foatball

From Tralning Sot From Model
Rank | Type _Keyword ' | Type Keyword
1} p enler | lv spofiscenier
2 | interests | foolnall meresls | gids
3 | interests | gifs movies ancharman
happy wadding
4 | movias imore movias crashers
friday night
5 |tv family quy movias lights
movies anchoman v family guy
7 | interasis | baskatball movies happy glimora
red hol chili
8 | music peppors interests | foolbal
fiday night
9 | mevies | lights movies QW
10 | interesis | baseball interests | baseball
11 | inlarests | spans Interests | sposts
wedding 40 year old
12 | movies grashers movias virgin
13 | tv south park movias billy madison
4l 24 | tv south park
femember
15 | v gain(ald mavias {itans
16 | movies oid interesiz | basketball
17 | v lost v 8impsons
| ramember
18 | movies titans movigs dodgeball
19 | music foo flghters tv seinfald
20 | movies gladiator mavias longest yara
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Table 7; Top Keywords for Van Wilder

From Training Set From Modo!
Rank | Typo Keyword Type Keyword
1| v family guy Tv family guy
r R\ simpsong Ty simpaons I
3] scrubs fMusic Rock
bacndock
4 | movies sginty injerasts girls
5 | movies van wildet v south park
6| tv south park interesis football
71 prison break [nterests cars
8 | tv 24 | v 24
9 Tv enlourage in{arasts sporis
boendock
10 j tv {ost movias saints
11 | Int foolball [\ last
12 | movies gladiator Tv rigon braak
wedding
13 | interestz | oirls movies crashers
14 | movies ! snaich movies ancharman
15 | movies | fighl ¢lub v fulurama |
16 | v futurama moviegs gladialor
17_| inleresis | sporly music. country
18 | mavies oid movies old
supsf
19 | v sporiscanter movies {roopers
super
20 | movieg | troopers music rap
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Table 8: Top Keywords for Digita) Photography

From Training Set From Model
Rank | Type Keyword Type Keyword
oreys
11y .anatomy tv gilmora giris
2 | v projact runway | movies nolebook
black eyed
3 | music peas music Fray
gray's
[ AR\ frisnds tv anatomy
5(tv will grace movias Mean girls
degperale
61ilv hougewives tv frigndg
7] 24 | musie Jack jahnsen
B|iv laguna bsach lv laguna beach
8 | music [ack Johnson Mmusic john mayer
10 | v hilla muslc coldplay
H)w glimore girls W project runway
12 | movias nolebook movies Ren(
Walk
13 | music kelly clarkgon ~ | movies remember
. desparale
14 | music fray v housewives
intarast
16 | 5 - boys music Panig disto
16 | movies 10 things hate | books Hafry potter
17 | muslc baatlas music rascal flatts
18 | movies ° | love aclually muslc goo goo dolis
death cab
19 | music cutla tv one trae hill
20 | movies maan giris inlerasls shopping

5. CONCLUSIONS
This paper presenis two novel personalizetion algorithms for
online socig) networks, The first algorithm uses profile
information 10 learn a function 1o predict the fulure response
probabilities for individual users based on the historical response
data. The second algorithm helps characterize the users who are
mast likely to respond to a message by exmracting the most
important demographics and profile keywords associated with
these users. Our empirical results have shown that the slgorithms
are effective in improving ad response rates and can exiract highly
relevant keywords. As long as the responsc varigble is well
defined, the same algorithms can be used for any personalization
applications in online social networks. Some other relevant
applications include:
¢ Ul Design. The response variable can be defined as the
amount of usage of a Ul element such as number of blog
posts, number of mobile photo uploads, elg.

»  Content Ranking. The response variable can be defincd
as the click through rate of a conlcnt clement, The
position of the content should be supplied as a feature in
the modeling process to account for positional cffects.

«  Group Recommendation. The responsc variable will
have value 1 if a user is a member of the ineresied
group and 0 otherwise,

The modeling exercises on the above personalization applications
will help scgment uscrs and allow sites lo larget existing products
to fit user intesrests. Keyword characterization also allows us to
extract insights from the models, which could give guidance for
future product offerings.
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CLAIMS
What is claimed is:
1. A method for selecting users of a web-based social network who are likely to
respond to an invitation, each of the users having associated profile
information, the method comprising:
selecting a plurality of pilot users from the users in the web based social
network;

selecting a reduced set of keywords from the profile information for the pilot
users;

sending the invitation to the pilot users;

receiving responses to the invitation from the pilot users;

classifying the received responses as either positive or negative;

creating a training set of vector pairs, each vector pair representing a pilot user
and including data representing the classified response received from
the pilot user and a set of training keywords selected from the reduced
set of keywords and based at least in part on the associated profile
information for the pilot user;

determining a function based on the training set of vector pairs that calculates
from a user’s profile information a likelihood that the user will respond
to the invitation; and

calculating from the function a likelihood that each of one or more of the users

in the web based social network will respond to the invitation.

2. The method of claim 1, further comprising ranking the one or more users
based on the calculated likelihood of each user responding and sending the
invitation to a predetermined number of users having the highest calculated

likelihood of responding.
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10.

11.

12.

The method of claim 1, further comprising sending the invitation to users
having a calculated likelihood of responding that is higher than a threshold

value.

The method of claim 1, wherein selecting a plurality of pilot users comprises
randomly selecting a predetermined number of pilot users from the users of

the web based social network.

The method of claim 1, wherein selecting a reduced set of keywords comprises

using singular vector decomposition (SVD).

The method of claim 1, wherein selecting a reduced set of keywords comprises

using latent dirichlet allocation.

The method of claim 1, wherein selecting a reduced set of keywords comprises

using probabilistic latent semantic indexing (PLSI).

The method of claim 1, wherein selecting a reduced set of keywords comprises

using feature selection.

The method of claim 1, wherein determining a function based on the training

set of vector pairs comprises using a boosted trees method.

The method of claim 1, wherein determining a function based on the training

set of vector pairs comprises using support vector machine (§VM) analysis.

The method of claim 1, wherein determining a function based on the training

set of vector pairs comprises using neural network analysis.

The method of claim 1, wherein classifying the received responses comprises
classifying the received responses as positive if the user clicks on the
invitation.
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13.

14.

15.

16.

17.

18.

The method of claim 1, wherein classifying the received responses comprises
classifying the received responses as positive if the user requests information

about the invitation.

The method of claim 1, wherein classifying the received responses comprises

classifying the received responses as positive if the user makes a purchase.

The method of claim 1, wherein classifying the received responses comprises
classifying the received response as negative if the user does not respond to

the invitation within a certain time.

The method of claim 1, wherein creating a training set of vectors for one or
more pilot users further comprises:
stratifying the pilot users based on classified responses; and

randomly sampling the stratified pilot users.

The method of claim 1, wherein creating a training set of vector pairs further

comprises:

selecting a first set of pilot users;

selecting a second set of pilot users;

determining a scalar based on a number of pilot users in the first set and a
number of pilot users in the second set; and

multiplying each vector pair representing pilot users in the first set by thé

scalar.

The method of claim 17, wherein the scalar is about equal to a number of pilot

users in the second set divided by a number of pilot users in the first set.

24



WO 2009/023067 PCT/US2008/008137

19.

20.

21.

22.

The method of claim 17, wherein the first set of pilot users is selected from
pilot users providing a positive response and the second set of pilot users is

selected from pilot users providing a negative response.

The method of claim 17, wherein the first set of pilot users is selected from
pilot users providing a positive response and the second set of pilot users is

selected from a random sample of all pilot users.

The method of claim 17, wherein the first set of pilot users is selected from
pilot users providing a positive response and the second set of pilot users is

selected from a random sample of pilot users providing a negative response.

The method of claim 1, wherein sending the invitation to a pilot user

comprises embedding the invitation into a personal web page.
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http i callegehurnor.cornfvi...
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those voice over guys are.

Add a comment
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