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(57) ABSTRACT 

Systems and methods for predicting characteristics of a web 
user, determining a combination of websites to obtain a target 
demographic mix, determining a set of keywords to buy to 
obtain a target demographic mix, selecting websites from 
market research and designing websites to appeal to an audi 
ence with desired demographic characteristics. Systems and 
methods may include determining features of web-pages of 
ad-carrying, target websites, applying prediction models to 
the determined features of the ad-carrying, target websites to 
predict values of demographic attributes of the ad-carrying, 
target websites, receiving one or more inputs including a 
target demographic mix, receiving a number that indicates an 
amount of visitors of the ad-carrying, target websites, and 
determining a combination of websites that provide target 
demographic mix based on the predicted values of the demo 
graphic attributes and number of visitors of the ad-carrying, 
target websites. 
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METHOD AND SYSTEM FOR CONTENT 
BASED DEMOGRAPHCS PREDICTION FOR 

WEBSITES 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

0001. The present application claims priority under 35 
U.S.C. 119(e) of U.S. Provisional Patent Application No. 
61/139,422, filed on Dec. 19, 2008, and U.S. Provisional 
Patent Application No. 61/233,789, filed on Aug. 13, 2009, 
the disclosures of which are expressly incorporated by refer 
ence herein in their entirety. 

BACKGROUND 

0002 Demographics play an important role in web adver 
tising, web searching and generally the personalization of 
web applications. Applications like web search engines might 
adjust the ranking of search results based on the demographic 
attributes of a user like age, gender and occupation. Another 
important domain where demographics play an important 
role is online advertising. With the growth of web usage, 
online advertising is growing rapidly in recent years. In par 
ticular, contextual advertising is becoming popular. Behavior 
targeting using demographic attributes helps advertisers to 
target specific users with demographic relevant advertise 
mentS. 

0003. One approach to obtain demographics of a website 
is through panel studies similar to that of TV program rating. 
In this approach, panels with known demographic informa 
tion are recruited and their browsing histories are recorded. 
These browsing histories of panels with different demo 
graphic attributes are used to compute demographics of web 
sites. However, this approach requires impractically large 
sizes of panels to guarantee any reasonable coverage of web 
sites. Additionally, if a site is not visited by any of the panels, 
then the demographics of the website cannot be estimated. 
0004 Another approach to obtain demographics of a par 

ticular website is by using information provided by that web 
site's registered visitors or by asking some of its visitors to 
participate in online Surveys. These techniques capture infor 
mation only about the limited subset of visitors that have 
chosen to register and/or participate in the Surveys. In addi 
tion, since not all segments of a website's visitors are equally 
likely to participate in the above activities, the resulting infor 
mation is Subjected to a sampling bias. Furthermore, since 
each individual can potentially register and/or take the Sur 
veys multiple times, the demographics obtained via this 
approach may not be accurate. Additionally, since the infor 
mation provided by the visitors during registration or during 
their participation in Surveys can potentially be used to 
describe and/or identify them, their use for any other purpose 
other than the one intended, represents a potential intrusion 
upon a user's expectation of privacy. 
0005. Another approach is to build a computational or 
statistical model to predict a website's demographic informa 
tion. The existing approaches for building Such models use 
data obtained by tracking users' browsing behavior across 
different websites, information about the content of the web 
pages that the users visit, and information associated with the 
users’ profile. The profile of a user (or a group of users) is 
often constructed by integrating various elements across dif 
ferent websites and contains information related to any data 
provided during registration, web-pages viewed, products 
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purchased, advertisement clicked, etc. With the growing con 
cern regarding privacy on the Internet, people are reluctant to 
share their personal data, and therefore, the applicability of 
existing approaches relying on Such personal data can be 
limited. 
0006. Due to the combination of the above factors, and 
other factors, the methods in use today for characterizing the 
audience characteristics of websites are limited in their accu 
racy, their ability to cover a large number of websites with 
substantial audience traffic, and the failure to protect a user's 
right to information privacy. 

SUMMARY 

0007 Systems and methods provide many advantages 
over the prior art. Embodiments include a system and method 
of predicting characteristics of a user. Such a system or 
method may receive current online session browsing history 
of a user. The browsing history identifies websites visited by 
a user during current online session and the identified web 
sites include known websites and unknown websites. The 
system or method may further retrieve known demographic 
attributes data of known websites included in identified web 
sites, determine features of web-pages of unknown websites, 
and apply prediction models to the determined features of the 
unknown websites to predict values of unknown demo 
graphic attributes of the unknown websites. 
0008 Embodiments further include a system and method 
of determining a combination of websites to obtain a target 
demographic mix. The system or method may determine 
features of web-pages of target websites, apply prediction 
models to the determined features of the target websites to 
predict values of demographic attributes of the target web 
sites, receive one or more inputs including a target demo 
graphic mix, receive a number that indicates an amount of 
visitors of the target websites, and determine a combination 
of websites that provide target demographic mix based on the 
predicted values of the demographic attributes and number of 
visitors of the target websites. 
0009 Embodiments further include a system and method 
of determining a set of keywords to buy to obtain a target 
demographic mix. The system or method may receive one or 
more inputs including a target demographic mix, identifies 
one or more sets of website combinations to reach the target 
demographic mix, and analyzes a Subset of web-pages of the 
one or more sets of website combinations to determine a set of 
terms that occur in the web-pages. The identifying identifies 
the one or more sets of website combinations using extracted 
features of web-pages to predict demographic attribute val 
CS. 

0010. Likewise, embodiments include a system and 
method of selecting websites from market research. The sys 
tem or method may receive one or more inputs including a 
target demographic mix, determine features of web-pages of 
target websites, apply prediction models to the determined 
features of the target websites to predict values of demo 
graphic attributes of the target websites, receive a number that 
indicates an amount of visitors of the target websites, and 
determine a combination of websites that provide target 
demographic mix based on the predicted values of the demo 
graphic attributes and number of visitors of the target web 
sites. 
0011 Additionally, embodiments include a system and 
method of designing websites to appeal to an audience with 
desired demographic characteristics. The system or method 
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may include receiving set of desired values for one or more 
demographic attributes and determining a correlation 
between one or more features of web-pages and set of training 
websites that have desired values for the one or more demo 
graphic attributes. The determining includes identifying com 
bination of features that would result in a prediction of the 
desired values and the method designs a website to include 
the identified combination of features. 

DESCRIPTION OF THE DRAWINGS 

0012. The detailed description will refer to the following 
drawings, wherein like numerals refer to like elements, and 
wherein: 
0013 FIG. 1 is a flowchart illustrating an embodiment of a 
method of making content-based demographic predictions 
for websites. 
0014 FIGS. 2A-2E are flowcharts illustrating an embodi 
ment of a method of determining website content that may be 
used in embodiments of systems and methods of making 
content-based demographic predictions for websites. 
0015 FIGS. 3A-3C are flowcharts illustrating an embodi 
ment of a method of developing a prediction model that may 
be used in embodiments of systems and methods of making 
content-based demographic predictions for websites. 
0016 FIG. 4 is a flowchart illustrating an embodiment of a 
method of applying a prediction model to predict a demo 
graphic attribute of a website that may be used in embodi 
ments of systems and methods of making content-based 
demographic predictions for websites. 
0017 FIG. 5 is a block diagram illustrating an embodi 
ment of a system for making content-based demographic 
predictions for websites. 
0.018 FIG. 6 is a flowchart of an embodiment of a method 
of predicting characteristics of a user, utilizing embodiments 
of the systems for and methods of making content-based 
demographic predictions for websites. 
0019 FIG. 7 is a flowchart of an embodiment of a method 
of determining a combination of websites to reach users that 
have a desired or target mix of demographic attribute values, 
utilizing embodiments of the systems for and methods of 
making content-based demographic predictions for websites. 
0020 FIG. 8 is a flowchart of an embodiment of a method 
of identifying keywords to buy to obtain a target demographic 
mix, utilizing embodiments of the systems for and methods of 
making content-based demographic predictions for websites. 
0021 FIG.9 is a flowchart of an embodiment of a method 
of selecting websites for market research, utilizing embodi 
ments of the systems for and methods of making content 
based demographic predictions for websites. 
0022 FIG.10 is a flowchart of an embodiment of a method 
of designing websites to appeal to an audience with desired 
demographic characteristics, utilizing embodiments of the 
systems for and methods of making content-based demo 
graphic predictions for websites. 
0023 FIG. 11 is a diagram of an embodiment of a com 
puterized system for implementing embodiments of the sys 
tems for and methods of making content-based demographic 
predictions for websites. 

DETAILED DESCRIPTION 

0024 Described herein are systems for and methods of 
making content-based demographic predictions for websites. 
Embodiments predict demographic attributes of websites 
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based solely on the content of the websites. As used herein in 
embodiments of the systems and methods, a website's content 
may include many features that may be extracted from the 
website's web-pages, including the textual features of the 
website's web-pages, the structural features of the website's 
web-pages, the type and category of the website, the intra 
and inter-web-page and website linkage structure, the fea 
tures of web-page(s) and website(s) linked to by the website's 
web-pages, the hyper-text markup language (“HTML') of the 
website's web-pages, the HTML of a subset of the web-pages 
that link to the website's web-pages (in-links) (both from the 
same website or different websites), and the HTML of the 
web-pages that are linked by the website's web-pages (out 
links). The predicted demographic attributes of a website are 
the expected demographic attributes of the users of the web 
site, typically expressed as a percentage of users that have a 
particular demographic characteristic or fall within a particu 
lar demographic (e.g., a prediction that 55% of a website's 
users will be male, 45% female). Note, throughout this appli 
cation, the persons that visit a website or a web-page are 
referred to as users, visitors, people, persons, audience, and in 
other manners. It is to be understood that these terms are used 
interchangeably and should be understood to mean the per 
sons, whether individually or collectively and in the broadest 
sense, that access one or more web-pages of a website or a 
specific web-page, e.g., via navigating to the URL of the 
web-page(s) on an Internet browser on a computer, mobile 
device, etc. 
0025 Embodiments avoid disadvantages of the prior art, 
including without limitation the prior art disadvantages of 
relying on or requiring the use of data obtained directly or 
indirectly from the visitors of a website to predict the demo 
graphic attributes of the website. Instead, the systems and 
methods predict the demographic attributes of websites using 
only the content of the web-pages of the websites and without 
using the browsing behavior or browsing history of the web 
sites’ visitors or the visitors’ click-through data. 
0026. Any demographic attribute may be predicted using 
embodiments of the systems and methods described herein. 
Gender, age distribution, income distribution, nationality, 
language, etc., are all examples of demographic attributes that 
may be predicted. Even though the systems and methods 
described herein may be used to predict a wide range of 
demographic attributes, examples provided herein focus on 
methods to predict the gender and age distribution of a web 
site's audience/users. As used herein, the gender attribute 
specifies the male and female percentages of a website's 
audience, whereas the age attribute provides a break-down of 
a website's audience in different age groups. Table 1 below 
shows the five age groups that used in the examples provided 
herein. 

TABLE 1 

Age Group 

Group Name Age (in years) 

Kid 3-12 
Teen 13-17 
Young Adult 18-34 
Adult 35-49 
Old 50 

0027 Embodiments of the system and method for predict 
ing a website's demographic attributes follow a Supervised 



US 2010/01 6 1385 A1 

learning framework. Within this framework, a set of websites 
with known demographic attributes are used as a training set, 
a set of features for these websites or for a subset of the 
web-pages wherein is extracted, and a model is learned or 
developed to predict the demographic attributes of a website 
based on these features. Features for the training websites and 
for the websites or web-pages whose demographic attributes 
are being predicted (target websites or web-pages) are 
extracted from the content of the web-pages of these web 
sites. The prediction model is applied to the extracted fea 
tures, in effect comparing features of target websites or web 
pages to features from training websites and predicting 
demographic attributes based thereon. 
0028. A key characteristic of the underlying prediction 
problem is that demographic attributes that need to be pre 
dicted are probability distributions that take a discrete set of 
values. This is different from most traditional value estima 
tion problems that focus on building models to estimate a 
single value. Note that for those demographic attributes that 
take only two values (e.g., gender), the distribution prediction 
problem can be transformed to a single-value prediction prob 
lem, by predicting only one of the two values and estimating 
the other from that prediction. For example, if X % is the 
percentage of a website's audience that is male, then the 
percentage of the female audience can be estimated as (100-X) 
%. 

0029 Embodiments of the system and method may per 
form two overall activities. First, embodiments may use stan 
dard regression-based techniques to estimate each discrete 
value of a demographic attribute by treating the prediction 
problem as an independent single-value estimation problem. 
In embodiments, prediction models may be generated, e.g., 
using regression-based techniques, and then predictions gen 
erated by inputting target website content features into the 
prediction models. The prediction models may be generated 
using various techniques, including without limitation Sup 
port vector regression, linear regression, logistic regression, 
non-linear regression, nonparametric regression, probabilis 
tic estimations and Markov random fields. 
0030 Second, embodiments may use these individual pre 
dictions as input to a second learning problem whose goal is 
to estimate the overall distribution of the demographic 
attribute. In these embodiments, the individual models may 
be estimated using regression-based techniques (e.g., Support 
vector regression), whereas the individual estimations may be 
coupled using an approach that is designed to predicta multi 
dimensional vector Such as the matrix approximation, as 
described below. 

0031. In embodiments described herein, the prediction 
models are generated using Support vector regression (SVR). 
Support vector machines (SVMs) are an implementation of 
SVR that may be used to generate prediction models. A 
specific implementation of SVM, known as “SVMlight may 
be used to generate the prediction models and predict the 
demographic attribute values in embodiments. Such an 
implementation is described in, e.g. http://SVmlightjoachims. 
org/. See also, e.g., Joachims, T., Text Categorization with 
Support Vector Machines Learning with Many Relevant Fea 
tures, In Proceedings of the 10th European Conference on 
Machine Learning (ECML), Chemnitz, Germany, 137142 
(1998), which is incorporated by reference herein, for a gen 
eral description of SVM. 
0032. With reference now to FIG. 1, illustrated is an 
embodiment of a method 10 of making content-based demo 
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graphic predictions for websites. Method 10, and the other 
methods described herein, may be a computer-implemented 
method. Accordingly, the steps of method 10, and the other 
methods described herein, or a subset of those steps, may be 
executed by a computer. The computer may be a general 
purpose computer that includes a processor and memory that 
runs a computer program or other set of instructions that may 
be stored in the memory and programmed to perform the 
method steps when executed by the processor. The computer 
may be a special purpose specifically programmed to perform 
the method(s) described herein. 
0033 Method 10 identifies and selects websites with 
known demographic attributes, block 102. The websites with 
known demographic attributes may be thought of or referred 
to as training websites. The content of a subset of the web 
pages from these training websites, and the training websites 
demographic attributes data, are used by method 10 to 
develop the prediction model. The training websites may be 
identified based on input from a user, automated analysis of a 
set of websites with known demographic attributes received 
from commercial providers of such data for websites (includ 
ing, for example, without limitation, Nielson Online (see 
http://en-us.nielsen.com/tab/product families/nielsen ne 
tratings), Alexa (see www.alexa.com/topsites), Quantcast 
(see http://www.quantcast.com) and Comscore (see http:// 
www.comScore.com)), a combination of these or other man 
ners. The training websites for use in method 10 may be 
selected based on various factors, such as size of a website's 
audience, the website's gender or age (or other demographic) 
distribution (e.g., to attempt to achieve a balance of training 
websites), the reliability, if known, of demographic attributes 
data, etc. For example, method 10 may select a group of 450 
websites, with a balanced distribution of gender and age 
demographics, of the top 2000 most visited websites provided 
by a commercial provider or providers of website demo 
graphic attributes data. 
0034. If not already gathered or obtained as part of select 
ing 102 the training websites (e.g., if training websites were 
selected at least in part based on actual demographic distri 
butions, then such demographic attributes may have been 
fetched as part of selecting 102), the demographic attributes 
data of the identified and selected training websites is gath 
ered or obtained, block 104. The demographic attributes data 
may be gathered or obtained from various sources; for 
example, the demographic attributes data may be obtained 
from commercial providers of demographic data for websites 
Such as Nielson Online, Alexa, Quantcast, and Comscore. 
The demographic attributes data may include data for just one 
demographic attribute. Such as age, or for a plurality of demo 
graphic attributes. 
0035 Method 10 determines features of web-pages of the 
training websites from the content of the web-pages, block 
106. In embodiments, determining 106 may obtain the con 
tent of the web-pages and then extract features from the 
obtained content. Different features may be extracted from 
the same content. As noted above, a website's content may 
encompass many features that may be extracted from the 
web-pages of the website. 
0036. In embodiments, web-page features include a plu 
rality of types of web-page features that may be extracted 
from the training website web-pages. The determining 106 
may determine features from all or a Subset of the web-pages 
of the training websites. One such feature captures a web 
page's textual content (e.g., terms), while another feature 
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captures the web-page's structure (e.g., organization, style, 
sections (e.g., forums, FAQs, etc.)). Other features that may 
be determined include the type and category of the website 
(e.g., corporate site, entertainment site, issue site, shopping 
site, social networking site, blogging site, health site, etc.), the 
intra- and inter-web-page and website linkage structure (e.g., 
links between web-page sections, links between the web 
page and another web-page for the same website, links 
between the web-page and a web-page of another website), 
the features of the web-page(s) and website(s) linked to by the 
web-page, the HTML of the website's web-pages, the HTML 
of a subset of the web-pages that link to the website's web 
pages (in-links) (both from the same website or different 
websites), and the HTML of the web-pages that are linked by 
the website's web-pages (out-links). In embodiments, a web 
graph including the training websites and websites with web 
pages in-linked or out-linked from training website web 
pages may be generated. A web graph is a set of vertices u and 
V and edges, the vertices corresponding to websites and one of 
the edges being a directed edge (u, v) between two websites if 
there are web-pages in the website corresponding to vertex u 
that link to web-pages in the website corresponding to vertex 
V. Websites that are linked to by training websites, or which 
link to training websites, may be referred to as web-graph 
neighbors of the training websites. In embodiments described 
herein, these features are determined entirely by analyzing 
the web-pages themselves and do not rely on any information 
about the users visiting the corresponding web-pages and 
websites. This is done by design, as one of the primary fea 
tures of embodiments of the systems and methods is the 
accurate prediction of the demographic characteristics of a 
website's audience without relying on any data that directly or 
indirectly intrudes on the website's users’ private informa 
tion. The determination 106 of the content is described in 
more detail below. 

0037. The content of the web-pages may be obtained using 
a web-page crawler, robot or similar feature extraction tool or 
process, such as, e.g., the Heritrix Crawler (see crawler.archi 
ve.org). The same or other tools may extract the desired 
features from the obtained content. The content that may be 
obtained by the web-page crawler or other tool may include 
the in-linking and out-linking features described above. For 
example, a web-page crawler or other tool may identify links 
to other web-pages from a training website web-page, follow 
the links to the linked web-pages, and obtain the HTML from 
the linked web-pages and extract different features from this 
HTML. The web-page crawler may also obtain in-linking 
features in a similar manner. 

0038. Using the determined features and obtained demo 
graphic attributes, the prediction model is developed, block 
108. In embodiments, SVR is used to develop a function f (a 
prediction) given the following inputs: the determined fea 
tures of a Subset of the web-pages of the training websites, a 
web-graph that contains both the training websites and other 
websites that are not part of the training set, and the obtained/ 
gathered demographic attribute(s) data of the training web 
sites. The function f will predict/estimate the demographic 
attribute(s) of a website (or web-page). During prediction, the 
function f (the prediction model) will predict/estimate a dis 
crete value demographic attribute of a target website (or web 
page) based on the input of the determined content of the 
target website(s) (or web-page(s)). Developing the prediction 
model and using it to predict/estimate a demographic 
attribute are described in more detail below. 
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0039. With continuing reference to FIG. 1, method 10 
identifies a website or websites with unknown demographics 
for demographic prediction, block 110. The unknown or tar 
get website or websites may be identified for demographic 
prediction for a variety of reasons. For example, an advertiser 
may want to obtain a demographic prediction for a website to 
determine whether an advertisement on the website would 
likely reach an audience with the desired demographics. Once 
the target website or websites are identified, the content of 
web-pages of the target website (or websites) is determined 
and the set of features for these web-pages is determined/ 
extracted from their content, block 112. Method 10 may 
determine 112 the same web-page features as determined for 
the web-pages of the training websites, or a Subset thereof. 
Likewise, the determining 112 may only extract features from 
a Subset of a target website's web-pages. After determining 
112 the features of a subset of the web-pages of the target 
websites, method 10 applies the prediction model to the deter 
mined features of the target website's web-pages to predict 
the demographics of the target website, block 114. 
0040. With reference now to FIGS. 2A-2E, illustrated is an 
embodiment of a method 200 of determining/extracting fea 
tures of a web-page from the web-page content that may be 
used in embodiments of systems and methods of making 
content-based demographic predictions for websites. Deter 
mining 106, 112 the features of the web-pages of the training 
and target websites may include performing all or a portion of 
the embodiment of method 200 illustrated in FIGS 2A-2E. 
Likewise, method 200 illustrated in FIGS. 2A-2E may be 
repeated for all or a Subset of the web-pages of each training 
and target website. As described above, method 200 may 
determine various web-page features, including, without 
limitation, textual features, structural features, type and cat 
egory of the web-page, the intra- and inter-web-page and 
website linkage structure, and the content-derived features of 
the web-page(s) and website(s) linked-to and linked-by the 
web-page (i.e., web-graph neighbors), etc. 
0041. With reference to FIG. 2A, method 200 determines 
the textual features of a web-page. To determine the web 
page's textual features, embodiments of method 200 retrieves 
terms from the web-pages, block 202, and generates a repre 
sentation of those terms, block 204. The retrieved terms may 
include terms that appear on the web-pages, terms that appear 
in the web-pages that link-to these web-pages, and terms that 
appear in the web-pages that are linked-by the web-pages. 
The retrieving 202 may use known processes and/or tools to 
scan the web-pages and extract/retrieve the terms from the 
web-pages. Generating 204 may include generating a repre 
sentation of the retrieved terms using a vector-space model 
for information retrieval, Such as the popular vector-space 
model from information retrieval described in Ricardo 
Baeza-Yates and Berthier Ribeiro-Neto, Modern Information 
Retrieval. Addison-Wesley Longman Publishing Co., Inc., 
Boston, Mass., 1999, which is hereby incorporated by refer 
ence. In this model, each web-page is represented as a sparse 
term vector in the space of the distinct terms that exist in the 
collection. The non-zero entries of that term vector corre 
spond to the terms that are present in the web-page. Each 
non-Zero entry may be equal to the number of occurrences of 
a corresponding term in the web-page. 
0042 Method 200 may apply a weight to the retrieved 
terms, block 206. Method 200 may use a standard Term 
Frequency Inverse Document Frequency (TF-IDF) term 
weighting scheme that assigns a weight to each term that is 
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linearly related to the term's occurrence frequency in the 
web-page and inversely related to the number of web-pages in 
the website on which the term occurs, to weigh 206 the 
retrieved terms. The TF-IDF term weight is a statistical mea 
Sure used to evaluate how important a word is to a document 
(e.g., a web-page) in a collection or corpus (e.g., all of the 
web-pages in the website). For each term, the term frequency 
is the number of times that word appears in a web-page, 
whereas the term's document frequency is the number of 
web-pages in which the term occurs. The importance 
increases proportionally to the term's term frequency but is 
offset by the term's document frequency (i.e., terms that 
appear in many web-pages become less important). In an 
embodiment of this method, the size of the document collec 
tion (i.e., web-pages) used in the IDF component when deter 
mining 106 the content of the training websites is equal to the 
number of web-pages across the entire set of training web 
sites. In another embodiment, the size of the document col 
lection is normalized so that each website contributes an 
equal weight to the overall collection. The normalization may 
be done by assigning a weight to each web-page of the ith 
website that is 1/n, where n, is the number of web-pages from 
the ith website that exist in the collection. 

0043. With continuing reference to FIG. 2A, method 200 
may process the retrieved terms, block 208. For example, 
following standard information retrieval practices, the 
retrieved terms may be processed 208 to eliminate terms and 
transform terms. Processing 208 may use a stop list to elimi 
nate certain unimportant words and use Porter's stemming 
algorithm to transform each term to its stem. Likewise, in 
order to reduce the dimensionality of the feature space and 
improve the generalization of resulting models, processing 
208 may further eliminate terms that occur in less than a 
certain percent, e.g., ten percent (10%), of the total number of 
web-pages. If a vectorspace model is used to model the terms 
ofa web-page, the web-page's terms are represented as a term 
vector, method 200 may also normalize the web-page's term 
vector to be of a unit length, block 210. A term vector may be 
normalized to a unit length by dividing all of the components 
(all of the non-zero entries representing present terms not 
eliminated by processing 208) by the original length of the 
term vector. The normalized term vector may be referred to as 
the T representation of the web-page. 
0044. A challenge associated with extracting the textual 
features of modern web-pages is that in addition to the por 
tions of the web-pages that contains information specific to 
those web-pages, web-pages also contain additional informa 
tion that is irrelevant to the information that they provide. 
Such examples include but are not limited to headers, footers, 
navigation panels, and advertisements. Quite often, the por 
tion of a web-page's text and HTML elements that is directly 
related to the web-page's specific information is much 
smaller than that occupied by the irrelevant portions. To 
address this problem, embodiments of method 200 of deter 
mining the web-page textual features may identify a web 
page's specific information by collectively analyzing the 
entire set of web-pages that were obtained from the same 
website, determining the irrelevant information or form 
HTML elements and removing the irrelevant information or 
form HTML elements from consideration. 

0045. With reference now to FIG.2B, shown is an embodi 
ment of a method of determining irrelevant or form content of 
website, which may be included as part of method 200. The 
method of determining irrelevant or form content of website 
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is related to template identification methods used by web 
search engines to determine parts of web-pages that the web 
search engine indexes. See, e.g., D Chakrabarti, R Kumar, K 
Punera, Page-level Template Detection via Isotonic Smooth 
ing, Proceedings of the 16th International Conference on 
World WideWeb, 2007, pp 61-70, which is hereby incorpo 
rated by reference. Given a set of web-pages that belong to the 
same website, the method may construct a Document Object 
Model (DOM) tree of all the web-pages in the website, block 
222 (other representations of web-pages may be used instead 
of DOM trees; the DOM tree representation enables a method 
to easily compare web-pages to determine common, repeti 
tive terms). The DOM is an application programming inter 
face (API) for valid HTML and well-formed XML docu 
ments (e.g., web-pages). DOM defines the logical structure of 
documents and the way a document is accessed and manipu 
lated. In the DOM, documents have a logical structure that is 
represented via a rooted tree. For instance, consider this table, 
taken from an HTML document: 

TABLE 2 

HTMLTABLE 

<TABLEc 
<TBODY> 
<TR> 
<TD>Shady Grove-/TD> 
<TD>Aeolian-FTD> 
<FTR 
<TR> 
<TD>Over the River, Charliex TD 
<TD>Doriank, TD 
<FTR 
<FTBODY> 
<FTABLEc 

A graphical representation of the DOM of the example table 
is: 

Shady Grove Over the River, 
Charlie 

DOM TREE 

After constructing 222 a DOM tree, similar to the DOM tree 
shown above, for all the web-pages on the website, the 
method may analyze the DOM trees, block 224, and elimi 
nates all the paths from the leaves to the root of the DOM tree 
that occur in some defined number (e.g., at least ten (10)) or 
percentage (e.g., five percent (5%)) of the DOM trees (i.e., in 
the defined number of web-pages on the website), block 226. 
The motivation behind this approach is that elements of each 
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web-page that are common across different web-pages will 
correspond to non-web-page specific content, such as web 
page template terms, and, therefore, may be eliminated. By 
eliminating paths from the leaves to the root of the DOM tree, 
Such text that is common and not web-page specific text may 
be eliminated. A sufficiently high-defined number or percent 
age is used to avoid inadvertently eliminating relevant terms. 
The text associated with the leaf nodes of a web-page's DOM 
tree that are not pruned, and the terms within that text, may 
then be used to generate 204 the term vector T of the web 
page's vector-space representation, as illustrated in FIG. 2A. 
0046. In addition to the above web-page-specific textual 
content, embodiments of method 200 of determining web 
page features may also use the semi-structured nature of 
HTML documents to emphasize terms that occur in certain 
HTML tags on the web-pages. With reference now to FIG. 
2C, shown is an embodiment of a method identifying relevant 
web-page HTML tag terms, which may be included as part of 
method 200. Embodiments of the method identifying relevant 
web-page HTML tag terms may focus on the title and section 
defining tags (header tags) (i.e., the TITLE and H1-116 tags, 
respectively of HTML documents) and separately models the 
terms that these tags contain (e.g., as a separate term vector). 
Accordingly, method of identifying relevant web-page 
HTML tag terms extracts terms from title and section defining 
tags of each web-page, block 232, and generates a represen 
tation of these terms, e.g., as a term vector in the vector-space 
model, block 234. Method of identifying relevant web-page 
HTML tag terms may further apply a weighting to the tag 
terms in the term vector, e.g., using the TF-IDF weighting 
scheme to determine the weights of each term, block 236. The 
resulting term vector may be normalized to be of unit length, 
block 238. This normalized tag term vector may be referred to 
as the H representation of the web-page tag terms. In embodi 
ments, the title and header tags are extracted only from the 
parts of the web-page's DOM tree that are not pruned. In 
embodiments, each web-page may be represented as the con 
catenation of the original term and this new (tag term) repre 
sentations (e.g., term vectors). As such, a web-page's textual 
features may be obtained by concatenating the original term 
representation, e.g., term vector T, and the tag term represen 
tation, e.g., term vector H, block 240. The concatenated term 
vectors may be referred to as the TH representation of the 
web-page. In embodiments, the relative importance of the 
two components may be controlled by multiplying the T and 
H vectors with non-Zero weights prior to concatenation. The 
greater the weight used to multiply the vector, the greater the 
vector's importance. 
0047. In addition to determining textual features of web 
pages, determining web-page features according to embodi 
ments of systems and methods of making content-based 
demographic predictions for websites may also include deter 
mining structural features of the web-pages. Specifically, sys 
tems and methods of making content-based demographic 
predictions for websites may also extract features from web 
pages of a website that capture the web-page structure by 
focusing, among others, on characteristics that relate to the 
web-page's style and organization. In embodiments, the 
structure of each web-page may be measured in terms of the 
web-page's visual appearance. The visual appearance of a 
web-page greatly influences the way a user interacts with the 
web-page and the type of users that the web-page attracts. As 
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a result, the existence of certain structural elements can pro 
vide valuable clues as to the demographics of a web-page's 
users (or its indented users). 
0048. Accordingly, with reference now to FIG. 2D, illus 
trated is an embodiment of a method of determining the 
structural features of a web-page, which may be included as 
part of method 200 or performed separately. Determining 
106, 112 the features of the training and target web-pages may 
include performing all or a portion of the embodiment of 
method illustrated in FIGS. 2D. As shown, method of deter 
mining the structural features of a web-page may include 
extracting the number of different visual blocks in the web 
page, block 252, extracting the number of hyperlinks in the 
web-page, block 254, extracting the number of images in the 
web-page, block 256, extracting the number of menus/lists in 
the web-page, block 258, and extracting the number of para 
graphs in the web-page, block 260. The method may extract 
this information by counting the corresponding HTML tags 
like DIV, TABLE, H1-H6, A, IMG, LI, etc. 
0049 Embodiments of method of determining the struc 
tural features of a web-page extract these features from the 
entire web-page and not only from the portions of the web 
page that were used to derive textual features (e.g., see FIG. 
2B). In embodiments, these structural features are used as 
additional features to augment the term-vectors extracted 
from the web-page's specific content. Consequently, method 
of determining the structural features of a web-page may also 
include creating a representation of these structural features, 
e.g., a vector that includes the extracted structural features, 
block 262, normalizing the structural feature vector (which 
may be referred to as the S vector) to be of unit length, block 
264, and appending the normalized structural feature vector S 
to the vector of the web-page's THrepresentation, block 266. 
The combined web-page feature vector may be referred to as 
the THS representation of the web-page. 
0050. Other content features of a web-page may also be 
determined by embodiments described herein. For example, 
embodiments may determine the type and/or category of a 
web-page. Such information may be determined from third 
party services that categorize websites or web-pages, from 
metadata, web-page title or other textual features on the web 
page orthrough other techniques known to those of skill in the 
art. In addition, embodiments may determine additional fea 
tures for a web-page by analyzing the content of the web 
pages that link-to that web-page or the web-pages that are 
being linked-by the web-page. These features may be textual 
features extracted by using method 200 of FIG. 2A or any of 
the other types of features described earlier. Embodiments 
may extract the textual or other features of the web-pages that 
link-to or are linked-to by the web-page for which the features 
are determined by analyzing the text that appears in the vicin 
ity of the hyperlink(s) that link-to the web-page whose fea 
tures are determined. These additional feature vectors may be 
appended to the feature vector of the entire website (e.g., 
S. see below) or separately to the feature vectors of the 
web-pages (e.g., to the THS vector). Different weights can be 
assigned to the different feature vectors prior to concatenation 
in order to control the relative importance of the different 
types of features. Embodiments of the method may also use 
Some of these features (e.g., the type and/or category) to 
determine the prediction model. 
0051. With reference now to FIG. 2E, method 200 is 
shown to include determining website in-linked and out 
linked websites, block 282. Determining 282 may be per 
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formed by using a web-crawler or other tool to determine 
websites, or a Subset thereof, that have web-pages linking to 
a web-page(s) (in-links) of the websites (e.g., training and/or 
target). Determining 282 may also extract out-links from the 
websites web-pages or subset thereof. Method 200 may fur 
ther build a web-graph of the websites and the in-linked and 
out-linked websites, block 284. Collectively, such in-linked 
and out-linked websites may be referred to as web-graph 
neighbors of the websites. Method 200 may further extract 
content features of web-pages of the web-graph neighbor 
websites, block 286, e.g., as described above with reference 
to FIGS. 2A-2D. Method 200 may link the extracted features 
to the web-graph, block 288. 
0052. With reference now to FIG. 3A, shown is an 
embodiment of a method 300 of developing a prediction 
model. As described above, embodiments of the systems and 
methods described herein use the extracted features of a sub 
set of the web-pages of the training websites and the obtained 
demographic attribute(s) data for the training websites to 
develop a prediction model. Each prediction model may be 
for a single demographic attribute or a plurality of demo 
graphic attributes. Likewise, prediction models may be devel 
oped for one or more values of the demographic attribute or 
attributes. In the embodiment described with reference to 
FIG. 3A, the prediction model is for a single demographic 
attribute and a single value of that demographic attribute. The 
prediction models may be developed through regression, 
such as through SVR. When such a regression model is devel 
oped for a single value of a multi-valued demographic 
attribute (e.g., the child value of the age attribute—see Table 
1), embodiments include methods for combining Such single 
value regression models (referred to as uni-variable regres 
sion models) in order to predicta distribution for the multiple 
values. 

0053 Developing 108 a prediction model, as seen in FIG. 
1, may include performing all or a portion of the steps of 
method 300. Method 300 may determine a demographic 
attribute, or attributes, for which to develop prediction model, 
block 302, and may determine a discrete value (e.g., kids, 
male, etc.) of the determined demographic attribute for the 
prediction model, block 304. Using the extracted/determined 
feature vectors and the obtained demographic attribute(s) of 
the training websites, method 300 develops a prediction 
model for the determined discrete value(s) of the determined 
demographic attribute(s), block 306. In embodiments 
described herein, the prediction model is a function that pro 
vides a prediction p of the determined discrete demographic 
attribute value based on a website (or web-page) having cer 
tain content (e.g., having certain textual features and/or struc 
ture features as described above). The content of the web 
pages or a subset of the web-pages for the website for which 
the prediction is to be made may be extracted 106 from the 
web-pages in the same or similar manner as described above 
in FIGS. 2A-2D and then input into the prediction model 
function. The resulting prediction may be a probability that a 
website's users have the determined discrete demographic 
attribute—e.g., the probability that a website user is a kid (see 
Table 1). 
0054 The prediction model for the determined discrete 
demographic attribute value may be developed 306 using a 
regression approach, such as SVR, to estimate a regression 
model for the determined discrete demographic attribute 
value, as described above. The regression model may be 
estimated based on the content representations of the training 
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websites (e.g., THS feature vectors or a subset thereof (e.g., 
only the T. H., or S vectors, or a combination of two of these 
vectors)). Likewise, embodiments of the systems and meth 
ods of making content-based demographic predictions may 
build 306 the prediction models using as training instances 
the training websites or the individual web-pages of the train 
ing websites. These two types of models will be referred to as 
website-level models and web-page-level models, respec 
tively. 
0055 With reference now to FIG.3B, shown is an embodi 
ment of a method 350 developing website-level prediction 
models. The developing 306 may perform method 350 to 
build a website-level prediction model. Combined web-page 
feature representations determined from training website 
web-page content may be used to develop website-level pre 
diction models. Likewise, combined web-page feature repre 
sentations determined from target website web-pages may be 
input into Such models to predict demographic attribute val 
CS. 

0056. Embodiments that develop 306 website-level pre 
diction models may compute the feature representation for a 
training website by combining the feature representations 
gathered, e.g., by embodiments described with reference to 
FIGS. 2A-2D for the selected subset of the web-pages of that 
training website. Consequently, as shown, embodiments of 
method 350 may include repeating the above-described steps 
(e.g., blocks 202-266) for each web-page (or each web-page 
of a selected subset of web-pages) of the training website 
(e.g., or target website) to generate feature representations, 
e.g., feature vectors THS, or a subset thereof, for each of the 
web-pages, block 352. Certain web-pages (e.g., a home web 
page) of a website may be considered more relevant or more 
valuable for predicting demographic attributes. Conse 
quently, the feature vectors of web-pages may be weighted 
based on their determined relevance or value, block 354. Such 
weighting would affect the summing of the feature vectors for 
the entire website. Method 350 sums the feature representa 
tions, e.g., normalized feature vectors (e.g., THS), of the 
constituent web-pages (or subset thereof) of the website, 
block 356. For example, when the THS features are used to 
represent each web-page, the feature vector for the ith website 
S, can be computed by adding the THS feature vectors for a 
subset of the web-pages of the ith's website. The feature 
vector S, for the ith website may be further scaled, for 
example, by dividing S, by the number of constituent web 
pages in the ith website or by Scaling S, to be unit length. It is 
noted that embodiments may use, and therefore only Sum 
together, a Subset of the features of the web-pages (e.g., only 
the T H or S vector, or any combinations of these vectors). 
Additionally, other feature vectors (or other feature represen 
tations) may be generated and Summed together to generate 
the feature vector S. 
0057 Fortraining websites, known demographic attribute 
(s) data for each website may be appended or otherwise linked 
to the feature vector S, for the website, block 358. For 
example, the attributes data for each training website may be 
placed in a vector and a matrix or table is generated with all of 
the attributes data vectors for the training websites, where the 
ith row (or column) of the table includes the demographic 
attributes for the ith website in the training set. In yet another 
embodiment, the prediction model may be only generated for 
one demographic attribute; accordingly, only the demo 
graphic attribute data for the one demographic attribute for 
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which a training model is being developed may be appended 
or linked 358 to the feature vector for the training website. 
0058. It is also noted that certain training websites may be 
determined or thought to be more or less relevant for the 
prediction model. For example, a training website may be 
determined or thought to be more or less relevant because of 
the size of the training website's audience. In other words, a 
larger training website audience may make the website's con 
tent and demographic attribute data more relevant for the 
prediction model. Likewise, a training website may be con 
sidered more or less relevant to the determination of a specific 
demographic attribute. Moreover, a training website may be 
considered more or less relevant based on the number of other 
training websites or web-pages that link to it. Accordingly, the 
feature representation (e.g., feature vector S) of a training 
website may be assigned a weight based on its relevancy, 
block 360. The weighting may affect how much the training 
website feature vector impacts the prediction model and may, 
therefore, e.g., be input into the regression process. 
0059. To complete building the website-level prediction 
model, the preceding blocks 352 to 360 may be repeated for 
each training website, block 362. Once the feature vectors S, 
for each training website has been generated, the prediction 
model for the discrete value of the demographic attribute may 
be developed using SVR with the feature vectors S, the web 
graph and the linked 358 demographic attribute data, block 
364. As noted above, the prediction model may be developed 
364 using the SVMlight implementation of SVR. 
0060 Embodiments that develop 306 web-page-level pre 
diction models may use the features extracted from a subset of 
the web-pages of each training website as the training 
instances of these web-page level models. During training, 
the value of the training website's demographic attribute 
under consideration is used as the value for that attribute for 
all of its web-pages (i.e., all web-pages are assigned the same 
value). Accordingly, in these embodiments, the feature vector 
of each web-page is linked to the row of the table of demo 
graphic attributes data of the corresponding website. Then, 
the prediction model is generated using the feature vector for 
each web-page and the linked demographic attribute data for 
that web-page. For example, for the prediction model used to 
predict the percentage of users that are kids (ages 3-12, Table 
1), the value of the target variable for the SVR model for all 
the web-pages of a certain website will be the percentage of 
users that are kids for that website. During prediction, the 
SVR models are used to estimate that values for the different 
demographic attributes for all the web-pages of a website. 
These web-page-level predictions are then combined to 
obtain the prediction at the website level. For example, the 
percentage of users that are kids may be determined by aver 
aging the corresponding prediction for all the web-pages of a 
website. Embodiments may also use information about the 
web-pages from the training website and/or other websites 
that link to the various web-pages of the target website in 
determining how the web-page-based predictions may be 
combined. In these embodiments, predictions of web-pages 
that are linked to by a larger number of other web-pages will 
be given a higher weight than other linked web-pages. For 
example, if {p, ... pare the predictions for the k web-pages 
of website and n, is the number of in-links of the ith page, then 
the prediction p for the website may be given by 

Jun. 24, 2010 

k 

3. (n; + op 
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where 6 is a constant to account Small sample sizes (e.g., it can 
be set to a small percentage of the number of training web 
sites). 
0061 Embodiments of method 300 may implement a cas 
cade learning system or similar learning system (see discus 
sion of cascading classifiers below), to develop and refine the 
prediction model. Accordingly, in Such embodiments, predic 
tion models developed 306 as described above may be 
referred to as first-level models which may be further refined 
into second-level prediction models. With reference again to 
FIG. 3A, method 300 may generate a prediction of the dis 
crete value of the demographic attribute for the websites that 
are neighbors to the training websites in the web-graph, block 
308. A website A is considered to be a neighbor of another 
website B if there are web-pages in A that link to web-pages 
in B and vice versa. The prediction may be generated 308 by 
applying the first-level prediction model developed 306 as 
described above. For example, feature representations of the 
training websites web-graph neighbors may be input into the 
first-level prediction model, which then generates predictions 
p for the discrete value of the first-level prediction model. 
0062. These predictions p may be used to build a second 
level prediction model, block 310. Building 310 the second 
level prediction model may be based upon and be similar to 
approaches used to build cascading classifiers that are used 
extensively in bioinformatics. See, e.g., George Karypis, 
YASSPP: Better Kernels and Coding Schemes Lead to 
Improvements in Protein Secondary Structure Prediction. In 
Journal of Proteins, August 2006, Volume 64-3, pages 575 
586, and Huzefa Rangwala and George Kary pis, Building 
Multiclass Classifiers for Remote Homology Detection and 
Fold Recognition. In Journal of BMC Bioinformatics, 2006, 
vol. 7, page 455, which are hereby incorporated by reference. 
The second-level model may be built 310 in a similar manner 
as described above with reference to the developing 306. To 
build 310 the second-level prediction model, the following 
inputs, among others, may be used: the various features (e.g., 
as represented, for example, in feature vectors THS) used to 
develop the first-level model, the predicted discrete value p of 
the demographic attribute for each (or a subset) of the web 
graph neighbors, and the known discrete demographic 
attribute value for each (or a subset) of the training websites. 
In other words, the second-level prediction model may be 
built from the same input used to develop the first-level model 
plus the predictions p generated 308 as described above, in 
affect utilizing a feedback loop to refine the first-level predic 
tion model. Embodiments may repeat this feedback loop to 
further refine the prediction model. The second-level predic 
tion model, by incorporating predicted demographic attribute 
value information from the neighboring websites, relies on 
the principle of homophily as websites that cater to similar 
audiences will tend to be connected to each other. Embodi 
ments for building this second-level model may use regres 
Sion-based techniques (e.g., SVR), relational estimation 
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methods (e.g., graphical models, relational Markov networks, 
Markov random fields, relaxation labeling, iterative estima 
tion), and others. 
0063. With continuing reference to FIG. 3A, method 300 
may generate a prediction of the discrete value of the demo 
graphic attribute for one or more training (or other) websites, 
e.g., using the developed second-level prediction model, 
block 312. The prediction may be generated 312 in order to 
test the prediction model. The generated 312 prediction(s) 
may be used to build a distribution prediction model (see 
below). Method 300 may further repeat the above for the 
remaining discrete values of the determined demographic 
attribute, block314, in order to produce prediction models for 
the remaining discrete values. Note, in embodiments, this is 
not done for demographic attributes with two discrete values 
(see description herein for Such demographic attributes). 
0064 Method 300 produces a prediction model for each 
discrete value of a demographic attribute with more than two 
discrete values (e.g., age). When content features of web 
pages of a target website (or content features of a target 
web-page) are input into each prediction model, the predic 
tion model estimates a probability for the discrete value of the 
demographic attribute. In other words, the prediction model 
estimates the probability that a target website (or target web 
page) visitor has the discrete value for the demographic 
attribute (e.g., probability that the visitor is a teenager—has 
an age that fits within the teenager discrete value (see Table 
1)). 
0065. With continuing reference to FIG. 3A, a potential 
limitation of certain embodiments described herein is that by 
estimating the probability for each discrete value of the demo 
graphic attribute (variable) independently of the other dis 
crete values, the embodiments may fail to take into account 
certain correlations that may exist among the different dis 
crete values of the demographic attribute (i.e., between demo 
graphic groups of values). For example, if a website has a 
large fraction of kids (see Table 1), then the website may have 
a somewhat larger fraction ofteenagers (then other websites) 
as kids and teenagers often share some common interests (at 
least among the users that are at the boundary of the age 
breakdown). To address this problem, embodiments of 
method 300 may build a distribution prediction model that 
uses as input predictions obtained by the individual predic 
tion models (e.g., the individual SVR prediction models for 
each discrete attribute value), block 316. 
0066. With reference now to FIG. 3C, building 312 a dis 
tribution prediction model may include creating anxk matrix 
P that will contain website-level predictions p produced by 
the first-level prediction models, block 372, where n is the 
number of training websites and k is the number of values of 
the discrete random variable (i.e., of the demographic 
attribute) under consideration (e.g., 5 for the age variable). 
The predictions p used to create the nxk matrix may be 
generated 308 using training websites. Building 316 may also 
include creating anothernxk matrix A that contains the actual 
demographic attribute value distributions of the n training 
websites in the same order as P. block 374. The goal of the 
distribution prediction model is to estimate a kxk matrix W 
that minimizes PW-A. Accordingly, building 312, esti 
mates a kxk matrix W that minimizes PW-A, block 376. 
Matrix W may be estimated, e.g., using the Moore-Penrose 
method to obtain the pseudo-inverse P' of the non-square 
matrix Pat which point W=PA. See Moore, E. H. On the 
Reciprocal of the General Algebraic Matrix, Bulletin of the 
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American Mathematical Society 26: 394395 (1920) and Pen 
rose, Roger, A Generalized Inverse for Matrices, Proceedings 
of the Cambridge Philosophical Society 51: 406413 (1955), 
which are hereby incorporated by reference. Matrix W may 
also be estimated from P by using a cross-validation 
approach. For example, the training set (set of training web 
sites) may be split into five groups or folds. Each four-fold 
subset of these five folds may then be used to estimate the 
prediction model (e.g., the SVR model) and predict the omit 
ted fold. The resulting set of predictions forms matrix P and 
is, therefore, used to estimate W. See description of FIG. 4 
below for a description of the application of the distribution 
prediction model. 
0067. With reference again to FIG. 3A, method 300 may 
repeat the above for other selected demographic attributes, 
block 314. Accordingly, method 300 may produce a plurality 
of prediction models for discrete values of each selected 
demographic attributes. In embodiments, the prediction mod 
els for each discrete value of a demographic attribute can be 
combined into one prediction model for all discrete values of 
the demographic attribute. 
0068. Once the prediction model (e.g., the first-level pre 
diction model, second-level prediction model and prediction 
distribution model) is developed and acceptable, embodi 
ments of the systems and methods of making content-based 
demographic predictions for websites may identify 112 the 
target website(s) (or web-page(s)) for prediction, obtain 114 
the content of the target website(s) (or web-page(s)), and 
predict 116 the demographic(s) of the target website(s) (or 
web-page(s)). As noted above, obtaining 114 the content of a 
target website may be performed in accordance with the 
method 200 described in FIGS. 2A-2D. 

0069. With reference now to FIG.4, shown is an embodi 
ment of a method 400 of applying a prediction model to 
predict the demographic attribute(s) of an identified website 
(s) (or web-page(s)). The predicting 116, as seen in FIG. 1, 
may include performing all or a portion of method 400. 
Method 400 inputs determined features extracted from web 
pages of the identified target website(s) (or of the target web 
page(s)) into the prediction model, block 402. These features 
may be extracted 112 from web-page(s) of the target website 
(and web-graph neighbors of the target website) in Substan 
tially the same manner as described in FIGS. 2A-2E and 
input, e.g., as feature vectors THS of the target website (or 
web-page). As noted above, the prediction model may be a 
function if that provides a prediction p of a determined dis 
crete demographic attribute value based on a target website 
(or target web-page) having certain content (e.g., the target 
website's web-pages having certain features determined as 
described above). Accordingly, method 400 executes the 
first-level prediction model (see FIG. 3A) to compute a pre 
diction p for the determined discrete demographic attribute 
value, block 404. In embodiments, method 400 applies the 
first-level prediction model to the target website and web 
graph neighbor websites. Accordingly, the feature represen 
tations (e.g., feature vectors THS) of target website and 
neighbor websites are input into the first-level prediction 
model for the determined discrete demographic attribute 
value. 
0070 Method 400 may apply the second-level prediction 
model to compute a prediction of the determined discrete 
demographic attribute value for each target website, block 
406. The prediction p of the determined discrete demographic 
attribute value and the feature representations of the extract 
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features of the target website(s) are input into the second-level 
prediction model to compute a refined prediction p for the 
target website(s). 
0071. For demographic attributes with two discrete values 
(e.g., gender male or female), method 400 may compute the 
value for the other discrete value, block 407, as described 
below. For demographic attributes with more than two dis 
crete values (e.g., age kid, teenager, young adult, adult, old), 
method 400 may repeat blocks 404–406 using prediction 
models for each of the other discrete values to output a pre 
diction p for the remaining discrete demographic attribute 
values, block 408. 
0072. With continuing reference to FIG. 4, method 400 
may apply the distribution prediction model, block 410. 
Accordingly, a website is predicted by first using the k pre 
diction models (e.g., the SVR models) to estimate the prob 
ability for each discrete value of the discrete random variable 
(i.e., of the demographic attribute) under consideration 
(blocks 402-406). The predicting, blocks 402-406, results in 
a 1 xk matrix. p. The matrix W is applied to obtain the predic 
tion pW, which is finally converted 412 into a valid distribu 
tion, e.g., as described above. 
0073. With continuing reference to FIG.4, the prediction 
method 300 described above builds a model to estimate the 
probability for each one of the discrete values of the demo 
graphic attribute under consideration. However, these predic 
tions {p, ... pare not guaranteed to form a valid probability 
distribution (i.e., ei, Osp,s 1 and Xp, 1). Embodiments of 
method 400 may address this problem by using a simple 
two-step approach to convert the individual predictions into 
probabilities, block 412. First, any predictions that are nega 
tive are set to Zero and second, predictions are linearly scaled 
so that their sum is one. 
0074. Note that, in embodiments, the above approach is 
only used for demographic attributes that take more than two 
values (i.e., the age demographic attribute). For variables that 
take only two values (i.e., the gender demographic attribute), 
the systems and methods described herein may only train a 
single SVR model that is designed to predict one of those 
values. If p is the prediction obtained by that model, then 
when Osps 1, the value of the other attribute is p-1-p. 
When p<0. {p, p}={0, 1} and when p>1, {p, p}={1, O}. 
Consequently, computing 406 p for the second discrete value 
may be simply be performed by subtracting the first value 
prediction, p, from 1. 
0075. In embodiments, method 400 may output a mix of 
demographic attributes predictions. In other words, method 
400 may output predictions for a plurality of different demo 
graphic attributes. Consequently, method 400 may repeat 
blocks 404-412 for additional demographic attributes to out 
put a mix of demographic attribute predictions, block 414. 
Moreover, the prediction model and the predictions may be 
achieved at the web-page level, as described above. Accord 
ingly, method 400 may repeat blocks 402-414 for each web 
page of the target website, block 416. Method 400 may also 
include combining the web-page level predictions to produce 
target website predictions. 
0076. With reference now to FIG. 5, shown is a block 
diagram of an embodiment of a system 500 for making con 
tent-based demographic predictions for websites. System 500 
components may be implemented as Software engines/appli 
cations, Software modules within one software application, 
individual general purpose or specific purpose computer sys 
tems, or combinations of the above. Such components may be 
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connected via network(s) or otherwise. Multiple system 500 
components may be implemented in a combined application, 
module or computer system. It is apparent to one of skill in the 
art that system 500 may be implemented in a variety of other 
manners as well. 

(0077 System 500 includes website identifier 502, feature 
extractor 504, prediction modeler 506, and audience demo 
graphic estimator 508. Website identifier 502 may identify 
and select training websites. Website identifier 502 may iden 
tify and select training websites as described above with 
reference to identifying 102 in FIG. 1. Feature extractor 504 
may determine/extract content features of training websites 
and target websites. Accordingly, feature extractor 504 may 
include a web-page crawler, robot or other tool(s) for deter 
mining and extracting content features from websites and 
web-pages. Feature extractor 504 may also process extracted 
content features to generate feature representations for use in 
generating prediction models. For example, feature extractor 
504 may process content features and place into sparse term 
vectors as described above with reference to FIGS. 2A-2E. 
Feature extractor 504 may also receive and process the demo 
graphic attributes data for the training websites from sources 
of Such data, such as commercial providers described above. 
Feature extractor 504 may process the demographic attributes 
data to link the data with the training websites content feature 
representations as described above. 
(0078. With continuing reference to FIG. 5, prediction 
modeler 506 may generate prediction models for demo 
graphic attributes. For example, prediction modeler 506 may 
generate SVR models for discrete demographic attribute val 
ues, as described above with reference to FIG. 3. Prediction 
modeler 506 may generate both first-level, second-level, and 
distribution prediction models, and other models, as 
described above. Accordingly, prediction modeler 506 may 
receive content feature representations from feature extractor 
504. Prediction modeler 506 may also receive demographic 
attributes data from feature extractor 504 or directly from 
sources of such data. Prediction modeler 504 may retrieve this 
data from vectors, tables or other locations in which the data 
has been stored, by feature extractor 504 or otherwise. Audi 
ence demographic estimator 508 may generate demographic 
attribute estimates. Audience demographic estimator 508 
may estimate demographic attribute values using prediction 
models and target website's content representations, as 
described above with reference to FIG. 4. Accordingly, audi 
ence demographic estimator 508 may receive target website 
content feature representations from feature extractor 504. 
Audience demographic estimator 508 may output demo 
graphic attribute value predictions through any known means, 
Such as via computer display, hard-copy output, electronic 
file, via network communication, electronic mail, etc. 
007.9 The following describes an experimental evaluation 
of embodiments of systems for and methods of making con 
tent-based demographic predictions for websites. 
0080 Training Website Data Set. The set of training web 
sites were identified as follows. First, the top 2000 websites 
from Alexa's one million most visited domains was selected, 
and their demographic information of their visitors as they 
relate to gender and age was obtained from Quantcast, which 
is a commercial provider of website demographic data. A 
subset of 450 websites was selected from that list so that the 
selected training websites would provide a balanced coverage 
of the age and gender distribution. For gender, this was done 
by dividing the male distribution into 10 equal sized buckets 
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and an equal random sample was picked from each bucket. 
Forage, websites were sorted based on each of the age groups 
and an equal number of top sites were picked from each 
group. This list of 450 websites was then crawled using the 
open source Heritrix crawler, and a maximum of 1000 web 
pages were fetched from each website in a breadth-first fash 
ion. The set of crawled pages was Subsequently pruned to 
eliminate web-pages with less than 100 words. Furthermore, 
any websites with fewer than 50 web-pages remaining were 
also eliminated from the set of training websites. Note that a 
website can have a small number of web-pages because either 
the crawler failed to fetch (e.g., pages generated by Scripts 
that the crawler could not handle) or the web-pages fetched 
contained a small number of words. These steps reduced the 
total number of websites to 128, which is the set of training 
websites used in the evaluation. 
0081 Evaluation Methodology. For all evaluations, the 
training website data set was divided into five folds at the 
website level and a five-fold cross validation was performed. 
This website level partitioning ensures that the web-pages 
from a given website are never in both the training and the test 
SetS. 

0082 For the distribution prediction approaches based on 
the pseudo inverse method (see above), matrix W was esti 
mated from P by using a cross-validation approach during 
training. Specifically, the training set was itself split into five 
folds and each four-size subset of these folds was used to 
estimate an SVR prediction model and predict the left-out 
fold. The resulting set of predictions formed matrix P and was 
used to estimate W. During the actual prediction, a domain 
was then predicted using the five different SVR models that 
were estimated during the within-training five-fold cross 
validation, the predictions of the five SVR models were aver 
aged, and then matrix W was used to predict the final distri 
bution. 
I0083. A SVMlight implementation of SVR was used to 
perform the learning (generation of the prediction model)and 
prediction. The prediction model generation was performed 
using a linear kernel function. For the models that were 
trained on individual web-pages (see above), in order to 
ensure that each domain contributed equally during training, 
a mis-prediction weight of 1/n was assigned to the individual 
web-pages of the ith domain, where n, is the number of web 
pages of that domain. These weights ensured that the sum of 
the weights of the training instances for each domain were the 
same. The width of the regression tube in the SVR (w param 
eter in SVMlight) was set to 0.025, which was determined 
after performing a limited set of experiments using different 
values of w from the set {0.05, 0.025, 0.0125, 0.00625. 
0084 Evaluation Metrics. The evaluation used two differ 
ent metrics to measure the performance of the predictions 
computed by the different methods (see below). The first 
measured the accuracy of the overall predicted discrete dis 
tribution, whereas the second measured the accuracy of the 
individual values of the discrete distribution. The accuracy of 
the distribution was measured using the root mean squared 
error (RMSE). The accuracy of the prediction for a specific 
value of a discrete distribution was measured using absolute 
error (AE). For all these metrics, the reported results corre 
sponded to the averages over all the websites across the five 
fold cross validation. 

0085 Baseline Predictions. In order to get a better sense 
about the quality of the prediction results produced by 
embodiments described herein, another approach in which 
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the predictions for each variable (each demographic attribute) 
was computed as the average of the corresponding values in 
the training set. For example, the percentage of users that 
belong to the teen group (Table 1) was obtained by computing 
the average percentage of users that belong to the teen group 
in the training set. The same 5-fold cross-validation approach 
used in the evaluation of the prediction models as described 
above, was used to split the data set into training and test 
groups in order to obtain the predictions of this averaging 
model. This is referred to below as the baseline model. 

I0086 Results. In this section, the results of the experimen 
tal evaluation of embodiments for predicting the gender and 
age distributions of a website's audience are presented. Per 
formance of Different Features. Table 3 below shows the 
performance achieved by embodiments described herein for 
the gender and age prediction tasks for Some of the features 
described above. Specifically, this table shows the average 
RMSE achieved by the T, TH, and THS features for both the 
web-page and website level models. Table 3 also shows the 
average RMSE values obtained by the baseline model 
described above. 

TABLE 3 

Average RMSE for Different Types of Features 

Gender Age 

Features web-page website web-page website 

T O. 104 O.O89 O.123 O-116 
TH O. 111 O.093 O.122 O.118 
THS O. 113 O.093 O.122 O.118 

The RMSEs of the baseline model was 0.165 and 0.141 for the age and gender prediction 
problems, respectively, 

I0087. Overall the actual prediction error (as measured by 
the average RMSE) is quite low. For the gender prediction 
problem, the best average RMSE value is 0.089, whereas for 
the age prediction problem, the best average RMSE value is 
0.116. Moreover, these RMSE's are considerably lower that 
the corresponding values of 0.165 and 0.141 that were 
obtained by the baseline model. These results suggest that a 
website's content provide strong information for predicting 
the demographic attributes of the website and that the overall 
prediction error between the two tasks is both low and not 
significantly different. This is in contrast to the results 
obtained by earlier studies, see Jian Hu, Hua-Jun Zeng, Hua 
Li, Cheng Niu, Zheng Chen, Demographic Prediction Based 
on User's Browsing Behavior, Proceedings of the 16th inter 
national conference on World Wide Web, May 8-12, 2007, 
Banff, Alberta, Canada, in which it was observed that predict 
ing the age distribution of a web-page's visitors is consider 
ably harder than predicting the gender distribution. 

TABLE 4 

Age Tendency Prediction Results at Web-Page Level 
Average Absolute Error 

Features Kid Teen Young Adult Adult Old 

T O.O27 O.108 O.138 O.096 O.129 
TH O.O27 O.108 O.13S O.096 O.130 
THS O.O27 O.110 O.134 O.096 O.129 
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TABLE 5 

Age Tendency Prediction Results at Website Level 
Average Absolute Error 

Features Kid Teen Young Adult Adult Old 

T O.O33 O.1OS O.127 O.098 O112 
TH O.O31 O112 O.127 O.099 O.113 
THS O.O31 O112 O.127 O.099 O.113 

0088 Tables 4 and 5 further analyzes the prediction results 
obtained by the different features for the age prediction task 
by showing the average AE for each of the five age groups in 
our dataset. These results were obtained by using the models 
trained and applied at the page level. These results show that 
errors achieved for each of the age groups does vary across the 
age groups, with the “Young Adults' achieving the worse AE 
of 0.138 and the “Kid” group achieving the lowest of 0.027. 
However, even in the case of the worst performing age group, 
the actual AE is relatively low. 
I0089. Performance of Model Granularity. Table 6 below 
compares the performance of the two different levels of 
granularity described above (website and web-page) at which 
the models may be learned or applied in embodiments 
described herein. Specifically, this table shows the average 
RMSEs that were obtained by the methods that predict at 
either the web-page or website levels using models that were 
trained using either of these two levels. 

TABLE 6 

Average RMSEs for Training and Predicting at Different Levels 
of Granularity 

Prediction Granularity 

Learning Gender Age 

Granularity Web Page Web Site Web Page Web Site 

Page O.104 O.16S O.123 O140 
Web Site 0.157 O.O89 O.143 O-116 

0090 These results show that for a given prediction granu 
larity level, the best result is achieved by using the model that 
was trained on the same level of granularity. That is, web 
page level predictions perform best for models trained on 
web-pages, where as website level predictions perform best 
for models trained on websites. These results indicate that the 
two models are intrinsically different, and that the best pre 
diction performance is achieved when the test/target data has 
the same characteristics as the data used for training. 
0091 Comparing the relative performance of the website 
and web-page level models, it may be seen that for both 
prediction tasks, the models trained and applied at the website 
level achieve better results than those achieved by the corre 
sponding web-page models. Moreover, for both prediction 
tasks, the relative performance advantage of the website level 
models is quite Substantial. These results suggest that by 
representing the web-pages of an entire website into a single 
training instance better captures the website's overall charac 
teristics, leading to better models and more accurate predic 
tions. Moreover, the additional advantage of this approach 
over the web-page level models is that they are computational 
less expensive for both model learning and prediction. 
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0092. Determining Anomaly Websites 
0093. As described above with reference to FIGS. 1 and 5, 
embodiments of the systems and methods identify training 
websites. Embodiments may be configured to further identify 
anomaly websites and remove them from the set of training 
websites. For example, an embodiment of the system and 
method may seek to identify anomaly websites by extracting 
the content features of a training website and inputting the 
features into a previously generated prediction model for a 
demographic attribute value or a set of prediction models for 
a plurality of demographic attribute values. The system and 
method then predicts the demographic attribute value(s) for 
the training website and compares the predicted demographic 
attribute value(s) to the actual demographic attribute value(s) 
for the training website. If the predicted attribute value(s) is 
sufficiently different (e.g., >20%) from the actual demo 
graphic attribute value(s), the training website may be an 
anomaly website that is so different from the norm, that it 
should be removed from the set of training websites. The 
system and method may repeat this process for a number of 
demographic attributes. If substantial number of the predicted 
attribute value(s) for the other demographic attributes are 
substantially different from the actual values, the training 
website may be defined as an anomaly website and removed 
from the training set. This process may be repeated until all of 
anomaly websites have been identified and removed. Then, 
the prediction model may be re-generated. The difference 
between the mix of actual and predicted demographic 
attributes values may be computed in a number of ways, 
which include, but are not limited, to Euclidean distance, 
cosine similarity, Kullback-Leibler divergence, etc. 
0094) 
0095. With reference to FIG. 6, shown is an embodiment 
of a method 600 of predicting characteristics of a user. 
Method 600 utilizes the systems and methods described 
herein to predict the demographic attributes of a specific, 
individual user. Method 600 may receive or obtain as input 
the current session browsing history of the user, block 602. It 
is noted that the user's browsing history is only used to iden 
tify the websites or web-pages visited by a user so that the 
user's demographic attributes may be predicted. The brows 
ing history is not used to generate prediction models or make 
predictions. For a user that is currently visiting a website, 
embodiments use the browsing information of the user and 
the websites visited by the user to predict the demographic 
attributes values of that user. If the websites include known 
websites, method 600 may retrieve the known demographic 
attributes data for those websites, block 604. If the websites 
include unknown websites, systems and method may predict 
the demographic attributes values for those unknown web 
sites as described above, block 606. Using the retrieved and/ 
or predicted website demographic attributes values, method 
600 may combine these values and use statistical methods to 
predict the distribution of the demographic attributes for that 
specific user, block 608. For example, focusing on the gender 
demographic attribute, if the user has visited k websites {w, 
w, w,}, such that (p.", pi) is the probability distribution for 
the ith website as it relates to its male and female visitors, then 
the gender probability distribution for that user is 

Predicting Characteristics of a User 
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A similar approach is used to compute the distribution of 
other demographic attributes. As the user continues to browse 
websites, the prediction may be updated, block 610. 
0096) Determining Combination of Websites and Web 
Pages to Reach a Target Demographic Mix 
0097 Embodiments of the systems and methods 
described herein may be used to determine a combination of 
websites (and/or web-pages) and the number of impressions 
of advertisements that should be used for an advertisement 
campaign in order to reach a set of users/visitors that have a 
target demographic mix. A target demographic mix is a set of 
users/visitors with desired demographic attribute values. For 
example, a target demographic segment, T1, may be a set of 
users/visitors that are male, young adult and earning in excess 
of S150,000 a year. Another target demographic segment, T2, 
may be a set of users/visitors that are female, adult and with 
kids. A target demographic mix is the percentage distribution 
of target demographic segments in an advertisement cam 
paign. For example, a target demographic mix for one adver 
tisement campaign, that wants to reach 100,000 users/visi 
tors, has 70% of users (70,000) belonging to T1, and 30% of 
users (30,000) belonging to T2. Embodiments of the systems 
and methods determine a set of websites and associated num 
ber of impressions of advertisements for each website, such 
that 70,000 users/visitors belonging to T1 see the advertise 
ment and 30,000 users/visitors belonging to T2 see the adver 
tisement. 
0098. With reference now to FIG. 7, shown is an embodi 
ment of a method 700 of determining a combination of web 
sites (and/or web-pages) and the number of impressions of 
advertisements to obtain a target demographic mix. The 
method 700 is described with reference to websites; it is 
understood that method 700 may be used to identify indi 
vidual web-pages instead or in addition to websites. In an 
embodiment, method 700 may predicta mix of demographic 
attributes values for a set of ad-carrying target websites, block 
702. The prediction 702 may be performed as described 
above with reference to FIGS. 1-5. Inputs including, without 
limitation, the predicted demographic attributes values for 
each of the target websites, a listing of the target websites, the 
cost of advertising in the target websites, the available adver 
tising space in the target websites, and the target demographic 
mix may be received, block 704. The desired demographic 
attributes may include any demographic attributes that have 
been predicted, including without limitation, age distribution, 
gender, and income distribution. The method 700 may also 
consider training or other websites with known demographic 
attributes. Accordingly, received 704 inputs may also include 
a listing of training and known websites, demographic 
attributes, cost of advertising and the available advertising 
space for the training and known websites. 
0099 Method 700 may receive or otherwise obtain the 
number of visitors for the ad-carrying target websites, block 
706. Likewise, the method 700 may receive a selection or 
input of secondary objectives, block 708. The method 700 
may then determine a combination of websites (or web 
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pages) that provide the target demographic mix, block 710. 
The determining 710 may process, e.g., using an optimization 
method, the predicted demographic attributes of the ad-car 
rying target websites, the received inputs, and the number of 
visitors for the ad-carrying target websites to determine the 
combination of websites (or web-pages) that provide the tar 
get demographic mix. 
0100. In embodiments, method 700 may determine 710 
the combination of websites (or web-pages) that provide the 
target demographic mix while also meeting or minimizing the 
secondary objectives. Accordingly, method 700 may utilize 
or include an optimization method to determine 710 the com 
bination of websites that can be used to achieve the desired 
demographic attributes values mix while minimizing or meet 
ing one or more secondary objectives. The secondary objec 
tives may include without limitation the total advertising cost, 
the total time that is required to reach the audience with the 
target demographic mix, the number of ads that may be 
placed, etc. The optimization method may be implemented in 
a number of ways and can include, but is not limited to, 
discrete optimization, continuous optimization, exact meth 
ods, and heuristics methods such as simulated annealing or 
genetic algorithms. The determining 710 may produce an 
optimized list of websites on which an advertiser may place 
ads for an ad campaign. Method 700 may monitor the results 
of such an ad campaign, receiving and tracking inputs includ 
ing the number of visits and any relevant information about 
the characteristics of the ad campaign audience, and may 
dynamically re-optimize an initial solution to ensure that the 
initial constraints are still satisfied while still minimizing or 
best meeting the secondary set of objectives. 
0101. Accordingly, based on the demographic attribute 
values predicted according to embodiments described herein, 
specific websites and web-pages can be recommended for an 
ad campaign to achieve the target demographic mix. Notably, 
these predictions are made based upon the analysis of the 
content of the websites, and without the use of data represent 
ing specific potential customers, offering a true “user data 
free method of targeted ad placement. As such, the predic 
tion for and recommendation of target websites is based 
purely on content of web-pages, via estimated or gathered 
audience characteristics (in a group level, but not in a specific 
user level) of similar, known websites. 
0102 Keywords to Buy for a Target Demographic Mix 
0103) Systems and methods described herein may also be 
used to determine a set of keywords to bid on in order for a 
keyword-based online advertising campaign (e.g., similar to 
the AdSense keyword-based advertising bid and placement 
provided by Google) to reach a set of website visitors that 
have a desired target demographic mix, as defined above. 
With reference now to FIG. 8, shown is an embodiment of 
method 800 of identifying keywords to buy to obtain a target 
demographic mix. Embodiments of these methods may 
receive as input a desired target demographic mix, block 802. 
Embodiments may then identify one or more sets of website 
combinations to reach the target demographic mix, as 
described above (see, e.g., FIG. 7), block 804. Embodiments 
of method 800 analyze a subset of the web-pages of the 
identified websites and determine the set of terms that occur 
in the web-pages, block 806. Certain objectives may be 
received, block 808. Embodiments may utilize feature selec 
tion methods and optimization methods to identify a set of 
terms that appear in the web-pages of these website combi 
nations, referred to as keywords, which simultaneously opti 
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mize certain objectives, block 810. Those objectives may 
include at least one of the following: (i) the relative occur 
rence frequency of these keywords in the web-pages of the 
identified website combinations being much higher than their 
relative occurrence frequency in all the websites, (ii) the sets 
of keywords being selected from the different websites in the 
same proportions that are identified by the identified website 
combination required to reach the target demographic 
attribute value mix, and (iii) the sets of keywords correspond 
ing to the least costly keywords. The optimization method 
may be implemented in a number of ways and may include, 
but is not limited to, discrete optimization, continuous opti 
mization, exact methods, and heuristics methods such as 
simulated annealing or genetic algorithms. The feature selec 
tion methods might include methods in which each keyword 
is assigned multiple scores with respect to the above objec 
tives, and the sum of these scores is used to rank and select 
keywords. Embodiments of these methods may assign differ 
ent weights to these scores so as to give higher importance to 
the various optimization objectives, block 812. These key 
words can then be bid on in order to reach the identified 
website combinations, and consequently the audience that 
has the desired target demographic mix. 
01.04] Selection of Websites for Market Research Whose 
Visitors have a Target Demographic Mix 
0105 Systems and methods described herein may also be 
used to selecta set of websites whose audience subsets will be 
targeted for market research purposes. With reference now to 
FIG.9, shown is an embodiment of method 900 of selecting 
websites for market research. Embodiments of these methods 
may receive as input a desired target demographic mix, block 
902. Embodiments may then identify multiple sets of website 
combinations to reach the target demographic mix, using a 
method similar to that described above (e.g., see FIG. 7), 
block 904. Embodiments of these methods may utilize addi 
tional objectives in the optimization procedure for identifying 
and selecting among the multiple sets of website combina 
tions that reach the target demographic mix Such as total cost 
ofacquiring the users to be enlisted in the market research, the 
total time that is required to enroll the required number of 
users, etc. The market research can be performed on the 
identified websites in a number of ways, including without 
limitation placing ads asking people to participate in a market 
research study, pop-ups asking people to complete short Sur 
Veys, etc. Embodiments may monitor the results of a market 
research campaign, block 906, by taking into account the 
number of visits and any relevant information about the 
demographic attributes of the visitors, and dynamically re 
optimize the initial Solution to ensure that the initial con 
straints are still satisfied while still minimizing the initial set 
of objectives, block 908. As part of the dynamic re-optimiza 
tion, embodiments of these methods may identify a new set of 
website combinations that are better suited for identifying 
visitors that have the target demographic mix of the yet to be 
enrolled people in the market research. 
0106 Planning Tool for Ad Networks 
0107 Systems and methods described herein may also be 
used to determine the websites with which ad networks 
should establish ad placement relations in order to achieve an 
audience with a desired target demographic mix for a fore 
casted demand. Embodiments of these methods may take as 
input the desired target demographic mix of the forecasted 
demand. Embodiments may then identify multiple sets of 
website combinations to reach the target demographic mix, 
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using a method similar to that described above (e.g., see FIG. 
7). Embodiments of these methods may utilize additional 
objectives in the optimization procedure for identifying and 
selecting among the multiple sets of website combinations 
that reach the target demographic mix Such as total advertis 
ing cost, the total time that is required to reach the forecasted 
target audience, prior partnership information, competitor 
information, etc. These sets of websites may then be used by 
the ad networks as the potential new partners that need to be 
brought into their networks in order to meet the forecasted 
demand. 

0.108 Website Design Tool for Designing Websites that 
Appeal to an Audience with Desired Demographic Charac 
teristics 

0109 Systems and methods described herein may also be 
used to determine how a website should be designed or re 
designed or what new websites should be designed in order to 
appeal to an audience with a desired set of demographic 
characteristics. With reference now to FIG. 10, shown is an 
embodiment of method 1000 of designing websites to appeal 
to an audience with desired demographic characteristics. 
Embodiments of these methods may receive as input a set of 
desired values for one or more demographic attributes that 
will define the demographic characteristics of the website's 
audience, block 1002 Embodiments may analyze the predic 
tion models developed as described above to determine cor 
relation between different features describing the intrinsic 
properties of a website (e.g., textual content, structural con 
tent, linkings, etc.) and the set of training websites whose 
visitors have the desired demographic characteristics, block 
1004. The analysis 1004 may identify combinations of fea 
tures that if present in a website, would be predicted to result 
in an audience having the desired demographic characteris 
tics. The method used to perform the analysis and identifica 
tion 1004 of the desired feature combinations may depend on 
the specific statistical or machine learning method that was 
used to build the estimation models (see, e.g., FIG. 3) for the 
demographic attribute values used in the method described 
above. Embodiments of the methods above that build the 
prediction model using SVR with linear kernel functions may 
identify the feature combination directly from the estimated 
linear model by utilizing the dimensions of the model (that 
correspond to the various textual, structural, and other fea 
tures used to describe the web-pages or websites) and by 
considering the dimensions that have the highest positive 
coefficients. These dimensions correspond to the features 
that, if present in a website, will lead to the website being 
estimated as having the desired value for the demographic 
attribute under consideration. Combinations of these 
attribute-value specific features over all the attribute-values 
defining the demographic characteristics of the desired audi 
ence may then be used to define the overall set of features that 
need to be present in a website in order to be estimated as 
having the desired demographic attributes. A website may 
then be designed or re-designed to incorporate such content 
features, block 1006. 
0110 
0111. As stated above, the methods described above may 
each be implemented as one or more computerized systems. 
The systems and methods may be implemented as computer 
applications, engines, computer application modules, spe 
cific purpose computers, software running on general pur 
pose computers, and various combinations of these and other 
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known manners of implementing computerized methods. 
Likewise, the methods may be fully or partially computer 
implemented. 
0112. With reference now to FIG. 11, illustrated is an 
embodiment of a computerized system for implementing 
embodiments of the systems for and methods of making 
content-based demographic predictions for websites. Com 
puter system 1100 may be any type of computer, including 
without limitation a server or plurality of servers. Computer 
system 1100 typically includes a memory 1102, a secondary 
storage device 1104, a processor 1106, an input device 1108, 
a display device 1110, and an output device 1112. Memory 
1102 may include RAM or similar types of memory, and it 
may store one or more applications (e.g., including applica 
tions programmed to execute embodiments of methods 
described herein or embodying systems described herein.) for 
execution by processor 1106. Secondary storage device 1104 
may include a hard disk drive, floppy disk drive, CD-ROM 
drive, or other types of non-volatile data storage. Processor 
1106 executes the application(s), which is stored in memory 
1102 or secondary storage 1104, or received from the Internet 
or other network 1116. 
0113. Input device 1108 may include any device for enter 
ing information into computer system 1100. Such as a key 
board, mouse, cursor-control device, touch-screen, micro 
phone, digital camera, Video recorder or camcorder. Display 
device 1110 may include any type of device for presenting 
visual information Such as, for example, a computer monitor 
or flat-screen display. Output device 1112 may include any 
type of device for presenting a hard copy of information, Such 
as a printer, and other types of output devices include speakers 
or any device for providing information in audio form. 
0114 Computer system 1100 may store a database struc 
ture in secondary storage 1104, for example, for storing and 
maintaining information need or used by the application(s). 
Also, processor 1106 may execute one or more software 
applications in order to provide the functions described in this 
specification, specifically in the methods described above, 
and the processing may be implemented in Software. Such as 
software modules, for execution by computers or other 
machines. The processing may provide and Support web 
pages and other GUIs. The GUIs may be used to enter inputs 
or view outputs of the systems and methods described herein. 
The GUIs may be formatted, for example, as web-pages in 
HyperTextMarkup Language (HTML), Extensible Markup 
Language (XML) or in any other Suitable form for presenta 
tion on a display device. 
0115 With continuing reference to FIG.9, the computing 
system 1100 may also include a network adaptor or other 
connection 1114 for connecting computing system 1100 to 
the Internet or other network(s) 1116. Through network con 
nection 1114 computing system 1100 may connect to the 
Internet in order to access training and target websites, for 
example, and in order to perform the methods described 
herein. 
0116. Although computer system 1100 is depicted with 
various components, one skilled in the art will appreciate that 
the servers can contain additional or different components. In 
addition, although aspects of an implementation consistent 
with the above are described as being stored in memory, one 
skilled in the art will appreciate that these aspects can also be 
stored on or read from other types of computer program 
products or computer-readable media, Such as secondary 
storage devices, including hard disks, floppy disks, or CD 
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ROM; or other forms of RAM or ROM. The computer-read 
able media may include instructions for controlling a com 
puter system 1100 to perform a particular method, such as the 
methods described herein. 
0117 The terms and descriptions used herein are set forth 
by way of illustration only and are not meant as limitations. 
Those skilled in the art will recognize that many variations are 
possible within the spirit and scope of the invention as defined 
in the following claims, and their equivalents, in which all 
terms are to be understood in their broadest possible sense 
unless otherwise indicated. 

1. A method of predicting characteristics of a web user 
comprising: 

receiving online session browsing history of a user, 
wherein browsing history identifies websites visited by a 
user during one or more online sessions, wherein iden 
tified websites include known websites and unknown 
websites; 

retrieving known demographic attributes data of known 
websites included in identified websites, wherein the 
known demographic attributes data includes known val 
ues of demographic attributes of the known websites: 

determining features of web-pages of unknown websites; 
and 

applying prediction models to the determined features of 
the unknown websites to predict values of unknown 
demographic attributes of the unknown websites. 

2. The method of claim 1 further comprising combining the 
known values of the known demographic attributes and the 
predicted values of the unknown demographic attributes. 

3. The method of claim 2 wherein the combining combines 
the known values and the predicted values to predict a distri 
bution of demographic attributes of the user. 

4. The method of claim 3 further comprising: 
receiving updated browsing history of the user; and 
updating the predicted distribution based on the received 

updated browsing history of the user. 
5. A computer-readable medium comprising instructions 

stored thereon that may be executed by a computer for per 
forming the method of claim 1. 

6. A method of determining a combination of websites to 
obtain a target demographic mix, comprising: 

determining features of web-pages of target websites; 
applying prediction models to the determined features of 

the ad-carrying, target websites to predict values of 
demographic attributes of the target websites: 

receiving one or more inputs including a target demo 
graphic mix: 

receiving a number that indicates an amount of visitors of 
the target websites; and 

determining a combination of websites that provide target 
demographic mix based on the predicted values of the 
demographic attributes and number of visitors of the 
target websites. 

7. The method of claim 6 wherein the determining a com 
bination of websites processes the predicted values of the 
demographic attributes and number of visitors of the target 
websites using an optimization method. 

8. The method of claim 6 further comprising receiving one 
or more secondary objectives. 

9. The method of claim 8 wherein the one or more second 
ary objectives include one or more secondary objectives cho 
Sen from a list consisting of total advertising cost, total time 
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that is required to reach audience with the target demographic 
mix, and a number of ads that may be placed. 

10. The method, of claim 8 wherein the determining a 
combination of websites processes the predicted values of the 
demographic attributes, the number of visitors of the ad 
carrying, target websites and the one or more secondary 
objectives using an optimization method. 

11. The method of claim 8 wherein the one or more sec 
ondary objectives include: total advertising cost, total time 
that is required to reach a forecasted target audience, prior 
partnership information, and competitor information. 

12. A computer-readable medium comprising instructions 
stored thereon that may be executed by a computer for per 
forming the method of claim 6. 

13. A method of determining a set of keywords to buy to 
obtain a target demographic mix comprising: 

receiving one or more inputs including a target demo 
graphic mix: 

identifying one or more sets of website combinations to 
reach the target demographic mix, wherein the identify 
ing identifies the one or more sets of website combina 
tions using extracted features of web-pages to predict 
demographic attribute values; and 

analyzing a Subset of web-pages of the one or more sets of 
website combinations to determine a set of terms that 
occur in the web-pages. 

14. The method of claim 13 wherein the analyzing utilizes 
feature selection and optimization methods to determine the 
set of terms. 

15. The method of claim 14 further comprising receiving 
one or more objectives. 

16. The method of claim 15 wherein the feature selection 
and optimization methods optimize the set of terms to best 
meet the one or more objectives 

17. The method of claim 15 further comprising weighting 
scores given to determined terms to give higher importance to 
one or more objectives. 

18. The method of claim 13 wherein the identifying one or 
more sets of website combinations to reach the target demo 
graphic mix comprises: 

determining features of web-pages of target websites: 
applying prediction models to the determined features of 

the target websites to predict values of demographic 
attributes of the target websites: 

receiving one or more inputs including a target demo 
graphic mix: 

receiving a number that indicates an amount of visitors of 
the target websites; and 
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determining a combination of websites that provide target 
demographic mix based on the predicted values of the 
demographic attributes and number of visitors of the 
target websites. 

19. A computer-readable medium comprising instructions 
stored thereon that may be executed by a computer for per 
forming the method of claim 13. 

20. A method of selecting websites from market research, 
comprising: 

receiving one or more inputs including a target demo 
graphic mix: 

determining features of web-pages of target websites; 
applying prediction models to the determined features of 

the target websites to predict values of demographic 
attributes of the target websites: 

receiving a number that indicates an amount of visitors of 
the target websites; and 

determining a combination of websites that provide target 
demographic mix based on the predicted values of the 
demographic attributes and number of visitors of the 
target websites. 

21. The method of claim 20 further comprising: 
monitoring results of a market research campaign; and 
re-optimizing the determined combination of websites 

based on the monitored results. 
22. A computer-readable medium comprising instructions 

stored thereon that may be executed by a computer for per 
forming the method of claim 20. 

23. A method of designing websites to appeal to an audi 
ence with desired demographic characteristics, comprising: 

receiving set of desired values for one or more demo 
graphic attributes; 

determining a correlation between one or more features of 
web-pages and set of training websites that have desired 
values for the one or more demographic attributes, 
wherein the determining a correlations includes 
identifying combination of features that would result in 

a prediction of the desired values. 
24. The method of claim 23 further comprising designing a 

website to include the identified combination of features. 
25. The method of claim 23 wherein the determining 

includes analyzing a prediction model developed using fea 
tures extracted from a Subset of web-pages of the training 
websites and obtained demographic attributes data of the 
training websites, wherein the prediction models may be used 
to predict one or more values for target demographic 
attributes. 

26. A computer-readable medium comprising instructions 
stored thereon that may be executed by a computer for per 
forming the method of claim 23. 
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