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(57) ABSTRACT 

Described are a system and method for determined an event 
occurrence rate. A sample set of content items may be 
obtained. Each of the content items may be associated with at 
least one region in a hierarchical data structure. A first impres 
sion Volume may be determined for the at least one region as 
a function of a number of impressions registered for the 
content items associated with the at least one region. A scale 
factor may be applied to the first impression Volume to gen 
erate a second impression Volume. The scale factor may be 
selected so that the second impression Volume is within a 
predefined range of a third impression Volume. A click 
through-rate (CTR) may be estimated as a function of the 
second impression Volume and a number of clicks on the 
content item. 
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SYSTEMAND METHOD FOR DETERMINING 
AN EVENT OCCURRENCE RATE 

CLAIM OF PRIORITY 

0001. This application is a continuation of and claims 
priority to U.S. Ser. No. 1 1/696,944, filed Apr. 5, 2007, which 
is hereby incorporated by reference in its entirety. 

COPYRIGHT NOTICE 

0002. A portion of the disclosure of this patent document 
contains material which is subject to copyright protection. 
The copyright owner has no objection to the facsimile repro 
duction by anyone of the patent document or the patent dis 
closure, as it appears in the Patent and Trademark Office 
patent files or records, but otherwise reserves all copyright 
rights whatsoever. 

CROSS REFERENCE TO RELATED 
APPLICATION 

0003. The present application is related to co-pending 
U.S. patent application Ser. No. 1 1/637,524, entitled “SYS 
TEM AND METHOD FOR MATCHING OBJECTS 
BELONGING TO HIERARCHIES. filed on Dec. 12, 2006, 
and published under US Publication No. 2008/0140591, the 
disclosure of which is hereby incorporated by reference in its 
entirety. 

FIELD OF THE INVENTION 

0004. The invention disclosed herein relates generally to 
determining an event occurrence rate. More specifically, the 
present invention relates to estimating an occurrence rate for 
events aggregated at multiple resolutions through hierarchi 
cal data structures. 

BACKGROUND OF THE INVENTION 

0005 Web advertising is typically implemented according 
to two general schemes: content match and sponsored search. 
Content match refers to placement of advertisements (“ads') 
within a webpage on the basis of the content of the web page. 
Sponsored search refers to placing ads on a search results 
page generated by a web search engine, the ads being respon 
sive to a query that a given user Submits to the web search 
engine. The ads placed on the search results page are selected 
via analysis of a query string entered into the web search 
engine. Those of skill in the art recognize that other factors or 
parameters beyond the query string may influence the selec 
tion of ads for placement on a search results page that the web 
search engine generates including a score that indicates the 
quality of the ad, a time Zone of the user, user browsing 
history, demographic information, etc. A content match sys 
tem can generate data indicating each instance that an ad is 
displayed on a webpage (an “impression'). 
0006 An ad network, an intermediary entity that selects 
the ad in the content match system, determines a most rel 
evant ad to place on the webpage to entice a user to click on 
that ad. For example, on a webpage related to sports, the ad 
network may select ads for soft drinks, because a demo 
graphic of visitors interested in sports may be substantially 
similar to a demographic likely to buy soft drinks. By com 
puting a ratio of a number of clicks on the ads to a number of 
impressions, the ad network can determine a click-through 
rate (CTR) indicative of inter alia, the relevancy of the ads 
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that are selected. Thus, the CTR becomes a valuable indicator 
for ad networks seeking to attract business from advertisers. 
However, the number of clicks is typically very low compared 
to the number of impressions. Conventional estimation algo 
rithms based on frequencies of event occurrences incur high 
statistical variance and fail to provide satisfactory predictions 
of the CTR because the number of clicks appears negligible in 
view of the large amount of impressions. Furthermore, esti 
mating CTR from entire corpus of data might involve storing 
information for each impression. In a content matching sys 
tem, however, this might involve crawling pages and storing 
the entire page content, which is expensive both in terms of 
storage and bandwidth requirements. 
0007. Therefore, there exists a need for a reliable sampling 
model for determining an occurrence of a rare event within 
large Volumes of data. 

SUMMARY OF THE INVENTION 

0008. The present invention generally relates to systems 
and methods for determining an event occurrence rate. A 
sample set of content items may be obtained. Each of the 
content items may be associated with at least one region in a 
hierarchical data structure. According to one embodiment, a 
hierarchical data structure comprises nodes in an advertise 
ment taxonomy hierarchy and nodes in a page taxonomy 
hierarchy, with a given region characterized or otherwise 
identified by a combination of nodes from the advertisement 
taxonomy hierarchy and nodes from the page taxonomy hier 
archy. A first impression Volume may be determined for the at 
least one region as a function of a number of impressions 
registered for the content items associated with the at least 
one region. A scale factor may be applied to the first impres 
sion Volume to generate a second impression Volume. The 
scale factor may be selected so that the second impression 
Volume is within a predefined range of a third impression 
volume. A click-through-rate (CTR) may be estimated as a 
function of the second impression Volume and a number of 
clicks on the content item. 
0009. The content items may include at least one of 
webpages and ads. The obtaining of the sample set may 
include identifying first content items that have been clicked, 
identifying a predetermined number of second content items 
that have not been clicked, and generating the sample set as a 
function of the first and second content items. The first 
impression Volume may be calculated as a function of the 
impressions for the first and second content items. The third 
impression Volume may be a total number of impressions 
associated within a pre-selected level in the hierarchical data 
structure. A difference impression Volume may be calculated 
as a difference between the first impression volume and the 
third impression volume, and the difference impression vol 
ume may be distributed to the at least one region as a function 
of the first impression volume. The distributing may include 
determining a Sum of the first impression Volumes for each 
region across a level of the hierarchical data structure, com 
puting a ratio of the first impression Volume for a given region 
to the Sum, multiplying the difference impression Volume by 
the ratio to determine an impression addition for the given 
region, and adding the impression addition to the first impres 
sion Volume of the given region to generate a fourth impres 
sion Volume. Estimating the CTR may include assigning a 
state variable to each of the at least one region, and applying 
a Markovian model to the state variable to estimate the CTR. 
The Markovian model may compute a posterior for the state 
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using a Kalman filter, propagate the posterior to the at least 
one region, and repeat the computing and the propagating 
until convergence. Upon the convergence, the CTR for the at 
least one region may be identified and stored on a storage 
medium. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0010. The invention is illustrated in the figures of the 
accompanying drawings which are meant to be exemplary 
and not limiting, in which like references are intended to refer 
to like or corresponding parts, and in which: 
0011 FIG. 1 shows an exemplary embodiment of a system 
for determining an event occurrence rate according to one 
embodiment of the present invention; 
0012 FIG. 2 shows an exemplary embodiment of a 
method for determining an event occurrence rate according to 
one embodiment of the present invention: 
0013 FIG. 3 shows an exemplary embodiment of a 
method for generating a sample set of webpages/ads accord 
ing to one embodiment of the present invention; 
0014 FIG. 4 shows an exemplary embodiment of a 
method for determining impression Volumes at a predeter 
mined node(s) in a webpage/ad hierarchy according to one 
embodiment of the present invention; 
0015 FIG. 5 shows an exemplary embodiment of a 
method for estimating a click-through-rate in one or more 
regions of a webpage/ad hierarchy according to one embodi 
ment of the present invention; and 
0016 FIG. 6 shows an exemplary embodiment of agen 
erative model for a two level hierarchy according to one 
embodiment of the present invention. 

DETAILED DESCRIPTION OF THE PREFERRED 
EMBODIMENTS 

0017. In the following description of the preferred 
embodiments, reference is made to the accompanying draw 
ings that form a parthereof, and in which is shown by way of 
illustration a specific embodiment in which the invention may 
be practiced. It is to be understood that other embodiments 
may be utilized and structural changes may be made without 
departing from the scope of the present invention. 
0018 FIG. 1 shows an exemplary embodiment of a system 
100 for determining an event occurrence rate according to the 
present invention. The system 100 may comprise a publisher 
server 102, an ad network server 104 and a client device 106 
which are communicatively interconnected via a communi 
cations network 108 (e.g., a wired/wireless LAN/WAN, a 
cellular network, the Internet, an intranet, a VPN, a PSTN, 
etc.). The publisher and ad network servers 102, 104 and the 
client device 106 may be processor-based computing devices 
which include memory and network connection ports for 
communicating data on the network 108. For example, the 
client device 106 may be a PC, laptop, mobile phone, PDA, 
tablet computer, handheld computer, Smart appliance (e.g., 
scanner, copier, facsimile machine), etc. which utilizes a web 
browser (or command-line interface) for allowing a user to 
interface with devices on the network 108 and view content 
items (e.g., webpages, ads, videos, audio files, etc.). Those of 
skill in the art understand that any number of client devices 
106 may be connected to the network 108 and that the servers 
102 may comprise any number of servers and/or databases. 
0019. The publisher server 102 may host one or more 
webpages that include text, audio, video and/or interactive 
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content (e.g., games, Flash programs, etc.). The webpages 
may also include ad space (e.g., blank space on the webpage 
in which an ad may be displayed). A company operating the 
publisher server 102 may generate revenue by displaying the 
ads on the webpages. The ads may be hosted by the ad 
network server 104 or an ad company server 110 (e.g., a 
repository with company/product-specific ads). When the 
browser on the client device 106 requests the webpage from 
the publisher server 102, the ad network server 104 selects an 
ad (usually based on an agreement with the website owner 
and the advertiser) from its own database (or retrieves the 
selected ad from the ad company server 110) and transmits 
the selected ad to the client device 106. Displaying thead on 
the webpage is typically referred to as an “impression.” The 
user then sees the selected ad as apart of the webpage that was 
requested. 
0020. Along with using rules defined in website owner 
advertiser agreements to select ads, thead network server 104 
may also implement a content match application. The content 
match application may include a crawler module which 
indexes content on various webpages and ads available to be 
served by the ad network server 104. Using the indices, thead 
network server 104 may select an ad that is most likely to be 
clicked by the user. The ad network server 104 may generate 
data recording the impressions and the clicks on served ads 
for calculating a click-through-rate (CTR), e.g., a percentage 
of ads that were served and clicked. The CTR may be a 
valuable statistic for the ad network to demonstrate to adver 
tisers the efficacy of the content match application. 
0021. In an exemplary embodiment of the present inven 
tion, the CTR may be estimated at one or more resolutions of 
webpage/ad hierarchy. That is, the webpages and ads may be 
classified (manually or automatically) into a pre-existing 
hierarchy in which nodes in the hierarchy are associated with 
contextual themes (e.g., skiing winter sports 4 sports). The 
web pages/ads may be associated with a give node based on 
the resolution thereof. That is, the more themes used to 
describe a webpage/ad, the further to the fringe the webpage/ 
ad will be in the hierarchy. 
(0022 While the exemplary embodiments will be 
described with reference to a single hierarchy used by both 
the webpages and the ads, those of skill in the art will under 
stand that the webpages and the ads may utilize mutually 
exclusive and/or overlapping hierarchies. The hierarchy may 
be a tree comprising a single root node that extends into a 
plurality of leaf nodes. One or more of the leaf nodes may be 
identified as comprising a region of the tree. For example, a 
parent node and its children nodes, a plurality of nodes with a 
common ancestor node or sharing a common theme may be 
considered a region, or a region may be identified by the 
contextual theme (e.g., Swimming eSummer sports->sports). 
0023 FIG. 2 shows an exemplary embodiment of a 
method 200 for determining an event occurrence rate accord 
ing to the present invention. The method 200 provides an 
overview of the exemplary steps for determining an event 
occurrence rate according to the present invention, and, as 
such, implementation of each of the steps will be described in 
further detail below. In step 202, a sample set of webpages is 
identified. The sample set may include a predetermined num 
ber of webpages on which ads have been served by the ad 
network server 104, including the webpages/ads that have 
been clicked. The webpages in the sample set may be gleaned 
from, for example, a log maintained by the ad network server 
104. In step 204, impression volumes are determined, based 
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on true impression data for the webpages in the sample set, for 
regions in the hierarchy. In step 206, the determined impres 
sion Volumes and actual numbers of clicks in a given region 
are used to determine the CTR(s) for the region. The CTR 
computed may be computed for any resolution within the 
hierarchy, allowing for discrimination between regions which 
truly have negligible CTR from those which may obtain more 
clicks if provided with more impressions, as will be explained 
further below. 
0024 FIG. 3 shows an exemplary embodiment of a 
method 300 for generating the sample set of webpages/ads. In 
step 302, a webpage is identified. The webpage may be one of 
the webpages that was indicated on the log at the ad network 
server 104 as registering as impression. In step 304, it is 
determined whether the webpage was clicked. If the webpage 
was not clicked, it is determined whether the webpage should 
be included in the sample set as a non-clicked webpage (step 
306). A number of the non-clicked webpages included in the 
sample set may be predetermined or determined automati 
cally when harvesting the pages (e.g., as a function of a total 
number of webpages in the log, a total number of webpages 
clicked, a total number of impressions, etc.). 
0025. In step 308, the page is crawled to obtain features 
thereof for classification into a region of the hierarchy. The 
features on a webpage include, but are not limited to, a URL, 
an HTML tag(s), words, images, scripts, etc. As understood 
by those of skill in the art, features on the ads may be available 
from the log or other pre-recorded data identifying (or pro 
viding data for identifying) the features. 
0026. In step 310, the impressions associated with the 
webpage are mapped onto regions in the hierarchy corre 
sponding to the features of the webpage. This yields the 
number of sampled impressions in each of the regions. The 
method 300 may be iterated over all of the webpages in the 
sample set, resulting in a hierarchy which reflects all of the 
sampled impressions in each of the regions. Because the 
impressions associated with the sample set of webpages are 
relatively small (as compared to the total number of impres 
sions recorded), the hierarchy may not fully reflect true 
impression Volumes for all of the regions. 
0027 FIG. 4 shows an exemplary embodiment of a 
method 400 for determining impression volumes at a prede 
termined node(s) in the hierarchy using the sample impres 
sion at another region(s). In step 402, a scale factor is deter 
mined, and, in step 404, the scale factor is applied to all nodes 
across a level of the hierarchy. In step 406, it is determined 
whether the total number of true impressions indicated in the 
log is Substantially equal to (e.g., within a predefined error 
bound) the sampled impressions for the predetermined node 
multiplied by the scale factor. If the totals are incongruous, 
the scale factor may be modified. 
0028. In step 408, a lower bound on impression volume is 
computed for each of the regions. The lower bound may be, 
for example, the total number of sampled impressions in each 
of the respective regions. In step 410, excess impressions 
(e.g., the total number of scaled impressions in a region minus 
the lower bound of sampled impressions in the region), may 
be distributed among the respective regions. That is, by con 
forming estimated impression Volumes to the scaled impres 
sion totals at each node in the page and ad hierarchies, a 
variance of the estimated impression Volumes may be 
reduced. Additionally, a Sum of the estimated impression 
Volumes for children regions nested within a parent region 
should correlate to the estimated impression volume of the 
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parent region. As will be explained further below, the excess 
impressions may be imputed to Some (or all of) the nodes 
using a maximum entropy formulation. 
0029 FIG. 5 shows an exemplary embodiment of a 
method 500 for estimating the CTR in one or more regions of 
the hierarchy using the estimated impression Volumes. In step 
502, a state variable is assigned to each node in the hierarchy. 
In step 504, a posterior of each of the state variables is com 
puted for each node from fringe leaf nodes to the root node. 
The posterior may be computed by, for example, a Kalman 
filter algorithm that “filters' the leave nodes in a bottom-up 
fashion to the root node. 
0030. In step 506, a smoothing effect may be applied to 
modify the state variables. The smoothing effect may be the 
result of applying a Markovian model on the state variables. 
That is, since the state variables of child nodes sharing a 
common parent node are drawn from a distribution centered 
around the state variable of the parent, the Markovian model 
may specify a joint distribution on an entire state space of 
CTR values. 
0031. In step 508, variance components of the Markovian 
model may be estimated using, for example, an Expectation 
Maximization (EM) algorithm. The EM algorithm may 
repeat steps 504 (filtering) and 506 (smoothing) for several 
iterations until convergence (step 510). When convergence is 
reached, the resulting CTR values may be stored on a storage 
device for output and/or additional processing. In step 512, 
the resulting CTR values may be stored on a storage medium. 
0032. A more detailed exemplary embodiment of deter 
mining and imputing impression Volumes is described below. 
A set of regions Z may consist of two Successive levels of 
nested regions corresponding to depths 1 and 2, respectively. 
Generalization to all regions formed by the page and ad 
hierarchies may follow as: let IJ and idenote regions in Z' 
and Z’, respectively. The actual impressions in region r from 
the clicked and non-clicked pages (e.g., as described with 
reference to the method 300) may be denoted as n, and m, 
respectively. Thus, lb, n+m, may provide a lower bound on 
the impression volume for the region r. Let N, denote the true 
impression Volume in region r that is to be estimated may be 
denoted as N. Using a linear transformation X, N, lb., the 
estimation problem may be written in terms of X, and derive 
estimates of Nas NX,+1b, wherex, is our estimate ofx. In 
fact, the X's may be interpreted as excess impressions that 
may be allocated to adjust for a sampling bias. 
0033. A page (or ad) classified to a node i in the tree may 
belong to the entire path from a node i to the root node. Also, 
the page (or ad) may be classified to a node at a depth other 
than leaf node L. leaf level. As understood by those of skill 
in the art, this classification scheme has the potential to create 
inconsistencies in a total number of impressions and clicks 
obtained at different levels in the tree. For instance, the total 
number of impressions (or clicks) for a group of children 
regions may be strictly smaller than the number of impres 
sions (or clicks) of the parent region they are nested within. To 
ensure consistency, the excess impressions and clicks in a 
parent node are distributed among the children nodes associ 
ated therewith. The steps are repeated at every level in a 
top-down fashion. Thus, each impression in a non-leaf region 
is guaranteed to come from Some Smaller region nested within 
it 
0034. One or more constraints may be imposed while 
imputing the impression Volumes as described in the method 
400. A first set of constraints (e.g., column constraints) may 
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ensure that a sum of the impressions along a column is Sub 
stantially equal to a total number of impressions for a corre 
sponding node in the ad hierarchy: 

X,x=aXib-CS,’’: for all j in Level 2 (1) 

Xx-ax.lbl. =CS '; for all J in Level 1 (2) 
0035. In the exemplary column constraint, a,(a) is the plary vci, 

total impression Volume for node (J) in the ad hierarchy, and 
CS.) represents the excess impressions in the column that 
were missed by the sampling process. For a node Jat level 1 
in the ad hierarchy, a Xi Ji, where pa(j) denotes the 
parent node of nodej, e.g., the column impressions total for a 
level 1 node is the sum of the column totals of its children in 
level 2. Also, XCS,2)-XCS')=TotExcess, where Totexcess 
is the total number of excess impressions in the data. 
0036) A second set of constraints (e.g., row constraints) 
may preserve the impression Volumes at nodes in the page 
hierarchy as follows: 

Xx-KXm-RS.); Vi 

Xx-KXm-RSA:VI (3) 

I0037. In the second set of constraints, RS. represents the 
excess impressions aggregated for each node in the page 
hierarchy, and K' and K’are constants for levels 1 and 2. 
The underlying assumption is that for each sampled impres 
sion, there are Ktimes as many excess impressions from the 
non-clicked pool that did not appear in the sample. Since 
pages may be randomly sampled from the non-clicked pool, 
this simple adjustment is reasonable. The constants Kare 
chosen to preserve total impression Volume, e.g., so that 
XRS’’=XRS =TotExcess. 
0038 A third set of constraints (e.g., block constraints) 
may ensure that the excess impressions allocated to a region 
at level 1 equals the Sum of excess impression allocated to 
regions nested within it at level 2 as follows: 

Xijpag-LXI: for all IJ (4) 

0039. As understood by those of skill in the art, true 
impression Volumes may satisfy the block contracts. Thus, 
the block constraints may be imposed during the imputation 
of impression Volumes. Additionally, analogous row, column 
and block constraints may be imposed at all other levels 101-0, 
. . . . L). 
0040. In estimating the impression volumes, a set of posi 

tive initial prior values x(0)} may be identified for all 
regions r E Z. An aim of the exemplary embodiments of the 
present invention is to determine a solution {x} which is as 
close as possible to the prior initial value x(0)} but satisfies 
all the row, column and block constraints. As understood by 
those of skill in the art, this process may be equivalent to 
finding a solution having a smallest discrepancy from the 
prior distribution in terms of Kullback-Leibler divergence, 
Subject to the constraints. It may also be referred to as a 
Maximum Entropy model, because, when the prior initial 
value {X,(0)} is uniform, the solution may maximize Shan 
non entropy. 
0041. In one exemplary embodiment, the Maximum 
Entropy model may be solved using an Iterative Proportional 
Fitting (IPF) algorithm, which iterates cyclically over all of 
the constraints and updates the X, values to match the con 
straints as closely as possible. Specifically, at the t' iteration, 
if: a constraint of the formX,k,x, C is being violated (k=0 or 
1 for all of the constraints); the current value C(t) of the LHS 
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is C(t)=X,k,x,(t), where CzC; then, the IPF algorithm adjusts 
each element X, involved in the constraint by a constant factor 
C/C(t) to get the new values x(t+1)=x(t):C/C(t). Updating in 
this manner may ensure non-negativity of a final solution. The 
updates may be performed for all constraints until conver 
gence. 
0042. The exemplary embodiment of the present invention 
may jointly estimate all X,’s by iterating through a series of 
top-down and bottom-up scalings. For a two level tree, at the 
t" iteration, start with level 1, and modify {x, (t)} to {x (t+ 
1)} after adjusting for the row and column constraints. This 
changes the values of {x(t)}'s at level 2 to {x*(t)}'s by 
adjusting for the corresponding block constraints. At level 2. 
change the {x*(t)}'s to {x(t+1)}'s by adjusting for row and 
column constraints. This completes the top-down step. In the 
bottom-up step, the leaf regions (in the exemplary embodi 
ment, the regions at level 2 do not change, e.g., X(t+2)-X, 
(t+1). Using the block constraints, the values at level 1 change 
to {x*(t+1)}=X, X(t+2) followed by row and col 
umn Scalings to satisfy the level 1 constraints, ending with 
X(t+2). The top-down and bottom-up steps may be iterated 
until convergence. The algorithm may converge rapidly, 
requiring, for example, 156 iterations for an error tolerance of 
19/6. 
0043. The exemplary algorithm described above with ref 
erence to a two-level tree may be extended to a tree with/ 
levels as follows: 

Initialization: 
Begin with a prior {x.(0)} for regions r E Z of level 1 
From iteration tto t + 2: 
Begin Top-down: A. 
For all r EZ, x(t) -> row constraints -> column constraints -> x.(t+1) 
For levels 1 = 2, ..., L. 
For all r E.Z': x.(t) -> block constraints with Xe (t+1) on the 
where pa(r) is the parent region Subsuming r 
x*(t) -> row constraints -> column constraints -> x(t + 1) 
Begin bottom-up: 
For all r EZ, x(t + 2) = x(t+1) 
For levels 1 = L..... 1 
For all r E Z:x:..(t + 1) = Xie X(t+1), where ch(r) are all children 
regions nested within r 
x*(t + 1) -> row constraints -> column constraints -> x.(t + 2) 
Iterate until all constraints are substantially satisfied up to a predefined 
accuracy factor 

0044 One exemplary variable in the exemplary imputa 
tion algorithm is the choice of the prior. Setting x(0) is 
proportional to 1b, may ensure that the excess impressions are 
distributed in proportion to the lower bounds obtained from 
the crawled sample as closely as possible Subject to the con 
straints. An alternative is to simply use the traditional IPF 
algorithm, which starts with a prior of X,(0) that is propor 
tional to 1, and computes the X, values for each level sepa 
rately, using only the row and column constraints. It can be 
shown that this automatically satisfies the block constraints as 
well, due to the relationships between the row and column 
sums at different levels. However, the prior distributes the 
excess impressions using an independence model and does 
not incorporate the a priori interaction information in the 
lower bounds. 
0045. After the impression volumes have been imputed to 
the hierarchy, the CTRs are estimated for all (or selected ones) 
of the nodes therein. The distribution of raw CTRs may be 
skewed and the variance may depend on the mean (roughly, 
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Var proportional to mean/N). In the exemplary embodiment, 
the count data may be modeled on a transformed scale using 
the Freeman-Tukey transformation: 

1 C. -- c + 1 
y = - r 

2W. N. W. N. 

0046. In the above transformation, c, is the number of 
clicks in the region rand N is the imputed number of impres 
sions, determined from the imputation algorithm described 
above. The second term in the transformation distinguishes 
between Zeros on the basis of the number of impressions, e.g., 
Zero clicks from 100 impressions corresponds to a smaller 
transformed CTR than Zero clicks from only 10 impressions. 
The transformation may also provide symmetry to an other 
wise skewed rate distribution and provide a variance stabili 
Zation property, making the variance of the distribution inde 
pendent of the mean (roughly, Var proportional to 1/N). In an 
alternative exemplary embodiment, a squared-root transform 
may be utilized to model the data on a transformed scale. 
0047. As stated above in the description of method 500, 
the Markov model may be used as a generative model to 
calculate the CTRs from the imputed impression volumes. In 
the exemplary dataset, u', 1 for all r which corresponds to 
one covariate for each level in the region hierarchy. Condi 
tional on the states {S} being known, assume the observa 
tions y, to be independently distributed as a Gaussian: 

(5) 

y.ISB-N(un-S. V.), (6) 
0048. The B' is the unknown coefficient vector 
attached to covariates at level d(r), and V, is the unknown 
variance parameter. The latent S, variables are adjusting for 
effects that are not accounted for by the covariates. However, 
estimating one S, per region leads to severe overfitting; hence 
Smoothing on S's is necessary. The Smoothing step is per 
formed by exploiting dependencies induced by the tree struc 
ture of regions: 

S. Saotw. (7) - 

0049. The w, is computationally similar to N(0, W.) for all 
r E Z \Z'. Also, w, is independent of So and 
S-W-0. FIG. 6 shows an exemplary embodiment of 
the generative model for two levels. 
0050. In the exemplary embodiment, estimating a separate 
W, and V, for each region may require assuming that all 
regions at the same level have the same W, value: W =W for 
all r E. S. Modeling assumptions on V, depend on the data 
and the tree structure of regions. In the present example, 
Var(y) is proportional to 1/N, (from Equation 5). Thus, 
assume that there is a V such that V.V/N for all r ES). 
0051. The ratios W/V, determine the amount of smooth 
ing that takes place in the Markovian model. If W is large 
relative to V, the sibling S.'s are drawn from a distribution 
that has high variance and hence little Smoothing. According 
to one embodiment, if W/V, is proportional to infinity, then 
S.43 (yu'?') and the training data is perfectly fit. On the 
other extreme, if W/V->0, then S->0 and the fit is a regres 
sion model given by the covariates, with the maximum pos 
sible Smoothing. 
0052 From the above description, one or more correla 
tions may be implied by the Markovian model. For example, 
from Equation 7 and the independence of W, and So, it 
follows that: 
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g(r) (8) 
Var(S) = X. W(i) 

t= 

0053 Thus, the variance in the states S, depends only on 
the depth of region r, and increases when moving from 
coarser to finer resolutions. 
0054 For any two regions r1 and r2 at depth/sharing a 
common ancestorg at depth 1'<1, the covariance between the 
state values is given by Cov(S, , S2)-Var(S), which 
depends only on 1'. Thus, the correlation coefficient of nodes 
at level 1 whose least common ancestoris at level 1" is given by 

f (9) 
X. W(i) 

Corr(l, t) = T 
y W(i) 
i=1 

0055. The correlation coefficient Corr (1.1') depends only 
on the level of the regions and the distance to their least 
common ancestor. They's may be independent conditional 
on S.'s, but the dependencies in S.'s impose dependencies in 
the marginal distribution of y's. 
0056. As explained and described above, the EM algo 
rithm may be used to estimate the posterior distribution of 
{S}'s and {B}'s and provide point estimates of the vari 
ance components {W(1)} and V. Implementation of the EM 
algorithm may utilize a Kalman filtering step for efficiently 
estimating the posterior distributions of{S}’s for fixed val 
ues of the variance components. The Kalman filtering algo 
rithm itself consists of two steps, namely, a filtering step that 
aggregates information from the leaves up to the root, fol 
lowed by a smoothing step that propagates the aggregated 
information in the root downwards to the leaves. To provide 
intuition on the filtering step, note that the state equations may 
be inverted to express parent states in terms of their children's 
States: 

Spair) = E(Spa(r) Sr.) + (Spa(r) E(Spa(r) Sr.) (10) 
= B.S + i. 

where 

Ef, = 0 and 

Var(t) = War) B, 

(0057. Beginning with initial estimates for W(0)}, V. 
and {B'(0)}, the EM algorithm may use these in the Kal 
man filtering and Smoothing steps, recomputing the variance 
and covariate components, and repeating the process until 
convergence. At step 1+1, the EM algorithm first computes the 
expected log-likelihood of the conditional distribution of all 
the state variables {S,i} given the current estimates of all 
variance and covariate components {W'(t)}, V(t), B(t)} 
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and the data {y}. This step uses the posterior distributions of 
the state variables from the Kalman filtering and Smoothing 
steps. Subsequently, the parameters {W'(t+1)}, V(t+1), {B, 
(t+1)} are determined which maximize the conditional distri 
bution of {S}. The new estimates are used at the next 
timestep of the EM algorithm. 
0058. The Kalman filtering step may be implemented as 
follows: 

Filtering: Define, for all re Z, the following quantities: 

X. W(i) 

For the leaf regions re Z’, compute: 
S. = O.e./(o. + V.); T = O.V./(o. + V.) 
For non-leaf nodes re ZZP, let k, denote the number of children 
regions under r, and let c,(r) denote the "such child. Then, compute: 

kr 
& is -1 & S = C-13. rise i=1 

-l kr -l 
s: -l 

T = -- (i. X. 
r i=1 r 

-- -- -- vs. -- r|r 

Smoothing: Set the values S. = S, and T = T, for all re Z. 
for all other levels re ZVZ), compute: 
S.-S. + T-B.Tao (Sao Saoir) alrea(r)ir pa(r) pa 
T = TI -- T.B. To f (Tea(r) Tea(-)-)Tea(r) "Tri 
Tripa(e) TriB. Tea() - Teag) 
Expectation Maximization: Define the following: 

Then, compute: 

X. (T + Tot 2, at +(S, Sato)) 

The value of B(t + 1) at each levell is obtained by performing a 
weighted least squares at level I with V(t + 1) as estimate of V. 

0059 FIGS. 1 through 6 are conceptual illustrations 
allowing for an explanation of the present invention. It should 
be understood that various aspects of the embodiments of the 
present invention could be implemented in hardware, firm 
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ware, software, or combinations thereof. In such embodi 
ments, the various components and/or steps would be imple 
mented inhardware, firmware, and/or software to perform the 
functions of the present invention. That is, the same piece of 
hardware, firmware, or module of software could perform one 
or more of the illustrated blocks (e.g., components or steps). 
0060. In software implementations, computer software 
(e.g., programs or other instructions) and/or data is stored on 
a machine readable medium as part of a computer program 
product, and is loaded into a computer system or other device 
or machine via a removable storage drive, hard drive, or 
communications interface. Computer programs (also called 
computer control logic or computer readable program code) 
are stored in a main and/or secondary memory, and executed 
by one or more processors (controllers, or the like) to cause 
the one or more processors to perform the functions of the 
invention as described herein. In this document, the terms 
“machine readable medium.” “computer program medium’ 
and “computer usable medium' are used to generally refer to 
media Such as a random access memory (RAM); a read only 
memory (ROM); a removable storage unit (e.g., a magnetic or 
optical disc, flash memory device, or the like); a hard disk; 
electronic, electromagnetic, optical, acoustical, or other form 
of propagated signals (e.g., carrier waves, infrared signals, 
digital signals, etc.); or the like. 
0061. Notably, the figures and examples above are not 
meant to limit the scope of the present invention to a single 
embodiment, as other embodiments are possible by way of 
interchange of some or all of the described or illustrated 
elements. Moreover, where certain elements of the present 
invention can be partially or fully implemented using known 
components, only those portions of such known components 
that are necessary for an understanding of the present inven 
tion are described, and detailed descriptions of other portions 
of Such known components are omitted so as not to obscure 
the invention. In the present specification, an embodiment 
showing a singular component should not necessarily be lim 
ited to other embodiments including a plurality of the same 
component, and Vice-versa, unless explicitly stated otherwise 
herein. Moreover, applicants do not intend for any term in the 
specification or claims to be ascribed an uncommon or special 
meaning unless explicitly set forth as such. Further, the 
present invention encompasses present and future known 
equivalents to the known components referred to herein by 
way of illustration. 
0062. The foregoing description of the specific embodi 
ments will so fully reveal the general nature of the invention 
that others can, by applying knowledge within the skill of the 
relevant art(s) (including the contents of the documents cited 
and incorporated by reference herein), readily modify and/or 
adapt for various applications such specific embodiments, 
without undue experimentation, without departing from the 
general concept of the present invention. Such adaptations 
and modifications are therefore intended to be within the 
meaning and range of equivalents of the disclosed embodi 
ments, based on the teaching and guidance presented herein. 
It is to be understood that the phraseology or terminology 
herein is for the purpose of description and not of limitation, 
Such that the terminology or phraseology of the present speci 
fication is to be interpreted by the skilled artisan in light of the 
teachings and guidance presented herein, in combination 
with the knowledge of one skilled in the relevant art(s). 
0063. While various embodiments of the present invention 
have been described above, it should be understood that they 
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have been presented by way of example, and not limitation. It 
would be apparent to one skilled in the relevant art(s) that 
various changes in form and detail could be made therein 
without departing from the spirit and scope of the invention. 
Thus, the present invention should not be limited by any of the 
above-described exemplary embodiments, but should be 
defined only in accordance with the following claims and 
their equivalents. 
What is claimed is: 
1. A computer-implemented method, comprising: 
electronically, obtaining, via a processing device, a sample 

set of content items, each of the content items including 
a plurality of features associated with at least one region 
in a hierarchical data structure, the hierarchical data 
structure comprising nodes in an advertisement tax 
onomy hierarchy and nodes in a page taxonomy hierar 
chy, with the at least one region identified by a combi 
nation of nodes from the advertisement taxonomy 
hierarchy and nodes from the page taxonomy hierarchy, 
wherein the sample set is representation of a whole set of 
content items including features associated with the at 
least one region; 

determining a first impression Volume for each of the fea 
tures corresponding to at least one region as a function of 
a number of impressions registered for a given content 
item from the sample set of content items; 

applying a scale factor to the first impression volume to 
generate a second impression Volume, the scale factor 
being selected so that the second impression volume is 
within a predefined range of a third impression Volume; 

electronically, estimating, via the processing device, a 
click-through-rate (CTR) as a function of the second 
impression Volume and a number of clicks on the content 
item. 

2. The method according to claim 1, wherein the content 
items include at least one of webpages and ads. 

3. The method according to claim 1, wherein the obtaining 
includes: 

identifying first content items that have been clicked; 
identifying a predetermined number of second content 

items that have not been clicked; and 
generating the sample set as a function of the first and 

second content items. 
4. The method according to claim 3, further comprising: 
calculating the first impression volume as a function of the 

impressions for the first and second content items. 
5. The method according to claim 1, wherein the third 

impression Volume is a total number of impressions associ 
ated within a preselected level in the hierarchical data struc 
ture. 

6. The method according to claim 1, wherein the estimating 
includes: 

assigning a state variable to each of the at least one region; 
and 

applying a Markovian model to the state variable to esti 
mate the CTR. 

7. The method according to claim 6, wherein the applying 
includes: 

computing a posterior for the state variable using a Kalman 
filter; and 

propagating the posterior to the at least one region; and 
repeating the computing and the propagating until conver 

gence of the state variable to the CTR. 
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8. The method according to claim 7, further comprising: 
upon the convergence, identifying the CTR for the at least 

one region. 
9. The method according to claim 1, further comprising: 
storing the CTR on a storage medium. 
10. Computer readable media comprising program code 

that when executed by a programmable processor causes the 
processor to execute a method, the method comprising: 

obtaining a sample set of content items, each of the content 
items including a plurality of features associated with at 
least one region in a hierarchical data structure, the hier 
archical data structure comprising nodes in an advertise 
ment taxonomy hierarchy and nodes in a page taxonomy 
hierarchy, with the at least one region identified by a 
combination of nodes from the advertisement taxonomy 
hierarchy and nodes from content items including fea 
tures associated with the at least one region; 

determining a first impression Volume for each of the fea 
tures corresponding to at least one region as a function of 
a number of impressions registered for a given content 
item from the sample set of content items; 

applying a scale factor to the first impression Volume to 
generate a second impression Volume, the scale factor 
being selected so that the second impression volume is 
within a predefined range of a third impression Volume; 

estimating a click-through-rate (CTR) as a function of the 
second impression Volume and a number of clicks on the 
content item. 

11. The computer readable media of claim 10, wherein the 
content items include at least one of webpages and ads. 

12. The computer readable media of claim 10, wherein the 
obtaining includes: 

identifying first content items that have been clicked; 
identifying a predetermined number of second content 

items that have not been clicked; and 
generating the sample set as a function of the first and 

second content items. 
13. The computer readable media of claim 12, further 

comprising: 
calculating the first impression Volume as a function of the 

impressions for the first and second content items. 
14. The computer readable media of claim 10, wherein the 

third impression Volume is a total number of impressions 
associated within a preselected level in the hierarchical data 
Structure. 

15. The computer readable media of claim 10, wherein the 
estimating includes: 

assigning a state variable to each of the at least one region; 
and 

applying a Markovian model to the state variable to esti 
mate the CTR. 

16. The computer readable media of claim 15, wherein the 
applying includes: 

computing a posterior for the state variable using a Kalman 
filter, and 

propagating the posterior to the at least one region; and 
repeating the computing and the propagating until conver 

gence of the state variable to the CTR. 
17. The computer readable media of claim 16, further 

compr1S1ng: 
upon the convergence, identifying the CTR for the at least 

one region. 
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18. A system comprising a processor and a memory device 
storing executable instructions thereon that when executed 
causes the processor to perform a method comprising: 

obtaining a sample set of content items, each of the content 
items including a plurality of features associated with at 
least one region in a hierarchical data structure, the hier 
archical data structure comprising nodes in an advertise 
ment taxonomy hierarchy and nodes in a page taxonomy 
hierarchy, with the at least one region identified by a 
combination of nodes from the advertisement taxonomy 
hierarchy and nodes from the page taxonomy hierarchy, 
wherein the sample set is representation of a whole set of 
content items including features associated with the at 
least one region; 

determining a first impression Volume for each of the fea 
tures corresponding to at least one region as a function of 
a number of impressions registered for a given content 
item from the sample set of content items; 

applying a scale factor to the first impression volume to 
generate a second impression Volume, the scale factor 
being selected so that the second impression volume is 
within a predefined range of a third impression Volume; 

estimating a click-through-rate (CTR) as a function of the 
second impression Volume and a number of clicks on the 
content item. 

19. The system of claim 18, wherein the content items 
include at least one of webpages and ads. 
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20. The system of claim 18, wherein the obtaining 
includes: 

identifying first content items that have been clicked; 
identifying a predetermined number of second content 

items that have not been clicked; and 
generating the sample set as a function of the first and 

second content items. 
21. The system of claim 20, further comprising: 
calculating the first impression Volume as a function of the 

impressions for the first and second content items. 
22. The system of claim 18, wherein the third impression 

Volume is a total number of impressions associated within a 
preselected level in the hierarchical data structure. 

23. The system of claim 18, wherein the estimating 
includes: 

assigning a state variable to each of the at least one region; 
and 

applying a Markovian model to the state variable to esti 
mate the CTR. 

24. The system of claim 23, wherein the applying includes: 
computing a posterior for the state variable using a Kalman 

filter, and 
propagating the posterior to the at least one region; and 
repeating the computing and the propagating until conver 

gence of the state variable to the CTR. 
25. The system of claim 24, further comprising: 
upon the convergence, identifying the CTR for the at least 

one region. 


