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(57) ABSTRACT

In embodiments of the present invention, improved capabili-
ties are described for refining an economic valuation model,
through machine learning, to evaluate information relating to
a plurality of available placements, and predicting an eco-
nomic valuation for each of the plurality of placements in
response to receiving a request to place an advertisement for
apublisher. In embodiments, the refinement through machine
learning may include comparing economic valuation models
by retrospectively comparing the extent to which the models
reflect actual economic performance of advertisements. In
embodiments, the economic valuation model may be used to
select at least one of the plurality of available placements and
present it to the publisher seeking to place an advertisement.
In an alternate embodiment of the present invention,
improved capabilities are described for deploying an eco-
nomic valuation model that is refined through machine learn-
ing to evaluate information relating to a plurality of adver-
tisements to predict an economic valuation for each of the
plurality of advertisements, and selecting and presenting to a

Int. Cl. publisher at least one of the plurality of available advertise-
G060 30/00 (2006.01) ments based on the economic valuation of its placement
GOG6F 15/18 (2006.01) within the available advertising placement.
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EXAMPLE: INSIGHT REPORTS ‘/502
MICROSEGMENTATION ANALYSIS, CAMPAIGN TO DATE
0.09% 1.2M RULES CREATED
RULES UPDATED
o AVERAGE 4.5 TIMES
0, g X
0.06% o, - 945M IMPRESSIONS
CONSIDERED
) 167 FEATURES
0.03% LEVERAGED
100M 120M
S OW PERFORMERS
- HIGHPERFORMERS AVERAGE PAID CPM IS $0.28
cioe 68 PROMNORTHEAST = 0 72% FROM SOUTHWEST
"o AVERAGE PAIDCPMIS$096 60% OF ADS WERE
e 50% OF ADS WERE BANNER 1 - BANNER 2
e 29% FROM 1-6PM i 21% FROM 8-11AM
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PACING IS OPTIMIZED THROUGH RECENCY ANALYSIS

CUMULATED ACTIONS
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20% -

0% b . ; : :
0 48 % 144 192 240
HOURS SINCE LAST IMPRESSION (RECENCY)

FIG. 5D
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Lift at 1/10 Selectivity

o

Example Results: Two campaigns from a US “big box” department store

Campaign A

TS e ———— ~
! i 1
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! using user i
. 1
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Fig. 8B
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Gl

» Define key performance indicators and weighting
* Layout mechanics for trafficking pixels, and pixel placement

* Refine data collection if needed
* Infer targeting parameters by running data through DX learning cluster

™~
n Collection B Flight campaign to collect data

Machine
Learning

* Acquire exchanges inventory, enabling application of targeting parameters
* Refresh targeting parameters based on continuous feedback from data collection

Ad
placement

User
Interaction

*» User interacts with ads more frequently, following campaign specific KPls
+ Specific ‘up/down the funnel’ targeting is tuned as campaign runs, creating user
action’s pipeline

* Number and ranking of micro-segments
e Results B Media savings achieved and next campaign potential

el Follow up campaign strategy and improved data collection

Fig. 9
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* PIXEL PROVISIONING SERVICE PROVIDES EASY GENERATION OF HTML OR JAVASCRIPT TAGS

DIDATAXU REPORTING ENGINE:DAILY... ®| DY HTTP://DXPPS.U..COMWEBSITES/3 ®|

Iq

ADMIN LINKS: PPS USERS | FEEDBACK LOGGED IN AS ADMIN@DATAXU.COM [ACCOUNT LOGOUT

DATAXU —
PIXEL PROVISIONING SYSTEM ADPIXELS  WEBSITE PIXELS

WEBSI|TES > BRITNEYCIRCUS.COM(EDIT)

CHOOSE A PIXEL TYPE BELOW TO GATHER PERFORMANCE-ENHANCING DATA
FROM ADVERTISER WEBSITES. REMEMBER TO ONLY ADD ONE PIXEL PER PAGE

PAGE SPECIFIC PIXEL MARKUP

PAGE-SPECIFIC PIXELS ALLOW YOU TO GATHER MORE ACCURATE

<7~ INFORMATION BY IDENTIFYING EACH PAGE TYPE. FIRST SELECT THE
PAGE TYPE, AND THEN SET THE VALUES FOR THE RELEVANT FIELDS.
PAGE DESIGNERS OR CODERS MAY FILL IN DATA SUCH AS SEARCH
TERMS FOLLOWING THE INSTRUCTIONS BELOW

WHAT TYPE OF PAGE?
O PRODUCT O SEARCH O SEARCH RESULT O HOME O MARKETING O CHECKOUT

SAVED PIXEL MARKUP
8)GENERIC PRODUCT PIXEL(DELETE)

Sj:%‘ <IMG SRC="HTTP://W55C.NET/RS?ID=F9A8FAF465EC47CC8217C0707666FB26&T=

PRODUCT&&PRODUCT_TYPE=${PRODUCT TYPE}&PRODUCT_SUBTYPE=${PRODUCT

ALL SAVED PIXELS (USE TO BULK COPY AND PASTE)

<[]

FiIG. 10

1000

uonwdIqng uonedddy juajeq

SYJO ST 199US TT0T ‘LI "qPA

IV T190%00/110T S



Ll

1100

Prepare - Impression Level Data

Impressions Click Activity or Site visit
Time stamp Time stamp Time stamp
Page URL Page URL Page URL

Referral URL

Referral URL

Referral URL

Search terms (if applicable)

Content category Content category Content category
User ID User ID User ID
Geography by DMA Geography by DMA Geography by DMA

Agent information (OS and Browser)

Agent information (OS and Browser)

Agent information (OS and Browser)

IP address IP address IP address
Activity 1D
Other activity data (SKU, basket value)
Flight ID Flight ID
Campaign ID Campaign ID
Creative ID
Creative format and type
Creative position in page
Fig. 11
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TOTAL SPEND TO DATE $774,550
PROJECTED SPEND TO DATE | $746.250
1200 % OF BUDGET SPENT OVERALL 51%
A ACTIONS TO DATE 33,420
PROJECTED ACTIONS TODATE | 29,850
PERFORMANCE AND DELIVERY % OF ACTION GOAL REACHED 55%
TRENDING COST PER ACTION 23
CAMPAIGN TO DATE PROJECTED COST PER AGTION 505
1 400 END OF TES'IFING PERIOD REPORT DATE $120
1 1
1,200 | | : _ : : - $100
o 1,000 VI——‘ : ? - : L $80
Z 800 L &
8 M\ T - $60 ©
5 600 ,
= U e ———— .1.‘:.' H P bH - H L — e —— e ———— [ $40
200 ARAHTHHRAT L : -$20
o S LA R | , | | , , g
120Ul 194Ul 26-JUL 2AUG 9-AUG 16-AUG 23-AUG 30-AUG G-SEP 13-SEP 20-SEP 27-SEP
== ACTIONS —CPA | ——- PROJCPA
$2,000,000 ; j
© $1,500,000 { -
$1,000,000 i | IS —
t o
i / i
$500,000 —— ;
$0 - - [—r . : r . : . ' . .
12-JUL 19-JUL  26-JUL  2-AUG  9-AUG 16-AUG 23-AUG 30-AUG 6-SEP  13-SEP 20-SEP  27-SEP
— DELIVERED SPEND  ——- PROJ SPEND FIG. 12
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START

4

1404

RECEIVING A REQUEST TO PLACE AN ADVERTISEMENT FOR A PUBLISHER, DYNAMICALLY
DETERMINING AN ANTICIPATED ECONOMIC VALUATION FOR EACH OF A PLURALITY OF POTENTIAL
PLACEMENTS FOR THE ADVERTISEMENT

v

1408

™S

SELECTING AND PRESENTING TO THE PUBLISHER AT LEAST ONE OF THE PLURALITY OF
AVAILABLE PLACEMENTS BASED ON THE ECONOMIC VALUATION

1410 v

STOP

Fig. 14
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1500

1502

START
4

1504

RECEIVING AREQUEST TO PLACE AN ADVERTISEMENT FOR A PUBLISHER, DYNAMICALLY
DETERMINING AN ANTICIPATED ECONOMIC VALUATION FOR EACH OF A PLURALITY OF
POTENTIAL PLACEMENTS FOR THE ADVERTISEMENT

N

1508

DETERMINING A BID AMOUNT BASED AT LEAST IN PART ON THE ANTICIPATED ECONOMIC
VALUATION

1510

Fig. 15
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1800

1802

1804

/

RECEIVING AREQUEST TO PLACE AN ADVERTISEMENT, DEPLOYING AN ECONOMIC
VALUATION MODEL TO EVALUATE A PLURALITY OF AVAILABLE AD PLACEMENTS

1808

¥

SELECTING AND PRESENTING TO A USER AT LEAST ONE OF THE PLURALITY OF AVAILABLE
PLACEMENTS BASED ON THE ECONOMIC VALUATION

1810

Fig. 18
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1902

1900
\

1904

/

RECEIVING AN ECONOMIC VALUATION MODEL AT A LEARNING MACHINE WHEREIN THE MODEL
IS BASED AT LEAST IN PART ON REAL-TIME BIDDING LOG DATA

v

REFINING THE ECONOMIC VALUATION MODEL USING THE LEARNING MACHINE BASED AT
LEAST IN PART ON AD IMPRESSION LOG DATA

v

USING THE REFINED ECONOMIC VALUATION MODEL TO CLASSIFY EACH OF APLURALITY OF
AVAILABLE ADVERTISING PLACEMENTS

ip

PRIORITIZING THE AVAILABLE ADVERTISING PLACEMENTS BASED AT LEAST IN PART ON A
PROBABILITY OF ACHIEVING AN ADVERTISING IMPRESSION

v

SELECTING AND PRESENTING TO AUSER AT LEAST ONE OF THE PLURALITY OF AVAILABLE
PLACEMENTS BASED ON THE PRIORITIZATION

1918

Fig. 19
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2100
2102
h s >
2104\ APPLYING A PLURALITY OF ALGORITHMS TO PREDICT PERFORMANCE OF ONLINE
ADVERTISING PLACEMENTS

2108 TRACKING PERFORMANCE OF THE PLURALITY OF ALGORITHMS UNDER A VARIETY OF

\ MARKET CONDITIONS
2110 ¢'

\ DETERMINING PERFORMANCE CONDITIONS FOR A TYPE OF ALGORITHM
2112 ‘l’

\ TRACKING MARKET CONDITIONS
2114 ‘l’

\ SELECTING AN ALGORITHM FOR PREDICTING PERFORMANCE OF ADVERTISING

PLACEMENTS BASED ON CURRENT MARKET CONDITIONS

2118

Fig. 21
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2204

] PREDICTING, USING A PRIMARY MODEL, AN ECONOMIC VALUATION OF EACH OF A
PLURALITY OF AVAILABLE WEB PUBLISHABLE ADVERTISEMENT PLACEMENTS

uonwdIqng uonedddy juajeq

2208 ‘l(

PREDICTING, THROUGH A SECOND MODEL, AN ECONOMIC VALUATION OF EACH OF
THE PLURALITY OF WEB PUBLISHABLE ADVERTISEMENT PLACEMENTS

v

COMPARING THE VALUATIONS PRODUCED BY THE PRIMARY MODEL AND THE
SECOND MODEL TO DETERMINE A PREFERENCE BETWEEN THE PRIMARY MODEL
AND THE SECOND MODEL

2210
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™~ PREDICTING, USING A PRIMARY MODEL, AN ECONOMIC VALUATION OF EACH OF A
PLURALITY OF AVAILABLE MOBILE DEVICE ADVERTISEMENT PLACEMENTS

2304
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™\ PREDICTING, THROUGH A SECOND MODEL, AN ECONOMIC VALUATION OF EACH OF THE
PLURALITY OF MOBILE DEVICE ADVERTISEMENT PLACEMENTS
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2404 4
g RECEIVING A REQUEST TO PLACE AN ADVERTISEMENT, DEPLOYING A PLURALITY OF
COMPETING ECONOMIC VALUATION MODELS TO PREDICT AN ECONOMIC VALUATION FOR A
PLURALITY OF ADVERTISING PLACEMENTS
2408 J’

~ EVALUATING EACH VALUATION PRODUCED BY EACH OF THE PLURALITY OF COMPETING
ECONOMIC VALUATION MODELS TO SELECT ONE AS A CURRENT VALUATION OF AN
ADVERTISING PLACEMENT
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2504 .
~| RECEIVING AREQUEST TO PLACE AN ADVERTISEMENT, DEPLOYING A PLURALITY OF
COMPETING ECONOMIC VALUATION MODELS
2508 \L’
EVALUATING EACH VALUATION PRODUCED BY EACH OF THE PLURALITY OF
COMPETING ECONOMIC VALUATION MODELS TO SELECT ONE AS AFIRST
VALUATION OF AN ADVERTISING PLACEMENT
2510
\ REEVALUATING EACH VALUATION PRODUCED BY EACH OF THE PLURALITY OF
COMPETING ECONOMIC VALUATION MODELS TO SELECT ONE AS AREVISED
VALUATION OF AN ADVERTISING PLACEMENT
2512 ‘L
\ REPLACING THE FIRST VALUATION WITH THE SECOND REVISED VALUATION FOR
USE IN DERIVING ARECOMMENDED BID AMOUNT FOR THE ADVERTISING
PLACEMENT
2514 v
STOP
Fig. 25
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2600

AN 2602

2604
™~

RECEIVING A REQUEST TO PLACE AN ADVERTISEMENT, DEPLOYING A PLURALITY OF
COMPETING ECONOMIC VALUATION MODELS TO EVALUATE INFORMATION RELATING
TO APLURALITY OF AVAILABLE ADVERTISEMENT PLACEMENTS TO PREDICT AN
ECONOMIC VALUATION FOR EACH OF THE PLURALITY OF ADVERTISEMENT
PLACEMENTS

2608

EVALUATING EACH VALUATION PRODUCED BY EACH OF THE PLURALITY OF
COMPETING ECONOMIC VALUATION MODELS TO SELECT ONE VALUATION AS A
FUTURE VALUATION OF AN ADVERTISING PLACEMENT

Fig. 26
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RECEIVING A REQUEST TO PLACE AN ADVERTISEMENT AND DEPLOYING A
PLURALITY OF COMPETING ECONOMIC VALUATION MODELS

4

EVALUATING, IN REAL TIME, EACH VALUATION PRODUCED BY EACH OF THE
PLURALITY OF COMPETING ECONOMIC VALUATION MODELS TO SELECT ONE
VALUATION AS A FUTURE VALUATION OF AN ADVERTISING PLACEMENT

2710 /
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Fig. 27
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RECEIVING A REQUEST TO PLACE AN ADVERTISEMENT, DEPLOYING A PLURALITY OF
COMPETING REAL-TIME BIDDING ALGORITHMS RELATING TO A PLURALITY OF
AVAILABLE ADVERTISEMENT PLACEMENTS TO BID FOR ADVERTISEMENT
PLACEMENTS

\ 4

EVALUATING EACH BIDDING ALGORITHM TO SELECT A PREFERRED ALGORITHM

Fig. 28

uonwdIqng uonedddy juajeq

S JO €€199US 10T ‘LI "qPA

IV T190%00/110T S



Ge

2904

2900 2902

AN Comr >

~ RECEIVING AREQUEST TO PLACE AN ADVERTISEMENT, DEPLOYING A PLURALITY OF

2908

COMPETING REAL-TIME BIDDING ALGORITHMS TO BID FOR ADVERTISEMENT
PLACEMENTS

v

™\ EVALUATING EACH BID RECOMMENDATION CREATED BY THE COMPETING REAL-TIME

2910

2912

BIDDING ALGORITHMS

v

REEVALUATING EACH BID RECOMMENDATION CREATED BY THE COMPETING REAL-
TIME BIDDING ALGORITHMS TO SELECT ONE AS A REVISED BID RECOMMENDATION

\

REPLACING THE BID RECOMMENDATION WITH THE REVISED BID RECOMMENDATION

2914

Fig. 29
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3112

3114

3100 3102
. s

SPLITTING AN ADVERTISING CAMPAIGN DATASET INTO A FIRST ADVERTISING CAMPAIGN DATASET
AND A SECOND ADVERTISING CAMPAIGN DATASET

v

DEPLOYING AN ECONOMIC VALUATION MODEL THAT IS REFINED THROUGH MACHINE LEARNING
TO PREDICT A VALUATION FOR PLACEMENT OF CONTENT FROM THE FIRST ADVERTISING
CAMPAIGN DATASET WHERE THE VALUATION IS BASED IN PART ON A THIRD PARTY DATASET

v

PLACING AD CONTENT FROM THE FIRST AND SECOND ADVERTISING CAMPAIGN DATASETS, WHERE
PLACEMENT OF THE CONTENT FROM THE SECOND CAMPAIGN DOES NOT RELY ON THE THIRD
PARTY DATASET

v

RECEIVING IMPRESSION DATA FROM A TRACKING MACHINE RELATING TO THE AD CONTENT
PLACED FROM THE FIRST AND SECOND ADVERTISING CAMPAIGN DATASETS

2

DETERMINING A VALUE OF THE THIRD PARTY DATASET BASED AT LEAST ON A COMPARISON OF
IMPRESSION DATA RESULTING FROM THE PLACEMENT OF THE AD CONTENT

Fig. 31
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COMPUTING A VALUATION OF A THIRD PARTY DATASET BASED AT LEAST IN PART ON A

32{ COMPARISON OF ADVERTISING IMPRESSION DATA RELATING TO AD CONTENT PLACED FROM
FIRST AND SECOND ADVERTISING CAMPAIGN DATASETS, WHEREIN THE PLACEMENT OF THE

CONTENT FROM THE FIRST CAMPAIGN IS BASED AT LEAST IN PART ON THE THIRD PARTY DATA

3208
] BILLING AN ADVERTISER A PORTION OF THE VALUATION TO PLACE AN AD CONTENT FROM THE
FIRST ADVERTISING CAMPAIGN DATASET

Fig. 32
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COMPUTING A VALUATION OF A THIRD PARTY DATASET BASED AT LEAST IN PART ON A
COMPARISON OF ADVERTISING IMPRESSION DATA RELATING TO AD CONTENT PLACED FROM
FIRST AND SECOND ADVERTISING CAMPAIGN DATASETS, WHEREIN THE PLACEMENT OF THE

CONTENT FROM THE FIRST CAMPAIGN IS BASED AT LEAST IN PART ON THE THIRD PARTY DATA

A4

3308

N

CALIBRATING A BID AMOUNT RECOMMENDATION FOR A PUBLISHER TO PAY FOR A PLACEMENT OF
AN AD CONTENT BASED AT LEAST IN PART ON THE VALUATION

3310 y

Fig. 33
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3400
\A o CAMPAIGN ALSO SAW STRONG PERFORMANCE ON THURSDAY EVENINGS
¢  SYSTEM SAW OPPORTUNITY TO ADVERTISE IMMEDIATELY AFTER WEEKENDS

PERFORMANCE INDEX BY TIME OF DAY VS. DAY OF WEEK
INDEXED TO 1
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3500
\L CAMPAIGN PERFORMED BEST IN URBAN AREAS
e  SPORTY SEDAN WAS ESPECIALLY STRONG FOR HIGHLY URBAN AREAS

PERFORMANCE INDEX BY POPULATION DENSITY VS. CREATIVE
INDEXED TO 1
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AN

. NEW ENGLAND, MID ATLANTIC AND PACIFIC SAW GOOD PERFORMANCE FOR SPORTY SEDAN AND SMALL SUV

PERFORMANCE INDEX BY REGION VS. CREATIVE
INDEXED TO 1
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» MID INCOME ($50-$75K) SEGMENTS WERE COMPELLED BY SMALL AND SPORTY SEDANS

PERFORMANCE INDEX BY INCOME VS. CREATIVE
INDEXED TO 1
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3800

\ o ALL CREATIVES WERE MORE INTERESTING TO MALES
o THE MOST INTERESTING OFFER FOR MALES WAS SPORTY SEDAN AND THE MOST INTERESTING FOR
FEMALES WAS THE SMALL SUV

PERFORMANCE INDEX BY GENDER VS. CREATIVE
INDEXED TO 1

23.0
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SMALL
SEDAN

FEMALE CREATIVE

CONCEPT
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FIG. 38
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TOP AND BOTTOM INTEREST CATEGORIES FOR CAMPAIGN ‘/3900
AFFINITY INDEXED TO 1
TOP INTEREST CATEGORIES AFFINITY INDEX BOTTOM INTEREST CATEGORIES ~ AFFINITY INDEX
NEWS > ONLINE NEWS 3.0x MUSIC>URBAN & HIP-HOP 0.5x
LIFESTYLES>CHARITABLE 2.2 SPORTS>BASEBALL 0.5x
SHOPPING>ONLINE SHOPPING 2.1x FOOD & DRINK>PIZZA 0.6x
ENTERTAINMENT>MUSIC 1.7 GAMES>VIDEO GAMES 0.6x
ENTERTAINMENT>TV 1.5x ENTERTAINMENT>ANIMATED 0.7x
INTERNET>PHOTO SHARING 1.5x ENTERTAINMENT>MOVIES 0.7x
INTEREST>COOKING 1.4x SPORTS>BASKETBALL 0.7x
FIG. 39
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MACHINE LEARNING FOR COMPUTING
AND TARGETING BIDS FOR THE
PLACEMENT OF ADVERTISEMENTS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of the following
commonly owned U.S. Provisional Patent Application, which
is incorporated herein by reference in its entirety: App. No.
61/234,186 filed on Aug. 14, 2009 and entitled “Real-Time
Bidding System for Delivery of Advertising.”

FIELD OF THE INVENTION

[0002] The invention is related to using historical and real-
time data associated with digital media and its use to adjust
the pricing and delivery of advertising media.

BACKGROUND

[0003] The management of presenting advertisements to
digital media users is often characterized by a batch mode
optimization scheme in which advertising content is selected
for presentation to a chosen group of users, performance data
is collected and analyzed, and optimization steps are then
carried out to better future ad performance. This process is
then iteratively run in a sequence of optimization analyses
with the intention of improving an ad performance criterion,
such as a completed transaction, through more informed ad-
user pairings and other techniques. However, this optimiza-
tion framework is limited in several important respects. For
example, given the growth of digital media users brought
about by popular innovations such as social networking, there
is an over-abundance of data relating to digital media usage
that cannot be accommodated and analyzed by the pre-
planned, batch mode analytics of much of the current adver-
tising performance modeling conducted in the industry. Fur-
thermore, the batch mode of advertising analytics may force
content groupings that do not correspond to the actual, and
ever-changing, ad impression sequences that are occurring
within a user’s behavior, or across a pool of users. As a result,
publishers of advertising content may be forced to unneces-
sarily utilize a number of ad networks to distribute their
advertisements based at least in part on the plurality of opti-
mization techniques and criteria used by the different ad
networks. This may create redundancies and limit the ability
to value the worth of an advertisement’s impression and its
performance over time within the totality of digital media
users.

[0004] Therefore, there is a need for a method and system
for valuing an impression of an advertisement to a digital
media user using automated analytic techniques that are
enabled to use historical and real-time data relating to adver-
tisement performance as part of a learning system to optimize
ad selection and assist valuation of advertisement presenta-
tion.

SUMMARY

[0005] Inembodiments, the present invention may provide
methods and systems for using machine learning to evaluate
information relating to a plurality of available advertising
placements to predict an economic valuation for each of the
plurality of placements in response to receiving a request to
place an advertisement for a publisher. In an embodiment, the
refinement through machine learning may include comparing
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economic valuation models by retrospectively comparing the
extent to which the models reflect actual economic perfor-
mance of advertisements. Further, the economic valuation
model may be based at least in part on advertising agency
data, real time event data, historic event data, user data, third-
party commercial data and contextual data. Furthermore, the
advertising agency data may include at least one campaign
descriptor. Moreover, the campaign descriptor may be his-
toric log data, advertising agency campaign budget data,
advertising agency campaign budget data or some other type
of data.

[0006] In embodiments, a computer program product,
based on the methods and systems of the present invention,
when executed on one or more computers, may perform the
steps of selecting and presenting to a publisher at least one of
a plurality of available placements based on an economic
valuation. In embodiments, the selection and presentation to
the publisher may include a recommended bid amount for the
at least one of the plurality of available placements. Further,
the bid amount may be associated with a time constraint.

[0007] In embodiments, a computer program product,
based on the methods and systems of the present invention,
may perform the steps of receiving and evaluating an eco-
nomic valuation model at a learning machine. The economic
valuation model may be based at least in part on analysis of a
real-time bidding log from a real time bidding machine. Fur-
ther, the computer program product may refine the economic
valuation model using the learning machine. The refinement
may be based at least in part on analysis of an advertising
impression log. In an embodiment, the refinement of the
economic valuation model may include a data integration step
during which data to be used in the learning machine may be
transformed into a data format that can be read by the learning
machine. In an embodiment, the refinement of the economic
valuation model using the learning machine may be based at
least in part on a machine learning algorithm. The machine
learning algorithm may be based at least in part on naive
Bayes analytic techniques, Bayesian learning, decision trees,
boosting techniques, meta-learning, clustering, support vec-
tor machines, neural networks, logistic regression, or some
other type of analytic technique.

[0008] In embodiments, a computer program product,
based on the methods and systems of the present invention,
when executed on one or more computers, may perform the
step of using the refined economic valuation model to classify
each of a plurality of available advertising placements. Each
classification may be summarized and recorded using a
datum indicating a probability of each of the available adver-
tising placements achieving an advertising impression. The
computer program product may prioritize the available adver-
tising placements based at least in part on the datum indicat-
ing the probability of achieving an advertising impression.
Moreover, the computer program product may select and
present to a user at least one of the plurality of available
placements based at least in part on the prioritization.
[0009] While the invention has been described in connec-
tion with certain preferred embodiments, other embodiments
would be understood by one of ordinary skill in the art and are
encompassed herein.
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BRIEF DESCRIPTION OF THE FIGURES

[0010] The invention and the following detailed description
of certain embodiments thereof may be understood by refer-
ence to the following figures:

[0011] FIG. 1A depicts a real-time bidding method and
system for the delivery of advertising.

[0012] FIG. 1B depicts the execution of the real-time bid-
ding system across multiple exchanges.

[0013] FIG. 2 depicts a learning method and system for
optimizing bid management.

[0014] FIG. 3 depicts sample data domains that may be
used to predict media success associated with key perfor-
mance indicators.

[0015] FIG. 4 depicts training multiple algorithms relating
to an advertising campaign, in which better performing algo-
rithms may be detected.

[0016] FIG. 5A depicts the use of micro-segmentation for
bid valuation.
[0017] FIG. 5B depicts a microsegmentation analysis of an

advertising campaign.

[0018] FIG. 5C depicts optimization of pricing through
frequency analysis.

[0019] FIG. 5D depicts how pacing may be optimized
through recency analysis within the real-time bidding system.

[0020] FIG. 6 depicts the use of nano-segmentation for bid
valuation.
[0021] FIG. 7 depicts a sample integration of a real-time

bidding method and system within a major media supply
chain.

[0022] FIG. 8A depicts a hypothetical case study using a
real-time bidding method and system.

[0023] FIG. 8B depicts a second hypothetical case study
comparing two advertising campaigns using a real-time bid-
ding method and system.

[0024] FIG. 9 depicts a simplified use case in the form of a
flow chart summarizing key steps that a user may take in using
a real-time bidding method and system.

[0025] FIG. 10 depicts an exemplary embodiment of a user
interface for a pixel provisioning system that may be associ-
ated with the real-time bidding system.

[0026] FIG. 11 depicts an exemplary embodiment of
impression level data that may be associated with the real-
time bidding system.

[0027] FIG.12depicts a hypothetical advertising campaign
performance report.

[0028] FIG. 13 illustrates a bidding valuation facility for
real-time bidding and valuation for purchases of online adver-
tising placements.

[0029] FIG. 14 illustrates a method for real-time bidding
and economic valuation for purchases of online advertising
placements.

[0030] FIG. 15 illustrates a method for determining a bid
amount.
[0031] FIG.16illustrates a method automatically placing a

bid on the optimum placement for an advertisement

[0032] FIG. 17 illustrates facilities of the analytic platform
that may be used for targeting bids for online advertising
purchases in accordance with an embodiment of the inven-
tion.

[0033] FIG. 18 illustrates a method for selecting and pre-
senting to a user at least one of a plurality of available place-
ments based on an economic valuation.
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[0034] FIG. 19 illustrates a method for the prioritization of
available advertising placements derived from an economic
valuation.

[0035] FIG. 20 illustrates a real-time facility for selecting
alternative algorithms for predicting purchase price trends for
bids for online advertising.

[0036] FIG. 21 illustrates a method for predicting perfor-
mance of advertising placements based on current market
conditions

[0037] FIG. 22 illustrates a method for determining a pref-
erence between a primary model and a second model for
predicting economic valuation.

[0038] FIG. 23 illustrates a method for determining a pref-
erence between a primary model and a second model for
predicting economic valuation.

[0039] FIG. 24 illustrates a method for selecting one among
multiple competing valuation models in real-time bidding for
advertising placements.

[0040] FIG. 25 illustrates a method for replacing a first
economic valuation model by a second economic valuation
model for deriving a recommended bid amount for an adver-
tising placement.

[0041] FIG. 26 illustrates a method for evaluating multiple
economic valuation models and selecting one valuation as a
future valuation of an advertising placement.

[0042] FIG. 27 illustrates a method for evaluating in real
time multiple economic valuation models and selecting one
valuation as a future valuation of an advertising placement.
[0043] FIG. 28 illustrates a method for evaluating multiple
bidding algorithms to select a preferred algorithm for placing
an advertisement.

[0044] FIG. 29 illustrates a method for replacing a bid
recommendation with a revised bid recommendation for an
advertising placement.

[0045] FIG. 30 illustrates a real-time facility for measuring
the value of additional third party data.

[0046] FIG. 31 illustrates a method for advertising valua-
tion that has the ability to measure the value of additional
third party data.

[0047] FIG. 32 illustrates a method for computing a valu-
ation of a third party dataset and billing an advertiser a portion
of the valuation.

[0048] FIG. 33 illustrates a method for computing a valu-
ation of a third party dataset and calibrating a bid amount
recommendation for a publisher to pay for a placement of an
ad content based at least in part on the valuation.

[0049] FIG. 34 depicts a data visualization embodiment
presenting a summary of advertising performance by time of
day versus day of the week.

[0050] FIG. 35 depicts a data visualization embodiment
presenting a summary of advertising performance by popu-
lation density.

[0051] FIG. 36 depicts a data visualization embodiment
presenting a summary of advertising performance by geo-
graphic region in the United States.

[0052] FIG. 37 depicts a data visualization embodiment
presenting a summary of advertising performance by per-
sonal income.

[0053] FIG. 38 depicts a data visualization embodiment
presenting a summary of advertising performance by gender.
[0054] FIG. 39 illustrates an affinity index, by category, for
an advertising campaign.
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[0055] FIG. 40 depicts a data visualization embodiment
presenting a summary of page visits by the number of impres-
sions.

DETAILED DESCRIPTION

[0056] Referring to FIG. 1A, a real-time bidding system
100A that may be used according to the methods and systems
as described herein for selecting and valuing sponsored con-
tent buying opportunities, real-time bidding, and placing
sponsored content, such as advertisements, across a plurality
of content delivery channels. The real-time bidding facility
may inform buying opportunities to place sponsored content
across multiple advertisement (“ad”) delivery channels. The
real-time bidding facility may further enable the collection of
data regarding ad performance and use this data to provide
ongoing feedback to parties wanting to place ads, and auto-
matically adjust and target the ad delivery channels used to
present sponsored content. The real-time bidding system
100A may facilitate the selection of a particular ad type to
show in each placement opportunity, and the associated costs
ofthe ad placements over time (and, for example, adjusted by
time of placement). The real-time facility may facilitate valu-
ation of ads, using valuation algorithms, and may further
optimize return on investment for an advertiser 104.

[0057] The real-time bidding system 100A may include,
and/or be further associated with, one or more distribution
service consumers, such as an advertising agency 102 or
advertiser 104, an ad network 108, an ad exchange 110, or a
publisher 112, an analytics facility 114, an ad tagging facility
118, an advertising order sending and receiving facility 120,
and advertising distribution service facility 122, an advertis-
ing data distribution service facility 124, an ad display client
facility 128, an advertising performance data facility 130, a
contextualizer service facility 132, a data integration facility
134, and one or more databases providing different types of
data relating to ads and/or ad performance. In an embodiment
of the invention, the real-time bidding system 100A may
include an analytic facility that may, at least in part, include a
learning machine facility 138, a valuation algorithms facility
140, a real-time bidding machine facility 142, a tracking
machine facility 144, an impression/click/action logs facility
148, and a real-time bidding logs facility 150.

[0058] Inembodiments, the one or more databases provid-
ing data to the real-time bidding system 100A and to the
learning machine facility 138 relating to ads, ad performance,
or ad placement context, may include an agency database
and/or an advertiser database 152. The agency database may
include campaign descriptors, and may describe the channels,
timelines, budgets, and other information, including histori-
cal information, relating to the use and distribution of adver-
tisements. The agency data 152 may also include campaign
and historic logs that may include the placement for each
advertisement shown to users. The agency data 152 may also
include one or more of the following: an identifier for the user,
the web page context, time, price paid, ad message shown,
and resulting user actions, or some other type of campaign or
historic log data. The advertiser database may include busi-
ness intelligence data, or some other type of data, which may
describe dynamic and/or static marketing objectives, or may
describe the operation of the advertiser 104. In an example,
the amount of overstock of a given product (that the advertiser
104 has in its warehouses) may be described by the advertiser
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data 152. In another example, the data may describe pur-
chases executed by costumers when interacting with the
advertiser 104,

[0059] In embodiments, the one or more databases may
include an historic event database. The historic event data
154, may be used to correlate the time of user events with
other events happening in, for example, a region in which the
user is located. In an example, response rates to certain types
of advertisements may be correlated to stock market move-
ments. The historic event data 154 may include, but is not
limited to, weather data, events data, local news data, or some
other type of data.

[0060] In embodiments, the one or more databases may
include a user data 158, database. The user data 158, may
include data may be internally sourced and/or provided by
third parties that may contain personally linked information
about advertising recipients. This information may associate
users with preferences, or other indicators, which may be
used to label, describe, or categorize the users.

[0061] In embodiments, the one or more databases may
include a real-time event database. The real-time event data
160 may include data similar to historic data, but more cur-
rent. The real-time event data 160 may include, but is not
limited to, data that is current to the second, minute, hour, day,
or some other measure of time. In an example, if the learning
machine facility 138 finds a correlation between ad perfor-
mance and historic stock market index values, the real-time
stock market index value may be used to evaluate advertise-
ments by the real-time bidding machine facility 142.

[0062] In embodiments, the one or more databases may
include a contextual database that may provide contextual
data 162, associated with publisher’s, publisher’s content
(e.g., a publisher’s website), and the like. Contextual data
162, may include, butis not limited to, keywords found within
the ad; an URL associated with prior placements of the ad, or
some other type of contextual data 162, and may be stored as
a categorization metadata relating to publisher’s content. In
an example, such categorization metadata may record that a
first publisher’s website is related to financial content, and a
second publisher’s content is predominantly sports-related.
[0063] In embodiments, the one or more databases may
further include a third party/commercial database. A third
party/commercial database may include data 164, relating to
consumer transactions, such as point-of-sale scanner data
obtained from retail transactions, or some other type of third
party or commercial data.

[0064] Inembodiments of the present invention, data from
the one or more databases may be shared with the analytic
facilities 114, of the real-time bidding system 100A through
a data integration facility 134. In an example, the data inte-
gration facility 134 may provide data from the one or more
databases to the analytics facilities of the real-time bidding
system 100A for the purposes of evaluating a potential ad
and/or ad placement. For example, the data integration facil-
ity 134, may combine, merge, analyze or integrate a plurality
of data types received from the available databases (e.g., user
data 158 and real-time event data 160). In an embodiment, a
contextualizer may analyze web content to determine
whether a web page contains content about sports, finance, or
some other topic. This information may be used as an input to
the analytics platform facility 114 in order to identify the
relevant publishers and/or web pages where ads will appear.
[0065] In embodiments, the analytics facilities of the real-
time bidding system 100A may receive an ad request via the
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advertising order sending and receiving facility 120. The ad
request may come from an advertising agency 102, advertiser
104, ad network 108, ad exchange 110, and publisher 112 or
some other party requesting advertising content. For
example, the tracking machine facility 144 may receive the ad
request via the advertising order sending and receiving facil-
ity 120, and provide a service that may include attaching an
identifier, such as an ad tag using an ad tagging facility 118, to
each ad order, and resulting ad placement. This ad tracking
functionality may enable the real-time bidding system 100A
to track, collect and analyze advertising performance data
130. For example an online display ad may be tagged using a
tracking pixel. Once a pixel is served from the tracking
machine facility 144, it may record the placement opportunity
as well as the time and date of the opportunity. In another
embodiment of the invention, the tracking machine facility
144 may record the ID of the ad requestor, the user, and other
information that labels the user including, but not limited to,
Internet Protocol (IP) address, context of an ad and/or ad
placement, a user’s history, geo-location information of the
user, social behavior, inferred demographics or some other
type of data Ad impressions, user clickthroughs, action logs,
or some other type of data, may be produced by the tracking
machine facility 144.

[0066] In embodiments, the recorded logs, and other data
types, may be used by the learning machine facility 138 to
improve and customize the targeting and valuation algo-
rithms 140, as described herein. The learning machine facility
138 may create rules regarding advertisements that are per-
forming well for a given client and may optimize the content
of an advertising campaign based on the created rules. Fur-
ther, in embodiments of the invention, the learning machine
facility 138 may be used to develop targeting algorithms for
the real-time bidding machine facility 142. The learning
machine facility 138 may learn patterns, including Internet
Protocol (IP) address, context of an ad and/or ad placement,
URL of the ad placement website, a user’s history, geo-loca-
tion information of the user, social behavior, inferred demo-
graphics, or any other characteristic of the user or that can be
linked to the user, ad concept, ad size, ad format, ad color, or
any other characteristic of an ad or some other type of data,
among others, that may be used to target and value ads and ad
placement opportunities. In an embodiment of the invention,
the learning patterns may be used to target ads. Further, the
learning machine facility 138 may be coupled to one or more
databases, as depicted in FIG. 1, from which it may obtain
additional data needed to further optimize targeting and/or
valuation algorithms 140.

[0067] In an embodiment of the invention, an advertiser
104 may place an “order” with instructions limiting where
and when an ad may be placed. The order from the advertiser
104 may be received by the learning machine facilities or
another element of the platform. The advertiser 104 may
specify the criteria of ‘goodness’ for the ad campaign to be
successful. Further, the tracking machine facility 144 may be
used to measure the ‘goodness’ criteria. The advertiser 104
may also provide historic data associated with the ‘order’ in
order to bootstrap the outcome of the analysis. Thus, based on
data available from the one or more databases and the data
provided by the advertiser 104, the learning machine facility
138 may develop customized targeting algorithms for the
advertisement. The targeting algorithms may calculate an
expected value of the advertisement under certain conditions
(using, for example, real-time event data 160 as part of the
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modeling). The targeting algorithms may also seek to maxi-
mize the specified ‘goodness’ criteria. The targeting algo-
rithms developed by the learning machine facility 138 may be
received by the real-time bidding machine 142, which may
wait for opportunities to place the advertisement. In an
embodiment of the invention, the real-time bidding machine
facility 142 may also receive an ad and/or bid request via the
advertising order sending and receiving facility 120. The
real-time bidding machine facility 142 may be considered a
“real-time” facility since it may reply to an ad or bid request
that is associated with a time constraint. The real-time bid-
ding machine facility 142 may use a non-stateless method to
calculate which advertising message to show, while the user
waits for the system to decide. The real-time bidding machine
facility 142 may perform the real-time calculation using algo-
rithms provided by the learning machine facility 138,
dynamically estimating an optimal bid value. In embodi-
ments, an alternative real-time bidding machine facility 142
may have a stateless configuration to determine an advertise-
ment to present.

[0068] The real-time bidding machine facility 142 may
blend historical and real-time data to produce a valuation
algorithm for calculating a real-time bid value to associate
with an ad and/or ad placement opportunity. The real-time
bidding machine facility 142 may calculate an expected value
that combines information about the Internet Protocol (IP)
address, context of an ad and/or ad placement, a user’s history,
geo-location information of the user, social behavior, inferred
demographics or some other type of data. In embodiments,
the real-time bidding machine facility 142 may use an oppor-
tunistic algorithm update by using tracking machine 144 or ad
performance data to order and prioritize the algorithms based
at least in part on the performance of each algorithm. The
learning machine facility 138 may use and select from an
open list of multiple, competing algorithms in the machine
learning facility and real-time bidding facility. The real-time
bidding machine 142 may use control systems theory to con-
trol the pricing and speed of delivery of a set of advertise-
ments. Further, the real-time bidding machine facility 142
may use won and lost bid data to build user profiles. Also, the
real-time bidding machine 142 may correlate expected values
with current events in the ad recipient’s geography. The real-
time bidding machine facility 142 may trade ad buys across
multiple exchanges and thus, treat multiple exchanges as a
single source of inventory, selecting and buying ads based at
least in part on the valuation that is modeled by the real-time
bidding system 100A.

[0069] Inembodiments, the real-time bidding system 100A
may further include a real-time bidding log facility that may
record a bid request received and a bid response sent by the
real-time bidding machine facility 142. In an embodiment of
the invention, the real-time bidding log may log additional
data related to a user. In an example, the additional data may
include the details of the websites the user may visit. These
details may be used to derive user interests or browsing hab-
its. Additionally, the real-time bidding log facility may record
the rate of arrival of advertising placement opportunities from
different ad channels. In an embodiment of the invention, the
real-time bidding log facility may also be coupled to the
learning machine facility 138.

[0070] Inembodiments, the real-time bidding machine 142
may dynamically determine an anticipated economic valua-
tion for each of the plurality of potential placements for an
advertisement based at least in part on valuation algorithms
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140 associated with the learning machine facility 138. In
response to receiving a request to place an advertisement, the
real-time bidding machine facility 142 may dynamically
determine an anticipated economic valuation for each of the
plurality of potential placements for the advertisement, and
may select and decide whether to present the available place-
ments based on the economic valuation to the one or more
distribution service consumers.

[0071] Inembodiments, the real-time bidding machine 142
may include altering a model for dynamically determining
the economic valuation prior to processing a second request
for a placement. The alteration of the model may be based at
least in part on a valuation algorithm associated with the
learning facility. In an embodiment of the invention, prior to
selecting and presenting the one or more of the available
placements, the behavior of an economic valuation model
may be altered to produce a second set of valuations for each
of the plurality of placements.

[0072] Inembodiments, the valuation algorithms 140 may
evaluate performance information relating to each of the plu-
rality of ad placements. A dynamically variable economic
valuation model may be used to determine the anticipated
valuation. The valuation model may evaluate bid values in
relation to the economic valuations for a plurality of place-
ments. A step in bidding for the plurality of available place-
ments and/or plurality of advertisements may be based on the
economic valuation. In an exemplary case, the real-time bid-
ding machine facility 142 may adopt the following sequence:
At Step 1, the real-time bidding machine 142 may filter pos-
sible ads that are to be shown using the valuation algorithms
140. At Step 2, the real-time bidding machine facility 142
may check if the filtered ads have remaining budget funds,
and may remove any ads from the list that do not have avail-
able budget funds from the list. At Step 3, the real-time
bidding machine facility 142 may run an economic valuation
algorithm for the ads in order to determine the economic
value for each ad. At Step 4, the real-time bidding machine
142 may adjust the economic values by the opportunity cost
of placing an ad. At Step 5, the real-time bidding machine
facility 142 may select the ad with the highest economic
value, after adjusting by the opportunity cost. At Step 6, the
information about the first request, which may include infor-
mation about the publisher 112 content of a request, may be
used to update the dynamic algorithm before the second
request is received and processed. Finally, at Step 7, the
second ad may be processed in the same sequence as the first,
with updates to the dynamic algorithm before the third ad is
placed. In embodiments, a plurality of competing valuation
algorithms 140 may be used at each step in selecting an ad to
present. By tracking the advertising performance of the ad
that eventually is placed, the competing algorithms may be
evaluated in order to determine their relative performance and
utility.

[0073] Inanembodiment of the present invention, compet-
ing algorithms may be tested by dividing portions of data into
separate training and validation sets. Each of the algorithms
may be trained on a training set of data, and then validated
(measured) for predictiveness against the validation set of
data. Each bidding algorithm may be evaluated for its predic-
tiveness against the validation set using metrics such as
receiver operating characteristic (ROC) area, Lift, Precision/
Recall, Return on Advertising Spend, other signal processing
metrics, other machine learning metrics, other advertising
metrics, or some other analytic method, statistical technique
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or tool. It will be understood that general analytic methods,
statistical techniques, and tools for evaluating competing
algorithms and models, such as valuation models, as well as
analytic methods, statistical techniques, and tools known to a
person of ordinary skill in the art are intended to be encom-
passed by the present invention and may be used to evaluate
competing algorithms and valuation models in accordance
with the methods and systems of the present invention. Pre-
dictiveness of an algorithm may be measured by how well it
predicts the likelihood that showing a particular advertise-
ment to a particular consumer in a particular context is likely
to influence a consumer to engage in a desirable action, such
as purchasing one of the advertiser’s products, engaging with
the advertiser product, affecting the consumer perception
about the advertiser’s product, visiting a web page, or taking
some other kind of action which is valued by the advertiser.

[0074] In an embodiment of the present invention, cross-
validation may be used to improve the algorithm evaluation
metrics. Cross-validation describes a methodology where a
training set-validation set procedure for evaluating compet-
ing algorithms and/or models is repeated multiple times by
changing the training and validation sets of data. Cross-vali-
dation techniques that may be used as part of the methods and
systems described herein include, but are not limited to,
repeated random sub-sampling validation, k-fold cross-vali-
dation, kx2 cross-validation, leave-one-out cross-validation,
or some other type of cross-validation technique.

[0075] In embodiments, competing algorithms may be
evaluated using the methods and systems as described herein,
in real-time, in batch mode processing, or using some other
periodic processing framework. In embodiments, competing
algorithms may be evaluated online, such as using the Internet
or some other networked platform, or the competing algo-
rithms may be evaluated offline and made available to an
online facility following evaluation. In a sample embodiment,
one algorithm may be strictly better than all other algorithms,
in terms of its predictiveness, and it may be chosen offline in
the learning facility 138. In another sample embodiment, one
algorithm from a set may be more predictive given a particu-
lar combination of variables, and more than one algorithm
may be made available to the real-time bidding facility 142
and the selection of the best performing algorithm may take
place in real-time, for example, by examining the attributes of
a particular placement request, then determining which algo-
rithm from the set of trained algorithms is most predictive for
that particular set of attributes.

[0076] In embodiments, data corresponding to the valua-
tion of an ad from the real-time bidding system 100A may be
received by the advertising distribution service facility 122
and delivered to a consumer of the valuation data, such as an
advertising agency 102, advertiser 104, ad network 108, ad
exchange 110, publisher 112, or some other type of consumer.
In another embodiment of the invention, the advertising dis-
tribution service facility 122 may be an ad server. The adver-
tising distribution service facility 122 may distribute an out-
put of the real-time bidding system 100A, such as a selected
ad, to the one or more ad servers. In embodiments, the adver-
tising distribution service facilities 122 may be coupled to the
tracking machine facility 144. In another embodiment of the
invention, the advertising distribution service facility 122
may be coupled to an ad display client 128. In embodiments,
an ad display client 128 may be a mobile device, a PDA, cell
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phone, a computer, a communicator, a digital device, a digital
display panel or some other type of device able to present
advertisements.

[0077] In embodiments, an ad received at the ad display
client 128 may include interactive data; for example, popping
up of an offer on movie tickets. A user of the ad display client
128 may interact with the ad and may perform actions such as
making a purchase, clicking an ad, filling out a form, or
performing some other type of user action. The user actions
may be recorded by the advertising performance data facility
130. In an embodiment, the advertising performance data
facility 130 may be coupled to the one or more databases. In
an example, the performance data facility may be coupled to
the contextual database for updating the contextual database
in real-time. In an embodiment, the updated information may
be accessed by the real-time bidding system 100A for updat-
ing the valuation algorithms 140. In embodiments, the adver-
tising performance data facility 130 may be coupled to the
one or more distribution service consumers.

[0078] Data corresponding to the valuation of an ad from
the analytics platform facility 114 may also be received by the
advertising distribution service facility 122. In an embodi-
ment of the invention, the advertising distribution service
facility 122 may utilize the valuation data for reordering/
rearranging/reorganizing the one or more ads. In another
embodiment, the advertising distribution service facility 122
may utilize the valuation data for ranking ads based on pre-
defined criteria. The predefined criteria may include, time of
the day, location, and the like.

[0079] The advertising data distribution service facility 124
may also provide valuation data to the one or more consumers
of ad valuation data. In embodiments, an advertising data
distribution service facility 124 may sell the valuation data or
may provide subscription of the valuation data to the one or
more consumers of ad valuation data. In embodiments, the
advertising distribution service facility 122 may provide the
output from the real-time bidding system 100A or from the
learning machine facility 138 to the one or more consumers of
ad valuation data. The consumers of ad valuation data may
include, without any limitation, advertising agencies 102/
advertisers 104, an ad network 108, an ad exchange 110, a
publisher 112, or some other type of ad valuation data cus-
tomer. In an example, an advertising agency 102 may be a
service business dedicated to creating, planning, and han-
dling of advertisements for its clients. The ad agency 102 may
be independent from the client and may provide an outside
point of view to the effort of selling the client’s products or
services. Further, the ad agencies 102 may be of different
types, including without any limitation, limited-service
advertising agencies, specialist advertising agencies,
in-house advertising agencies, interactive agencies, search
engine agencies, social media agencies, healthcare commu-
nications agencies, medical education agencies, or some
other type of agency. Further, in examples, an ad network 108
may be an entity that may connect advertisers 104 to websites
that may want to host their advertisements. Ad networks 108
may include, without any limitation, vertical networks, blind
networks, and targeted networks. The Ad networks 108 may
also be classified as first-tier and second-tier networks. The
first-tier advertising networks may have a large number of
their own advertisers 104 and publishers, they may have high
quality traffic, and they may serve ads and traffic to second-
tier networks. The second-tier advertising networks may have
some of their own advertisers 104 and publishers, but their
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main source of revenue may come from syndicating ads from
other advertising networks. An ad exchange 110 network may
include information related to attributes of ad inventory such
as price of ad impression, number of advertisers 104 in a
specific product or services category, legacy data about the
highest and the lowest bid for a specific period, ad success
(user click the ad impression), and the like. The advertisers
104 may be able to use this data as part of their decision-
making. For example, the stored information may depict the
success rate for a particular publisher 112. In addition, adver-
tisers 104 may have an option of choosing one or more models
for making financial transactions. For example, a cost-per-
transaction pricing structure may be adopted by the advertiser
104. Likewise, in another example, advertisers 104 may have
an option to pay cost-per-click. The ad exchange 110 may
implement algorithms, which may allow the publisher 112 to
price ad impressions during bidding in real-time.

[0080] In embodiments, a real-time bidding system 100A
for advertising messages delivery may be a composition of
machines intended for buying opportunities to place adver-
tising messages across multiple delivery channels. The sys-
tem may provide active feedback in order to automatically
fine-tune and target the channels used to present the advertis-
ing messages, as well as to select what advertising messages
to show in each placement opportunity, and the associated
costs over time. In embodiments, the system may be com-
posed of interconnected machines, including but not limited
to: (1) alearning machine facility 138, (2) areal-time bidding
machine 142, and (3) a tracking machine 144. Two of the
machines may produce logs, which may be internally used by
the learning machine facility 138. In embodiments, the inputs
to the system may be from both real-time and non-real time
sources. Historical data may be combined with real-time data
to fine-tune pricing and delivery instructions for advertising
campaigns.

[0081] In embodiments, a real-time bidding system 100A
for advertising messages delivery may include external
machines and services. External machines and services may
include, but are not limited to, agencies 102, advertisers 104,
agency data 152, such as campaign descriptors and historic
logs, advertiser data 152, key performance indicators, historic
event data 154, user data 158, a contextualizer service 132,
real-time event data 160, an advertising distribution service
122, an advertising recipient, or some other type of external
machine and/or service.

[0082] In embodiments, agencies and/or advertisers 104
may provide historical ad data, and may be beneficiaries of
the real-time bidding system 100A.

[0083] Inembodiments, agency data 152, such as campaign
descriptors, may describe the channels, times, budgets, and
other information that may be allowed for diffusion of adver-
tising messages.

[0084] Inembodiments, agency data 152, such as campaign
and historic logs may describe the placement for each adver-
tising message show to a user, including one or more of the
following: an identifier for the user, the channel, time, price
paid, ad message shown, and user resulting user actions, or
some other type of campaign or historic log data. Additional
logs may also record spontaneous user actions, for example a
user action that is not directly traceable to an advertising
impression, or some other type of spontaneous user action.
[0085] Inembodiments, advertiser data 152 may consist of
business intelligence data, or some other type of data, that
describes dynamic and/or static marketing objectives. For
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example, the amount of overstock of a given product that the
advertiser 104 has in its warehouses may be described by the
data.

[0086] In embodiments, key performance indicators may
include a set of parameters that expresses the ‘goodness’ for
each given user action. For example, a product activation may
be valued at $X, and a product configuration may be valued at
$Y.

[0087] In embodiments, historic event data 154 may be
used by the real-time bidding system 100A to correlate the
time of user events with other events happening in their
region. For example, response rates to certain types of adver-
tisements may be correlated to stock market movements.
Historic event data 154 may include, but is not limited to
weather data, events data, local news data, or some other type
of data.

[0088] In embodiments, user data 158 may include data
provided by third parties that contains personally linked
information about advertising recipients. This information
may show users preferences, or other indicators, that label or
describe the users.

[0089] In embodiments, a contextualizer service 132 may
identify the contextual category of a medium for advertising.
For example, a contextualizer may analyze web content to
determine whether a web page contains content about sports,
finance, or some other topic. This information may be used as
an input to the learning system 138, to refine which types of
pages on which ads will appear.

[0090] In embodiments, real-time event data 160 may
include data similar to historic data, but that is more current.
Real-time event data 160 may include, but is not limited to
data that is current to the second, minute, hour, day, or some
other measure of time. For example, if the learning machine
facility 138 finds a correlation between ad performance and
historic stock market index values, the real-time stock market
index value may be used to value advertisements by the
real-time bidding machine 142.

[0091] Inembodiments, an advertising distribution service
122 may include, but is not limited to ad networks 108, ad
exchanges 110, sell-side optimizers, or some other type of
advertising distribution service 122.

[0092] In embodiments, an advertising recipient may
include a person who receives an advertising message. Adver-
tising content may be specifically requested (“pulled”) as part
of or attached to content requested by an advertising recipi-
ent, or “pushed” over the network by, for example, an adver-
tising distribution service 122. Some non-limiting examples
ofmodes of receiving advertising include the Internet, mobile
phone display screens, radio transmissions, television trans-
missions, electronic bulletin boards, printed media, and cin-
ematographic projections.

[0093] In embodiments, a real-time bidding system 100A
for advertising messages delivery may include internal
machines and services. Internal machines and services may
include, but are not limited to, a real-time bidding machine
142, atracking machine 144, a real-time bidding log, impres-
sion, click and action logs, a learning machine facility 138, or
some other type of internal machine and/or service.

[0094] In embodiments, a real-time bidding machine 142
may receive a bid request message from an advertising dis-
tribution service 122. A real-time bidding machine 142 may
be considered a “real-time” system, since it may reply to abid
request that is associated with a time constraint. The real-time
bidding machine 142 may use a non-stateless method to cal-
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culate which advertising message to show, while the user is
waiting for the system to decide. The system may perform the
real-time calculation using algorithms provided by the learn-
ing machine facility 138, dynamically estimating an optimal
bid value. In embodiments, an alternative system may have a
stateless configuration to determine an advertisement to
present.

[0095] Inembodiments, a tracking machine 144 may pro-
vide a service that will attach tracking IDs to each advertise-
ment. For example, an online display ad may be followed by
apixel. Once a pixel is served from the tracking machine 144,
it may record the placement opportunity as well as the time
and date; additionally, the machine may record the ID of the
user, and other information that labels the user, including but
not limited to IP address, geographic location, or some other
type of data.

[0096] Inembodiments, areal-time bidding log may record
a bid request received and a bid response sent by the real-time
bidding machine 142. This log may contain additional data
about which sites a user has visited that could be used to
derive user interests or browsing habits. Additionally, this log
may record the rate of arrival of advertising placement oppor-
tunities from different channels.

[0097] In embodiments, impression, click and action logs
may be records that are produced by the tracking system,
which can be used by the learning machine facility 138.
[0098] In embodiments, a learning machine facility 138
may be used to develop targeting algorithms for the real-time
bidding machine 142. The learning machine facility 138 may
learn patterns, including social behavior, inferred demo-
graphics, among others, that may be used to target online ads.
[0099] In an example, an advertiser 104 may place an
“order” with instructions limiting where and when an ad may
be placed. The order may be received by the learning machine
facility 138. The advertiser 104 may specify the criteria of
‘goodness’ for the campaign to be successful. Such ‘good-
ness’ criteria may be measurable using the tracking machine
144. The advertiser 104 may provide historic data to bootstrap
the system. Based on available data, the learning system 138
may develop customized targeting algorithms for the adver-
tisement. The algorithms may calculate an expected value of
the advertisement given certain conditions, and seek to maxi-
mize the specified ‘goodness’ criteria. Algorithms may be
received by the real-time bidding machine 142, which may
wait for opportunities to place the advertisement. Bid
requests may be received by the real-time bidding machine
142. Each one may be evaluated for its value for each adver-
tiser 104, using the received algorithms. Bid responses may
be sent for ads that have an attractive value. Lower values may
be bid if estimated appropriate. The bid response may request
that an ad be placed at a particular price. Ads may be tagged
with a tracking system, such as a pixel displayed in a browser.
The tracking machine 144 may log ad impressions, user
clicks, and user actions. And/or other data. The tracking
machine logs may be sent to the learning system 138, which
may use the ‘goodness criteria,” and decide which algorithms
to improve, and further customize them. This process may be
iterative. The system may also correlate expected values with
current events in the ad recipient’s geo-region.

[0100] In embodiments, a real-time bidding machine 142
may dynamically update targeting algorithms.

[0101] In embodiments, a real-time bidding machine 142
may blend historical and real-time data to produce an algo-
rithm for calculating a real-time bid value.
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[0102] In embodiments, a real-time bidding machine 142
may calculate an expected value that combines information
about the context of an ad placement, a user’s history and
geo-location information, and the ad itself, or some other type
of data, to calculate an expected value of showing a particular
advertisement at a given time.

[0103] In embodiments, a real-time bidding machine 142
may use algorithms rather than targeting “buckets.”

[0104] In embodiments, a real-time bidding machine 142
may use an opportunistic algorithm update, by using tracking
machine facility 144 feedback to prioritize the worst perform-
ing algorithms.

[0105] In embodiments, a real-time bidding machine 142
may use an open list of multiple, competing algorithms in the
learning system 138 and real-time bidding system 100A.
[0106] In embodiments, a real-time bidding machine 142
may use control systems theory to control the pricing and
speed of delivery of a set of advertisements.

[0107] In embodiments, a real-time bidding machine 142
may use won and lost bid data to build user profiles.

[0108] As shown in FIG. 1B, in embodiments, a real-time
bidding machine may trade ad buys across multiple
exchanges 100B. Treating multiple exchanges as a single
source of inventory.

[0109] Referring to FIG. 2, the analytic algorithms of the
real-time bidding system may be used to optimize the man-
agement of bids associated with advertisements and adver-
tisement impressions, conversions, or some other type of
ad-user interaction 200. In embodiments, the learning system
embodied, for example, by the learning machine 138 may
create rules regarding which advertisements are performing
well for a given client and optimize the content mix of an
advertising campaign based at least in part on the rules. In an
example, a digital media user’s behavior, such as an adver-
tisement clickthrough, impression, webpage visit, transaction
or purchase, or third party data associated with the user may
be associated with, and used by the learning system of the
real-time bidding system. The real-time bidding system may
use the output of the learning system (e.g., rules and algo-
rithms) to pair a request for an advertisement with an adver-
tisement selection that conforms to the rules and/or algo-
rithms created by the learning machine. A selected
advertisement may come from an ad exchange, inventory
partner, or some other source of advertising content. The
selected advertisement may then be associated with an ad tag,
as described herein, and sent to the digital media user for
presentation, such as on a webpage. The ad tag may then be
tracked and future impressions, clickthroughs, and the like
recorded in databases associated with the real-time bidding
system. The rules and algorithms may then be further opti-
mized by the learning machine based at least in part on new
interactions (or lack thereof) between the selected advertise-
ment and the digital media user.

[0110] In embodiments, a computer program product
embodied in a computer readable medium that, when execut-
ing on one or more computers, may dynamically determine an
anticipated economic valuation for each of a plurality of
potential placements for an advertisement based at least in
part on receiving a request to place an advertisement for a
publisher. In response to receiving a request to place an adver-
tisement for a publisher, the method and system of the present
invention may dynamically determine an anticipated eco-
nomic valuation for each of a plurality of potential place-
ments for the advertisement, and/or plurality of advertise-
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ments, and select and decide whether to present to the
publisher at least one of the plurality of available placements
and/or plurality of advertisements based on the economic
valuation.

[0111] Inembodiments,the method and system enabled by
the computer program may comprise altering a model for
dynamically determining the economic valuation prior to
processing a second request for a placement. Alteration of the
model may be based at least in part on machine learning.
[0112] Inembodiments, prior to selecting and presenting at
least one of the plurality of available placements, and/or
plurality of advertisements, the behavior of an economic
valuation model may be altered to produce a second set of
valuations for each of the plurality of placements, wherein the
selecting and the presenting steps are based at least in part on
the second set of valuations. The request for the placement
may be a time limited request.

[0113] In embodiments, the economic valuation model
may evaluate performance information relating to each of the
plurality of advertisement placements.

[0114] In embodiments, a dynamically variable economic
valuation model may be used to determine the anticipated
economic valuation. The dynamically variable economic
valuation model may evaluate bid values in relation to eco-
nomic valuations for a plurality of placements. A step of
bidding for at least one of the plurality of available place-
ments, and/or plurality of advertisements, may be based on
the economic valuation.

[0115] Referring still to FIG. 2, the real-time bidding sys-
tem may contain an algorithm fitting the description above
200. Given a plurality of possible ads to show the real-time
bidding system may follow the following exemplary
sequence: 1) All possible ads may be filtered to show using
targeting rules, and an output a listed ads may be shown; 2) the
system may check if possible ads have remaining budget
funds, and may remove those ads that do not have available
budget funds from the list; 3) the system may run an economic
valuation dynamic algorithm for the ads in order to determine
the economic value for each ad; 4) the values may be adjusted
by the opportunity cost of placing an ad on a given site,
instead of alternative sites. 5) the ad with the highest value
may be selected, after adjusting by the opportunity cost; 6)
Information about the first request, which may include infor-
mation about the publisher content of a request, may be used
to update the dynamic algorithm before the second request is
received and processed. This information may be used to
determine whether or not a particular type of publisher con-
tent is available frequently or infrequently, and 7) the second
ad may be processed in the same sequence as the first, with the
updates to the dynamic algorithm before the third ad is
placed.

[0116] In embodiments, the dynamic algorithm may be
analogous to an algorithm used in airplane flight control
systems, which adjust for atmospheric conditions as they
change, or an automobile cruise control system, which
dynamically adjusts the gas pedal positions as wind drag
changes or the automobile climbs or descends a hill.

[0117] Referring to FIG. 3, data relating to context, the
consumer (i.e., the digital media user), and the message/
advertisement may be used to predict the success of an adver-
tisement based at least in part on specified key performance
indicators 300. Contextual data may include data relating to
the type of media, the time of day or week, or some other type
of contextual data. Data relating to a consumer, or digital
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media user, may include demographics, geographic data, and
data relating to consumer intent or behavior, or some other
type of consumer data. Data relating to the message and/or
advertisement may include data associated with the creative
content of the message/advertisement, the intention or call to
action embodied in the message/advertisement, or some other
type of data.

[0118] As depicted in FIG. 4, the real-time bidding system
may be used to produce advertising campaign-specific mod-
els and algorithms that are continuously produced, tested, and
run using data associated with campaign results (e.g., click-
throughs, conversions, transactions, and the like) as they
become available in real-time 400. In embodiments, multiple
models may be tested using preparatory datasets to design
sample advertising campaigns. The multiple models may be
run against multiple training algorithms that embody speci-
fied objectives, such as key performance indicators. Adver-
tising content that performs well against the algorithms may
be retained and presented to a plurality of digital media users.
Additional data may be collected based at least in part on the
interactions of the plurality of digital media users and the
selected advertising content, and this data may be used to
optimize the algorithms and select new or different advertis-
ing content for presentation to the plurality of digital media
users.

[0119] Still referring to FIG. 4, in embodiments, a com-
puter program product embodied in a computer readable
medium that, when executing on one or more computers, may
deploy an economic valuation model that may be refined
through machine learning to evaluate information relating to
a plurality of available placements, and/or plurality of adver-
tisements, to predict an economic valuation for each of the
plurality of placements 400. At least one of the plurality of
available placements, and/or plurality of advertisements, may
be selected and presented to the publisher based at least in part
on the economic valuation.

[0120] In embodiments, data may be taken from various
formats, including but not limited to information that is not
about advertisements, such as successful market demograph-
ics data, and the like. This may include specific data streams,
translating data into a neutral format, specific machine learn-
ing techniques, or some other data type or technique. In
embodiments, the learning system may perform an auditing
and/or supervisory function, including but not limited to opti-
mizing the methods and systems as described herein. In
embodiments, the learning system may learn from multiple
data sources, and base optimization of the methods and sys-
tems as described herein based at least in part on the multiple
data sources.

[0121] In embodiments, the methods and systems as
described herein may be used in Internet-based applications,
mobile applications, fixed-line applications (e.g., cable
media), or some other type of digital application.

[0122] In embodiments, the methods and systems as
described herein may be used in a plurality of addressable
advertising media, including but not limited to set top boxes,
digital billboards, radio ads, or some other type of address-
able advertising media.

[0123] Examples of machine learning algorithms may
include, but are not limited to, Naive Bayes, Bayes Net,
Support Vector Machines, Logistic Regression, Neural Net-
works, and Decision Trees. These algorithms may be used to
produce classifiers, which are algorithms that classify
whether or not an advertisement is likely to produce an action
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or not. In their basic form, they return a “yes” or “no” answer
and a score indicated the strength of certainty of'the classifier.
When calibration techniques are applied, they return a prob-
ability estimate of the likelihood of a prediction to be correct.
They can also return what specific advertising is most likely
to produce an action or which characteristics describe adver-
tisings most likely to produce an action. These characteristics
can include advertisings concept, advertisings size, advertis-
ings color, advertisings text, or any other characteristic of an
advertisement. Furthermore, they can also return what ver-
sion of the advertiser website is most likely to create an action
or what characteristics describe the version of the advertiser
website most likely to produce an action. These characteris-
tics can include website concept, products presented, colors,
images, prices, text, or any other characteristic ofthe website.
In embodiments, a computer implemented method of the
present invention may comprise applying a plurality of algo-
rithms to predict performance of online advertising place-
ments, and tracking performance of the plurality of algo-
rithms under a variety of market conditions. Preferred
performance conditions for a type of algorithm may be deter-
mined, and market conditions tracked, and an algorithm may
be selected for predicting performance of advertising place-
ments based at least in part on current market conditions. In
embodiments, the plurality of algorithms may include three
algorithms.

[0124] In embodiments, a computer program product
embodied in a computer readable medium that, when execut-
ing on one or more computers, may predict, using a primary
model, the economic valuation of each of a plurality of avail-
able web publishable advertisement placements based in part
on past performance and prices of similar advertisement
placements. The economic valuation of each of the plurality
of web publishable advertisement placements may be pre-
dicted, through a second model, and the valuations produced
by the primary model and the second model may be compared
to determine a preference between the primary model and the
second model. In embodiments, the primary model may be an
active model responding to purchase requests. The purchase
requested may be a time limited purchase request. In embodi-
ments, the second model may replace the primary model as
the active model responding to purchase requests. The
replacement may be based at least in part on a prediction that
the second model will perform better than the primary model
under the current market conditions.

[0125] In embodiments, a computer implemented method
of'the present invention may apply a plurality of algorithms to
predict performance of online advertising placements, track
performance of the plurality of algorithms under a variety of
market conditions, and determine preferred performance
conditions for a type of algorithm. Market conditions may be
tracked, and an algorithm for predicting performance of
advertising placements may be refined based at least in part
on current market conditions.

[0126] In embodiments, a computer implemented method
of the present invention may monitor a set of algorithms that
are each predicting purchase price value of a set of advertise-
ments and selecting the best algorithm from the set of algo-
rithms based at least in part on a current market condition.
[0127] Referring again to FIG. 4, new data may be entered
into a sorting mechanism (depicted by a funnel in FIG. 4) 400.
This data may be prepared for machine learning training by
labeling each ad impression with an indicator of whether or
not it leads to a click or action. Alternative machine learning
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algorithms may be trained on the labeled data. A portion of
the labeled may be saved for a testing phase. This testing
portion may be used to measure the prediction performance
of each alternative algorithm. Algorithms which are most
successtul in predicting the outcome of the hold-out training
data set may be forwarded to the real-time decision system.

[0128] In embodiments, a computer program product
embodied in a computer readable medium that, when execut-
ing on one or more computers, may deploy a plurality of
competing economic valuation models, in response to receiv-
ing to place an advertisement for a publisher, to predict an
economic valuation for each of the plurality of advertisement
placements. The valuations produced by each of the plurality
of competing economic valuation models may be evaluated to
select one of the models for a current valuation of an adver-
tising placement. It will be understood that general analytic
methods, statistical techniques, and tools for evaluating com-
peting algorithms and models, such as valuation models, as
well as analytic methods, statistical techniques, and tools
known to a person of ordinary skill in the art are intended to
be encompassed by the present invention and may be used to
evaluate competing algorithms and valuation models in
accordance with the methods and systems of the present
invention.

[0129] In embodiments, a computer program product
embodied in a computer readable medium that, when execut-
ing on one or more computers, may deploy a plurality of
competing economic valuation models, in response to receiv-
ing a request to place an advertisement, to evaluate informa-
tion relating to a plurality of available advertisement place-
ments. The economic valuation models may be used to
predict an economic valuation for each of the plurality of
advertisement placements. The valuations produced by each
ofthe plurality of competing economic valuation models may
be evaluated to select one of the models for future valuations.
It will be understood that general analytic methods, statistical
techniques, and tools for evaluating competing algorithms
and models, such as valuation models, as well as analytic
methods, statistical techniques, and tools known to a person
of ordinary skill in the art are intended to be encompassed by
the present invention and may be used to evaluate competing
algorithms and valuation models in accordance with the
methods and systems of the present invention.

[0130] In embodiments, data may be evaluated to deter-
mine if it supports a winning algorithm in a learning system.
The incremental value of buying additional data may be deter-
mined and auditing and testing of data samples may be used
to determine whether the data increases the effectiveness of
prediction. For example, the system may use data derived
from an ad server log, combined with demographical infor-
mation, to derive a valuation model, with a certain level of
accuracy. Such a model may enable the acquisition of online
advertising ads, for the benefit of an appliance manufacturer,
below the market price. The addition of an additional data
source, such as a list of consumers that have expressed their
interest in buying a specific appliance, may increase the accu-
racy of the model, and as a consequence the benefit to the
appliance manufacturer. It is stated that the increased benefit
received would be linked to the addition of the new data
source, and hence, such data source may be assigned a value
linked to the incremental benefit. Although this example pre-
sents a case of online advertising, it should be appreciated by
one skilled in the art that the application can be generalized to
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advertising through different channels, using data sources of
different types, as well as models to predict economic value or
pricing for advertising.

[0131] As depicted in FIGS. 5A and 5B, an advertisement
inventory may be divided into many segments, or micro-
segments (500, 502). The real-time bidding system may pro-
duce and continuously revise algorithms, for example by
using the learning machine, based at least in part on data
received on the performance of the advertisements in the
inventory and its micro-segments (e.g., the number of impres-
sions or conversions associated with each advertisement).
Based at least in part on the learning system’s algorithms, the
real-time bidding system may produce a bid value that is
thought to be “fair” relative to the advertising performance
data. This bid value data may, in turn, be used to determine an
average bid value to associate with advertisements located in
the inventory. In embodiments, each micro-segment may be
associated with a rule, algorithm, or set of rules and/or algo-
rithms, a price-to-paid, and/or a budget. Rules may be used to
buy advertising placement opportunities in groups of one or
more opportunities. The size of the group of placement oppor-
tunities may be determined by the budget allocated to the rule.
Rules may be transmitted to sellers of advertising placement
opportunities through a server-to-server interface, through
other electronic communication channel, including phone
and fax, through a paper based order, through a verbal com-
munication or any other way to convey an order to buy adver-
tising placement opportunities. FIG. 5C depicts the use of
frequency analysis for the purpose of pricing optimization
504. FIG. 5D depicts how pacing may be optimized through
recency analysis within the real-time bidding system 508.
Referring now to FIG. 6, the real-time bidding system may
enable the automated analysis of an advertising inventory
down to a nano-segment level (e.g., a bidding value for each
impression) in order to identify valuable segments (i.e.,
advertisements) of an otherwise low-value advertisement
inventory 600. The real-time bidding system may produce
and continuously revise algorithms, for example by using the
learning machine, based at least in part on data received on the
performance ofthe advertisements in the nano-segment of the
advertising inventory (e.g., the number of impressions asso-
ciated with each advertisement). Based at least in part on the
learning system’s algorithms, the real-time bidding system
may produce a bid value that is thought to be “fair” relative to
the advertisement(s) in the nano-segment, based at least in
part on the performance data. In embodiments, the average
bid price associated with the nano-segment may be adjusted
based on other criteria, for example the number of impres-
sions associated with the advertisement. In embodiments,
each nano-segment may be associated with a rule, algorithm,
or set of rules and/or algorithms.

[0132] In embodiments, a computer program product
embodied in a computer readable medium that, when execut-
ing on one or more computers, may predict a purchase price
for each of a plurality of available web publishable advertise-
ment placements based at least in part on performance infor-
mation and past bid prices for each of the plurality of adver-
tisement placements. The purchase price for each of the
plurality of advertisements may be tracked and predicted to
determine a pricing trend.

[0133] In embodiments, the pricing trend may include a
prediction of whether the valuation is going to change in the
future.
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[0134] In embodiments, a computer program product
embodied in a computer readable medium that, when execut-
ing on one or more computers, may predict an economic
valuation for each of a plurality of available web publishable
advertisement placements based at least in part on perfor-
mance information and past bid prices for each of the plurality
of advertisement placements. Economic valuations for each
of the plurality of advertisements may be tracked and pre-
dicted to determine a pricing trend.

[0135] In an example, the system may present bids for
buying ads in an auction, expecting a fraction of them to be
successful, and be awarded the ads for which it sends bids. As
the system operates, the fraction of bids that is successful
might fall below the expected goal. Such behavior can happen
for the universe of available ads or for a subset of them. The
price trend predicting algorithm may estimate what correc-
tion should be done to the bid price, so that, the fraction of ads
successtully bought becomes closer to the intended goal, and
may finally reach the intended goal.

[0136] As depicted in FIG. 7, the real-time bidding method
and system as described herein may be integrated, associated,
and/or affiliated with a plurality of organizations and organi-
zation types, including but not limited to advertisers and
advertising agencies 700. The real-time bidding system may
perform buy-side optimization using the learning algorithms
and techniques, as described herein, to optimize the selection
of advertisements from sell-side aggregators, such as sell-
side optimizers, ad networks, and/or exchanges, that receive
advertisements from content publishers. This may optimize
the pairing of messages and advertisements that are available
within the inventories with digital media users. Advertising
agencies may include Internet-based advertising companies,
advertising sellers, such as organizations that sell advertise-
ment impressions that display to a digital media user, and/or
advertising buyers. Advertisers and advertising agencies may
provide the real-time bidding system advertising campaign
descriptors. A campaign descriptor may include, but is not
limited to, a channel, time, budget, or some other type of
campaign descriptor data. In embodiments, advertising
agency data may include historic logs that describe the place-
ment of each advertisement and user impression, conversion,
and the like, including, but not limited to an identifier asso-
ciated with a user, a channel, time, price paid, advertisement
shown, resulting user actions, or some other type of historic
data relating to the advertisement and/or impression. Historic
logs may also include data relating to spontaneous user
actions. In embodiments, advertiser data utilized by the real-
time bidding system may include, but is not limited to, meta-
data relating to the subject matter of an advertisement, for
example, inventory levels of'a product that is the subject of the
advertisement. Valuation, bid amounts, and the like may be
optimized according to this and other metadata. Valuation,
bid amounts, and the like may be optimized according to key
performance indicators.

[0137] FIGS. 8A and 8B depicts a hypothetical case studies
using a real-time bidding method and system (800, 802). In
embodiments, the learning system may create rules and algo-
rithms, as described herein, using training data sets, such as
that derived from a prior retailer advertising campaign. The
training dataset may include a record of prior impressions,
conversions, actions, clickthroughs and the like performed by
a plurality of digital media users with the advertisements that
were included in the prior campaign. The learning system
may then identify a subset of advertising content from the
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prior campaign that was relatively more successful that other
of the advertisements in the campaign, and recommend this
advertising content for future use on the basis of its higher
expected value.

[0138] In embodiments, a computer program product
embodied in a computer readable medium that, when execut-
ing on one or more computers, may deploy an economic
valuation model, in response to receiving a request to place an
advertisement, in order to evaluate information relating to a
plurality of available advertisement placements. The eco-
nomic valuation model may be used to predict an economic
valuation or the pricing for bids for each of the plurality of
advertisement placements. A hypothesis as to a market oppor-
tunity may be determined, and the economic valuation model
may be updated in response to the hypothesized market
opportunity.

[0139] In an example, the system may find every few sec-
onds, a data set or identify changes to the model that improves
the accuracy of the valuation model used to predict economic
value of ads. The system may have limitations on its ability to
replace the valuation model on its whole, at the same rate as
new data or changes to the model are created. As a conse-
quence it may be beneficial to select which parts are less
effective at providing economic valuation. The opportunistic
updating component may select what is the order and priority
for replacing sections of the valuation model. Such prioriti-
zation may be based on the economic valuation of the section
to replace versus the new section to incorporate. As a result
the system may create a prioritized set of instructions as to
what data or sections of the model to add to the valuation
system and in what order to do so.

[0140] In embodiments, the method and system of the
present invention may split an advertising campaign, and
compare the performance of a first set from the campaign
using the methods and systems as described herein with a
second set from the campaign not using the methods and
systems. The analytic comparison may show the lift and
charge based on the lift between the first set and the second set
(e.g., third party campaign).

[0141] Inanexample, the system may separate a fraction of
ads for creating a baseline sample on which the system is not
applied, and thus, its benefits may not be delivered. Such
process may be automatic. Such separation may be done by a
random selection, across the universe of available ads, or to a
randomly selected panel of users. The remaining ads that do
not belong to the baseline sample may be placed using the
system.

[0142] Inembodiments, as the ad campaign presents some
objectives that are possible to measure, and the greater the
benefit, the better is the campaign judged to be, it stands to
believe an advertiser is willing to pay a premium for ad
campaigns that deliver increased benefits.

[0143] In embodiments, the pricing model may calculate
the difference between the benefit created by ads placed using
the system and those placed without the system, as on the
baseline sample. The system benefit is such net difference.
The price charged to the advertiser may be a fraction of the
system benefit.

[0144] FIG. 9 depicts a simplified flow chart summarizing
key steps that may be involved in using a real-time bidding
method and system 900.

[0145] FIG. 10 depicts an exemplary embodiment of a user
interface for a pixel provisioning system that may be associ-
ated with the real-time bidding system 1000.
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[0146] FIG. 11 depicts an exemplary embodiment of
impression level data that may be associated with the real-
time bidding system 1100.

[0147] FIG.12depicts a hypothetical advertising campaign
performance report 1200.

[0148] FIG. 13 illustrates a bidding valuation facility 1300
for real-time bidding and valuation for purchases of online
advertising placements in accordance with an embodiment of
the invention. The bidding valuation facility 1300 may further
include (apart from other facilities) a publisher facility 112,
an analytics platform facility 114, an advertising order send-
ing and receiving facility 120, a contextualizer service facility
132, a data integration facility 134, one or more databases
providing different types of data for use by the analytics
facility. In an embodiment of the invention, the analytics
platform facility 114 may include a learning machine facility
138, valuation algorithm facility 140, a real-time bidding
machine facility 142, a tracking machine facility 144, an
Impression/Click/Action Logs facility 148, and a real-time
bidding logs facility 150.

[0149] In embodiments of the invention, a learning
machine 138 may be used to develop targeting algorithms for
the real-time bidding machine facility 142. The learning
machine 138 may learn patterns, including social behavior
and inferred demographics among others, which may be used
to target online ads. Further, the learning machine facility 138
may be coupled to one or more databases. In embodiments of
the invention, the one or more databases may include an ad
agency/advertiser database 152. The ad agency data 152 may
include campaign descriptors, and may describe the channels,
times, budgets, and other information that may be allowed for
diffusion of advertising messages. The ad agency data 152
may also include campaign and historic logs that may be the
placement for each advertising message to be shown to the
user. The ad agency data 152 may include one or more of the
following: an identifier for the user, the channel, time, price
paid, ad message shown, and user resulting user actions, or
some other type of campaign or historic log data. Further, the
advertiser data 152 may include business intelligence data, or
some other type of data, which may describe dynamic and/or
static marketing objectives. In an example, the amount of
overstock of a given product that the advertiser 104 has in its
warehouses may be described by the advertiser data 152.
Further, the one or more databases may include an historic
event database. The historic event data 154 may be used to
correlate the time of user events with other events happening
in their region. In an example, response rates to certain types
of advertisements may be correlated to stock market move-
ments. The historic event data 154 may include, but is not
limited to, weather data, events data, local news data, or some
other type of data. Further, the one or more databases may
include a user database. The user data 158 may include data
provided by third parties that may contain personally linked
information about advertising recipients. This information
may provide users with preferences, or other indicators,
which may label or describe the users. Further, the one or
more databases may include a real-time event database. The
real-time event data 160 may include data similar to historic
data, but that is more current. The real-time event data 160
may include, but is not limited to, data that is current to the
second, minute, hour, day, or some other measure of time. In
an example, if the learning machine facility 138 finds a cor-
relation between advertising performance and historic stock
market index values, the real-time stock market index value
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may be used to value advertisements by the real-time bidding
machine facility 142. Further, the one or more databases may
include a contextual database that may provide contextual
data 162 associated with a publisher 112, publisher’s website
and the like. The one or more databases may further include a
third party/commercial database.

[0150] Further, in embodiments of the invention, a data
integration facility 134 and the contextualizer service facility
132 may be associated with the analytics platform facility 114
and the one or more databases. The data integration facility
134 may facilitate the integration of different types of data
from one or more databases into the analytics platform facil-
ity 114. The contextualizer service facility 132 may identify
the contextual category of a medium for advertising and/or
publisher content, website, or other publisher ad context. In
an example, a contextualizer may analyze web content to
determine whether a web page contains content about sports,
finance, or some other topic. This information may be used as
an input to the learning machine facility in order to identify
the relevant publishers and/or web pages where ads may
appear. In another embodiment, the location of the ad on the
publisher 112 web page may be determined based on the
information. In an embodiment of the invention, the contex-
tualizer service facility 132 may also be associated with the
real-time bidding machine facility 142 and/or with the one or
more databases.

[0151] Inembodiments of the invention, the real-time bid-
ding machine facility 142 may receive a bid request message
from the publisher facility 112. A real-time bidding machine
facility 142 may be considered a “real-time” facility since it
may reply to a bid request that is associated with a time
constraint, where the reply occurs substantially simultaneous
to the request receipt, and/or very near in time to the request
receipt. The real-time bidding machine facility 142 may use a
non-stateless method to calculate which advertising message
to show, while the user waits for the system to decide. The
real-time bidding machine facility 142 may perform the real-
time calculation using algorithms provided by the learning
machine 138, dynamically estimating an optimal bid value. In
embodiments, an alternative real-time bidding machine facil-
ity 142 may have a stateless configuration to determine an
advertisement to present.

[0152] Further, in an embodiment of the invention, the real-
time bidding machine facility 142 may dynamically deter-
mine an anticipated economic valuation for each of the plu-
rality of potential placements for an advertisement based on
receiving the request to place an advertisement for the pub-
lisher facility 112. In response to receiving a request to place
an advertisement for the publisher facility 112, the real-time
bidding machine facility 142 may dynamically determine an
anticipated economic valuation for each of the plurality of
potential placements for the advertisement, and may select
and decide whether to present the available placements based
on the economic valuation to the publisher facility 112.
[0153] In embodiments, the real-time bidding machine
facility 142 may include altering a model for dynamically
determining the economic valuation prior to processing a
second request for a placement. The alteration of the model
may be based at least in part on the machine learning facility.
In an embodiment of the invention, prior to selecting and
presenting at least one of the plurality of available place-
ments, and/or plurality of advertisements, the behavior of an
economic valuation model may be altered to produce a sec-
ond set of valuations for each of the plurality of placements.
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In embodiments, the steps for selecting and presenting may
be based on the second set of valuations. Further, in an
embodiment of the invention, the request for the placement
may be a time-limited request. Further, the economic valua-
tion model may evaluate performance information relating to
each of the plurality of advertisement placements. The
dynamically variable economic valuation model may also be
used to determine an anticipated economic valuation. In an
embodiment of the invention, the dynamically variable eco-
nomic valuation model may evaluate bid values in relation to
economic valuations for a plurality of placements. Dynamic
determination of an anticipated economic valuation for each
of the plurality of potential placements for an advertisement
may be based at least in part on advertiser data 152, historical
event data 154, user data 158, real-time event data 160, con-
textual data 162, and third-party commercial data 164.

[0154] In embodiments, the real-time bidding machine
facility 142, in response to receiving a request to place an
advertisement for a publisher 112, may dynamically deter-
mine an anticipated economic valuation for each of a plurality
of potential placements for an advertisement. After the eco-
nomic valuation model has been determined, the real-time
bidding machine facility 142 may determine a bid amount
based at least in part on the anticipated economic valuation
for each of the plurality of potential placements for the adver-
tisement. The determination of the bid amount may include
analysis of real-time bidding logs. In another embodiment,
the determination of the bid amount may include analytic
modeling based at least in part on machine learning. Analytic
modeling based at least in part on machine learning may
include the analysis of historical log data summarizing at
least one of: ad impressions, ad clickthroughs, and user
actions taken in association with an ad presentation. Further,
in an embodiment of the invention, the determination of the
bid amount may include analysis of data from the contextu-
alizer service facility 132.

[0155] In an embodiment of the invention, the real-time
bidding machine facility 142, in response to receiving a
request to place an advertisement for a publisher 112, may
dynamically determine an anticipated economic valuation for
each of a plurality of potential placements for the advertise-
ment. After the economic valuation model has been deter-
mined, the real-time bidding machine facility 142 may deter-
mine a bid amount based at least in part on the anticipated
economic valuation for each of the plurality of potential
placements for the advertisement. Thereafter, the real-time
bidding machine facility may select an optimum placement
for the advertisement, from among the plurality of potential
placements. Further, the real-time bidding machine facility
142 may automatically place a bid on the optimum placement
for the advertisement.

[0156] FIG. 14 illustrates a method 1400 for selecting and
presenting to a publisher at least one of the plurality of avail-
able placements, and/or plurality of advertisements, based on
an economic valuation. The method initiates at step 1402. At
step 1404, in response to receiving a request to place an
advertisement for a publisher, an anticipated economic valu-
ation may be dynamically determined for each of a plurality
of potential placements for the advertisement. Thereafter at
step 1408, at least one of the plurality of available placements,
and/or plurality of advertisements, may be selected and pre-
sented to the publisher based at least in part on the economic
valuation. In an embodiment of the invention, a model for
dynamically determining the economic valuation may be
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altered prior to processing a second request for a placement.
In an embodiment the model may be altered based at least in
part on machine learning. In an embodiment of the invention,
prior to the steps of selecting and presenting, the behavior of
an economic valuation model may be altered to produce a
second set of valuations for each of the plurality of place-
ments. In an embodiment, the steps of selecting and present-
ing steps may be based on the second set of valuations, which
are used in place of'the first valuation (s). Inembodiments, the
request for the placement may be a time limited request. In
embodiments, the economic valuation model, as described
herein, may evaluate performance information relating to
each of a plurality of advertisement placements. A dynami-
cally variable economic valuation model may be used to
determine the anticipated economic valuation and to evaluate
bid values in relation to economic valuations for a plurality of
placements. An anticipated economic valuation for each of a
plurality of potential placements for an advertisement may be
based at least in part on advertiser data, historical event data,
user data, real-time event data, contextual data or third-party
commercial data. The method terminates at step 1410.

[0157] FIG. 15 illustrates a method 1500 for determining a
bid amount, in accordance with an embodiment of the inven-
tion. The method initiates at step 1502. At step 1504, in
response to receiving a request to place an advertisement for
a publisher, an anticipated economic valuation for each of a
plurality of potential placements for the advertisement may
be dynamically determined. Thereafter at step 1508, a bid
amount based at least in part on the anticipated economic
valuation for each of the plurality of potential placements for
the advertisement is determined. In an embodiment of the
invention, the determination of the bid amount may include
analysis of real-time bidding logs and/or analytic modeling
based at least in part on machine learning. In an embodiment
of'the invention, the analytic modeling may include the analy-
sis of historical log data summarizing at least one of: ad
impressions, ad clickthroughs, and user actions taken in asso-
ciation with an ad presentation. In an embodiment of the
invention, determination of the bid amount may include
analysis of data from a contextualizer service.

[0158] FIG. 16 illustrates a method 1600 for automatically
placing a bid on an optimum placement for an advertisement,
where the optimum placement is selected based at least in part
on an anticipated economic valuation. The method initiates at
step 1602. At step 1604, in response to receiving a request to
place an advertisement for a publisher, an anticipated eco-
nomic valuation for each of a plurality of potential place-
ments for the advertisement is dynamically determined.
Thereafter at step 1608, a bid amount based at least in part on
the anticipated economic valuation for each of the plurality of
potential placements for the advertisement is determined.
Further at step 1610, an optimum placement for the adver-
tisement is selected, from among the plurality of potential
placements, based at least in part on the bid amount. Finally at
step 1612, a bid on the optimum placement for the advertise-
ment is automatically placed. The method terminates at step
1614.

[0159] FIG. 17 illustrates a real-time facility 1700 for tar-
geting bids for online advertising purchases in accordance
with an embodiment of the invention. The real-time facility
may include a learning machine facility 138 and a real-time
bidding machine facility 142. In an embodiment of the inven-
tion, the real-time bidding machine facility 142 may receive a
bid request message from the publisher facility 112. The
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real-time bidding machine facility 142 may be considered a
“real-time” facility since it may reply to a bid request that is
associated with a time constraint. The real-time bidding
machine facility 142 may perform the real-time calculation
using targeting algorithms provided by the learning machine
138, dynamically estimating an optimal bid value.

[0160] Further, in an embodiment of the invention, the real-
time bidding machine facility 142 may deploy an economic
valuation model that may dynamically determine an eco-
nomic valuation (based on receiving the request to place an
advertisement for the publisher facility 112) for each ofone or
more potential placements for an advertisement. In response
to receiving a request to place an advertisement for the pub-
lisher facility 112, the real-time bidding machine facility 142
may dynamically determine an economic valuation for each
of one or more potential placements for the advertisement.
After the economic valuation has been determined, the real-
time bidding machine facility 142 may select and present to a
user at least one of the plurality of available placements,
and/or plurality of advertisements, based on the economic
valuation. In an embodiment, the selection and presentation
to the publisher 112 may include a recommended bid amount
for the at least one of the plurality of available placements,
and/or plurality of advertisements. The bid amount may be
associated with a time constraint. Further, in an embodiment,
the refinement through machine learning may include com-
paring economic valuation models by retrospectively com-
paring the extent to which the models reflect actual economic
performance of advertisements. In embodiments of the inven-
tion, the economic valuation model may be based at least in
part on advertising agency data 152, real-time event data 160,
historic event data 154, user data 158, third party commercial
data 164, and contextual data 162. In an embodiment, the
advertising agency data 152 may include at least one cam-
paign descriptor. In embodiments, the campaign descriptor
may be historic log data, advertising agency campaign budget
data, and a datum indicating a temporal restraint on an adver-
tising placement.

[0161] In embodiments, the learning machine facility 138
may receive an economic valuation model. The economic
valuation model may be based at least in part on analysis of
real-time bidding log data 150 from the real time bidding
machine facility 142. Thereafter, the learning machine facil-
ity 138 may refine the economic valuation model. The refine-
ment may be based at least in part on analysis of an advertis-
ing impression log. In an embodiment of the invention, the
refinement of the economic valuation model may include a
data integration step during which data to be used in the
learning machine facility 138 may be transformed into a data
format that may be read by the learning machine facility 138.
The format may be a neutral format. Further in embodiments,
the refinement of the economic valuation model using the
learning machine may be based at least in part on a machine
learning algorithm. The machine learning algorithms may be
based at least in part on naive bayes analytic techniques and
on logistic regression analytic techniques. Further, the real-
time bidding machine facility 142 may use the refined eco-
nomic valuation model to classify each of a plurality of avail-
able advertising placements. The classification may be a
datum indicating a probability of each of the available adver-
tising placements achieving an advertising impression. The
real-time bidding machine facility 142 may then prioritize the
available advertising placements based at least in part on the
datum indicating the probability of achieving an advertising
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impression. Thereafter, the real-time bidding machine facility
142 may select and present to a user at least one of the
plurality of available placements, and/or plurality of adver-
tisements, based on the prioritization.

[0162] In an embodiment of the invention, an economic
valuation model deployed by the real-time bidding machine
facility 142 may be refined by the machine learning facility to
evaluate information relating to one or more available place-
ments to predict an economic valuation for each of the one or
more placements. Further, in embodiments, the learning
machine facility 138 may obtain different types of data to
refine the economic valuation model. The different types of
data may include, without any limitation, agency data 152
which may include campaign descriptors, and may describe
the channels, times, budgets, and other information that may
be allowed for diffusion of advertising messages. The agency
data 152 may also include campaign and historic logs that
may be the placement for each advertising message to be
shown to the user. The agency data 152 may also include one
or more of the following: an identifier for the user, the chan-
nel, time, price paid, ad message shown, and user resulting
user actions, or some other type of campaign or historic log
data. Further, the different types of data may include business
intelligence data, or some other type of data, which may
describe dynamic and/or static marketing objectives.

[0163] In embodiments of the invention, the learning
machine facility 138 may perform an auditing and/or super-
visory function, including, but not limited to, optimizing the
methods and systems as described herein. In other embodi-
ments of the information, the learning system 138 may learn
from multiple data sources, and base optimization of the
methods and systems as described herein at least in part on the
multiple data sources. In embodiments, the methods and sys-
tems as described herein may be used in Internet-based appli-
cations, mobile applications, fixed-line applications (e.g.,
cable media), or some other type of digital application. In
embodiments, the methods and systems as described herein
may be used in one or more addressable advertising media,
including, but not limited to, set top boxes, digital billboards,
radio ads, or some other type of addressable advertising
media.

[0164] Further, in embodiments of the invention, the learn-
ing machine facility 138 may utilize various types of algo-
rithms to refine the economic valuation models of the real-
time bidding machine facility 142. The algorithms may
include, without any limitations, decision tree learning, asso-
ciation rule learning, artificial neural networks, genetic pro-
gramming, inductive logic programming, support vector
machines, clustering, Bayesian networks, and reinforcement
learning. In an embodiment of the invention, the various types
of algorithms may produce classifiers, which are algorithms
that may classify whether or not an advertisement is likely to
produce an action. In their basic form, they may return a “yes”
or “no” answer and/or a score indicating the strength of cer-
tainty of the classifier. When calibration techniques are
applied, they may return a probability estimate of the likeli-
hood of a prediction to be correct.

[0165] FIG. 18 illustrates a method 1800 for selecting and
presenting to a user at least one of a plurality of available
advertising placements based on an economic valuation. The
method initiates at step 1802. At step 1804, an economic
valuation model may be deployed, in response to receiving a
request to place an advertisement for a publisher. The eco-
nomic valuation model may be refined through machine
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learning to evaluate information relating to a plurality of
available placements, and/or plurality of advertisements, to
predict an economic valuation for each of the plurality of
placements. In an embodiment, the refinement through
machine learning may include comparing economic valua-
tion models by retrospectively comparing the extent to which
the models reflect actual economic performance of advertise-
ments. Further, the economic valuation model may be based
at least in part on advertising agency data, real time event
data, historic event data, user data, third-party commercial
data and contextual data. Furthermore, the advertising agency
data may include at least one campaign descriptor. Moreover,
the campaign descriptor may be historic log data, is advertis-
ing agency campaign budget data and advertising agency
campaign budget data. At step 1808, at least one of the plu-
rality of available placements, and/or plurality of advertise-
ments, based on the economic valuation may be selected and
presented to a user. In an embodiment, the selection and
presentation to the publisher may include a recommended bid
amount for the at least one of the plurality of available place-
ments, and/or plurality of advertisements. Further, the bid
amount may be associated with a time constraint. The method
1800 terminates at step 1810.

[0166] FIG.19illustrates a method 1900 for selecting from
a plurality of available advertising placements a prioritized
placement opportunity based at least in part on an economic
valuation model using real-time bidding log data. The method
1900 initiates at step 1902. At step 1904, an economic valu-
ation model at a learning machine may be received. The
economic valuation model may be based at least in part on
analysis of a real-time bidding log from a real time bidding
machine. At step 1908, the economic valuation model may be
refined using the learning machine. In an embodiment, the
refinement may be based at least in part on analysis of an
advertising impression log. Further, the refinement of the
economic valuation model may include a data integration step
during which data to be used in the learning machine may be
transformed into a data format that can be read by the learning
machine. In an embodiment, the format may be a neural
format. Furthermore, the refinement of the economic valua-
tion model using the learning machine may be based at least
in part on a machine learning algorithm. The machine learn-
ing algorithm may be based at least in part on naive bayes
analytic techniques. Moreover, the machine learning algo-
rithm may be based at least in part on logistic regression
analytic techniques. At step 1910, the refined economic valu-
ation model may be used to classify each of a plurality of
available advertising placements. Each classification may be
a summarized using a datum indicating a probability of each
of the available advertising placements achieving an adver-
tising impression. Further, at step 1912, the available adver-
tising placements may be prioritized based at least in part on
the datum. In addition, at step 1914, at least one of the plu-
rality of available placements, and/or plurality of advertise-
ments, may be selected and presented to a user based on the
prioritization. The method 1900 terminates at step 1918.

[0167] FIG. 20 illustrates a real-time facility 2000 for
selecting alternative algorithms for predicting purchase price
trends for bids for online advertising, in accordance with an
embodiment of the invention. The real-time facility 1700 may
include a learning machine facility 138, a valuation algorithm
facility 140, a real-time bidding machine facility 142, a plu-
rality of data 2002, and a bid request message 2004 from a
publisher facility 112. In an embodiment of the invention, the
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real-time bidding machine facility 142 may receive a bid
request message 1704 from the publisher facility 112. The
real-time bidding machine facility 142 may be considered a
“real-time” facility since it may reply to a bid request that is
associated with time constraint. The real-time bidding
machine facility 142 may perform a real-time calculation
using targeting algorithms provided by the learning machine
facility 138 to predict purchase price trends for bids for online
advertising. In an embodiment of the invention, the learning
machine facility 138 may select an alternative algorithm
based on the performance of a currently operating algorithm
for predicting purchase price trends for bids for online adver-
tising. In another embodiment of the invention, the learning
machine facility 138 may select an alternative algorithm
based on the predicted performance of the alternative algo-
rithm for predicting purchase price trends for bids for online
advertising. Further, in an embodiment of the invention,
learning machine facility 138 may obtain the alternative algo-
rithms from the valuation algorithm facility 140.

[0168] In embodiments, the real-time bidding machine
facility 142 may apply a plurality of algorithms to predict
performance of online advertising placements. Once the plu-
rality of algorithms is applied, the real-time bidding machine
facility 142 may track the performance of the plurality of
algorithms under a variety of market conditions. The real-
time bidding machine facility 142 may then determine the
performance conditions for a type of algorithm from the
plurality of algorithms. Thereafter, the real-time bidding
machine facility 142 may track the market conditions and
may select the algorithm for predicting performance of adver-
tising placements based on the current market conditions.

[0169] In embodiments, at least one of the plurality of
algorithms to predict performance may include advertiser
data 152. The advertiser data 152 my include business intel-
ligence data, or some other type of data, which may describe
dynamic and/or static marketing objectives. In another
embodiment of the invention, at least one of the plurality of
algorithms to predict performance may include historic event
data 154. The historic event data 154 may be used to correlate
the time of user events with the occurrence of other events in
their region. In an example, response rates to certain types of
advertisements may be correlated to stock market move-
ments. The historic event data 154 may include, but is not
limited to, weather data, events data, local news data, or some
other type of data. In yet another embodiment of the inven-
tion, at least one of the plurality of algorithms to predict
performance may include user data 158. The user data 158
may include data provided by third parties, which may con-
tain personally linked information about advertising recipi-
ents. This information may provide users with preferences, or
other indicators, which may label or describe the users. In yet
another embodiment of the invention, at least one of the
plurality of algorithms to predict performance may include
real-time event data 160. The real-time event data 160 may
include data similar to historic data, but more current. The
real-time event data 160 may include, but is not limited to,
data that is current to the second, minute, hour, day, or some
other measure of time. In yet another embodiment of the
invention, at least one of the plurality of algorithms to predict
performance may include contextual data 162. In yet another
embodiment of the invention, at least one of the plurality of
algorithms to predict performance may include third party
commercial data.
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[0170] Further, in an embodiment of the invention, the real-
time bidding machine facility 142 may use a primary model
for predicting an economic valuation of each of a plurality of
available web publishable advertisement placements based in
part on past performance and prices of similar advertisement
placements. The real-time bidding machine facility 142 may
also use a second model for predicting an economic valuation
of each of the plurality of web publishable advertisement
placements. After predicting the economic valuations using
both the primary model and the second model, the real-time
bidding machine facility 142 may compare the valuations
produced by the primary model and the second model to
determine a preference between the primary model and the
second model. In an embodiment of the invention, the com-
parison of the valuations may include retrospectively com-
paring the extent to which the models reflect actual economic
performance of advertisements. Further, in an embodiment of
the invention, the primary model may be an active model
responding to purchase requests. The purchase request may
be a time limited purchase request. In an embodiment of the
invention, the second model may replace the primary model
as the active model responding to purchase requests. Further,
the replacement may be based on a prediction that the second
model may perform better than the primary model under the
current market conditions. In embodiments of the invention,
the prediction may be based at least in parts on machine
learning, historical advertising performance data 130, histori-
cal event data, and real-time event data 160.

[0171] In another embodiment of the invention, the real-
time bidding machine facility 142 may use a primary model
for predicting an economic valuation of each of a plurality of
available mobile device advertisement placements based in
part on past performance and prices of similar advertisement
placements. The real-time bidding machine facility 142 may
also use a second model for predicting an economic valuation
of'each of the plurality of mobile device advertisement place-
ments. After predicting the economic valuations using both
the primary model and the second model, the real-time bid-
ding machine facility 142 may compare the valuations pro-
duced by the primary model and the second model to deter-
mine a preference between the primary model and the second
model. In an embodiment of the invention, the comparison of
the valuations may include retrospectively comparing the
extent to which the models reflect actual economic perfor-
mance of advertisements. Further, in an embodiment of the
invention, the primary model may be an active model
responding to purchase requests. The purchase request may
be a time limited purchase request. In an embodiment of the
invention, the second model may replace the primary model
as the active model responding to purchase requests. Further,
the replacement may be based on a prediction that the second
model may perform better than the primary model under the
current market conditions.

[0172] In an embodiment of the invention, the economic
valuation model deployed by the real-time bidding machine
facility 142 may be refined by the machine learning facility
138 to evaluate information relating to one or more available
placements to predict an economic valuation for each of the
one or more placements.

[0173] In embodiments, the learning machine facility 138
may obtain different types of data to refine the economic
valuation model. The different types of data may include,
without any limitation, advertiser data 152, historic event data
154, user data 158, real-time event data 160, contextual data
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162, and third party commercial data. The different types of
data may have different formats and information that may not
directly relate to the advertisements, such as market demo-
graphics data, and the like. In embodiments of the invention,
the different types of data in different formats may be trans-
lated into a neutral format or specific to a format compatible
with the learning machine facility 138, or some other data
type suitable for the learning machine facility 138.

[0174] In embodiments, the learning machine facility 138
may utilize various types of algorithms to refine the economic
valuation model of the real-time bidding machine facility
142. The algorithms may include, without any limitations,
decision tree learning, association rule learning, artificial
neural networks, genetic programming, inductive logic pro-
gramming, support vector machines, clustering, Bayesian
networks, and reinforcement learning.

[0175] FIG. 21 illustrates a method 2100 of the present
invention for predicting performance of advertising place-
ments based on current market conditions. The method ini-
tiates at step 2102. At step 2104, a plurality of algorithms to
predict performance of online advertising placement may be
applied. In embodiments of the invention, at least one of the
plurality of algorithms to predict performance may include
advertiser data, historic event data, user data, real-time event
data, contextual data, and third-party commercial data, of
some other type of data. Thereafter, at step 2108, the perfor-
mance of the plurality of algorithms may be tracked under
various market conditions. Further, at step 2110, the perfor-
mance for a type of algorithm may be determined and then the
market conditions may be tracked at step 2112. Finally, at step
2114, an algorithm for predicting performance of advertising
placements based on the current market conditions may be
selected. The method terminates at step 2118.

[0176] FIG. 22 illustrates a method 2200 for determining a
preference between a primary model and a second model for
predicting an economic valuation, in accordance with an
embodiment of the invention. The method initiates at step
2202. At step 2204, using a primary model, an economic
valuation of each of a plurality of available web publishable
advertisement placements may be predicted. The economic
valuation may be based in part on past performance and prices
of similar advertisement placements. At step 2208, using a
second model, an economic valuation of each of the plurality
of available web publishable advertisement placements may
be predicted. Thereafter, at step 2210, the economic valua-
tions using both the primary model and the second model may
be compared to determine a preference between the primary
model and the second model. In an embodiment of the inven-
tion, the comparison of the valuations may include retrospec-
tively comparing the extent to which the models reflect actual
economic performance of advertisements. Further, in an
embodiment of the invention, the primary model may be an
active model responding to purchase requests. The purchase
request may be a time limited purchase request. In an embodi-
ment of the invention, the second model may replace the
primary model as the active model responding to purchase
requests. Further, the replacement may be based on a predic-
tion that the second model may perform better than the pri-
mary model under the current market conditions. In embodi-
ments of the invention, the prediction may be based at least in
parts on machine learning, historical advertising performance
data, historical event data, and real-time event data. The
method terminates at step 2212.
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[0177] Referring now to FIG. 23, which illustrates a
method 2300 for determining a preference between a primary
model and a second model for predicting economic valuation,
in accordance with another embodiment of the invention. The
method initiates at step 2302. At step 2304, using a primary
model, an economic valuation of each of a plurality of avail-
able mobile device advertisement placements may be pre-
dicted. The economic valuation may be based in part on past
performance and prices of similar advertisement placements.
At step 2308, using a second model an economic valuation of
each of the plurality of available mobile device advertisement
placements may be predicted. Thereafter, at step 2310, the
economic valuations using both the primary model and the
second model may be compared to determine a preference
between the primary model and the second model. In an
embodiment of the invention, the comparison of the valua-
tions may include retrospectively comparing the extent to
which the models reflect actual economic performance of
advertisements. Further, in an embodiment of the invention,
the primary model may be an active model responding to
purchase requests. The purchase request may be a time lim-
ited purchase request. In an embodiment of the invention, the
second model may replace the primary model as the active
model responding to purchase requests. Further, the replace-
ment may be based on a prediction that the second model may
perform better than the primary model under the current
market conditions. The method terminates at step 2312.

[0178] Further in an embodiment of the invention, the real-
time bidding machine facility 142 may receive a request to
place an advertisement from a publisher facility 112. In
response to this request, the real-time bidding machine facil-
ity 142 may deploy a plurality of competing economic valu-
ation models to predict an economic valuation for each of a
plurality of available advertisement placements. After
deploying the plurality of economic valuation models, the
real-time bidding machine facility 142 may evaluate each
valuation produced by each of the plurality of competing
economic valuation models to select one economic valuation
model as a current valuation of an advertising placement.

[0179] In an embodiment of the invention, the economic
valuation model may be based at least in part on real-time
event data 160. The real-time event data 160 may include data
similar to historic data, but more current. The real-time event
data 160 may include, but is not limited to, data that is current
to the second, minute, hour, day, or some other measure of
time. In another embodiment of the invention, the economic
valuation model may be based at least in part on historic event
data 154. The historic event data 154 may be used to correlate
the time of user events with the occurrence of other events in
their region. In an example, response rates to certain types of
advertisements may be correlated to stock market move-
ments. The historic event data 154 may include, but is not
limited to, weather data, events data, local news data, or some
other type of data. In yet another embodiment of the inven-
tion, the economic valuation model may be based at least in
part on the user data 158. The user data 158 may include data
provided by third parties, which may contain personally
linked information about advertising recipients. This infor-
mation may provide users with preferences, or other indica-
tors, which may label or describe the users. In yet another
embodiment of the invention, the economic valuation model
may be based at least in part on the third party commercial
data. In an embodiment of the invention, the third party com-
mercial data may include financial data relating to historical
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advertisement impressions. In yet another embodiment of the
invention, the economic valuation model may be based at
least in part on contextual data 162. In yet another embodi-
ment of the invention, the economic valuation model may be
based at least in part on advertiser data 152. The advertiser
data 152 may include business intelligence data, or some
other type of data, which may describe dynamic and/or static
marketing objectives. In yet another embodiment of the
invention, the economic valuation model may be based at
least in part on ad agency data 152. The ad agency data 152
may also include campaign and historic logs that may be the
placement for each advertising message to be shown to the
user. The ad agency data 152 may also include one or more of
the following: an identifier for the user, the channel, time,
price paid, ad message shown, and user resulting user actions,
or some other type of campaign or historic log data. In yet
another embodiment of the invention, the economic valuation
model may be based at least in part on the historical adver-
tising performance data 130. In yet another embodiment of
the invention, the economic valuation model may be based at
least in part on the machine learning.

[0180] In an embodiment of the invention, an economic
valuation model deployed by the real-time bidding machine
facility 142 may be refined by the machine learning facility
138 to evaluate information relating to one or more available
placements to predict an economic valuation for each of the
one or more placements.

[0181] Inanembodiment of the present invention, after the
real-time bidding machine facility 142 receives a request to
place an advertisement from a publisher facility 112, the
real-time bidding machine facility 142 in response to this
request may deploy a plurality of competing economic valu-
ation models to predict an economic valuation for each ofthe
plurality of advertisement placements. After deploying the
plurality of economic valuation models, the real-time bidding
machine facility 142 may evaluate each valuation produced
by each of the plurality of competing economic valuation
models to select one as a first valuation of an advertising
placement. Upon selecting the first valuation, the real-time
bidding machine facility 142 may reevaluate each valuation
produced by each of the plurality of competing economic
valuation models to select one as a revised valuation of an
advertising placement. In an embodiment of the invention,
the revised valuation may be based at least in part on analysis
of an economic valuation model using real-time event data
160 that was not available at the time of selecting the first
valuation. Thereafter, real-time bidding machine facility 142
may replace the first valuation by the second revised valuation
for use in deriving a recommended bid amount for the adver-
tising placement. In an embodiment of the invention, the
request may be received from a publisher 112 and the recom-
mended bid amount may be automatically sent to the pub-
lisher 112. In another embodiment of the invention, the
request may be received from a publisher 112 and a bid
equaling the recommended bid amount may be automatically
placed on behalf of the publisher 112. In an embodiment of
the invention, the recommended bid amount may be associ-
ated with a recommended time of ad placement. In another
embodiment of the invention, the recommended bid amount
may be further derived by analysis of a real-time bidding log
that may be associated with a real-time bidding machine
facility 142. It will be understood that general analytic meth-
ods, statistical techniques, and tools for evaluating competing
algorithms and models, such as valuation models, as well as

63



US 2011/0040612 A1

analytic methods, statistical techniques, and tools known to a
person of ordinary skill in the art are intended to be encom-
passed by the present invention and may be used to evaluate
competing algorithms and valuation models in accordance
with the methods and systems of the present invention.

[0182] In another embodiment of the invention, after the
real-time bidding machine facility 142 receives a request to
place an advertisement from a publisher facility 112, the
real-time bidding machine facility 142 may deploy a plurality
of competing economic valuation models to evaluate infor-
mation relating to a plurality of available advertisement
placements. The real-time bidding machine facility 142 may
deploy the competing economic valuation models to predict
an economic valuation for each of the plurality of advertise-
ment placements. After deploying the plurality of economic
valuation models, the real-time bidding machine facility 142
may evaluate each valuation produced by each of the plurality
of competing economic valuation models to select one valu-
ation as a future valuation of an advertising placement. It will
be understood that general analytic methods, statistical tech-
niques, and tools for evaluating competing algorithms and
models, such as valuation models, as well as analytic meth-
ods, statistical techniques, and tools known to a person of
ordinary skill in the art are intended to be encompassed by the
present invention and may be used to evaluate competing
algorithms and valuation models in accordance with the
methods and systems of the present invention.

[0183] In another embodiment of the invention, after the
real-time bidding machine facility 142 receives a request to
place an advertisement from a publisher facility 112 the real-
time bidding machine facility 142 may deploy a plurality of
competing economic valuation models to evaluate informa-
tion relating to a plurality of available advertisement place-
ments. The real-time bidding machine facility 142 may
deploy the competing economic valuation models to predict
an economic valuation for each of the plurality of advertise-
ment placements. After deploying the plurality of economic
valuation models, the real-time bidding machine facility 142
may evaluate in real time, each valuation produced by each of
the plurality of competing economic valuation models to
select one valuation as a future valuation of an advertising
placement. It will be understood that general analytic meth-
ods, statistical techniques, and tools for evaluating competing
algorithms and models, such as valuation models, as well as
analytic methods, statistical techniques, and tools known to a
person of ordinary skill in the art are intended to be encom-
passed by the present invention and may be used to evaluate
competing algorithms and valuation models in accordance
with the methods and systems of the present invention. In an
embodiment of the invention, the future valuation may be
based at least in part on simulation data describing a future
event. In an embodiment of the invention, the future event
may be a stock market fluctuation. Further, in an embodiment
of the invention, the simulation data describing future event
may be derived from analysis of historical event data.

[0184] In an embodiment of the invention, after the real-
time bidding machine facility 142 receives a request to place
an advertisement from a publisher facility 112, the real-time
bidding machine facility 142 may deploy a plurality of com-
peting real-time bidding algorithms relating to a plurality of
available advertisement placements to bid for advertisement
placements. After deploying the plurality of competing real-
time bidding algorithms, the real-time bidding machine facil-
ity 142 may evaluate each bidding algorithm to select a pre-
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ferred algorithm. In an embodiment of the invention, the
competing real-time bidding algorithms may use data from a
real-time bidding log. It will be understood that general ana-
lytic methods, statistical techniques, and tools for evaluating
competing algorithms and models, such as valuation models,
as well as analytic methods, statistical techniques, and tools
known to a person of ordinary skill in the art are intended to
be encompassed by the present invention and may be used to
evaluate competing algorithms and valuation models in
accordance with the methods and systems of the present
invention.

[0185] In another embodiment of the invention, after the
real-time bidding machine facility 142 receives a request to
place an advertisement from a publisher facility 112, the
real-time bidding machine facility 142 may deploy a plurality
of competing real-time bidding algorithms relating to a plu-
rality of available advertisement placements. The real-time
bidding machine facility 142 may deploy the plurality of
competing real-time bidding algorithms to bid for advertise-
ment placements. After deploying the plurality of competing
real-time bidding algorithms, the real-time bidding machine
facility 142 may evaluate each bid recommendation created
by the competing real-time bidding algorithms. The real-time
bidding machine facility 142 may reevaluate each bid recom-
mendation created by the competing real-time bidding algo-
rithms to select one as a revised bid recommendation. In an
embodiment of the invention, the revised bid recommenda-
tion may be based at least in part on a real-time bidding
algorithm using real-time event data 160 that was not avail-
able at the time of selecting the bid recommendation. There-
after, the real-time bidding machine facility 142 may replace
the bid recommendation with the revised bid recommenda-
tion for use in deriving a recommended bid amount for the
advertising placement. In an embodiment of the invention,
the replacement may occur in real-time relative to the receipt
of the request to place an advertisement.

[0186] Referring now to FIG. 24 which illustrates a method
2400 for selecting one among multiple competing valuation
models in real-time bidding for advertising placements, in
accordance with an embodiment of the invention. The method
initiates at step 2402. At step 2404, in response to receiving a
request to place an advertisement, a plurality of competing
economic valuation models may be deployed to predict an
economic valuation for each of the plurality of advertisement
placements. Thereafter at step 2408, each valuation produced
by each of the plurality of competing economic valuation
models may be evaluated to select one of the valuation models
as a current valuation of an advertising placement. In embodi-
ments of the invention, the economic valuation model may be
based at least in part on real-time event data, historic event
data, user data, contextual data, advertiser data, ad agency
data, historical advertising performance data, machine learn-
ing and third-party commercial data. In an embodiment ofthe
invention, the third party commercial data may include finan-
cial data relating to historical advertisement impressions. The
method terminates at step 2410. It will be understood that
general analytic methods, statistical techniques, and tools for
evaluating competing algorithms and models, such as valua-
tion models, as well as analytic methods, statistical tech-
niques, and tools known to a person of ordinary skill in the art
are intended to be encompassed by the present invention and
may be used to evaluate competing algorithms and valuation
models in accordance with the methods and systems of the
present invention.
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[0187] FIG. 25 illustrates a method 2500 for replacing a
first economic valuation model by a second economic valu-
ation model for deriving a recommended bid amount for an
advertising placement. The method initiates at step 2502. At
step 2504, in response to receiving a request to place an
advertisement, a plurality of competing economic valuation
models may be deployed to predict an economic valuation for
each of the plurality of advertisement placements. Thereafter
at step 2508, valuations produced by each of the plurality of
competing economic valuation models may be evaluated and
a first valuation of an advertising placement may be then
selected. Further at step 2510, each valuation produced by
each of'the plurality of competing economic valuation models
may be reevaluated. One of the competing economic valua-
tion models may then be selected as a revised valuation of an
advertising placement. The revised valuation may be based at
least in part on analysis of an economic valuation model using
real-time event data that was not available at the time of
selecting the first valuation. Further at step 2512, the first
valuation may be replaced with the second revised valuation
for use in deriving a recommended bid amount for the adver-
tising placement. In an embodiment of the invention, the
request may be received from a publisher and the recom-
mended bid amount may be automatically sent to the pub-
lisher. In another embodiment of the invention, the request
may be received from a publisher and a bid equaling the
recommended bid amount may be automatically placed on
behalf of the publisher. In yet another embodiment of the
invention, recommended bid amount may be associated with
a recommended time of ad placement. Still in another
embodiment of the invention, recommended bid amount may
be further derived by analysis of a real-time bidding log that
is associated with a real-time bidding machine. The method
terminates at step 2514. It will be understood that general
analytic methods, statistical techniques, and tools for evalu-
ating competing algorithms and models, such as valuation
models, as well as analytic methods, statistical techniques,
and tools known to a person of ordinary skill in the art are
intended to be encompassed by the present invention and may
be used to evaluate competing algorithms and valuation mod-
els in accordance with the methods and systems of the present
invention.

[0188] FIG. 26 illustrates a method 2600 for evaluating
multiple economic valuation models and selecting one valu-
ation as a future valuation of an advertising placement, in
accordance with an embodiment of the invention. The method
initiates at step 2602. At step 2604, in response to receiving a
request to place an advertisement, a plurality of competing
economic valuation models may be deployed. Information
relating to a plurality of available advertisement placements
may be evaluated to predict an economic valuation for each of
the plurality of advertisement placements. Further at step
2608, each valuation produced by each of the plurality of
competing economic valuation models may be evaluated to
select one valuation as a future valuation of an advertising
placement. The method terminates at step 2610. It will be
understood that general analytic methods, statistical tech-
niques, and tools for evaluating competing algorithms and
models, such as valuation models, as well as analytic meth-
ods, statistical techniques, and tools known to a person of
ordinary skill in the art are intended to be encompassed by the
present invention and may be used to evaluate competing
algorithms and valuation models in accordance with the
methods and systems of the present invention.
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[0189] FIG. 27 illustrates a method 2700 for evaluating in
real time multiple economic valuation models and selecting
one valuation as a future valuation of an advertising place-
ment, in accordance with an embodiment of the invention.
The method initiates at step 2702. At step 2704, in response to
receiving a request to place an advertisement, a plurality of
competing economic valuation models may be deployed.
Information relating to a plurality of available advertisement
placements may be evaluated to predict an economic valua-
tion for each of the plurality of advertisement placements.
Thereafter at step 2708, each valuation produced by each of
the plurality of competing economic valuation models may be
evaluated in real-time to select one valuation as a future
valuation of an advertising placement. In an embodiment of
the invention, the future valuation may be based at least in part
on simulation data describing a future event. In another
embodiment of the invention, the future event may be a stock
market fluctuation. In an embodiment of the invention, the
simulation data describing future event may be derived from
analysis of historical event data that may be chosen based at
least in part on contextual data relating to an advertisement to
be placed in the advertising placement. The method termi-
nates at step 2710. It will be understood that general analytic
methods, statistical techniques, and tools for evaluating com-
peting algorithms and models, such as valuation models, as
well as analytic methods, statistical techniques, and tools
known to a person of ordinary skill in the art are intended to
be encompassed by the present invention and may be used to
evaluate competing algorithms and valuation models in
accordance with the methods and systems of the present
invention.

[0190] FIG. 28 illustrates a method 2800 for evaluating
multiple bidding algorithms to select a preferred algorithm
for placing an advertisement, in accordance with an embodi-
ment of the invention. The method initiates at step 2802. At
step 2804, in response to receiving a request to place an
advertisement, a plurality of competing real-time bidding
algorithms may be deployed. The bidding algorithms may be
related to a plurality of available advertisement placements to
bid for advertisement placements. Thereafter at step 2808,
each bidding algorithm may be evaluated to select a preferred
algorithm. The method terminates at step 2810. It will be
understood that general analytic methods, statistical tech-
niques, and tools for evaluating competing algorithms and
models, such as valuation models, as well as analytic meth-
ods, statistical techniques, and tools known to a person of
ordinary skill in the art are intended to be encompassed by the
present invention and may be used to evaluate competing
algorithms and valuation models in accordance with the
methods and systems of the present invention.

[0191] FIG. 29 illustrates a method 2900 for replacing a bid
recommendation with a revised bid recommendation for an
advertising placement, in accordance with an embodiment of
the invention. The method initiates at step 2902. At step 2904,
in response to receiving a request to place an advertisement,
aplurality of competing real-time bidding algorithms relating
to a plurality of available advertisement placements to bid for
advertisement placements may be deployed. At step 2908,
each bid recommendation created by the competing real-time
bidding algorithms may be evaluated. Further at step 2910,
each bid recommendation created by the competing real-time
bidding algorithms may be reevaluated to select one as a
revised bid recommendation. In an embodiment, the revised
bid recommendation is based at least in part on a real-time
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bidding algorithm using real-time event data that was not
available at the time of selecting the bid recommendation.
Thereafter at step 2912, the bid recommendation may be
replaced with the revised bid recommendation for use in
deriving a recommended bid amount for the advertising
placement. In an embodiment of the invention, the replace-
ment may occur in real-time relative to the receipt of the
request to place an advertisement. The method terminates at
step 2914. It will be understood that general analytic meth-
ods, statistical techniques, and tools for evaluating competing
algorithms and models, such as valuation models, as well as
analytic methods, statistical techniques, and tools known to a
person of ordinary skill in the art are intended to be encom-
passed by the present invention and may be used to evaluate
competing algorithms and valuation models in accordance
with the methods and systems of the present invention.

[0192] FIG. 30 illustrates a real-time facility 3000 for mea-
suring the value of additional third party data 164, in accor-
dance with an embodiment of the invention. The real-time
facility 2700 may include a learning machine facility 138, a
valuation algorithm facility 140, a real-time bidding machine
facility 142, additional third party dataset 3002, a bid request
message 3004 from a publisher facility 112, and a tracking
facility 144. In an embodiment of the invention, the real-time
bidding machine facility 142 may receive a bid request mes-
sage 3004 from the publisher facility 112. The real-time bid-
ding machine facility 142 may be considered a “real-time”
facility since it may reply to a bid request that is associated
with time constraint. The real-time bidding machine facility
142 may perform the real-time calculation using targeting
algorithms provided by the learning machine facility 138. In
an embodiment of the invention, the real-time bidding
machine facility 142 may deploy an economic valuation
model to perform the real-time calculation.

[0193] In embodiments, the learning machine facility 138
may obtain a third party data set 3002 to refine an economic
valuation model. In an embodiment of the invention, the third
party dataset 2702 may include data relating to users of adver-
tising content. In embodiment of the invention, the data relat-
ing to users of advertising content may include demographic
data, transaction data, conversion data, or some other type of
data. In another embodiment of the invention, the third party
dataset may include contextual data 162 relating to the plu-
rality of available placements, and/or plurality of advertise-
ments. In embodiments of the invention, the contextual data
162 may be derived from a contextualizer service 132 that
may be associated with the learning machine facility 138. In
yet another embodiment of the invention, the third party
dataset 3010 may include financial data relating to historical
advertisement impressions. Further, in embodiments of the
invention, the economic valuation model may based at least in
part on real-time event data, historic event data 154, user data
158, third-party commercial data, advertiser data 152, and
advertising agency data 152.

[0194] In an embodiment of the invention, the real-time
bidding machine facility 142 may receive an advertising cam-
paign dataset and may split the advertising campaign dataset
into a first advertising campaign dataset and a second adver-
tising campaign dataset. Thereafter, the real-time bidding
machine facility 142 may deploy an economic valuation
model that may be refined through machine learning to evalu-
ate information relating to a plurality of available placements,
and/or plurality of advertisements, to predict an economic
valuation for placement of ad content from the first advertis-
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ing campaign dataset. In an embodiment of the invention, the
machine learning may be based at least in part on a third party
dataset. The machine learning may be achieved by the learn-
ing machine facility 138. After the refinement of the evalua-
tion model, the real-time bidding machine facility 142 may
place ad content from the first and second advertising cam-
paign datasets within the plurality of available placements,
and/or plurality of advertisements. Content from the first
advertising campaign may be placed based at least in part on
the predicted economic valuation, and content from the sec-
ond advertising campaign dataset may be placed based on a
method that does not rely on the third party dataset. The
real-time bidding machine facility 142 may further receive
impression data from a tracking machine facility 144 that may
relate to the ad content placed from the first and second
advertising campaign datasets. In an embodiment of the
invention, the impression data may include data regarding
user interactions with the ad content. Thereafter, the real-time
bidding machine facility 142, may determine a value of the
third party dataset based at least in part on a comparison of
impression data relating to the ad content placed from the first
and second advertising campaign datasets.

[0195] Further, in an embodiment of the invention, the real-
time bidding machine facility 142 may compute a valuation
of the third party dataset 3002 based at least in part on a
comparison of advertising impression data relating to ad con-
tent placed from first and second advertising campaign
datasets. In an embodiment of the invention, the placement of
the ad content from the first advertising campaign dataset may
be based at least in part on a machine learning algorithm
employing the third party dataset 2710 to select optimum ad
placements. Thereafter, the real-time bidding machine facil-
ity 142 may bill an advertiser 104 a portion of the valuation to
place an ad content from the first advertising campaign
dataset. In an embodiment of the invention, the computation
of the valuation and the billing of the advertiser 104 may be
automatically performed upon receipt of a request to place
content from the advertiser 104. In another embodiment of
the invention, the computation of the valuation may be the
result of the comparison of the performance of multiple com-
peting valuation algorithms 140. In an embodiment of the
invention, the comparison of the performance of multiple
competing valuation algorithms 140 may include the use of
valuation algorithms 140 based at least in part on historical
data. It will be understood that general analytic methods,
statistical techniques, and tools for evaluating competing
algorithms and models, such as valuation models, as well as
analytic methods, statistical techniques, and tools known to a
person of ordinary skill in the art are intended to be encom-
passed by the present invention and may be used to evaluate
competing algorithms and valuation models in accordance
with the methods and systems of the present invention.

[0196] Further in an embodiment of the invention, the real-
time bidding machine facility 142 may compute a valuation
of a third party dataset 3010 based at least in part on a com-
parison of advertising impression data relating to ad content
placed from first and second advertising campaign datasets.
In an embodiment of the invention, the placement of the ad
content from the first advertising campaign dataset may be
based at least in part on a machine learning algorithm employ-
ing the third party dataset 3010 to select optimum ad place-
ments. Thereafter, the real-time bidding machine facility 142
may calibrate a bid amount recommendation for a publisher
112 to pay for a placement of an ad content based at least in
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part on the valuation. In an embodiment of the invention, the
calibration may be adjusted iteratively to account for real-
time event data 160 and its effect on the valuation.

[0197] FIG. 31 illustrates a method 3100 for advertising
valuation that has the ability to measure the value of addi-
tional third party data in accordance with an embodiment of
the invention. The method initiates at step 3102. Atstep 3104,
an advertising campaign dataset may be split into a first
advertising campaign dataset and a second advertising cam-
paign dataset. At step 3108, an economic valuation model that
may be refined through machine learning, may be deployed to
evaluate information relating to a plurality of available place-
ments, and/or plurality of advertisements to predict an eco-
nomic valuation for placement of ad content from the first
advertising campaign dataset. In an embodiment of the inven-
tion, the machine learning may be based at least in part on a
third party dataset. At step 3110, ad content from the first and
second advertising campaign datasets may be placed within
the plurality of available placements, and/or plurality of
advertisements. In an embodiment of the invention, content
from the first advertising campaign may be placed based at
least in part on the predicted economic valuation, and content
from the second advertising campaign dataset may be placed
based on a method that does not rely on the third party dataset.
Further at step 3112, impression data from a tracking machine
facility relating to the ad content placed from the first and
second advertising campaign datasets may be received. In an
embodiment, the impression data may include data regarding
user interactions with the ad content. Thereafter, at step 3114,
a value of the third party dataset based at least in part on a
comparison of impression data relating to the ad content
placed from the first and second advertising campaign
datasets may be determined. In an embodiment of the inven-
tion, the third party dataset may include data relating to users
ofadvertising content, contextual data relating to the plurality
of available placements, and/or plurality of advertisements,
or financial data relating to historical advertisement impres-
sions. In an embodiment of the invention, data relating to
users of advertising content may include demographic data,
transaction data or advertisement conversion data. In an
embodiment of the invention, contextual data may be derived
from a contextualizer service that is associated with the
machine learning facility. In an embodiment of the invention,
economic valuation model may be based at least in part on
real-time event data, part on historic event data, part on user
data, part on third-party commercial data, part on advertiser
data or part on advertising agency data. The method termi-
nates at step 3118.

[0198] FIG. 32 illustrates a method 3200 for computing a
valuation of a third party dataset and billing an advertiser a
portion of the valuation, in accordance with an embodiment
of the invention. The method initiates at step 3202. At step
3204, a valuation of a third party dataset may be computed
based at least in part on a comparison of advertising impres-
sion data relating to ad content placed from first and second
advertising campaign datasets. In an embodiment of the
invention, the placement of the ad content from the first
advertising campaign dataset may be based at least in part on
a machine learning algorithm employing the third party
dataset to select optimum ad placements. Thereafter, at step
3208, an advertiser may be billed a portion of the valuation to
place an ad content from the first advertising campaign
dataset. In an embodiment of the invention, the computation
of the valuation and the billing of the advertiser may be
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automatically performed upon receipt of a request to place
content from the advertiser. In another embodiment of the
invention, computation of the valuation may be the result of
comparing the performance of multiple competing valuation
algorithms. In an embodiment of the invention, comparison
of the performance of multiple competing valuation algo-
rithms may include the use of valuation algorithms based at
least in part on historical data. The method terminates at step
3210. It will be understood that general analytic methods,
statistical techniques, and tools for evaluating competing
algorithms and models, such as valuation models, as well as
analytic methods, statistical techniques, and tools known to a
person of ordinary skill in the art are intended to be encom-
passed by the present invention and may be used to evaluate
competing algorithms and valuation models in accordance
with the methods and systems of the present invention.

[0199] FIG. 33 illustrates a method 3300 for computing a
valuation of a third party dataset and calibrating a bid amount
recommendation for a publisher to pay for a placement of an
ad content based at least in part on the valuation, in accor-
dance with an embodiment of the invention. The method
initiates at step 3302. At step 3304, a valuation of a third party
dataset may be computed based at least in part on a compari-
son of advertising impression data relating to ad content
placed from first and second advertising campaign datasets.
In an embodiment of the invention, the placement of the ad
content from the first advertising campaign dataset may be
based at least in part on a machine learning algorithm employ-
ing the third party dataset to select optimum ad placements.
Thereafter, at step 3308, a bid amount recommendation for a
publisher to pay may be calibrated for a placement of an ad
content based at least in part on the valuation. In an embodi-
ment of the invention, calibration may be adjusted iteratively
to account for real-time event data and its effect on the valu-
ation. The method terminates at step 3310.

[0200] Inembodiments, the analytic output of the analytic
platform 114 may be illustrated using data visualization tech-
niques including, but not limited to the surface charts shown
in FIGS. 34-38. Surface charts may illustrate places of effi-
ciency within, for example, the performance of an advertising
campaign, where the height of the surface measures a con-
version value per ad impression which is indexed to average
performance. In an embodiment, surface areas with a value
greater than one (1) may indicate better average conversion
value and areas below one (1) may indicate underperfor-
mance. A confidence test may be applied to account for lower
volume cross-sections of a surface chart and its associated
data. FIG. 34 depicts a data visualization embodiment pre-
senting a summary of advertising performance by time of day
versus day of the week. FIG. 35 depicts a data visualization
embodiment presenting a summary of advertising perfor-
mance by population density. FIG. 36 depicts a data visual-
ization embodiment presenting a summary of advertising
performance by geographic region in the United States. FIG.
37 depicts a data visualization embodiment presenting a sum-
mary of advertising performance by personal income. FIG.
38 depicts a data visualization embodiment presenting a sum-
mary of advertising performance by gender.

[0201] FIG. 39 illustrates an affinity index, by category, for
an advertising campaign/brand. The methods and system of
the present invention may identify characteristics of consum-
ers that are more likely than the general population to be
interested in an advertiser brand. The methods and systems
may also identify characteristics of consumers that are less

67



US 2011/0040612 A1

likely than the general population to be interested in the
advertiser brand. On the left side of the chart in FIG. 39, the
characteristics of consumers that are more interested are pre-
sented. The chart also shows an index that represents how
much more likely than the general population those consum-
ers are to be engaged with the advertiser brand. The right side
ofthe chart presents the characteristics of consumers that are
less interested, and shows an index that represents how much
less likely than the general population those consumers are to
be engaged with the brand. Indexes, such as that presented in
FIG. 39 may take into account the size of the sample, and use
a formulation that incorporates sample size and uncertainty
ranges.

[0202] FIG. 40 depicts a data visualization embodiment
presenting a summary of page visits by the number of impres-
sions. The methods and system of the present invention may
identify the conversion rates that different cohorts of consum-
ers present. As shown in FIG. 40, each cohort may be defined
by the number of ads shown to consumer-members of the
cohort. The analytic platform 114 may analyze the consumers
who saw a given number of ads and compute a conversion
rate. The analytic platform 114 may take into account only
impressions that were shown to consumers prior to the con-
sumer executing the action. As an example, a consumer who
has seen 3 ads before performing an action desirable to the
advertiser is member of cohort 3. The other 10 members of
cohort 3 might have seen 3 ads, but might have not perform
any action deemed beneficial to the advertiser. The conver-
sion rate for cohort 3 is 3/10=0.3 or 300,000 per million
consumers. The analysis takes into account the size of the
sample, and uses a formulation that incorporates sample size
and uncertainty ranges. The analysis also fits a curve that most
likely represents the behavior observed across all cohorts.

[0203] The methods and systems described herein may be
deployed in part or in whole through a machine that executes
computer software, program codes, and/or instructions on a
processor. The processor may be part of a server, client,
network infrastructure, mobile computing platform, station-
ary computing platform, or other computing platform. A pro-
cessor may be any kind of computational or processing device
capable of executing program instructions, codes, binary
instructions and the like. The processor may be or include a
signal processor, digital processor, embedded processor,
microprocessor or any variant such as a co-processor (math
co-processor, graphic co-processor, communication co-pro-
cessor and the like) and the like that may directly or indirectly
facilitate execution of program code or program instructions
stored thereon. In addition, the processor may enable execu-
tion of multiple programs, threads, and codes. The threads
may be executed simultaneously to enhance the performance
of the processor and to facilitate simultaneous operations of
the application. By way of implementation, methods, pro-
gram codes, program instructions and the like described
herein may be implemented in one or more thread. The thread
may spawn other threads that may have assigned priorities
associated with them; the processor may execute these
threads based on priority or any other order based on instruc-
tions provided in the program code. The processor may
include memory that stores methods, codes, instructions and
programs as described herein and elsewhere. The processor
may access a storage medium through an interface that may
store methods, codes, and instructions as described herein
and elsewhere. The storage medium associated with the pro-
cessor for storing methods, programs, codes, program
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instructions or other type of instructions capable of being
executed by the computing or processing device may include
but may not be limited to one or more of a CD-ROM, DVD,
memory, hard disk, flash drive, RAM, ROM, cache and the
like.

[0204] A processor may include one or more cores that may
enhance speed and performance of a multiprocessor. In
embodiments, the process may be a dual core processor, quad
core processors, other chip-level multiprocessor and the like
that combine two or more independent cores (called a die).
[0205] The methods and systems described herein may be
deployed in part or in whole through a machine that executes
computer software on a server, client, firewall, gateway, hub,
router, or other such computer and/or networking hardware.
The software program may be associated with a server that
may include a file server, print server, domain server, internet
server, intranet server and other variants such as secondary
server, host server, distributed server and the like. The server
may include one or more of memories, processors, computer
readable media, storage media, ports (physical and virtual),
communication devices, and interfaces capable of accessing
other servers, clients, machines, and devices through a wired
or a wireless medium, and the like. The methods, programs or
codes as described herein and elsewhere may be executed by
the server. In addition, other devices required for execution of
methods as described in this application may be considered as
a part of the infrastructure associated with the server.

[0206] The server may provide an interface to other devices
including, without limitation, clients, other servers, printers,
database servers, print servers, file servers, communication
servers, distributed servers and the like. Additionally, this
coupling and/or connection may facilitate remote execution
of'program across the network. The networking of some or all
of these devices may facilitate parallel processing of a pro-
gram or method at one or more location without deviating
from the scope of the invention. In addition, any of the devices
attached to the server through an interface may include at
least one storage medium capable of storing methods, pro-
grams, code and/or instructions. A central repository may
provide program instructions to be executed on different
devices. In this implementation, the remote repository may
act as a storage medium for program code, instructions, and
programs.

[0207] The software program may be associated with a
client that may include a file client, print client, domain client,
internet client, intranet client and other variants such as sec-
ondary client, host client, distributed client and the like. The
client may include one or more of memories, processors,
computer readable media, storage media, ports (physical and
virtual), communication devices, and interfaces capable of
accessing other clients, servers, machines, and devices
through a wired or a wireless medium, and the like. The
methods, programs or codes as described herein and else-
where may be executed by the client. In addition, other
devices required for execution of methods as described in this
application may be considered as a part of the infrastructure
associated with the client.

[0208] The client may provide an interface to other devices
including, without limitation, servers, other clients, printers,
database servers, print servers, file servers, communication
servers, distributed servers and the like. Additionally, this
coupling and/or connection may facilitate remote execution
of program across the network. The networking of some or all
of these devices may facilitate parallel processing of a pro-
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gram or method at one or more location without deviating
from the scope ofthe invention. In addition, any of the devices
attached to the client through an interface may include at least
one storage medium capable of storing methods, programs,
applications, code and/or instructions. A central repository
may provide program instructions to be executed on different
devices. In this implementation, the remote repository may
act as a storage medium for program code, instructions, and
programs.

[0209] The methods and systems described herein may be
deployed in part or in whole through network infrastructures.
The network infrastructure may include elements such as
computing devices, servers, routers, hubs, firewalls, clients,
personal computers, communication devices, routing devices
and other active and passive devices, modules and/or compo-
nents as known in the art. The computing and/or non-com-
puting device(s) associated with the network infrastructure
may include, apart from other components, a storage medium
such as flash memory, buffer, stack, RAM, ROM and the like.
The processes, methods, program codes, instructions
described herein and elsewhere may be executed by one or
more of the network infrastructural elements.

[0210] The methods, program codes, and instructions
described herein and elsewhere may be implemented on a
cellular network having multiple cells. The cellular network
may either be frequency division multiple access (FDMA)
network or code division multiple access (CDMA) network.
The cellular network may include mobile devices, cell sites,
base stations, repeaters, antennas, towers, and the like. The
cell network may be a GSM, GPRS, 3G, EVDO, mesh, or
other networks types.

[0211] The methods, programs codes, and instructions
described herein and elsewhere may be implemented on or
through mobile devices. The mobile devices may include
navigation devices, cell phones, mobile phones, mobile per-
sonal digital assistants, laptops, palmtops, netbooks, pagers,
electronic books readers, music players and the like. These
devices may include, apart from other components, a storage
medium such as a flash memory, buffer, RAM, ROM and one
or more computing devices. The computing devices associ-
ated with mobile devices may be enabled to execute program
codes, methods, and instructions stored thereon. Alterna-
tively, the mobile devices may be configured to execute
instructions in collaboration with other devices. The mobile
devices may communicate with base stations interfaced with
servers and configured to execute program codes. The mobile
devices may communicate on a peer to peer network, mesh
network, or other communications network. The program
code may be stored on the storage medium associated with the
server and executed by a computing device embedded within
the server. The base station may include a computing device
and a storage medium. The storage device may store program
codes and instructions executed by the computing devices
associated with the base station.

[0212] The computer software, program codes, and/or
instructions may be stored and/or accessed on machine read-
able media that may include: computer components, devices,
and recording media that retain digital data used for comput-
ing for some interval of time; semiconductor storage known
as random access memory (RAM); mass storage typically for
more permanent storage, such as optical discs, forms of mag-
netic storage like hard disks, tapes, drums, cards and other
types; processor registers, cache memory, volatile memory,
non-volatile memory; optical storage such as CD, DVD;
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removable media such as flash memory (e.g. USB sticks or
keys), floppy disks, magnetic tape, paper tape, punch cards,
standalone RAM disks, Zip drives, removable mass storage,
off-line, and the like; other computer memory such as
dynamic memory, static memory, read/write storage, mutable
storage, read only, random access, sequential access, location
addressable, file addressable, content addressable, network
attached storage, storage area network, bar codes, magnetic
ink, and the like.

[0213] The methods and systems described herein may
transform physical and/or or intangible items from one state
to another. The methods and systems described herein may
also transform data representing physical and/or intangible
items from one state to another.

[0214] Theelements described and depicted herein, includ-
ing in flow charts and block diagrams throughout the figures,
imply logical boundaries between the elements. However,
according to software or hardware engineering practices, the
depicted elements and the functions thereof may be imple-
mented on machines through computer executable media
having a processor capable of executing program instructions
stored thereon as a monolithic software structure, as standa-
lone software modules, or as modules that employ external
routines, code, services, and so forth, or any combination of
these, and all such implementations may be within the scope
of the present disclosure. Examples of such machines may
include, but may not be limited to, personal digital assistants,
laptops, personal computers, mobile phones, other handheld
computing devices, medical equipment, wired or wireless
communication devices, transducers, chips, calculators, sat-
ellites, tablet PCs, electronic books, gadgets, electronic
devices, devices having artificial intelligence, computing
devices, networking equipments, servers, routers and the like.
Furthermore, the elements depicted in the flow chart and
block diagrams or any other logical component may be imple-
mented on a machine capable of executing program instruc-
tions. Thus, while the foregoing drawings and descriptions set
forth functional aspects of the disclosed systems, no particu-
lar arrangement of software for implementing these func-
tional aspects should be inferred from these descriptions
unless explicitly stated or otherwise clear from the context.
Similarly, it will be appreciated that the various steps identi-
fied and described above may be varied, and that the order of
steps may be adapted to particular applications of the tech-
niques disclosed herein. All such variations and modifications
are intended to fall within the scope of this disclosure. As
such, the depiction and/or description of an order for various
steps should not be understood to require a particular order of
execution for those steps, unless required by a particular
application, or explicitly stated or otherwise clear from the
context.

[0215] The methods and/or processes described above, and
steps thereof, may be realized in hardware, software or any
combination of hardware and software suitable for a particu-
lar application. The hardware may include a general purpose
computer and/or dedicated computing device or specific
computing device or particular aspect or component of a
specific computing device. The processes may be realized in
one or more microprocessors, microcontrollers, embedded
microcontrollers, programmable digital signal processors or
other programmable device, along with internal and/or exter-
nal memory. The processes may also, or instead, be embodied
in an application specific integrated circuit, a programmable
gate array, programmable array logic, or any other device or
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combination of devices that may be configured to process
electronic signals. It will further be appreciated that one or
more of the processes may be realized as a computer execut-
able code capable of being executed on a machine readable
medium.

[0216] The computer executable code may be created using
a structured programming language such as C, an object
oriented programming language such as C++, or any other
high-level or low-level programming language (including
assembly languages, hardware description languages, and
database programming languages and technologies) that may
be stored, compiled or interpreted to run on one of the above
devices, as well as heterogeneous combinations of proces-
sors, processor architectures, or combinations of different
hardware and software, or any other machine capable of
executing program instructions.

[0217] Thus, in one aspect, each method described above
and combinations thereof may be embodied in computer
executable code that, when executing on one or more com-
puting devices, performs the steps thereof. In another aspect,
the methods may be embodied in systems that perform the
steps thereof, and may be distributed across devices in a
number of ways, or all of the functionality may be integrated
into a dedicated, standalone device or other hardware. In
another aspect, the means for performing the steps associated
with the processes described above may include any of the
hardware and/or software described above. All such permu-
tations and combinations are intended to fall within the scope
of the present disclosure.

[0218] While the invention has been disclosed in connec-
tion with the preferred embodiments shown and described in
detail, various modifications and improvements thereon will
become readily apparent to those skilled in the art. Accord-
ingly, the spirit and scope of the present invention is not to be
limited by the foregoing examples, but is to be understood in
the broadest sense allowable by law.

[0219] All documents referenced herein are hereby incor-
porated by reference.

What is claimed:

1. A computer program product embodied in a computer
readable medium that, when executing on one or more com-
puters, performs the steps of:

in response to receiving a request to place an advertise-

ment, deploying an economic valuation model that is
refined through machine learning to evaluate informa-
tion relating to a plurality of available placements to
predict an economic valuation for each of the plurality of
placements; and

selecting and presenting to a user at least one of the plural-

ity of available placements based on the economic valu-
ation.

2. Further comprising the computer program product of
claim 1, wherein the selection and presentation to the pub-
lisher includes a recommended bid amount for the at least one
of the plurality of available placements.

3. The computer program product of claim 2, wherein the
bid amount is associated with a time constraint.

4. The computer program product of claim 1, wherein the
refinement through machine learning includes comparing
economic valuation models by retrospectively comparing the
extent to which the models reflect actual economic perfor-
mance of advertisements.
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5. The computer program product of claim 1, wherein the
economic valuation model is based at least in part on adver-
tising agency data.

6. The computer program product of claim 5, wherein the
advertising agency data includes at least one campaign
descriptor.

7. The computer product of claim 6, wherein the campaign
descriptor is historic log data.

8. The computer product of claim 6, wherein the campaign
descriptor is advertising agency campaign budget data.

9. The computer product of claim 6, wherein the campaign
descriptor is a datum indicating a temporal restraint on an
advertising placement.

10. The computer program product of claim 1, wherein the
economic valuation model is based at least in part on real time
event data.

11. The computer program product of claim 1, wherein the
economic valuation model is based at least in part on historic
event data.

12. The computer program product of claim 1, wherein the
economic valuation model is based at least in part on user
data.

13. The computer program product of claim 1, wherein the
economic valuation model is based at least in part on third-
party commercial data.

14. The computer program product of claim 1, wherein the
economic valuation model is based at least in part on contex-
tual data.

15. A computer program product embodied in a computer
readable medium that, when executing on one or more com-
puters, performs the steps of:

receiving an economic valuation model at a learning

machine, wherein the economic valuation model is
based at least in part on analysis of a real-time bidding
log from a real time bidding machine;

refining the economic valuation model using the learning

machine, wherein the refinement is based at least in part
on analysis of an advertising impression log;

using the refined economic valuation model to classify

each of a plurality of available advertising placements,
wherein each classification is a datum indicating a prob-
ability of each of the available advertising placements
achieving an advertising impression;

prioritizing the available advertising placements based at

least in part on the datum indicating the probability of
achieving an advertising impression; and

selecting and presenting to a user at least one of the plural-

ity of available placements based on the prioritization.

16. The computer program product of claim 15, wherein
the refinement of the economic valuation model includes a
data integration step during which data to be used in the
learning machine is transformed into a data format that can be
read by the learning machine.

17. The computer program product of claim 16, wherein
the format is a neutral format.

18. The computer program product of claim 15, wherein
the refinement of the economic valuation model using the
learning machine is based at least in part on a machine learn-
ing algorithm.

19. The computer program product of claim 18, wherein
the machine learning algorithm is based at least in part on
naive Bayes analytic techniques.
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20. The computer program product of claim 18, wherein
the machine learning algorithm is based at least in part on
logistic regression analytic techniques.

21. A computer program product embodied in a computer
readable medium that, when executing on one or more com-
puters, performs the steps of:

in response to receiving a request to place an advertisement

within an available advertisement placement, deploying
an economic valuation model that is refined through

25
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machine learning to evaluate information relating to a
plurality of advertisements to predict an economic valu-
ation for each of the plurality of advertisements; and

selecting and presenting to a user at least one of the plural-
ity of advertisements based on the economic valuation of
its placement within the available advertising
placement.





