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METHODS AND APPARATUS TO PERFORM
IDENTITY MATCHING ACROSS AUDIENCE
MEASUREMENT SYSTEMS

RELATED APPLICATION

[0001] This patent arises from a continuation of U.S.
patent application Ser. No. 15/385,404, which was filed on
Dec. 20, 2016, which claims the benefit of, and priority
from, U.S. Provisional Patent Application Ser. No. 62/387,
535, filed Dec. 28, 2015. Priority to U.S. patent application
Ser. No. 15/385,404 and U.S. Provisional Patent Application
Ser. No. 62/387,535 1s claimed. U.S. patent application Ser.
No. 15/385,404 and U.S. Provisional Patent Application Ser.
No. 62/387,535 are hereby incorporated herein by reference
in their entireties.

FIELD OF THE DISCLOSURE

[0002] This disclosure relates generally to audience mea-
surement, and, more particularly, to methods and apparatus
to perform 1dentity matching across audience measurement
systems.

BACKGROUND

[0003] Audience measurement of media (e.g., content
and/or advertisements presented by any type of medium,
such as television, 1n theater movies, radio, Internet, etc.) 1s
typically carried out by monitoring media exposure of
panelists that are statistically selected to represent particular
demographic groups. Audience measurement companies,
such as The Nielsen Company (US), LLC, enroll households
and persons to participate 1n measurement panels. By enroll-
ing 1n these measurement panels, households and persons
agree to allow the corresponding audience measurement
company to monitor their exposure to mnformation presen-
tations, such as media output via a television, a radio, a
computer, a smart device, etc. Using various statistical
methods, the collected media exposure data 1s processed to
determine the size and/or demographic composition of the
audience(s) for media of interest. The audience size and/or
demographic information is valuable to, for example, adver-
tisers, broadcasters, content providers, manufacturers, retail-
ers, product developers and/or other entities. For example,
audience si1ze and demographic information 1s a factor 1n the
placement of advertisements, 1n valuing commercial time
slots during a particular program and/or generating ratings
for piece(s) of media.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] FIG. 1 depicts an example audience measurement
environment implemented 1n accordance with the teachings
of this disclose to perform 1dentity matching across audience
measurement systems.

[0005] FIG. 2 1s a block diagram of an example imple-
mentation of the example matching engine of FIG. 1.

[0006] FIG. 3 1s an example data table storing data rep-
resenting audience measurement events that may be col-
lected by the example matching engine of FIG. 1 and/or FIG.

2

[0007] FIG. 4 1s an example data table that may be stored
by the example matching engine of FIG. 1 and/or FIG. 2
representing normalized audience measurement events.
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[0008] FIG. S 1s an example data table that may be stored
by the example matching engine of FIG. 1 and/or FIG. 2
representing 1dentified candidate matches.

[0009] FIGS. 6-9 are example arrays that may be gener-
ated by the example matching engine of FIG. 1 and/or FIG.
2 based on candidate matches.

[0010] FIGS. 10, 11 and/or 12 are flowcharts representa-
tive of example computer readable instructions that may be
executed by the processing platform of FIG. 13 to imple-
ment the example matching engine of FIG. 1 and/or FIG. 2.
[0011] FIG. 13 1s a block diagram of an example process-
ing platform structured to execute the example machine-
readable istructions of FIGS. 10, 11 and/or 12 to implement
the example matching engine of FIG. 1 and/or FIG. 2.
[0012] Wherever possible, the same reference numbers
will be used throughout the drawing(s) and accompanying
written description to refer to the same or like parts.

DETAILED DESCRIPTION

[0013] Methods, systems and apparatus to perform 1den-
tity matching across audience measurement systems are
disclosed herein. An example apparatus includes a data
normalizer to normalize audience measurement events cor-
responding to media exposure data obtained from a first
audience measurement system and a second audience mea-
surement system. The example apparatus also includes a tree
builder to build a k-dimensional tree based on normalized
audience measurement events corresponding to the first
audience measurement system, the k-dimensional ftree
including a plurality of search spaces. The example appa-
ratus also 1includes a candidate 1dentifier to 1dentily a search
space 1n the k-dimensional tree based on a query event
corresponding to the second audience measurement system,
calculate a distance between the query event and a first
audience measurement event included in the search space,
the first audience measurement event corresponding to the
first audience measurement system, and identify the query
event and the first audience measurement event as a candi-
date match when the calculated distance satisfies a distance
threshold. The example apparatus also includes an array
builder to generate metrics at an identifier-level based on a
plurality of candidate matches, and a thresholder to 1dentify
an 1dentifier mapping linking a first user identifier associated
with the first audience measurement system to a second user
1dentifier associated with the second audience measurement
system when the metrics satisty respective metric thresh-
olds.

[0014] In some examples, the apparatus also includes a
matrix generator to generate a first matrix based on normal-
1zed audience measurement events corresponding to the first
audience measurement system, and generate a second matrix
based on normalized audience measurement events corre-
sponding to the second audience measurement system. In
some examples, a size associated with the first matrix
corresponds to (1) a number of normalized audience mea-
surement events corresponding to the first audience mea-
surement system and (2) a number of variables in common
between the normalized audience measurement events cor-
responding to the first audience measurement system and the
normalized audience measurement events corresponding to
the second audience measurement system.

[0015] In some examples, the tree builder compares the
s1ze associated with the first matrix to a size associated with
the second matrix, and determines the size associated with
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the first matrix 1s greater than the size associated with the
second matrix when building the k-dimensional tree based
on the normalized measurement events corresponding to the
first audience measurement system.

[0016] In some examples, the array builder builds a first
array based on a number of matched events between a first
set of user identifiers associated with the first audience
measurement system and a second set of user identifiers
associated with the second audience measurement system,
the first set of user identifiers and the second set of user
identifiers included in the plurality of candidate matches.
The example array builder also builds a second array based
on a first percentage of matched events associated with the
first set of user 1dentifiers, builds a third array based on a
second percentage of matched events associated with the
second set of user 1dentifiers, and builds a fourth array based
on clock oflsets associated with the plurality of candidate
matches.

[0017] In some examples, the thresholder compares a first
value associated with an 1dentifier combination from the first
array to a first threshold, the identifier combination (1)
selected from the first set of user 1dentifiers and the second
set of user 1dentifiers and (2) associated with a non-zero cell
in the first array, compares a first value associated with the
identifier combination from the first array to a first threshold,
compares a second value associated with the identifier
combination from the second array to a second threshold
when the first value satisfies the first threshold, compares a
third value associated with the identifier combination from
the third array to a third threshold when the second value
satisfies the second threshold, and compares compare a
fourth value associated with the 1dentifier combination from
the fourth array to a fourth threshold when the third value
satisfies the third threshold.

[0018] In some examples, the thresholder records the
identifier combination as the identifier mapping when the
fourth value satisfies the fourth threshold.

[0019] An example method includes normalizing, by
executing an instruction with a processor, audience mea-
surement events corresponding to media exposure data
obtained from a first audience measurement system and a
second audience measurement system. The example method
also 1ncludes building, by executing an instruction with the
processor, a k-dimensional tree based on normalized audi-
ence measurement events corresponding to the first audience
measurement system, the k-dimensional tree including a
plurality of search spaces. The example method also
includes 1dentifying, by executing an instruction with the
processor, a search space 1n the k-dimensional tree based on
a query event corresponding to the second audience mea-
surement system, calculating, by executing an instruction
with the processor, a distance between the query event and
a first audience measurement event included 1n the search
space, the first audience measurement event corresponding
to the first audience measurement system, and 1dentifying,
by executing an instruction with the processor, the query
event and the first audience measurement event as a candi-
date match when the calculated distance satisfies a distance
threshold. The example method also includes generating, by
executing an instruction with the processor, metrics at an
identifier-level based on a plurality of candidate matches,
and i1dentifying, by executing an instruction with the pro-
cessor, an 1dentifier mapping linking a first user i1dentifier
associated with the first audience measurement system to a
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second user 1dentifier associated with the second audience
measurement system when the metrics satisly respective
metric thresholds.

[0020] In some examples, the method further includes
generating a first matrix based on normalized audience
measurement events corresponding to the first audience
measurement system, and generating a second matrix based
on normalized audience measurement events corresponding
to the second audience measurement system. In some
examples, a size associated with the first matrix corresponds
to (1) a number of normalized audience measurement events
corresponding to the first audience measurement system and
(2) a number of variables 1n common between the normal-
1zed audience measurement events corresponding to the first
audience measurement system and the normalized audience
measurement events corresponding to the second audience
measurement system.

[0021] In some examples, building the k-dimensional tree
based on the normalized measurement events corresponding
to the first audience measurement system includes compar-
ing the size associated with the first matrix to a size
associated with the second matrix, and determining the size
associated with the first matrix 1s greater than the size
associated with the second matrix.

[0022] In some examples, the method further includes
building a first array based on a number of matched events
between a first set of user 1dentifiers associated with the first
audience measurement system and a second set of user
1dentifiers associated with the second audience measurement
system, the first set of user identifiers and the second set of
user 1dentifiers included 1n the plurality of candidate
matches, building a second array based on a first percentage
of matched events associated with the first set of user
identifiers, building a third array based on a second percent-
age of matched events associated with the second set of user
identifiers, and building a fourth array based on clock oflsets
associated with the plurality of candidate matches.

[0023] In some examples, the method further includes
comparing a first value associated with an 1dentifier combi-
nation from the first array to a first threshold, the identifier
combination (1) selected from the first set of user identifiers
and the second set of user 1dentifiers and (2) associated with
a non-zero cell 1n the first array. The method also includes,
in response to determining that the first value satisfies the
first threshold, comparing a second value associated with the
identifier combination from the second array to a second
threshold. The method also includes, 1n response to deter-
mining that the second value satisfies the second threshold,
comparing a third value associated with the identifier com-
bination from the third array to a third threshold. The method
also 1ncludes, 1 response to determining that that the third
value satisfies the third threshold, comparing a fourth value
associated with the identifier combination from the fourth
array to a fourth threshold.

[0024] In some examples, the method further includes
recording the i1dentifier combination as the identifier map-
ping in response to determining that the fourth value satisfies

the fourth threshold.

[0025] In some examples, the method further includes
recording the identifier combination as the i1dentifier map-
ping 1n response to determining that the fourth value satisfies

the fourth threshold.

[0026] An example computer readable storage medium
includes instructions that, when executed, cause a machine
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to normalize audience measurement events corresponding to
media exposure data obtained from a first audience mea-
surement system and a second audience measurement sys-
tem. The example storage medium also includes instructions
that, when executed, cause the machine to build k-dimen-
sional tree based on normalized audience measurement
events corresponding to the first audience measurement
system, the k-dimensional tree including a plurality of
search spaces. The example storage medium also includes
instructions that, when executed, cause the machine to
identily a search space 1n the k-dimensional tree based on a
query event corresponding to the second audience measure-
ment system, calculate a distance between the query event
and a first audience measurement event included in the
search space, the first audience measurement event corre-
sponding to the first audience measurement system, and
identify the query event and the first audience measurement
event as a candidate match when the calculated distance
satisfies a distance threshold. The example storage medium
also includes instructions that, when executed, cause the
machine to generate metrics at an 1dentifier-level based on a
plurality of candidate matches, and identify an identifier
mapping linking a first user 1dentifier associated with the
first audience measurement system to a second user identi-
fier associated with the second audience measurement sys-
tem when the metrics satisly respective metric thresholds.

[0027] Insome examples, the instructions, when executed,
cause the machine to generate a first matrix based on
normalized audience measurement events corresponding to
the first audience measurement system, and generate a
second matrix based on normalized audience measurement
events corresponding to the second audience measurement
system. In some examples, a size associated with the first
matrix corresponds to (1) a number of normalized audience
measurement events corresponding to the first audience
measurement system and (2) a number of variables in
common between the normalized audience measurement
events corresponding to the first audience measurement
system and the normalized audience measurement events
corresponding to the second audience measurement system.

[0028] Insome examples, the instructions, when executed,
cause the machine to compare the size associated with the
first matrix to a size associated with the second matrix, and
determine the size associated with the first matrix 1s greater
than the size associated with the second matrix when build-
ing the k-dimensional tree based on the normalized mea-
surement events corresponding to the first audience mea-
surement system.

[0029] Insome examples, the instructions, when executed,
cause the machine to build a first array based on a number
of matched events between a first set of user identifiers
associated with the first audience measurement system and
a second set of user identifiers associated with the second
audience measurement system, the first set of user identifiers
and the second set of user 1dentifiers included 1n the plurality
of candidate matches. The example instructions, when
executed, also cause the machine to build a second array
based on a first percentage of matched events associated
with the first set of user 1dentifiers, build a third array based
on a second percentage of matched events associated with
the second set of user identifiers, and build a fourth array
based on clock offsets associated with the plurality of
candidate matches.
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[0030] Insome examples, the instructions, when executed,
cause the machine to compare a first value associated with
an 1dentifier combination from the first array to a first
threshold, the i1dentifier combination (1) selected from the
first set of user identifiers and the second set of user
identifiers and (2) associated with a non-zero cell in the first
array, compare a first value associated with the identifier
combination from the first array to a first threshold, compare
a second value associated with the i1dentifier combination
from the second array to a second threshold when the first
value satisfies the first threshold, compare a third value
associated with the identifier combination from the third
array to a third threshold when the second value satisfies the
second threshold, compare a fourth value associated with the
identifier combination from the fourth array to a fourth
threshold when the third value satisfies the third threshold,
and record the i1dentifier combination as the identifier map-
ping when the fourth value satisfies the fourth threshold.

[0031] Examples disclosed herein facilitate performing
identity matching across disparate data sets. As used herein,
disparate data sets are sets of information collected via
different audience measurement systems and, thus, may
include different types of information. For example, a first
data set collected via a loyalty program may include infor-
mation such as what stores a user made a purchase at, what
products they purchased, etc., a second data set collected via
a set-top box may include information such as what media
was presented, who was exposed to the media when 1t was
presented, efc.

[0032] Recently, an increasing amount of data i1s being
collected at a census level. For example, data 1s collected
with respect to what 1s watched on television via set-top
boxes, what 1s streamed online via content providers, what
1s purchased 1n stores via loyalty programs and/or credit card
providers, what 1s accessed online via Internet service pro-
viders and/or data management platforms, etc. This increase
in data collection provides audience measurement entities,
which generally track activities of panelists, an opportunity
to collect, process and/or report on data collected from a
relatively larger group.

[0033] However, these new sources of data (e.g., census-
level data) are often lacking key attributes about the people
performing the actions. For example, census-level data
collected via a loyalty program may include information
about what a user purchased, but may not include demo-
graphic information (e.g., age, gender, income, etc.) about
the user. In some 1instances, these attributes (e.g., demo-
graphic information) can be imputed through fusion with
panelist information. In other instances, a panelist may opt
out of the census-level data collecting. In some such
instances, fusion may be used to ascribe behavior onto
panelists that have opted out of tracking.

[0034] In order to perform fusion, examples disclosed
herein 1dentify panelists 1 the census-level data. For
example, census-level data may indicate that a cable media
service subscriber “001” 1s enrolled 1n a sports package
through the cable media service. Panelist data may indicate
that a panelist “XYZ” 1s a male age 25-34. By creating a
linkage between cable media service subscriber “001” and
panelist “XYZ,” disclosed examples can fuse the activities
(e.g., media viewing behaviors) of subscriber “001” with the
attributes (e.g., demographic information) associated with

the panelist “XYZ.”
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[0035] Examples disclosed herein include audience mea-
surement systems that collect audience measurement data
(e.g., events) from panelists and non-panelists (e.g., census-
level data). For example, an audience measurement system
may collect media exposure data (e.g., viewing session
information) that includes what media was presented, when
the media was presented, how long the media was presented,
etc. In some examples, viewing sessions for a household
may be logged 1n the panelist data and the census-level data.
For example, a cable media service subscriber may provide
a set-top box to a household when they subscribe to their
cable media services. Likewise, i the household 1s also
registered with an audience measurement entity (AME)
(e.g., 15 a panelist household), the AME may provide a
people meter to meter (e.g., log) the media exposure activi-
ties of the household.

[0036] Examples disclosed herein utilize a two-stage pro-
cess to perform 1dentity matching across disparate data sets
(e.g., to 1dentily panelists i1n census-level data). For
example, disclosed examples perform event-level matching
to 1dentify which events included 1n the panelist data and the
census-level data likely correspond to the same viewing
session (e.g., “candidate matches™). In some disclosed
examples, a matching engine uses k-d trees to perform the
event-level matching,.

[0037] Daisclosed examples then perform identifier-level
matching on the candidate matches to i1dentify identifier
mappings between panelists and subscribers. For example,
disclosed examples may use the candidate matches to cal-
culate metrics at an i1dentifier-level and compare the calcu-
lated metrics to respective thresholds to identify one-to-one
mappings between the identifiers. In some disclosed
examples, the matching engine builds sparse arrays based on
the candidate matches and selects an identifier mapping
based on thresholds applied to the sparse arrays.

[0038] FIG. 1 1s an illustration of an example environment
100 implemented in accordance with the teachings of this
disclosure to facilitate identity matching across audience
measurement systems. In the illustrated example of FIG. 1,
the environment 100 includes a television (TV)-based audi-
ence measurement system that measures exposure to tele-
vision media delivered via television media access devices
104 and via Internet-enabled devices 106. The television
media access devices 104 of the illustrated example include
multiple types of devices via which television media 1s
accessible. For example, the television media access devices
104 may include one or more of televisions, smart televi-
sions and/or any other device that can access television
media such as broadcast and/or streaming television media.
The Internet-enabled devices 106 of the 1llustrated example
include multiple types of devices that can access digital
media. For example, the Internet-enabled devices 106 may
include one or more of computers, tablet devices, smart
phones, smart televisions and/or any other device that can
access digital media (e.g., web pages, streaming radio and/or
streaming video, pictures, downloadable video, streaming/
downloadable music, etc.).

[0039] To track television media impressions, a TV mea-
surement entity 108 of the illustrated example recruits
audience members to be part of a TV audience member
panel 110a by consenting to having their television viewing
activities monitored. In some examples, the TV audience
member panel 110q¢ 1s 1mplemented using Nielsen’s
National People Meter (NPM) panel. The TV measurement

Oct. 17,2019

entity 108 of the 1llustrated example maintains a television
panel database 112 to store panel member information such
as demographics, media preferences and/or other personal or
non-personal information suitable for describing character-
1stics, preferences, locations, etc. of audience members
exposed to television media. To measure impressions of
television media (e.g., television media including advertise-
ments and/or programming), the TV measurement entity 108
monitors the viewing habits of members of the television
audience member panel 110a and records panelist measure-
ment events (e.g., impressions) against diflerent television
media to which the television audience member 110a are
exposed 1n the example television panel database 112.

[0040] In the illustrated example, an audience measure-
ment entity (AME) 102 operates the TV measurement entity
108. The TV audience member panel 110q of the 1llustrated
example has a relatively small quantity of audience mem-
bers compared to all TV audience members across a country
(e.g., the Unmited States (US)). To eflectively increase the
quantity of TV audience members, the AME 102 of the
illustrated example partners with one or more subscription
providers having registered users of their services. In the
illustrated example, the AME 102 partners with subscription
provider 116 which may be, for example, a media provider
(e.g., a cable media provider, a satellite-based media pro-
vider, etc.) that maintain(s) subscriber activity records. In
some examples, when users register with the subscription
provider 116 to use one or more of its services, the users
agree to a terms of service ('ToS) and/or privacy policy of the
subscription provider 116 stating that some subscriber activ-
ity information 1s used to track media (e.g., TV media)
viewing activities. The subscription provider 116 of the
illustrated example maintains a subscribers database 118 to
store user registration information such as demographics,
media preferences and/or other personal and/or non-per-
sonal information sutable for describing characteristics,
preferences, locations, etc. of users registered with the
subscription provider 116. To measure impressions of media
(e.g., TV media including advertisements and/or program-
ming), the subscription provider 116 monitors activities of
its registered users via, for example, a set-top box, and
records subscriber measurement events (e.g., 1mpressions)
against different media to which the subscription members
1106 are exposed. The example subscription provider 116
records the subscriber measurement events in the example

subscribers database 118.

[0041] As shown in the illustrated example of FIG. 1,
some of the TV panelist audience members 110a are also
subscription members 1105, resulting 1n a subset of over-
lapping audience members 120. In some examples, the
overlapping audience members 120 arise when persons 1n
the TV panel audience members 110a also subscribe to the
services provided by the subscription provider 116.

[0042] In the illustrated example, the TV measurement
entity 108 1s operated by the AME 102, and the subscription
provider 116 1s a separate entity from the AME 102. In the
illustrated example, the subscription entity 116 does not
share 1dentifiers and/or user-level information of its regis-
tered users represented in the subscriber user database 118
with the AME 102, and the AME 102 does not share
identities and/or user-level information of 1ts panel members
represented in the television panel database 112 with the
subscription provider 116. In some examples, to honor
privacy policies, the AME 102 and the subscription provider
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116 do not share identities and/or user-level information
about their audience members or registered users. As such,
the television panel database 112 1s maintained separately
from the subscriber user database 118, and the television
panel database 112 i1s not linked to the subscriber user
database 118. Because the television panel database 112 1s
not linked to the subscriber user database 118 and the AME
102 and the subscription provider 116 do not share audience
member information and/or registered user information,
traditional techniques for identifying audience members
who are included 1n both audiences (e.g., panelists who are
also subscribers) may be unsuccesstul.

[0043] For example, while audience measurement data
(e.g., panelist measurement events, subscriber measurement
events, etc.) collected by the TV measurement entity 108
and the subscription provider 116 may be similar (e.g., what
channel was watched, start time, duration, etc.), often the
audience measurement data collected by the TV measure-
ment entity 108 and the subscription provider 116 do not
align with each other. Example sources of error (e.g., event
misalignment) include asynchronous clocks (e.g., the clocks
used by panelist measurement systems to timestamp the
panelist measurement events may not be synchronized with
the clocks used by subscriber measurement systems to
timestamp the subscriber measurement events), differences
in measurement precision (e.g., panelist measurement sys-
tems may measure and record panelist measurement events
at the hundredth level (e.g., 0.01) while subscriber measure-
ment systems may round subscriber measurement data to the
nearest 1nteger), attribution error, measurement accuracy,
different measured versus modeled information, etc. Fur-
thermore, the number of panelist measurement events and
subscriber measurement events may render traditional com-
parison techniques infeasible. For example, the number of
panelist measurement events collected by the TV measure-
ment entity 108 may be 1n the thousands, while the number
of subscriber measurements events collected by the sub-
scription provider 116 may be 1n the millions. Performing
comparisons of all panelist measurement events and sub-
scriber measurement events would result in performing over
one trillion comparisons.

[0044] In the illustrated example of FIG. 1, the example
AME 102 includes a matching engine 130 to create a linkage
(e.g., a mapping) between panelists and subscribers. For
example, the matching engine 130 may identily a panelist
identifier and a subscriber 1dentifier that are associated with
the same panelist and record an identifier mapping linking
the panelist 1dentifier and the subscriber identifier in an
example mappings database 132. The example matching
engine 130 creates the identifier mapping linking the pan-
elist 1identifier and the subscriber identifier using a multi-
stage process. For example, the matching engine 130 per-
forms event-level matching to i1dentify panelist
measurement events and subscriber measurement events
that correspond to the same media event (e.g., candidate
matches). Due to the number of comparisons that may be
needed to perform the event-level matching, an exhaustive
traditional search 1s computationally unfeasible. As dis-
closed below 1n connection with FIG. 2, the example match-
ing engine 130 performs a range search to make the problem
of event-level matching computationally tractable. For
example, disclosed examples use k-d trees to identily can-
didate matches between the panelist measurement events
and the subscriber measurement events.
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[0045] The example matching engine 130 of FIG. 1 then
performs 1dentifier-level matching on the candidate matches
to 1dentiy identifier mappings between panelists and sub-
scribers. For example, the example matching engine 130
may use the candidate matches to calculate metrics at an
identifier-level and compare the calculated metrics to
respective thresholds to 1dentily one-to-one mappings
between the identifiers. As disclosed below in connection
with FIG. 2, the example matching engine 130 builds sparse
arrays based on the candidate matches and selects an 1den-
tifier mapping based on thresholds applied to the sparse
arrays. The example matching engine 130 records the 1den-
tifier mappings 1n the example mappings database 132.

[0046] In some examples, the matching engine 130 may
use the identifier mappings to fuse (e.g., merge) information
associated with the corresponding i1dentifiers. For example,
the matching engine 130 may use the 1dentifier mappings to
merge panel member information (e.g., demographics,
media preferences and/or other personal or non-personal
information) obtained from the television panel database 112
and the user registration information (e.g., demographics,
media preferences and/or other personal and/or non-per-
sonal information) obtained from the subscribers database
118. In some examples, to preserve user privacy, the
example matching engine 130 may generate profiles for the
users based on their respective audience measurement
events. For example, the matching engine 130 may generate
a profile including viewing behaviors of a subscriber based
on the subscriber measurement events associated with the
subscriber identifier. The example matching engine 130 may
then provide the profile and the corresponding panelist
identifier to the TV measurement entity 108 to supplement
the panel member information associated with the panelist
without providing information (e.g., the subscriber 1denti-
fier) that may be used to directly identify the subscriber. In
this manner, user information collected from different audi-
ence measurement systems may be merged.

[0047] In the illustrated example of FIG. 1, the example
matching engine 130 includes the example mappings data-
base 132 to record identifier mappings linking panelists to
subscribers. For example, the mappings database 132 may
include an identifier mapping indicating that a panelist
identifier and a subscriber 1dentifier are both associated with
the same panelist. The example mappings database 132 may
be implemented by a volatile memory (e.g., a Synchronous
Dynamic Random Access Memory (SDRAM), Dynamic
Random Access Memory (DRAM), RAMBUS Dynamic
Random Access Memory (RDRAM), etc.) and/or a non-
volatile memory (e.g., flash memory). The example map-
pings database 132 may additionally or alternatively be
implemented by one or more double data rate (DDR)
memories, such as DDR, DDR2, DDR3, mobile DDR
(mDDR), etc. The example mappings database 132 may
additionally or alternatively be implemented by one or more
mass storage devices such as hard disk drive(s), compact
disk drive(s), digital versatile disk drive(s), etc. While 1n the
illustrated example the mappings database 132 1s 1llustrated
as a single database, the mappings database 132 may be
implemented by any number and/or type(s) of databases.

[0048] Although disclosed examples are described herein
in connection with the AME 102 being the implementing
entity of such disclosed examples, such disclosed examples
may be implemented by the AME 102, by an entity imple-
menting the TV measurement entity 108 separate from the
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AME 102, by an entity implementing the subscription
provider 116 separate from the AME 102, and/or by any
other enftity interested in generating media 1mpression
reports. In some examples, the TV measurement entity 108
and the subscription provider 116 may be implemented by
respective entities separate from the AME 102. In other
examples, the AME 102 may implement one of the TV
measurement entity 108 or the subscription provider 116. In
yet other examples, the AME 102 may include or be part of
the subscription provider 116.

[0049] Furthermore, although disclosed examples are
described herein in connection with audience measurement
of television media, other types of audience measurement
may additionally or alternatively be used. For example, the
audience measurement systems may collect audience mea-
surement data related to online media exposure, assets (e.g.,
products or services) purchased, online activity, etc. In some
examples, the subscription providers may collect the sub-
scriber events via loyalty programs or credit card providers,
Internet service providers or database proprietors, efc.

[0050] FIG. 2 1s an example implementation of the match-
ing engine 130 of FIG. 1. The example matching engine 130
of FIG. 2 includes an example data interface 205, an
example raw data database 210, an example data normalizer
215, an example translated data database 220, an example
event matcher 225, an example candidates database 245, and
the example mappings database 132. In the 1illustrated
example of FIG. 2, the example data interface 205, the
example raw data database 210, the example data normalizer
215, the example translated data database 220, the example
event matcher 225, the example candidates database 245,
and the example mappings database 132 are communica-
tively coupled (e.g., via a bus 2635). In the illustrated
example of FIG. 2, the example event matcher 235 includes
an example matrix generator 230, an example tree builder
235 and an example candidate identifier 240. In the 1llus-
trated example of FIG. 2, the example panelist matcher 250
includes an example array bulder 255 and an example

thresholder 260.

[0051] In the illustrated example of FIG. 2, the example
matching engine 130 includes the example data interface
205 to provide an interface between audience measurement
systems (e.g., the example TV measurement entity 108 and
the example subscription provider 116 of FIG. 1) and the
matching engine 130. For example, the data interface 205
may be a wired network interface, a wireless network
interface, a Bluetooth® network interface, etc. and may
include the associated software and/or libraries needed to
facilitate communication between the audience measure-
ment systems 108, 116 and the matching engine 130. In the
illustrated example of FIG. 1, the data interface 205 receives
audience measurement data (e.g., panelist measurement
events, subscriber measurement events, etc.) returned by the
example audience measurement systems 108, 116. The
example data interface 205 records the audience measure-
ment data 1in the raw data database 210.

[0052] In the illustrated example of FIG. 2, the example
matching engine 130 includes the example raw data data-
base 210 to record data (e.g., audience measurement data
such as panelist measurement events, subscriber measure-
ment events, etc.) provided by the audience measurement
entities 108, 116 via the example data interface 205. An
example data table 300 of the illustrated example of FIG. 3
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illustrates example raw audience measurement data that may
be recorded by the data interface 205 1n the example raw

data database 210.

[0053] The example data table 300 of FIG. 3 includes an
example user 1dentifier column 305, an example event
identifier column 310, an example start time 1dentifier col-
umn 315, an example duration identifier column 320 and an
example station identifier column 325. The example user
identifier column 305 1dentifies a unique 1dentifier to 1den-
tify a user. For example, the user identifier may include a
handle, a screen name, a panelist i1dentifier, a login or
sign-on name, an account number, an email address, an
advertising 1dentifier (e.g., an 10S adID, an Android IDFA,
etc.), etc. In some examples, the user 1dentifier 1s an alpha-
numeric string that umiquely 1dentifies a device associated
with a user and/or household. For example, the user iden-
tifier may include a Media Access Control (MAC) address,
an international mobile equipment 1dentity (IMEI) number,
a telephone number, an advertising 1dentifier (e.g., an 10S

adID, an Android IDFA, etc.), a cookie, etc.

[0054] The example event 1dentifier column 310 1dentifies
respective audience measurement events. In the illustrated
example, the event 1dentifiers provide two portions of infor-
mation. The string of characters before the decimal corre-
sponds to a particular user. The string of numbers after the
decimal corresponds to a particular viewing session associ-
ated with the user. The example start time 1dentifier column
315 identifies a start time associated with the corresponding
audience measurement event. The example duration 1dent-
fier column 320 identifies a duration associated with the
corresponding audience measurement event. In the 1llus-
trated example, duration information obtained from panelist
measurement systems (e.g., the example TV measurement
entity 108) 1s provided at the ten-thousandth (e.g., 0.0001)
level, while duration information obtained from the sub-
scriber measurement systems (e.g., the example subscription
provider 116) 1s provided at the integer-level. The example
station 1dentifier column 325 identifies a particular media
station associated with the corresponding audience measure-
ment event. While five example columns are represented in
the example data table 300 of FIG. 3, many or fewer

identifier columns may be included in the example data table
300.

[0055] The example data table 300 of FIG. 3 includes

audience measurement data obtained from the example TV
measurement entity 108 and the example subscription pro-
vider 116. In the example data table 300 of FIG. 3, example
rows 350, 352, 354, 360, and 362 correspond to subscriber
measurement events obtained from the example subscription
provider 116. For example, example rows 350, 352 and 354
correspond to subscriber measurement events associated
with a “Subscriber 1” who watched “15” minutes of media
station “TV 17 at “07:25:31 AM” (e.g., event identifier
“1.17), watched “25” minutes of media station “TV 2 at
“12:36:17 PM” (e.g., event 1dentifier “1.2”) and watched
“47” minutes of media station “TV 3 at “03:57:33 PM”
(e.g., event identifier “1.3”). Example rows 360 and 362
correspond to subscriber measurement events associated
with a “Subscriber 2” who watched “6” minutes of media
station “TV 37 at “07:24:31 AM” (e.g., event identifier
“2.1”) and watched “23” minutes of media station “T'V 4™ at
“12:39:23 PM” (e.g., event 1dentifier “2.27).

[0056] In the example data table 300 of FIG. 3, example
rows 370, 372, 380, 382, 384, 390, 392 and 394 correspond
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to panelist measurement events obtained from the example
TV measurement entity 108. For example, rows 370 and 372
correspond to panelist measurement events associated with
a “Panelist A” who watched “5.6386” minutes of media
station “TV 37 at “07:25:31 AM” (e.g., event i1dentifier
“A.1”) and watched “22.8894” minutes of media station
“TV 47 at “12:36:17 PM” (e.g., event identifier “A.2”).

[0057] In the example data table 300 of FIG. 3, example
rows 380, 382 and 384 correspond to panelist measurement
events associated with a “Panelist B” who watched *“12.
0472” minutes of media station “TV 17 at “07:25:31 AM”
(e.g., event 1dentifier “B.17"), watched “33.4051” minutes of
media station “TV 2” at “12:36:17 PM” (e.g., event 1denti-
fier “B.2”) and watched *“7.5942” minutes of media station
“TV 37 at “03:57:33 PM” (e.g., event 1dentifier “B.3”).

[0058] In the example data table 300 of FIG. 3, example
rows 390, 392 and 394 correspond to panelist measurement
events associated with a “Panelist C” who watched “14.
5442” minutes of media station “TV 17 at “07:25:34 AM”
(e.g., event 1dentifier “C.17"), watched “25.1713” minutes of
media station “TV 2”7 at “12:38:25 PM” (e.g., event 1denti-
fier “C.2”") and watched “46.8106” minutes of media station
“TV 37 at “03:59:48 PM” (e.g., event 1dentifier “C.3”).

[0059] Returning to the example matching engine 130 of
FIG. 2, the example raw data database 210 may be imple-
mented by a volatile memory (e.g., an SDRAM, DRAM,
RDRAM, etc.) and/or a non-volatile memory (e.g., flash
memory). The example raw data database 210 may addi-
tionally or alternatively be implemented by one or more
DDR memories, such as DDR, DDR2, DDR3, mDDR, etc.
The example raw data database 210 may additionally or
alternatively be implemented by one or more mass storage
devices such as hard disk drive(s), compact disk drive(s),
digital versatile disk drive(s), etc. While 1n the illustrated
example the raw data database 210 1s 1llustrated as a single
database, the raw data database 210 may be implemented by
any number and/or type(s) of databases.

[0060] The example matching engine 130 of the illustrated
example of FIG. 2 performs 1dentity matching across dis-
parate data sets (e.g., audience measurement data collected
from different audience measurement systems such as the
example TV measurement entity 108 and the example
subscription provider 116) using linking variables (e.g.,
variables that are common to both sets of measurement
data). While audience measurement data (e.g., panelist mea-
surement events and subscriber measurement events) may
include information related to media impressions, the infor-
mation collected may differ at a fundamental level. For
example, the panelist measurements events may include
start times that include hour, minute and seconds informa-
tion (e.g., 02:13:12), while the subscriber measurement
events may include hour and minutes information (e.g.,
02:13), duration information may be rounded at different
levels of precision, eftc.

[0061] In the illustrated example of FIG. 2, the example
matching engine 130 includes the example data normalizer
215 to transform the audience measurement data from their
raw form to be more meaningfully handled when performing
identity matching. For example, the example data normal-
1zer 215 may retrieve and/or query audience measurement
data recorded in the raw data database 210 and normalize the
disparate data to a common scale. The example data nor-
malizer 215 modifies and/or manipulates audience measure-
ment data based on type of data. In the 1llustrated example
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of FIG. 2, the data normalizer 215 converts all start times to
a minute format (e.g., 12:00:00 AM corresponds to 0.0
minutes, 12:01:30 AM corresponds to 1.5 minutes, etc.). The
example data normalizer 215 then applies a start time
standard deviation (e.g., 2.0 minutes) to normalize the start
times included in the audience measurement data. For
example, the data normalizer 215 may divide the converted
start time by the start time standard deviation to normalize
the start time. To normalize the duration information
included in the audience measurement data, the example
data normalizer 215 divides a corresponding duration value
(e.g., “5.6386” minutes) by a duration standard deviation
(e.g., 0.3 minutes) and rounds the result to the one-tenth
level (e.g., 18.8 minutes).

[0062] The example data normalizer 215 of FIG. 2 con-
verts all station identifiers to a numerical value (e.g., the
station i1dentifier “TV 17 1s converted to numerical value
“1”) and then applies a station standard deviation (e.g.,
1x107°) to normalize the station identifiers included in the
audience measurement data. For example, the data normal-
1zer 215 divides the converted station identifier (e.g., “1”) by
the station standard deviation (e.g., 1x107°) to normalize the
station 1dentifier information. In the illustrated example, the
start time standard deviation and the duration standard
deviation are determined based on historical data. For
example, the start time standard deviation may be deter-
mined by combining an expected bias, variance and/or
precision errors of the audience measurement data. The
example station standard deviation 1s set to a relatively small
value (e.g., one-millionth) so that a comparatively small
change in the value corresponds to an incorrect station (e.g.,
no error 1s expected in the station). The example data
normalizer 215 of FIG. 2 records the normalized audience

measurement data in the example translated data database
220.

[0063] In some examples, the data normalizer 215 may
parse the information included 1n the audience measurement
data to determine whether to further process the information.
For example, the data normalizer 215 may determine that an
audience measurement data entry includes a start time and
an end time, but not duration information. In some such
examples, the data normalizer 215 may calculate the dura-
tion based on the start time and the end time.

[0064] In some examples, the data normalizer 215 may
roll-up entries in the audience measurement data based on a
preferred level of granularity. For example, the data normal-
1zer 215 may determine that subscriber measurement events
recorded in the raw data database 210 are at the household-
level, while panelist measurement events recorded 1n the raw
data database 210 are at the individual-level (e.g., at the
panelist level). In some such examples, the data normalizer
215 may roll-up panelist measurement events associated
with panelists 1n the same household to the household-level.

[0065] In the illustrated example of FIG. 2, the example
matching engine 130 includes the example translated data
database 220 to record data (e.g., normalized audience
measurement data) provided by the data normalizer 215. An
example data table 400 of the illustrated example of FIG. 4
illustrates example translated data that may be recorded 1n
the example translated data database 220.

[0066] The example data table 400 of FIG. 4 includes an

example user identifier column 405, an example event
identifier column 410, an example start time 1dentifier col-
umn 415, an example duration identifier column 420 and an
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example station identifier column 425. The example user
identifier column 405 1dentifies a unique identifier to 1den-
tify a user. For example, the user identifier may include a
handle, a screen name, a panelist identifier, a login or
sign-on name, an account number, an email address, an
advertising 1dentifier (e.g., an 10S adID, an Android IDFA,
etc.), etc. In some examples, the user 1dentifier 1s an alpha-
numeric string that uniquely 1dentifies a device associated
with a user and/or household. For example, the user iden-
tifier may include a Media Access Control (MAC) address,
an international mobile equipment 1dentity (IMEI) number,

a telephone number, an advertising identifier (e.g., an 10S
adlD, an Android IDFA, etc.), a cookie, etc.

[0067] The example event 1dentifier column 410 1dentifies
respective audience measurement events. In the illustrated
example, the event 1dentifiers provide two portions of infor-
mation. The string of characters before the decimal corre-
sponds to a particular user. The string of numbers after the
decimal corresponds to a particular viewing session associ-
ated with the user. The example start time 1dentifier column
415 1dentifies a normalized start time associated with the
corresponding audience measurement event. As disclosed
above, the example data normalizer 215 normalizes the raw
start time information by converting the start time to a
minutes-format and dividing the converted start time by a
start time standard deviation (e.g., 2.0 minutes).

[0068] The example duration i1dentifier column 320 1den-
tifies a normalized duration associated with the correspond-
ing audience measurement event. As disclosed above, the
example data normalizer 215 normalizes the duration infor-
mation by dividing a duration value by a duration standard
deviation (e.g., 0.3 minutes) and rounding the result to the
nearest tenth value.

[0069] The example station identifier column 325 identi-
fies a normalized media station associated with the corre-
sponding audience measurement event. As disclosed above,
the example data normalizer 215 normalizes the media
station information by converting the media station to a
numerical value and dividing the converted media station by
a station standard deviation (e.g., 1x107°).

[0070] The example data table 400 of FIG. 4 includes
normalized audience measurement data provided by the
example data normalizer 215 of FIG. 2. For example, the
data normalizer 215 processes the raw audience measure-
ment data recorded 1n the raw data database 210 and records
the normalized audience measurement data in the example
translated data database 220 of FIG. 2. For example, the
example data normalizer 215 normalizes the example start
time “07:25:31 AM” of row 350 of the example data table
300 by first converting the start time 1nto a minutes format
(e.g., (7760)+(25)+(31/60)=445.5167 minutes). The
example data normalizer then divides the converted start
time (e.g., 445.5167 minutes) by the start time standard
deviation (e.g., 2.0 minutes) (e.g., 445.5167/2.0=222.7583)
and rounds the result to the nearest tenth value (e.g., 222.8).
The example data normalizer 215 then records the normal-
1zed start time with the corresponding audience measure-
ment data 1n the example data table 400 of FIG. 4 (e.g., row
450).

[0071] The example data normalizer 215 normalizes the
example duration “15 minutes” of row 350 of the example
data table 300 by first dividing the duration (e.g., 15) by the
duration standard deviation (e.g., 0.3 minutes) (e.g., 15/0.
3=50) and rounds the result to the nearest tenth value (e.g.,
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50.0). The example data normalizer 215 then records the
normalized duration with the corresponding audience mea-

surement data in the example data table 400 of FIG. 4 (e.g.,
row 450).

[0072] The example data normalizer 215 normalizes the
example station 1dentifier “TV 17 of row 350 of the example
data table 300 by first converting the media station to a
numerical value (e.g., “1”) and dividing the converted media
station by the station standard deviation (e.g., 1x107°) (e.g.,
1/1x107°=1,000,000). The example data normalizer 215
then records the normalized station i1dentifier with the cor-

responding audience measurement data in the example data
table 400 of FIG. 4 (e.g., row 450).

[0073] As another illustrative example, the data normal-
1zer 215 normalizes the raw audience measurement data of
row 384 of the example data table 300 and records the
normalized audience measurement data in corresponding
row 484 of the example data table 400. For example, the
example data normalizer 215 normalizes the example start
time “03:57:33 PM” of row 384 of the example data table
300 by first converting the start time into a minutes format
(e.g., (15%60)+(57)+(33/60)=957.55 minutes). The example
data normalizer then divides the converted start time (e.g.,
057.55 minutes) by the start time standard deviation (e.g.,
2.0 minutes) (e.g., 957.55/2.0=478.775) and rounds the
result to the nearest tenth value (e.g., 478.8). The example
data normalizer 215 then records the normalized start time
(478.8) with the corresponding normalized audience mea-

surement data in the example data table 400 of FIG. 4 (e.g.,
row 484).

[0074] The example data normalizer 215 normalizes the
example duration “7.5942 minutes” of row 384 of the
example data table 300 by first dividing the duration (e.g.,
7.5942) by the duration standard dewviation (e.g., 0.3 min-
utes) (e.g., 7.5942/0.3=25.314) and rounds the result to the
nearest tenth value (e.g., 25.3). The example data normalizer
215 then records the normalized duration (e.g., 25.3) with
the corresponding normalized audience measurement data in

the example data table 400 of FIG. 4 (e.g., row 484).

[0075] The example data normalizer 215 normalizes the
example station 1dentifier “TV 3 of row 384 of the example
data table 300 by first converting the media station to a
numerical value (e.g., “3”) and dividing the converted media
station by the station standard deviation (e.g., 1x107°) (e.g.,
3/1x107°=3,000,000). The example data normalizer 215
then records the normalized station identifier (e.g., 3,000,
000) with the corresponding normalized audience measure-
ment data 1n the example data table 400 of FIG. 4 (e.g., row

484).

[0076] Returning to the example matching engine 130 of
FIG. 2, the example translated data database 220 may be
implemented by a volatile memory (e.g., an SDRAM,
DRAM, RDRAM, etc.) and/or a non-volatile memory (e.g.,
flash memory). The example translated data database 220
may additionally or alternatively be implemented by one or
more DDR memories, such as DDR, DDR2, DDR3, mDDR,
etc. The example translated data database 220 may addi-
tionally or alternatively be implemented by one or more
mass storage devices such as hard disk drive(s), compact
disk drive(s), digital versatile disk drive(s), etc. While 1n the
illustrated example the translated data database 220 1s 1llus-
trated as a single database, the translated data database 220
may be implemented by any number and/or type(s) of
databases.
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[0077] In the illustrated example of FIG. 2, the example
matching engine 130 includes the example event matcher
225 to i1dentity matches between panelist measurement
events and subscriber measurement events. For example, the
event matcher 225 compares the panelist measurement
events and the subscriber measurement events included 1n
the translated data database 220 to determine which mea-
surement events are associated with the same viewing
sessions. However, as discussed above, in view of the
relatively large number of comparisons that would be
needed across both sets of measurement events, applying
traditional search techniques 1s computationally unfeasible.
Furthermore, errors and/or biases at one or more of the
audience measurement systems may cause the same event to
appear misaligned, for example, due to asynchronous
clocks, variance 1n degrees of precision, etc. To facilitate
identifying matches at the event-level, the example event
matcher 225 includes the example matrix generator 230, the

example tree builder 235, and the example candidate 1den-
tifier 240.

[0078] In the illustrated example of FIG. 2, the example
event matcher 225 includes the example matrix generator
230 to generate matrices (M,) for the respective sets of
measurement events included in the example translated data
database 220 (e.g., normalized audience measurement
events). For example, the matrix generator 230 may generate
a first matrix based on panelist measurement events (M, ,,,-
etist) and generate a second matrix based on subscriber
measurement events (M_ . .. ). In the illustrated example
of FIG. 2, the matrix generator 230 generates the respective
matrices (M,) of size (n_,_ .. ) by (n,_ . .. ). For example,
the rows included in a panelist matrix (M, ,,.,,,) may
correspond to different panelist measurement events
included 1n the translated data database 220 and the columns
included 1n the panelist matrix (M, ,,,..,) may correspond to
the linking variables (e.g., start time, duration, station iden-
tifier, etc.) that are common to the panelist measurement
events and the subscriber measurement events. Thus, 1n the
illustrated example, the size of the panelist (M,,,,,.;5,) gen-
erated by the example matrix generator 230 corresponds to
(1) the number of audience measurement events correspond-
ing to panelist events and (2) the number of variables
common to the panelist measurement events and the sub-
scriber measurement events.

[0079] In the illustrated example of FIG. 2, the example
event matcher 225 includes the example tree builder 235 to
build a k-dimensional (*k-d”) tree based on the matrices
generated by the example matrix generator 230. In the
illustrated example of FIG. 2, the tree builder 235 converts
the matrix associated with the relatively larger size (e.g., the
matrix having more measurement events) to the k-d tree. For
example, the tree builder 2335 may determine that the number
of panelist measurement events in the panelist matrix (M,,,,,-
etist) 1S 1n the thousands, while the number of subscriber
measurement events included in the subscriber matrix
(M, ........) 18 1n the millions. The example tree builder 235

converts the selected matrix (e.g., the subscriber matrix
(M )) mto the k-d tree using any known algorithm.

subscribeyr

[0080] A k-d tree 1s a data structure that maps nodes (e.g.,
events) 1 a k-dimensional space. The example tree builder
235 then partitions the k-dimensional space into search
spaces (e.g., quadrants 1n a 3-D space). In the illustrated
example, the boundaries of the search spaces of the k-d tree
are determined by calculating the median value of the events
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along the respective dimensions. However, other techniques
for determining the boundaries of the search spaces of the
k-d tree may additionally or alternatively be used.

[0081] By converting the selected matrix (e.g., the sub-
scriber matrix (M, ......)) nto a k-d tree, the example tree

builder 235 facilitates identifying matching events (e.g.,
events corresponding to the same viewing session) using
range searching rather than, for example, traditional com-
parison methods. In the illustrated example of FIG. 2, the
example event matcher 223 includes the example candidate
identifier 240 to 1dentity candidate matches that may be used
to map (e.g., link) a panelist identifier to a subscriber
identifier. The example candidate identifier 240 applies
events from the non-selected matrix (e.g., the matrix asso-
ciated with the smaller number of measurement events (e.g.,
the panelist matrix (M,,,,,..,.,))) to the k-d tree to identify
events that are within a threshold distance (distance,) of
cach other. For example, the candidate identifier 240 selects
a panelist measurement event (also referred to as a “query
event”) and 1dentifies a search space 1n the k-d tree based on
the “coordinates” of the selected panelist event (e.g., the
start time 1nformation, the duration information and the
station 1dentifier information). The example candidate 1den-
tifier 240 then calculates distances between the selected
query event and the respective subscriber events included 1n
the 1dentified search space. In the illustrated example of FIG.
2, the candidate 1dentifier 240 applies example Equation 1
below to calculate the distance between two measurement
events.

distance=V (4)+(B)2+(CY?

[0082] In example Equation 1 above, the first example
variable (A) represents a difference between normalized
start times of two events. In example Equation 1 above, the
second example variable (B) represents a difference between
normalized durations of two events. In example Equation 1
above, the third example variable (C) represents a diflerence
between normalized station identifiers of two events. In the
illustrated example of FIG. 2, if the example candidate
identifier 240 determines that the calculated distance (dis-
tance) satisfies a distance threshold (distance,) (e.g., 1s less
than or equal to the distance threshold), the candidate
identifier 240 identifies the two events as a candidate match.
In the illustrated example of FIG. 2, the example candidate
identifier 240 records candidate matches in the example
candidates database 245. For example, the candidate 1den-
tifier 240 may record the panelist event identifier and the
subscriber event identifier associated with the two events,
the calculated distance between the two events, the differ-
ence 1n start times between the two events, etc. associated
with the candidate matches 1n the example candidates data-

base 245.

[0083] In the illustrated example of FIG. 2, the example
event matching engine 130 includes the example candidates
database 245 to record candidate matches identified by the
candidate identifier 240. An example data table 500 of the
illustrated example of FIG. § illustrates example candidate
matches 1dentified by the example candidate 1dentifier 240
that may be recorded in the example candidates database
245. The example data table 500 of FIG. 5 includes an
example subscriber event identifier column 505, an example
panelist event 1dentifier column 510, an example total dis-
tance 1dentifier column 515 and an example start time
different identifier column 520. The example subscriber

Equation 1:
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event identifier column 505 1dentifies a subscriber measure-
ment event associated with a candidate match. The example
panelist event identifier column 510 1dentifies a panelist
measurement event associated with a candidate match. In the
illustrated example, the subscriber event identifiers and the
panelist event i1dentifiers provide two portions of informa-
tion. The string of characters before the decimal represents
a particular panelist i1dentifier or a particular subscriber
identifier. The string of numbers after the decimal represents
particular viewing sessions. The example total distance
identifier column 5135 i1dentifies the distance between the
corresponding events. The example start time difference
identifier column 520 identifies a difference 1n start time
between the corresponding events. In the 1llustrated
example, the start time difference represents the oflset from
the start time included 1n the subscriber event based on the
panelist event. For example, a positive start time difference
indicates that the start time associated with the panelist
measurement event 1s earlier than the start time associated
with the subscriber measurement event. Likewise, a negative
start time difference indicates that the start time associated
with the subscriber measurement event 1s earlier than the
start time associated with the panelist measurement event.
While four example columns are represented 1n the example
data table 500 of FIG. 5, many or fewer 1dentifier columns
may be included 1n the example data table 500.

[0084] The example data table 500 of FIG. 5 includes five
example rows corresponding to five example candidate
matches 1dentified by the example candidate identifier 240
of the event matcher 225. The first example row 550
indicates that the first viewing session associated with the
subscriber 1dentifier “2” (e.g., subscriber measurement event
“2.1”) matches the first viewing session associated with the
panelist i1dentifier “A” (e.g., panelist measurement event
“A.17). The first example row 550 also indicates that the
total distance between the corresponding measurement
events (e.g., the subscriber measurement event “2.1”” and the
panelist measurement event “A.17) 1s “1.30” units. To
determine the total distance between the corresponding
measurement events (e.g., the subscriber measurement event
“2.17 and the panelist measurement event “A.17), the
example candidate 1dentifier 240 of FIG. 2 applies Equation
1 (reproduced below with example values).

distance = \/ (A)2 + ( 3)2 + (C)2 — Equation 1

\/(222.8 —222.3)% + (18.8 — 20)? + (3,000,000 — 3,000,000)*

= V(0.5 + (=122 + (02 = V1.69 = 1.3

[0085] The first example row 550 also indicates that the
start time associated with the subscriber measurement event
1s “0.5” minutes earlier than the start time associated with
the panelist measurement event.

[0086] In the example data table 500 of FIG. 5, the second
example row 555 indicates that the second viewing session
associated with the subscriber 1dentifier “2” (e.g., subscriber
measurement event “2.2”) matches the second viewing
session associated with the panelist i1dentifier “A” (e.g.,
panelist measurement event “A.2”). The second example
row 5355 also indicates that the total distance between the
corresponding measurement events (e.g., the subscriber
measurement event “2.2” and the panelist measurement
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event “A.27) 1s “1.65” units. To determine the total distance
between the corresponding measurement events (e.g., the
subscriber measurement event “2.2” and the panelist mea-
surement event “A.2”), the example candidate 1dentifier 240
of FIG. 2 applies Equation 1 (reproduced below with
example values).

distance = \/ (A)2 + ( 3)2 + (C)z — Equation 1

\/ (378.1 = 379.7)2 + (76.3 = 76.7)? + (4,000,000 — 4,000,000)>

=V (-L62 + (=042 + (0) = V272 = 1.63

[0087] The second example row 555 also indicates that the
start time associated with the panelist measurement event 1s
“1.6” minutes earlier than the start time associated with the
subscriber measurement event.

[0088] In the example data table 500 of FIG. S, the third
example row 560 indicates that the first viewing session
associated with the subscriber 1dentifier “1” (e.g., subscriber
measurement event “1.1””) matches the first viewing session
associated with the panelist identifier “C” (e.g., panelist
measurement event “C.17"). The third example row 560 also
indicates that the total distance between the corresponding
events (e.g., the subscriber measurement event “1.1”” and the
panelist measurement event “C.17) 1s “1.83” units and that
the start time associated with the subscriber measurement
event 1s “1.02” minutes earlier than the start time associated
with the panelist measurement event.

[0089] In the example data table 500 of FIG. 5, the fourth
example row 565 indicates that the second viewing session
associated with the subscriber identifier “1” (e.g., subscriber
measurement event “1.2”) matches the second viewing
session associated with the panelist identifier “C” (e.g.,
panelist measurement event “C.2”"). The fourth example row
565 also indicates that the total distance between the corre-
sponding events (e.g., the subscriber measurement event
“1.2” and the panelist measurement event “C.27) 1s “1.21”
units and that the start time associated with the subscriber
measurement event 1s “1.07” minutes earlier than the start
time associated with the panelist measurement event.
[0090] In the example data table 500 of FIG. 5, the fifth
example row 570 indicates that the third viewing session
associated with the subscriber 1dentifier “1” (e.g., subscriber
measurement event “1.3”") matches the third viewing session
associated with the panelist identifier “C” (e.g., panelist
measurement event “C.3”). The fifth example row 570 also
indicates that the total distance between the corresponding
events (e.g., the subscriber measurement event “1.3” and the
panelist measurement event “C.3”) 1s “1.29” units and that
the start time associated with the subscriber event 1s “1.12”
minutes earlier than the start time associated with the
panelist measurement event.

[0091] While five example candidate matches are repre-
sented 1n the example data table 500 of FIG. S5, more of
tewer candidate matches may be represented in the example
data table 500 corresponding to the number of candidate
matches 1dentified by the example candidate 1dentifier 240
of FIG. 2.

[0092] Returning to the example matching engine 130 of
FIG. 2, the example candidates database 245 may be imple-
mented by a volatile memory (e.g., an SDRAM, DRAM,

RDRAM, etc.) and/or a non-volatile memory (e.g., flash
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memory). The example candidates database 245 may addi-
tionally or alternatively be implemented by one or more
DDR memories, such as DDR, DDR2, DDR3, mDDR, etc.
The example candidates database 245 may additionally or
alternatively be implemented by one or more mass storage
devices such as hard disk drive(s), compact disk drive(s),
digital versatile disk drive(s), etc. While in the illustrated
example the candidates database 245 1s 1llustrated as a single
database, the candidates database 245 may be implemented
by any number and/or type(s) of databases.

[0093] In the illustrated example of FIG. 2, the example
event matching engine 130 includes the example panelist
matcher 250 to map panelists to subscribers based on the
candidate matches included 1n the example candidates data-
base 245. For example, the panelist matcher 250 may
process the candidate matches, which may be many-to-many
matches (e.g., the i1dentified panelist measurement events
include a plurality of panelist identifiers and the identified
subscriber measurement events include a plurality of sub-
scriber 1dentifiers), to 1dentity one-to-one matches between
panelist identifiers and subscriber identifiers. The example

panelists matcher 250 of FIG. 2 includes the example array
builder 255 and the example thresholder 260.

[0094] In the illustrated example of FIG. 2, the example
panelist matcher 250 includes the example array builder 255
to build arrays of $ize (1L,,rer 1) DY Wapscraper s) based
on the candidate matches included in the example candidates
database 245. For example, the array builder 255 may parse
the candidates database 245 and set the unique panelist
identifiers as the rows of the arrays and use the unique
subscriber identifiers as the columns of the arrays. The
example array builder 255 of FIG. 2 builds four example
arrays (N, ), (P, ), (P55, (S, ) by accumulating metrics
associated with the candidate matches at the identifier-level.
[0095] In the illustrated example of FIG. 2, the example
array builder 255 builds the example (N, ;) array by 1denti-
fying the number of matched events between an i”” panelist
identifier and a j” subscriber identifier identified in the
example candidates database 245. FIG. 6 illustrates an
example (N, ;) array 600 based on the candidate matches
included 1n the example data table 500 of FIG. 5. In the
illustrated (N, ) array 600 of FIG. 6, the example columns
605, 610, 615 represent unique panelist identifiers “A,” “B,”
“C,” respectively. The example rows 650, 655 of the
example (N, ;) array 600 of FIG. 6 represent unique sub-
scriber 1dentifiers “1,” “2,” respectively. Referring to the
candidate matches included in the example data table 500,
the subscriber identifier “1” matched with the panelist
identifier “C” three times and did not match the panelist
identifiers “A” or “B.” The subscriber 1identifier “2” matched
with the panelist identifier “A” two times and did not match
with the panelist identifiers “B” or “C.” The example (N, ;)
array 600 accordingly retlects the number of matched mea-
surement events between the corresponding panelist and
subscriber 1dentifiers. For example, the cell corresponding to
identifier combination (C, 1) indicates three matches and the
cell corresponding to 1dentifier combination (A, 2) indicates
two matches. The other cells of the example (N, ;) array 600
are set 1o zero.

[0096] In the illustrated example of FIG. 2, the example
array builder 2535 builds the example (P, ) array by
calculating a first percentage of events associated with the 1
panelist i1dentifier that are determined matches to events
from the j” subscriber identifier identified in the example
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candidates database 245. FIG. 7 illustrates an example
(P, ) array 700 based on the candidate matches included
in the example data table 500 of FIG. 5. In the illustrated
(P, ) array 700 of FIG. 7, the example columns 703, 710,
715 represent unique panelist i1dentifiers “A,” “B,” “C.”
respectively. The example rows 750, 755 of the example
(P, array 700 of FIG. 7 represent unique subscriber
identifiers “1,” “2,” respectively. Referring to the example
candidate matches included 1n the example data table 500,
the panelist 1dentifier “A” matched with the subscriber
identifier “2” two out of two times and did not match with
the subscriber identifier “1.” Thus, 100% (e.g., 2 out of 2) of
the events associated with panelist identifier “A” are deter-
mined matches to events from the subscriber identifier “2.”
Similarly, the panelist identifier “C” matched with the sub-
scriber 1dentifier “1” three out of three times and did not
match with the subscriber 1dentifier “2.” Thus, 100% (e.g.,
3 out of 3) of the events associated with panelist identifier
“C” are determined matches to events from the subscriber
identifier “1.” The example (P, ;) array 700 accordingly
reflects the percentage of events associated with the i”
panelist 1dentifier that are determined matches to events
from the j” subscriber identifier identified in the example
candidates database 245. For example, the cell correspond-
ing to 1dentifier combination (C, 1) indicates 100% matches
and the cell corresponding to identifier combination (A, 2)
indicates 100% matches. The other cells of the example
(P, ;) array 700 are set to zero.

[0097] In the illustrated example of FIG. 2, the example
array builder 255 builds the example (P, ,) array by
calculating a second percentage of events associated with
the i subscriber identifier that are determined matches to
events from the i” panelist identifier identified in the
example candidates database 245. FIG. 8 illustrates an
example (P, ) array 800 based on the candidates matches
included 1n the example data table 500 of FIG. 5. In the
illustrated (P,, ,,) array 800 of FIG. 8, the example columns
805, 810, 815 represent unique panelist identifiers “A,” “B.,”
“C,” respectively. The example rows 850, 855 of the
example (P, ) array 800 of FIG. 8 represent unique
subscriber 1dentifiers “1,” “2,” respectively. Referring to the
example candidate matches included in the example data
table 500, the subscriber identifier “1” matched with the
panelist 1dentifier “C” three out of three times and did not
match with the panelist identifiers “A” or “B.” Thus, 100%
(e.g., 3 out of 3) of the events associated with subscriber
identifier “1” are determined matches to events from the
panelist 1dentifier “C.” Similarly, the subscriber i1dentifier
“2” matched with the panelist identifier “A” two out of two
times and did not match with the panelist identifier “B” or
“C.” Thus, 100% (e.g., 2 out of 2) of the events associated
with subscriber identifier “2” are determined matches to
events from the panelist identifier “A.” The example (P, ;)
array 800 accordingly reflects the percentage of events
associated with the i subscriber identifier that are deter-
mined matches to events from the i” panelist identifier
identified 1n the example candidates database 245. For
example, the cell corresponding to identifier combination
(C, 1) 1indicates 100% matches and the cell corresponding to
identifier combination (A, 2) indicates 100% matches. The
other cells of the example (P, ;) array 800 are set to zero.

[0098] In the illustrated example of FIG. 2, the example
array builder 255 builds the example (S, ;) array by calcu-
lating a variance (e.g., a standard deviation) 1n clock oflsets
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between the i” panelist identifier and the j” subscriber
identifier. For example, the array builder 255 may calculate
the variance 1n clock offsets based on the start time differ-
ences 1ncluded in the candidates database 245 of FIG. 2.
FIG. 9 illustrates an example (S, ) array 900 based on the
candidate matches included 1n the example data table 500 of
FIG. 3. In the illustrated (S, ;) array 900 of FIG. 9, the
example columns 905, 910, 915 represent unique panelist
identifiers “A,” “B,” “C,” respectively. The example rows
950, 955 of the example (S, ;) array 900 of FIG. 9 represent
unique subscriber i1dentifiers “1,” “2,” respectively. Refer-
ring to the example candidate matches included in the
example data table 500, the clock ofisets between the
panelist identifier “A” and the subscriber identifier “2” are
“~0.50” and *“1.55.” In the 1llustrated example, the example
array builder 255 calculates the variance 1n clock offsets of
the panelist identifier “A” and the subscriber identifier “2” as
“1.450.” Similarly, the clock oflsets between the panelist
identifier “C”” and the subscriber identifier “1” are “-1.02,”
“~1.07” and “-1.12.” In the illustrated example, the example
array builder 255 calculates the variance in clock oflsets of
the panelist identifier “C” and the subscriber 1dentifier “1” as
“0.049.” The example (S, ) array 900 accordingly retlects
the variances in clock offsets between the i” panelist iden-
tifier and the i subscriber identifier. In the illustrated
example, because clock offsets were not calculated for other
identifier combinations (panelist;, subscriber;), the corre-
sponding cells of the example (S, ;) array 900 are set to

“N/A” (“not available”) rather than to zero.

[0099] As shown above 1n connection with the arrays 600,
700, 800 and 900 of FIGS. 6, 7, 8 and 9, respectively, the
majority of the cells are set to zero. As a result, the arrays
600, 700, 800, 900 of FIGS. 6, 7, 8 and/or 9 may be referred

to as “sparse arrays” or “sparse matrices.”

[0100] In the illustrated example of FIG. 2, the example
panelist matcher 250 includes the example thresholder 260
to apply respective metric thresholds to the corresponding
arrays generated by the example array builder 255. The
example thresholder 260 then selects identifier combinations
(panelist;, subscriber;) as 1dentifier mappings that link a
panelist 1dentifier to a subscriber identifier based on the
outcome of the applied metric thresholds.

[0101] In the illustrated example of FIG. 2, the example
thresholder 260 applies a first threshold (n;) to the (N, )
array to determine that an i1dentifier combination (panelist,,
subscriber;) satisfies a minimum number of matched events.
For example, the thresholder 260 may select an identifier
combination (panelist;, subscriber;) and determine whether
the number of matches associated with the selected identifier
combination (panelist;, subscriber)) 1s greater than or equal
to the first threshold (n,) (e.g., two matches). In the illus-
trated example, by setting the first threshold (n,) to 2
matches and applying the first threshold (n,) to the example
(N;,) array 600 of FIG. 6, the example thresholder 260
determines that the number of matches associated with the
first identifier combination (C, 1) (e.g., “3”) and the number
of matches associated with the second 1dentifier combination

(A, 2) (e.g., “27) satisty the first threshold (n).

[0102] In the illustrated example of FIG. 2, the example
thresholder 260 applies a second threshold (P1,) to the
(P,,) array to determine that an identifier combination
(panelist;, subscriber;) satisfies a minimum percentage of
panelist matched events. For example, the thresholder 260
may select an 1dentifier combination (panelist,, subscriber;)
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and determine whether the percentages of matches associ-
ated with the selected 1dentifier combination (panelist,, sub-
scriber;) 1s greater than or equal to the second threshold
(P1,) (e.g., 90%). In the 1llustrated example, by setting the
second threshold (P1,) to 90% and applying the second
threshold (P1;) to the example (P, ) array 700 of FIG. 7,
the example thresholder 260 determines that the percentage
associated with the first identifier combination (C, 1) (e.g.,
“100%”") and that the percentage associated with the second
identifier combination (A, 2) (e.g., “100%”) satisiy the
second threshold (P1.,)

[0103] In the illustrated example of FIG. 2, the example
thresholder 260 applies a third threshold (P2;) to the (P, ;)
array to determine that an identifier combination (panelist,,
subscriber;) satisfies a minimum percentage ot subscriber
matched events. For example, the thresholder 260 may
select an 1dentifier combination (panelist;, subscriber;) and
determine whether the percentages of matches associated
with the selected identifier combination (panelist,, subscrib-
er;) 1s greater than or equal to the third threshold (P2;) (e.g.,
90%). In the 1llustrated example, by setting the third thresh-
old (P2,) to 90% and applying the third threshold (P2,) to
the example (P, ) array 800 of FIG. 8, the example
thresholder 260 determines that the percentage associated
with the first identifier combination (C, 1) (e.g., “100%)
and that the percentage associated with the second 1dentifier
combination (A, 2) (e.g., “100%”) satisiy the second thresh-
old (P1.).

[0104] In the illustrated example of FIG. 2, the example
thresholder 260 applies a fourth threshold (S;) to the (S, )
array to determine that an 1dentifier combination (panelist,,
subscriber;) satisties a maximum variance 1n clock offset.
For example, the thresholder 260 may select an identifier
combination (panelist;, subscriber;) and determine whether
the variance associated with the selected identifier combi-
nation (panelist,, subscriber;) 1s less than or equal to the
fourth threshold (S,) (e.g., 0.5). In the 1llustrated example,
by setting the fourth threshold (S,) to 0.5 and applying the
tourth threshold (S;) to the example (S, ;) array 900 ot FIG.
9, the example thresholder 260 determines that the variance
associated with the first identifier combination (C, 1) (e.g.,
“0.49”) satisfies the fourth threshold (S,) and that the
variance associated with the second identifier combination

(A, 2) (e.g., “1.450”) does not satisty the fourth threshold
(S7).

[0105] In the illustrated example of FIG. 2, the example
thresholder 260 determines that an identifier combination
(panelist,, subscriber)) 1s an 1dentifier mapping that links a
panelist 1dentifier to a subscriber identifier when the 1den-
tifier combination (panelist,, subscriber)) satisfies each of the
thresholds associated with the corresponding arrays. For
example, referring to the example arrays 600, 700, 800, 900
of FIGS. 6-9, the example first identifier combination (C, 1)
satisfies all four thresholds. In contrast, the example second
identifier combination (A, 2) did not satisiy all four thresh-
olds (e.g., the variance associated with the second 1dentifier
combination (A, 2) was greater than the fourth threshold
(S,)). In the illustrated example of FIG. 2, the example
thresholder 260 records the first identification combination
(C, 1) 1n the example mappings database 132 to link the
panelist identifier (e.g., “C”) to the corresponding subscriber
identifier (e.g., “17).

[0106] In some examples, the thresholder 260 may not
identify a single panelist 1dentifier that maps to a single
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subscriber 1dentifier (e.g., the thresholder 260 identifies
one-to-many mappings). For example, the thresholder 260
may determine that identifier combinations of two or more
subscriber identifiers and a panelist identifier (e.g., identifier
combination (panelist,, subscriber, ), identifier combination
(panelist,, subscriber,), . . . identifier combination (panelist,,
subscriber, )) satisty each of the four thresholds. Addition-
ally or alternatively, the thresholder 260 may determine that
identifier combinations of two or more panelist identifiers
and a subscriber identifier (e.g., identifier combination (pan-
elist,, subscriber,), identifier combination (panelist,, sub-
scriber, ), . . . identifier combination (panelist , subscriber,))
satisty each of the four thresholds. In some examples, the
thresholder 260 may record each of the 1dentified 1dentifier
combinations in the example mappings database 132. In
some examples, the thresholder 260 may select one of the
identifier combinations by ranking (e.g., sorting) the 1den-
tified i1dentifier combinations based on one or more of the
metrics used by the example array builder 255 when build-
ing the arrays. For example, the thresholder 260 may select
a set of one-to-many mappings and sum the first percentage
(P, and the second percentage (P, ) of the selected
mappings. The example thresholder 260 may then select the
identified combination with the highest combined value. In
some examples, the thresholder 260 may randomly select an
identified combination of a set of one-to-many mappings to
record 1n the mappings database 132. However, the example
thresholder 260 may additionally or alternatively use other
techniques for selecting a single identifier combination from
two or more 1dentifier combinations (e.g., select a one-to-
one mapping from a set of one-to-many mappings).

[0107] In the illustrated example of FIG. 2, the example
thresholder 260 applies thresholds that are set based on
experimental results. In some examples, the values of the
example thresholds may be modified to adjust the level of
acceptable risk in identifying matching identifiers. For
example, setting the thresholds to a relatively high value
may decrease the likelithood of identifying matching iden-
tifiers (e.g., 1dentifier combinations). In contrast, setting the
thresholds to a relatively low value may increase the like-
lihood of false positives.

[0108] While an example manner of implementing the
matching engine 130 of FIG. 1 1s illustrated in FIG. 2, one
or more of the elements, processes and/or devices 1llustrated
in FIG. 2 may be combined, divided, re-arranged, omitted,
climinated and/or implemented 1n any other way. Further,
the example mappings database 132, the example data
interface 205, the example raw data database 210, the
example data normalizer 215, the example translated data
database 220, the example event matcher 225, the example
matrix generator 230, the example tree builder 235, the
example candidate identifier 240, the example candidates
database 245, the example panelist matcher 250, the
example array builder 255, the example thresholder 260
and/or, more generally, the example matching engine 130 of
FIG. 1 may be implemented by hardware, software, firm-
ware and/or any combination of hardware, software and/or
firmware. Thus, for example, any of the example mappings
database 132, the example data interface 205, the example
raw data database 210, the example data normalizer 215, the
example translated data database 220, the example event
matcher 225, the example matrix generator 230, the example
tree builder 235, the example candidate i1dentifier 240, the
example candidates database 245, the example panelist

Oct. 17,2019

matcher 250, the example array builder 255, the example
thresholder 260 and/or, more generally, the example match-
ing engine 130 of FIG. 1 could be implemented by one or
more analog or digital circuit(s), logic circuits, program-

mable processor(s), application specific integrated circuit(s)
(ASIC(s)), programmable logic device(s) (PLD(s)) and/or

field programmable logic device(s) (FPLD(s)). When read-
ing any of the apparatus or system claims of this patent to
cover a purely software and/or firmware implementation, at
least one of the example mappings database 132, the
example data interface 205, the example raw data database
210, the example data normalizer 215, the example trans-
lated data database 220, the example event matcher 225, the
example matrix generator 230, the example tree builder 235,
the example candidate identifier 240, the example candi-
dates database 245, the example panelist matcher 250, the
example array builder 255, the example thresholder 260
and/or, more generally, the example matching engine 130 of
FIG. 1 1s/are hereby expressly defined to include a tangible
computer readable storage device or storage disk such as a
memory, a digital versatile disk (DVD), a compact disk
(CD), a Blu-ray disk, etc. storing the software and/or firm-
ware. Further still, the example matching engine 130 of FIG.
1 may include one or more elements, processes and/or
devices 1n addition to, or instead of, those 1llustrated in FIG.
2, and/or may include more than one of any or all of the
illustrated elements, processes and devices.

[0109] Flowcharts representative of example machine
readable instructions for implementing the example match-
ing engine 130 of FIGS. 1 and/or 2 are shown 1n FIGS. 10,
11 and/or 12. In this example, the machine readable instruc-
tions comprise a program for execution by a processor such
as the processor 1312 shown in the example processor
plattorm 1300 discussed below 1n connection with FIG. 13.
The program may be embodied in software stored on a
tangible computer readable storage medium such as a CD-
ROM, a floppy disk, a hard drive, a digital versatile disk
(DVD), a Blu-ray disk, or a memory associated with the
processor 1312, but the entire program and/or parts thereof
could alternatively be executed by a device other than the
processor 1312 and/or embodied 1n firmware or dedicated
hardware. Further, although the example program 1s
described with reference to the flowchart illustrated in FIGS.
10, 11 and/or 12, many other methods of implementing the
example matching engine 130 may alternatively be used.
For example, the order of execution of the blocks may be
changed, and/or some of the blocks described may be
changed, eliminated, or combined.

[0110] As mentioned above, the example processes of
FIGS. 10, 11 and/or 12 may be implemented using coded
instructions (e.g., computer and/or machine readable
instructions) stored on a tangible computer readable storage
medium such as a hard disk drnive, a flash memory, a
read-only memory (ROM), a compact disk (CD), a digital
versatile disk (DVD), a cache, a random-access memory
(RAM) and/or any other storage device or storage disk in
which information 1s stored for any duration (e.g., for
extended time periods, permanently, for brief instances, for
temporarily bullering, and/or for caching of the informa-
tion). As used herein, the term tangible computer readable
storage medium 1s expressly defined to include any type of
computer readable storage device and/or storage disk and to
exclude propagating signals and to exclude transmission
media. As used herein, “tangible computer readable storage
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medium” and “tangible machine readable storage medium”
are used interchangeably. Additionally or alternatively, the
example processes of FIGS. 10, 11 and/or 12 may be
implemented using coded instructions (e.g., computer and/or
machine readable instructions) stored on a non-transitory
computer and/or machine readable medium such as a hard
disk drive, a flash memory, a read-only memory, a compact
disk, a digital versatile disk, a cache, a random-access
memory and/or any other storage device or storage disk in
which information 1s stored for any duration (e.g., for
extended time periods, permanently, for brief instances, for
temporarily buflering, and/or for caching of the informa-
tion). As used herein, the term non-transitory computer
readable medium 1s expressly defined to include any type of
computer readable storage device and/or storage disk and to
exclude propagating signals and to exclude transmission
media. As used herein, when the phrase “at least” 1s used as
the transition term 1n a preamble of a claim, 1t 1s open-ended
in the same manner as the term “comprising’” 1s open ended.
Comprising and all other varnants of “comprise” are
expressly defined to be open-ended terms. Including and all
other variants of “include” are also defined to be open-ended
terms. In contrast, the term consisting and/or other forms of
consist are defined to be close-ended terms.

[0111] FIG. 10 1s a flowchart representative of example
computer readable instructions 1000 that may be executed
by the example matching engine 130 of FIG. 1 and/or FIG.
2 to facilitate i1dentity matching across audience measure-
ment systems. The example program 1000 of FIG. 10 begins
at block 1002 when the example matching engine 130
obtains audience measurement events. For example, the
example data interface 205 (FIG. 2) may obtain panelist
measurement events from the example TV measurement
entity 108 (FIG. 1) and/or subscriber measurement events
from the example subscription provider 116 (FIG. 1). The
example data interface 205 records the obtained audience

measurement events in the example raw data database 210
(FIG. 2).

[0112] At block 1004, the example matching engine 130
normalizes the audience measurement events. For example,
the example data normalizer 215 (FIG. 2) transforms the
audience measurement events from their raw form to be
more meaningiully handed when performing 1dentity match-
ing. For example, the example data normalizer 215 may
convert all start times to a minute format, may round all
duration information to a common degree (e.g., to the tenth
value), may convert station 1dentifiers to a numerical value,
etc. The example data normalizer 215 records the normal-

1zed audience measurement events in the example translated
data database 220 (FIG. 2).

[0113] At block 1006, the example matching engine 130
identifies candidate matches in the normalized audience
measurement events. For example, the example event
matcher 225 (FIG. 2) processes the normalized panelist
measurement events and the normalized audience measure-
ment events to 1dentify events that likely correspond to the
same viewing session (e.g., candidate matches). The
example event matcher 225 records the candidate matches 1n
the example candidates database 245 (FIG. 2). An example
implementation of block 1006 1s described below 1n con-
nection with FIG. 11.

[0114] At block 1008, the example matching engine 130
identifies i1dentifier mappings that link a panelist to a sub-
scriber. For example, the example panelist matcher 250
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(FIG. 2) may process the many-to-many candidate matches
included 1n the example candidates database 245 to 1dentity
a one-to-one mapping between a panelist 1dentifier and a
subscriber i1dentifier. The example panelist matcher 250
records the identifier mappings 1n the example mappings
database 132 (FIG. 1 and/or FIG. 2). An example imple-
mentation of block 1008 i1s described below 1n connection

with FIG. 12. The example program 1000 of FIG. 10 then
ends.

[0115] FIG. 11 1s a flowchart representative of example
computer readable instructions 1100 that may be executed
by the example matching engine 130 of FIG. 1 and/or FIG.
2 to facilitate identifying candidate matches. The example
program 1100 of FIG. 11 begins at block 1102 when the
example event matcher 225 (FIG. 2) generates a panelist
matrix using panelist measurement events. For example, the
example matrix generator 230 (FIG. 2) may parse the
normalized audience measurement events recorded in the
example translated data database 220 (FIG. 2) and identify
measurement events associated with panelists. In the illus-
trated example, the matrix generator 230 generates the
panelist matrix (M, ,,0s5,) OF 81Z€ (Dpyeres) BY (0y4riamz05)
based on the number of panelist measurement events
(n_,....) and the number of variables in common between the
panelist measurement events and the subscriber measure-
ment events (e.g., the linking varniables) (n,_ . .. ).

[0116] At block 1104, the example event matcher 225
generates a subscriber matrix using subscriber measurement
events. For example, the example matrix generator 230 may
parse the normalized audience measurement events recorded
in the example translated data database 220 and identify
measurement events associated with subscribers. In the
illustrated example, the matrix generator 230 generates the
subscriber matrix (Mg, ccriper) OF $12€ (Npyes) BY (Dyrianies)
based on the number of subscriber measurement events
(n_,....) and the number of variables in common between the
panelist measurement events and the subscriber measure-
ment events (e.g., the linking varniables) (n, . .. ).

[0117] At block 1106, the example event matcher 225
builds a k-d tree. For example, the example tree builder 235
(FIG. 2) converts the larger-sized matrix (e.g., the matrix
having more measurement events) mto a k-d tree. In the
illustrated example, the k-d tree includes a plurality of
search spaces defined by the measurement events included
in the larger-sized matrix. As an illustrative example, the tree
builder 235 determines the subscriber matrix (M, ... ) 1S

the larger-sized matrix and the panelist matrix (M,,,,, .s:s.) 18
the smaller-sized matrix.

[0118] At block 1108, the example event matcher 225
selects a query event from the smaller-sized matrix to
process. For example, the candidate identifier 240 (FIG. 2)
selects a panelist measurement event from the panelist
matrix (M,,,.;s,)- At block 1110, the example candidate
identifier 240 1dentifies a search space of the k-d tree based
on the selected query event. For example, the candidate
identifier 240 1dentifies a search space associated with the
start time, the duration and station identifier of the query
event. At block 1112, the example candidate identifier 240
selects a measurement event (e.g., a subscriber measurement
event) included 1n the search space.

[0119] Atblock 1114, the example candidate identifier 240

calculates a distance between the query event and the
selected measurement event. For example, the candidate
identifier 240 may use example Equation 1 to calculate the
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distance between the two events. At block 1116, the example
candidate identifier 240 determines whether the calculated
distance satisfies a distance threshold. If, at block 1116, the
example candidate 1dentifier 240 determines that the calcu-
lated distance does not satisiy the distance threshold (e.g.,
the calculated distance 1s greater than the distance thresh-
old), control proceeds to block 1110 to determines whether
there 1s another measurement event included in the search
space to process.

[0120] If, at block 1116, the example candidate i1dentifier
240 determines that the calculated distance satisfies the
distance threshold (e.g., the calculated distance 1s less than
or equal to the distance threshold), then, at block 1118, the
example candidate identifier 240 records the candidate
match in the example candidates database 245 (FIG. 2). For
example, the example candidate i1dentifier 240 may record
the subscriber event identifier, the panelist event i1dentifier,
the calculated distance and the start time difference in the
example candidates database 245. An example implemen-
tation of the candidate matches recorded in the example
candidates database 2435 1s described 1n connection with

FIG. 5.

[0121] At block 1120, the example candidate identifier
240 determines whether there 1s another measurement event
included 1n the search space to process. If, at block 1120, the
candidate identifier 240 determines that there 1s another
measurement event included 1n the search space to process,
control returns to block 1112 to select another measurement
event icluded 1n the search space.

[0122] I, at block 1120, the example candidate 1dentifier
240 determines that there 1s not another measurement event
in the search space to process, then, at block 1122, the
example candidate identifier 240 determines whether there 1s
another query event to process. For example, the candidate
identifier 240 may parse the panelist matrix (M, ,,.z;,) 10
determine whether there 1s an unprocessed panelist mea-
surement event. If, at block 1122, the example candidate
identifier 240 determines that there 1s another query event to
process, then control returns to block 1108 to select another
query event to process. If, at block 1122, the example
candidate identifier 240 determines that there 1s not another
query event to process (e.g., all panelist measurement events
have been processed), the example program 1100 of FIG. 11
ends.

[0123] FIG. 12 1s a flowchart representative of example
computer readable instructions 1200 that may be executed
by the example matching engine 130 of FIG. 1 and/or FIG.
2 to facilitate 1dentifying 1dentifier mappings. The example
program 1200 of FIG. 12 begins at block 1202 when the
example panelist matcher 250 (FIG. 2) builds the example
(N;,) array based on candidate matches. For example, the
example array builder 255 (FIG. 2) builds the example (N, ;)
array by i1dentitying the number of matched events between
an i” panelist identifier and a j” subscriber identifier iden-
tified 1n the example candidates database 245 (FIG. 2). An
example 1mplementation of the (N, ;) array 1s disclosed in
connection with the example (N, ) array 600 ot FIG. 6.

[0124] At block 1204, the example array builder 255
builds the example (P,, ) array based on candidate
matches. For example, the example array builder 255 bulds
the example (P, ;) array by calculating a first percentage of
events associated with the i”” panelist identifier that are
determined matches to events from the j* subscriber iden-

tifier 1dentified 1n the example candidates database 245. An
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example implementation of the (P, , ;) array 1s disclosed in
connection with the example (P, ;) array 700 of FIG. 7.

[0125] At block 1206, the example array builder 255
builds the example (P, ;) array based on candidate
matches. For example, the example array builder 255 builds
the example (P, ;) array by calculating a second percentage
of events associated with the j” subscriber identifier that are
determined matches to events from the i” panelist identifier
identified 1n the example candidates database 245. An
example implementation of the (P, ;) array 1s disclosed in
connection with the example (P, ;) array 800 of FIG. 8.

[0126] At block 1208, the example array builder 255
builds the example (S, ;) array based on candidate matches.
For example, the example array builder 255 builds the
example (S, ;) array by calculating a variance (e.g., a stan-
dard deviation) in clock offsets between the i’ panelist
identifier and the i subscriber identifier. An example imple-

mentation of the (S, ;) array 1s disclosed in connection with
the example (S, ) array 900 of FIG. 9.

[0127] At block 1210, the example panelist matcher 250
selects an 1dentifier combination to process. For example,
the panelist matcher 250 may select an 1dentifier combina-
tion (panelist;, subscriber;) corresponding to a populated
(e.g. non-zero) cell in the example (N, ) array.

[0128] At block 1212, the example panelist matcher 250
determines whether the selected 1dentifier combination (pan-
elist;, subscriber,) satisfies the number of matches threshold
(n,-). For example, the example thresholder 260 (FIG. 2)
may 1dentity the number of matches associated with the
selected 1dentifier combination (panelist,, subscriber;) from
the example (N, ) array and compare it to the number of
matches threshold (n,). If, at block 1212, the example
thresholder 260 determines that the selected 1dentifier com-
bination (panelist,, subscriber;) does not satisty the number
of matches threshold (n,) (e.g., the number of matches is less
than the matches threshold (n,)), then control proceeds to
block 1222 to determine whether there 1s another identifier
combination (panelist,, subscriber,) to process.

[0129] Ii, block 1212, the example thresholder 260 deter-
mines that the selected identifier combination (panelist,,
subscriber,) satisfies the number of matches threshold (n;)
(e.g., the number of matches 1s greater than or equal to the
matches threshold (n,)), then, at block 1214, the example
thresholder 260 determines whether the selected identifier
combination (panelist,, subscriber;) satisfies the percentage
of panelist matched events threshold (P1,). For example, the
example thresholder 260 may identity the percentage of
panelist matched events associated with the selected 1den-
tifier combination (panelist;, subscriber;) from the example
(P,;,) array and compare 1t to the percentage of panelist
matched events threshold (P1,). If, at block 1214, the
example thresholder 260 determines that the selected 1den-
tifier combination (panelist,, subscriber;) does not satisty the
percentage of panelist matched events threshold (P1.) (e.g.,
the percentage of panelist matched events 1s less than the
threshold (P1,)), then control proceeds to block 1222 to
determine whether there i1s another identifier combination
(panelist;, subscriber;) to process.

[0130] If, block 1214, the example thresholder 260 deter-
mines that the selected identifier combination (panelist,
subscriber;) satisfies the percentage of panelist matched
events threshold (P1,) (e.g., the percentage of panelist
matched events 1s greater than or equal to the threshold

(P1,)), then, at block 1216, the example thresholder 260
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determines whether the selected 1dentifier combination (pan-
elist;, subscriber;) satisfies the percentage of subscriber
matched events threshold (P2.,). For example, the example
thresholder 260 may identity the percentage of subscriber
matched events associated with the selected 1dentifier com-
bination (panelist,, subscriber,) from the example (P, ;)
array and compare 1t to the percentage of subscriber matched
events threshold (P2,). If, at block 1216, the example
thresholder 260 determines that the selected 1dentifier com-
bination (panelist;, subscriber,) does not satisty the percent-
age of subscriber matched events threshold (P2.) (e.g., the
percentage of subscriber matched events 1s less than the
threshold (P2,)), then control proceeds to block 1222 to
determine whether there 1s another identifier combination
(panelist;, subscriber;) to process.

[0131] If, block 1216, the example thresholder 260 deter-
mines that the selected identifier combination (panelist,,
subscriber;) does not satisty the percentage of subscriber
matched events threshold (P2,) (e.g., the percentage of
subscriber matched events i1s greater than or equal to the
threshold (P2.)), then, at block 1218, the example thresh-
older 260 determines whether the selected 1dentifier combi-
nation (panelist,, subscriber;) satisfies the variance in clock
oflset threshold (S,). For example, the example thresholder
260 may 1dentity the variance 1n clock ofiset associated with
the selected identifier combination (panelist;, subscriber))
trom the example (S, ;) array and compare it to the variance
in clock offset threshold (S.). If, at block 1218, the example
thresholder 260 determines that the selected identifier com-
bination (panelist,, subscriber;) does not satisty the variance
in clock offset threshold (S,) (e.g., the variance in clock
offset 1s greater than the threshold (S.)), then control pro-
ceeds to block 1222 to determine whether there 1s another
identifier combination (panelist;, subscriber;) to process.

[0132] I, block 1218, the example thresholder 260 deter-
mines that the selected identifier combination (panelist,,
subscriber;) satisfies the variance in clock offset threshold
(S,) (e.g., the variance 1n clock offset 1s less than or equal to
the threshold (S,)), then, at block 1220, the example thresh-
older 260 records the identifier mapping. For example, the
example thresholder 260 may record the mapping including
the panelist identifier and the subscriber i1dentifier included
in the selected 1dentifier combination (panelist;, subscriber))
in the example mappings database 132 (FIG. 1 and/or FIG.
2).

[0133] At block 1222, the example panelist matcher 250
determines whether there 1s another i1dentifier combination
to process. For example, the panelist matcher 250 may parse
the example (N, ;) array to determine whether the example
(N, ) array includes an unprocessed cell that 1s populated
(e.g. a non-zero cell). If, at block 1222, the example panelist
matcher 250 determines that there 1s an unprocessed cell,
then control returns to block 1210 to select another 1dentifier
combination (panelist;, subscriber;) corresponding to a
populated (e.g. non-zero) cell in the example (N, ) array. It,
at block 1222, the example panelist matcher 250 determines

that there 1s not an unprocessed cell, the example program
1200 of FIG. 12 ends.

[0134] FIG. 13 1s a block diagram of an example processor
platform 1300 capable of executing the instructions of FIGS.
10, 11 and/or 12 to implement the example matching engine
130 of FIGS. 1 and/or 2. The processor platform 1300 can
be, for example, a server, a personal computer, or any other
type of computing device.
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[0135] The processor platform 1300 of the illustrated
example includes a processor 1312. The processor 1312 of
the illustrated example 1s hardware. For example, the pro-
cessor 1312 can be implemented by one or more integrated
circuits, logic circuits, microprocessors or controllers from
any desired family or manufacturer.

[0136] The processor 1312 of the illustrated example
includes a local memory 1313 (e.g., a cache). The processor
1312 of the 1llustrated example executes the mstructions to
implement the example the example data intertace 205, the
example data normalizer 215, the example event matcher
225, the example matrix generator 230, the example tree
builder 235, the example candidate identifier 240, the
example panelist matcher 250, the example array builder
255 and/or the example thresholder 260.

[0137] The processor 1312 of the illustrated example 1s 1n
communication with a main memory including a volatile
memory 1314 and a non-volatile memory 1316 via a bus
1318. The volatile memory 1314 may be implemented by
Synchronous Dynamic Random Access Memory (SDRAM),
Dynamic Random Access Memory (DRAM), RAMBUS
Dynamic Random Access Memory (RDRAM) and/or any
other type of random access memory device. The non-
volatile memory 1316 may be implemented by flash
memory and/or any other desired type of memory device.
Access to the main memory 1314, 1316 1s controlled by a
memory controller.

[0138] The processor platform 1300 of the illustrated
example also includes an interface circuit 1320. The inter-
face circuit 1320 may be implemented by any type of
interface standard, such as an Ethernet interface, a universal
serial bus (USB), and/or a PCI express interface.

[0139] In the illustrated example, one or more 1nput
devices 1322 are connected to the interface circuit 1320. The
input device(s) 1322 permit(s) a user to enter data and
commands into the processor 1312. The mput device(s) can
be implemented by, for example, an audio sensor, a micro-
phone, a camera (still or video), a keyboard, a button, a
mouse, a touchscreen, a track-pad, a trackball, i1sopoint
and/or a voice recognition system.

[0140] One or more output devices 1324 are also con-
nected to the interface circuit 1320 of the illustrated
example. The output devices 1324 can be implemented, for
example, by display devices (e.g., a light emitting diode
(LED), an organic light emitting diode (OLED), a liqud
crystal display, a cathode ray tube display (CRT), a touch-
screen, a tactile output device, a printer and/or speakers).
The interface circuit 1320 of the illustrated example, thus,
typically includes a graphics driver card, a graphics driver
chip or a graphics driver processor.

[0141] The interface circuit 1320 of the 1illustrated
example also includes a communication device such as a
transmitter, a receiver, a transceiver, a modem and/or net-
work 1nterface card to facilitate exchange of data with
external machines (e.g., computing devices of any kind) via
a network 1326 (e.g., an Fthernet connection, a digital
subscriber line (DSL), a telephone line, coaxial cable, a
cellular telephone system, etc.).

[0142] The processor platform 1300 of the illustrated
example also includes one or more mass storage devices
1328 for storing software and/or data. Examples of such
mass storage devices 1328 include floppy disk drives, hard
drive disks, compact disk drives, Blu-ray disk drives, RAID
systems, and digital versatile disk (DVD) drnives. The
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example mass storage 1328 implements the example map-
pings database 132, the example raw data database 210, the
example translated data database 220 and/or the example
candidates database 245.

[0143] Coded instructions 1332 represented by the flow-
charts of FIGS. 10, 11 and/or 12 may be stored 1n the mass
storage device 1328, 1n the volatile memory 1314, in the
non-volatile memory 1316, and/or on a removable tangible
computer readable storage medium such as a CD or DVD.

[0144] From the foregoing, it will be appreciated that the
above disclosed methods, apparatus and articles of manu-
facture facilitate performing i1dentity matching across audi-
ence measurement systems. Disclosed examples obtain
audience measurement events from different audience mea-
surement systems and normalize the audience measurement
events so that the events may be more meaningfully handled
when performing identity matching. Disclosed examples
utilize k-d trees and range searching to identify candidate
matches that likely relate to a same viewing session. Dis-
closed examples then use the candidate matches to generate
sparse arrays. Disclosed examples then apply thresholds to
the sparse arrays to determine i1dentifier mappings that link
a panelist identifier to a subscriber identifier. In some
examples, the above-disclosed methods, apparatus and
articles of manufacture may use the identifier mappings to
link (e.g., merge, fuse, etc.) user information from a first
audience measurement system (e.g., a television measure-
ment entity) to user information from a second audience
measurement system (e.g., a subscription provider).

[0145] It 1s noted that this patent claims priority from U.S.
Patent Provisional Application Ser. No. 62/387,535, which
was filed on Dec. 22, 2015, and 1s hereby incorporated by
reference 1n 1ts entirety.

[0146] Although certain example methods, apparatus and
articles of manufacture have been disclosed herein, the
scope of coverage of this patent 1s not limited thereto. On the
contrary, this patent covers all methods, apparatus and
articles of manufacture fairly falling within the scope of the
claims of this patent.

1. (canceled)

2. An apparatus to perform identity matching, the appa-
ratus comprising:

memory including machine readable instructions; and

processor circuitry to execute the instructions to:

build a data structure based on normalized audience
measurement events corresponding to a first audi-
ence measurement system, the data structure includ-
ing a plurality of search spaces;

identify a search space 1n the data structure based on a

query event corresponding to a second audience
measurement system;

determine the query event and a first audience mea-
surement event 1n the search space are a candidate
match when a distance between the query event and

the first audience measurement event satisfies a
threshold; and

link a first user identifier associated with the first

audience measurement system to a second user 1den-
tifier associated with the second audience measure-

ment system based on a plurality of candidate
matches.

3. The apparatus as defined in claim 2, wherein the
processor circuitry to:
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generate a first matrix based on normalized audience
measurement events corresponding to the first audience
measurement system; and

generate a second matrix based on normalized audience

measurement events corresponding to the second audi-
ence measurement system.

4. The apparatus as defined in claim 3, wherein a size
associated with the first matrix corresponds to (1) a number
of normalized audience measurement events corresponding
to the first audience measurement system and (2) a number
of vanables 1n common between the normalized audience
measurement events corresponding to the first audience
measurement system and the normalized audience measure-
ment events corresponding to the second audience measure-
ment system.

5. The apparatus as defined 1n claim 4, wherein the
processor circuitry 1s to:

compare the size associated with the first matrix to a size
assoclated with the second matrix; and

determine whether the size associated with the first matrix
1s greater than the size associated with the second
matrix when building the data structure based on the
normalized measurement events corresponding to the
first audience measurement system.

6. The apparatus as defined in claim 2, wherein the
processor circuitry 1s to:

build a first array based on a number of matched events
between a first set of user 1dentifiers associated with the

first audience measurement system and a second set of
user 1dentifiers associated with the second audience
measurement system, the first set of user identifiers and
the second set of user identifiers included 1n the plu-
rality of candidate matches;

build a second array based on a first percentage of
matched events associated with the first set of user

identifiers;

build a third array based on a second percentage of
matched events associated with the second set of user

identifiers; and

build a fourth array based on clock offsets associated with
the plurality of candidate matches.

7. The apparatus as defined 1n claim 6, wherein the
processor circuitry 1s to:

compare a first value associated with an identifier com-
bination from the first array to a first threshold, the
identifier combination (1) selected from the first set of
user 1dentifiers and the second set of user identifiers and
(2) associated with a non-zero cell in the first array;

compare a first value associated with the identifier com-
bination from the first array to a first threshold;

compare a second value associated with the identifier
combination from the second array to a second thresh-
old when the first value satisfies the first threshold;

compare a third value associated with the 1dentifier com-
bination from the third array to a third threshold when
the second value satisfies the second threshold; and

compare a fourth value associated with the identifier
combination from the fourth array to a fourth threshold
when the third value satisfies the third threshold.

8. The apparatus as defined 1n claim 7, wherein the
processor circuitry 1s to use the identifier combination to link
the first user i1dentifier associated with the first audience
measurement system to the second user i1dentifier associated
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with the second audience measurement system when the
fourth value satisfies the fourth threshold.

9. A method to perform identity matching, the method
comprising;
building, by executing an instruction with the processor,
a data structure based on normalized audience mea-
surement events corresponding to a first audience mea-
surement system, the data structure including a plural-
ity of search spaces;

identifying, by executing an instruction with the proces-
sor, a search space in the data structure based on a
query event corresponding to a second audience mea-
surement system;

determining, by executing an instruction with the proces-
sor, the query event and a first audience measurement
event 1n the search space are a candidate match when
a distance between the query event and the first audi-
ence measurement event satisfies a threshold; and

linking, by executing an instruction with the processor, a
first user identifier associated with the first audience
measurement system to a second user i1dentifier asso-
ciated with the second audience measurement system
based on a plurality of candidate matches.

10. The method as defined 1n claim 9, further including:

generating a first matrix based on normalized audience
measurement events corresponding to the first audience
measurement system; and

generating a second matrix based on normalized audience
measurement events corresponding to the second audi-
ence measurement system.

11. The method as defined 1n claim 10, wherein a size
associated with the first matrix corresponds to (1) a number
of normalized audience measurement events corresponding
to the first audience measurement system and (2) a number
of variables 1n common between the normalized audience
measurement events corresponding to the first audience
measurement system and the normalized audience measure-
ment events corresponding to the second audience measure-
ment system.

12. The method as defined 1in claim 11, wherein the
building of the data structure includes:

comparing the size associated with the first matrix to a
size associated with the second matrix; and

determining whether the size associated with the first
matrix 1s greater than the size associated with the
second matrix.

13. The method as defined 1n claim 9, further including:

building a first array based on a number of matched events
between a first set of user 1dentifiers associated with the
first audience measurement system and a second set of
user 1dentifiers associated with the second audience
measurement system, the first set of user identifiers and
the second set of user identifiers included 1n the plu-
rality of candidate matches;

building a second array based on a first percentage of
matched events associated with the first set of user
identifiers;

building a third array based on a second percentage of
matched events associated with the second set of user
identifiers; and

building a fourth array based on clock ofisets associated
with the plurality of candidate matches.
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14. The method as defined 1n claim 13, further including;:

comparing a first value associated with an identifier
combination from the first array to a first threshold, the
identifier combination (1) selected from the first set of
user 1dentifiers and the second set of user 1dentifiers and
(2) associated with a non-zero cell 1n the first array;

in response to determining that the first value satisfies the
first threshold, comparing a second value associated
with the 1dentifier combination from the second array to
a second threshold;

in response to determining that the second value satisfies
the second threshold, comparing a third value associ-
ated with the 1dentifier combination from the third array
to a third threshold; and

in response to determining that that the third value satis-

fies the third threshold, comparing a fourth value asso-
ciated with the identifier combination from the fourth
array to a fourth threshold.

15. The method as defined 1n claim 14, further including
using the identifier combination to link the first user i1den-
tifier associated with the first audience measurement system
to the second user identifier associated with the second
audience measurement system when the fourth value satis-
fies the fourth threshold.

16. A tangible computer readable storage medium com-
prising 1nstructions that, when executed, cause a machine to
at least:

build a data structure based on normalized audience

measurement events corresponding to a first audience
measurement system, the data structure including a
plurality of search spaces;

identily a search space in the data structure based on a

query event corresponding to a second audience mea-
surement system;
determine the query event and a first audience measure-
ment event 1n the search space are a candidate match
when a distance between the query event and the first
audience measurement event satisfies a threshold; and

link a first user 1dentifier associated with the first audience
measurement system to a second user 1dentifier asso-
ciated with the second audience measurement system
based on a plurality of candidate matches.

17. The tangible computer readable storage medium as
defined 1n claim 16, further including instructions that, when
executed, cause the machine to:

generate a first matrix based on normalized audience

measurement events corresponding to the first audience
measurement system; and

generate a second matrix based on normalized audience

measurement events corresponding to the second audi-
ence measurement system.

18. The tangible computer readable storage medium as
defined 1n claim 17, wherein a size associated with the first
matrix corresponds to (1) a number of normalized audience
measurement events corresponding to the first audience
measurement system and (2) a number of variables in
common between the normalized audience measurement
events corresponding to the first audience measurement
system and the normalized audience measurement events
corresponding to the second audience measurement system.

19. The tangible computer readable storage medium as
defined 1n claim 18, further including instructions that, when
executed, cause the machine to:

compare the size associated with the first matrix to a size

assoclated with the second matrix; and
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determine whether the size associated with the first matrix
1s greater than the size associated with the second
matrix when building the data structure based on the
normalized measurement events corresponding to the
first audience measurement system.

20. The tangible computer readable storage medium as
defined 1n claim 16, further including instructions that, when
executed, cause the machine to:

build a first array based on a number of matched events
between a first set of user 1dentifiers associated with the
first audience measurement system and a second set of
user 1dentifiers associated with the second audience
measurement system, the first set of user identifiers and
the second set of user identifiers included 1n the plu-
rality of candidate matches;

build a second array based on a first percentage of
matched events associated with the first set of user
identifiers;

build a third array based on a second percentage of
matched events associated with the second set of user
identifiers; and

build a fourth array based on clock offsets associated with
the plurality of candidate matches.
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21. The tangible computer readable storage medium as
defined 1n claim 19, further including instructions that, when
executed, cause the machine to:

compare a first value associated with an identifier com-

bination from the first array to a first threshold, the
identifier combination (1) selected from the first set of
user 1dentifiers and the second set of user identifiers and
(2) associated with a non-zero cell 1n the first array;
compare a first value associated with the identifier com-
bination from the first array to a first threshold;
compare a second value associated with the identifier
combination from the second array to a second thresh-
old when the first value satisfies the first threshold;
compare a third value associated with the identifier com-
bination from the third array to a third threshold when
the second value satisfies the second threshold;
compare a fourth value associated with the identifier
combination from the fourth array to a fourth threshold
when the third value satisfies the third threshold; and
use the identifier combination to link the first user 1den-
tifier associated with the first audience measurement
system to the second user 1dentifier associated with the

second audience measurement system when the fourth
value satisfies the fourth threshold.
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