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Introduction

Attribution providers offer many different approaches, including relying on different modeling technique
and data sources. These different approaches frequently lead to differartsesd business decisions.
CIMM soght to unpack this issue and learn a bit more about what drives the difference in attribution
results.And share best practés in data inputs, where appropriate

Accurate television attributionlepends ora host of variables, starting withccurateinputsZ schedules
andaccurate identification ofampaign spots. It is also dependent on ad exposure measurement, which,
television is measured witlross Rating Points (GRPs)AverageRatings,Reach, andrrequency. Outcome
variablessuch aswveb visits, redil traffic, sales, or tunén ratingsare required. Another critical input is the
identity graph that links all the variables at the device or houselevel. The analytics for measuring
incrementality is the final piece of the puzzle for accurate ladiion. Eachandevery oneof these
components can impact the accuracytalevision attributionresults.To begin the learning process,
however, we structred this studyfor CIMMaround the first two variablekey inputs of ad schedules and
ad exposures.
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Questions We Set Out to Answer
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How do variations in occurrence data impactarformancen attribution models?
A How different are theoccurrence dataWhy are they different?

A Do differences in occurrences make a difference in audienaées®n outcome?

How do variations in exposure data impact TV in attribution models?

A How different are the exposure data in terms of typical audéemetrics and outcomes?

5£1 I £ [ NMN®tNM"2tE£] tj «®E,ti k® t g £inatttibution moflets 2 P® |
A How different are the occurrence and exposure data in terms of typical audience metrics and
outcomes’




Overview of Key Findings

1. Key television attribution inputs are highiyconsistent from provider to provider and across our
test schedulesThey nay notentirely® k k f } k 2sk 7si , k®2t k® t PV

2. As a resulof inconsistent inputsoutcomes diffemexplicablyby provider

3. Provider exposure dataave a biggeimpacton outcomeresults more than occurrence data

4. Methodology, rather than technology, is thaot cause of key differences in inputs and outcomes
Differences in underlying technology do not offer simple explanations, e.g., Al, watermarking,
fingerprinting for @currences andither ACR, STBor both for exposures

122 @t f32t£; @rpardble &r consisient antil providersgadopt more stringent media
measurement standards and demonstrate competence and fluency in the media space

It will be impossild for users to build norms across providers and extremely challenging to change
provides. It will also be confusing for marketers who receive attribution studies from multiple providers,

and definitely risky for media performanbased guarantees.

Importantly, television data streamalsobringissuesto multitouch attribution, which use the same data
t i «3 27 [dversely impatt television ROl and ROAS estimation




Overall Observations

*6?27?21  k°«k®t kij?2 2£ i kAdlexpésuré dath itetevisiorattgiButioB Ipighlglgsgy 3
an array ofundamental technical and methodologitsgues

A Comparisons of commercial occurrence coau®ss providersan be misleading-he combination of
undeicounts and ovesounts can obscure #se inaccuracieand asimple count of spots to confirm the

accuracy of thirgparty occurrence datevill not work

A There is no pattern of occurrence data discrepancies by schedule and no explanation of the cause

those discrepancies to be found here.

A There is nostandard naming, or coding, @flevisionnetworks among providers. This makes data

comparisons, aggretans or metaanalyses difficult.

A There is nostandard definition of a dagome providers use a broadcast day (6:00 am to &r&}

whereasothers used a clock day (12:@é to 11:59 pm) again making data comparisons difficult.

A There is nostandard caggoty for commercial length among the providegBameprovidersgroup
similar lengths into larger categori€Some use the exaétngth upn airing.even if it was cut short.
This is an obstacle to comparing findings across providers, developing noraetvieases and
conducting metaanalyses.

A Some spots are more difficuid discernthan others For example, a :15 and a :30 that both tise
same video content may be hard to distinguisbr. this reason, any provider may exhibit different

levels of accuracy for different schedules.
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A Network andadvertiserpost buy logs are not perfect sources of commercial occurrence data and

should bevalidated.

A Underlying echnology alone does not@ain occurrence differences among providérsd it certainly

does not explain the differences found within each provider by schedule.

A Differences in commercial occurrence data among providers regiiffénences in schedule GRPs and

Reach that are natasilypredicted bythe occurrence data differences.

A Attribution differences generated by differences in commercial occurrence data inputs are directionally
consistent, but can exhibit meaningful di#eices in magnituddhis suggests littleeason to be
concerned about tactical optimization applications, but significant concern with respect to the risks

presented by variation in magnitude and how that will impact ROAS or ROI estimates.
A Conversely, atibution differences generated by differees in exposure data inputs varied dramatically
in both direction and magnitud€learly, exposure data sources are a major point of origin for

differences among attribution providers.

A Another view into the diffeences in exposure data among the providers was provided by compariso

-

of standard media metric&RPs, Reach and Frequeriifferences in these metrics, for the same

schedule, across providers were as high as 2:1 for Readby #requency and 6:1 f@RPs

A Groupingproviders based on tlieunderlyingtechnology, ACR onlyset-top box only, combinations
of settop box and ACR or s¢bp box and pané] did not explain tlhse inconsistence$roviders who
integrate STB and ACRere somewhainore inline wth Nielsen benchmaskbut those findings are

not consistent across schedules.

1 These findings, together with a review of each provid@rgent procedures, leads us ¢onclude that
methodologyrather than underlying technology, drives results. In mdtflogy, we include providérs
governing reporting rulesuch ashow exposure is qualified (number of secoraisdhow reporting
panels a&¢ managed, edited amgeighted to reflect theéotal US




While useful learning, none of these findings tell us howsolwe the problenilhere is no pattern to the
it g®k«™N"jgtk 'k pE3jie £ yO®trs? «@®dDndimndsanj
1®E£jr ~ £ k2t kR THerels o bétter®r wprde@ethnhaodyence fiojsimple answer.
But we have seen this before in media resealtals.clear to us that what is needed is standardization of

5

naming, definitions and categmation, and more careful quality assurance proceduféss study brought
homethe challenges presented by shortfalls lmoth of these frontsLooking back over this experiende
becomes clear that this was not just the context of our vidorkis the key finding.This leads us to three
recommendations:

1 For the industry. Establish standards to ensure that data is organizechparably across providers.

1 For users Before proceeding with an attribution studagake sure your occurrence data are
validated.This might require using a specific validation study to ensure your data inputs are
accurate Otherwise, while directionglidance for tactical optimization may be trustwoytiROAS
or ROI estimates may beskiy.

1 For providers: Test your QA procedures to ensure accuracy and be prepared to adopt industry
standards as they are developed

K ®




Observationson Attributi on DataProviders

All providers were very cooperative through this process,@iMM isappreciative of their contributions

Providers are blessed with great, large data sets, cuttidge technologies and experienced data
scientistsWk 1 k ® k jg#of perfedidh Pdrfection is not the objective, especially in this early stdge
developmentBesides, CIMNbsters, rather than stifles media industrynnovation

That said, we observedffierent levels of traditional media expertisenong the prowers,different levels
of interest inaligning with industry methodological standaraisd at times, a lack of attention tagorous
cleansing, proofing and editing data streams

We seehe need for methodological standardization and quality comivblle allowing« ® £ | t i k ® &
differenceto remainintact.
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Observationsfor Users of TV Attribution '\////@,‘

Expect and plan for differencesrom provider to provider. Usersshould not expect that two providers
measuring the ROI/ROAS of the sarm@mpaign will yield similar results. If users are planning to test or
switch to a new providethenit would be beneficial to benchmark some historical schedules and key

inputs to urderstand differences between the current and new provider

Attributonwt } } } t | k} » ®Kk - 3 tCarkmust be takem tendurethagasckiraté gedurrence
data is used for ROI/ROAS studies. Our study found twhtertiserpostlogsand networkpostlogs are
not perfect and must be audited. A processedoncilingprovider logs withadvertisefnetwork logs must
be implemented prioto executing the final analysis

Confirm detection and categorization of occurrences by commercial length and daypart, if relevant
Part of the audit needs to include analysis by commelerath and daypart, if measurimgnversion by
those attributes is an important part of the study being executed

Before running attribution, make sure the data inputs match the world as you know i

I GRPs by week

i Reach and Average Frequency
It will be \aluable to produce comparisons of key exposure data elements, compared to bendunharas
Nielsen, prior to running the actual ROI/ROAS calculation, so differences can be identifiexpéaided




Observationsfor TV Attribution Providers

Having many different Tdttribution providersin the market, with differentinderlying occurrence and
exposure data setprovides challenges for all users of @tfibution workZ advertisers, agencies and
media companies. It would be preferable fog market to have more consistencynputs, and therthe
differences between providevgould be primarily driven bthe quality of the actual ROI/ROAS calculation.
Television attribution results wibe more consistent and reliable when providers adoptarstringent

media measurement standards:

1 Weighting. Consider implementing a robust panel weighting scheme that addresses key variable
known toalign with TV viewingDMA, HH sizePresence of Childreimcome Educationand
Occupation

1 Unification. Consider creating standard process for unifyingour database for ROl measurement,

and provide a common base of people with opportunity for exposure and opportunity for respon

1 ReachConduct evaluation of reach reporting from your exposure data asdssdules. Compare
to industry norms at differenGRP levels (i.e. reach of prime time TV schedule at 300 GRPs).

Consider using Reach as a weighting or calibration variable

1 Exposure qualification Havingmany different measures @iewing time requiredor exposure in
the market creates another souroé confusion and differences between providers. If the market
will not settle on one standarthen potentially report ROI/ROAS based on multiple exposure

measures to allow for cleaner comparisons acroesigers

*S
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Agenda for FutureStudies
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1 Investigateoccurrence differences across providers and adveftisewvork logsto identify quality
control solutions
1 Evaluatehow choices of methodologg.g.exposuregualificationand panel weighting, unifation
and managemenimpact:
A AverageRating
A GRRBR
A Reach
A Average Frequency
A ROI/ROAS
Examine the impact aflock drift and signal latency impaat those same measures
1 Evaluatedigital video/display/CTV exposure data inputs and how those exposures arel lioke
linear TV exposures
A Include an analysis of Identity grapfisd evaluate what steps, if any, are taken to
account for issues of nematching
1 Evaluatehow results diffemwith variousModeling approaats(e.g. attribution window, adstock,

baseline, etg.
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The Study Approach

CIMM conducted an experiment to compare two key components of teleaigrdrution: ad occurrences
(schedules) and exposure dat@RPsReach/FrequengyThis experiment &s designed to understand

whetherthe differentsourcesmodelers use for these datgenerally overor undercount occurrences and
exposureand, in turn, e degree to whicthey impact model results and decisions marketers subsequent|

make.

621t  ttoke€p@ming that this is agxperiment not an assessment of the offerings from
television atribution providersWe were only interested in thestandardoccurrence and exposure data
which we compared to logs and Nielsen national TV benchmarkals&/ereated @erformance
measurementlift -like, measuring change in rating for promoted prog@mpared to 4week time period
average, for exposeadinusnot-exposedto compare the impact of these data servidesportantly,we

are not advocating pragers use our methodolodyit simply providec method with which tonake

commoncomparisons.

A For the test, we secured television tuirecampaign schedules frottree networksWhy tunein?
Television tunein campaigns offer a relatively straightforwamst scenario given that the input
(advertising weight) and outcome measures \w@eship to the promoted program) operate in a
closed loop within the same daget.

A We also studiedne brandadvertiser campaign.

A All the campaigns ran nationally on lingalevision within the pas? years.




CIMM Television Attribution ExperimentAt A Glance

Benchmarks Schedules

4 network tune-In campaigns
Network Logs Nielsen NPM HH National _
Marketer Post Buy GRPs/Reachkreq Varying size and mix of own

channel/paid media

Occurrences Exposure/ Viewing Ran through 2018-19
Test Data 1 brand marketer campaign
o National
ovider ¢ Sgnificant weight and large mix of
Ran in 2019

We areverygrateful for the participation of the following provide®05, Alphonso, Ampersand,
Comscore, iSpot, NCS, Samiad/, TVSquared and VideoAmp/Ne are also grateful for the

participation of Nielsen in providing the benchmarks this study utilized.

Theseproviders utilized data from occurrence providsugh asSpot, Hive Kantar,andNielsen as well as
their own proprietary approacheshey sourcediewing/exposure data frorset-top box providers,
Automatic Content Recognition (ACR) systems andielsen

Providers were compared on schedule accuracy, GRPs, Reach and Frequency generated by the expo

data andincrementalActual Rating Point Changéhe outcome variable we created to compare television

tune-t | g «"Mtrj 1T ! ullsweigblintlesl kecawse fhe pointlof@he study’wkas to

compare input variables, naak , '} 3 ~2 k 2 s k «l@dbrtantly, kvekdo hot Haye plka@rom r |

all providers. Providers C and | only provided occurrences. Provider F only providext datehfedules.

sure

-

We believe this array of providers, sources and measures provides a solid representation of the television

attribution practicesin place oday.




Part 1.Deep Dive IntoOccurrence
Datain Attribution

Advertising occurrence data is the entry point for televisjonany videdinto TV attribution, multitouch
attribution, or any devicéevel measure of televisi@advertising performancédvertisers run ads, viewers
are exposed to thepandviewerseither respond in the marketplace or néttribution models connect the
dots from the ads that are run to the marketplace response they generate.

Users of attributionassume the ad occurrence data used for television attribution are acclitagsephase

of the study tests that assumptiorRerfection is never the goal, so the question is really, are the television

occurrence data in use for attributigufficiently accrate to enable useful television attribution findings?

Objective
The objective of thiphase of thestudy isto revealhow different TV occurrence data sets may be among @
crosssection of leading data providers and to what degree do those differencas irediffering

attribution results.! ~ ~ ®k AsRt ke R A|dvértpemodli®ys were used as benchmarks.

Comparing Occurrence Counts

The analysis plan was to start at the most summarized level, andéheeelaway successive layers i

search of data patterns that explain any discrepancies in the data and imdjbate besfpractices.

At the most summarized level, our findings were reassuwWiten we compare the count tital
occurrences for each campaifyjom the logs to the couts provided by each providewe find gL01 index,
only a 1% differenceOfco® ké k~gs «®£,ti k®t  t jtheke9sndtendesdy r s

to under or overstate thetotal number of occurrences.
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The chart below displays occurrermmunt indices for each providdrhese compare the differences in

£9gg2®®kjgk g£3j2 fk2tkkj 2sk «®£,ti k®t inrz~A
Occurrences - Average Schedule Index to Logs
Provnder Prowder Provnder Provnder Prowder Provnder Provnder Prowder Provider
|

1y} f32 £ik «®f£ tik®t  ®k 31} 2 A®k tt2zstj oOuy

Nex, we took a deeper look by computingtch ratesIndividualoccurrences from the logs were matched
to the individual occurrences from each providrots were matched based on network, date and,time

allowing for clock drif{® 5 minutes) This analgisrevealed three important findings:

1 There is no standard naming, or coding, of networks among providessmakes data

comparisons, aggregations or medgaalyses difficult.

1 There is no standard definition ofyday] Some providers usel@oadcast day6:00 am to 5:59
am),whereasothers used a clock day (12:@én to 11:59 pm).

1 Comparisons of commercial occurrence counts can be misledtimdpllowing chart shows that
occurrence count indices and match rates reveal different viewsoofger accurag. Consider

Provider E, with a 99 index on occurrences relative to tiebat only a 79.3% match rat&Vhile

2st t  2sk £ 2 k°2®k k it gfjikg2ze tzygp

17

——
| —




Provider Provider Provider Provider Provider Provider Provider Provider Provider
A B C D E F G H |
Provider Occurrence Data
Indexed to Network Logs
Average Among All Gampaigns 113 97 104 104 9 93 % 100 103
legend: 120+ 110119 90-81 80-
MATCH RATE
Average Among All Campaigns | 76,0 91.0% 95.3% 9.2% 79.3% 91.1% 9.0% 96.3% 91.3%
[EGAND;  <90%  <75% <50% ‘

Overall Match RatesBetween PostLogs & Provider Occurrences

Summarizing tke match rate analysis at the highest lewed find promising finding®Ve also discovehe

reason for thedisconnect between match rates and occurrence count comparisons.

Overallacrossall providers and attampaignsthe average match rate was 90%he complement to that

is that there was an average undercount of 10#other words, on averageur analysis found 90% of

the spots from the logs in the

«®E , ti k®

i/\2/

spots from the logsvere not
pES3 i T 2 s kBuk (

the analysis also found spots in

the provider data that were not

in the log& overcounts

Overall, overcountg/ere equal

to 6% of the number of spots in

the logs, on average.

Average
Under-Count

Average
Over-Count

To Log Files

Undercounts - Occurrences in post log, not in provider data

Overcounts = Occurrences in provider data, not in post log —
events matched on network, date, time (+/- 5 minutes)

Breakingout the match ratesyundercounts and overcounts by providerdaveraging rsults across

campaigns, we find the results below.




Occurrence Match Rates & Under/Over Counts Vs. Post Logsy Provider

Log Under-Counts
24%

9%

21%
9% 9%
5% 5% a% 2%
Providers !' !' G G’
A

Match Rates

tTgre=t

Log Over-Counts
(+/- 5 minutes)

26%

These resultshow ugthat:
1 Accuracy of adccurrence data varies by provider
! The combination of undercountsandoser? § 2~ g”*j £f g3 ®k 2sk k tlj
upon a simple courdf spots to confirm the accuracy of thiplarty occurrence dataspecially if

you are looking at daypperformance.

This results also beg the question, are at least some of the undercount and overcount spots actually th

same spots, just not matchedribugh some flaw in the analysis?




To assess this question, we dove more deeply intdvihteh rate detailss k ® k £t ~ «t g2 3 ®k

Average Schedule Schedule #4 Schedule #4
Monday - Friday 4p-7p

- Match Rate - Match Rate - Match Rate

24%
26% 20%
2%
i 37% 76%
minus Over Over
26% Under minus minus

Under Over count Under Under

Counts Counts 63% counts Under 96% counts
Under Over Counts Over
Counts Counts Counts

Provider A

6i 2st ko™ «}ke tk } £E£]| bveral ProvideRA had a niateh ratesof 76% g ¢
which left 24% undercountBut theyalso had 26% overcount$Vere some of those the same spots?

LEE£| tjr ~2 J®E£,ti k®&,w finda difkrentrélationship ie®veen gnsekcouht$ dnd
overcountZ 37% different. There are not enough undawunts to match even half th@vercounts, so they
ghit2z fk 2sk "~ k When®eégo aleveldeeper, looking oiy2agspoks ifof schedule 4
in the MondayFriday 4pm-7 pm daypart, we see a 76% difference between undercounts and overcount|

Almost 80% of the ovetounts @uld not be matched tdhe undercountg there are just not enough of

them.

Running this analysis for all providesshedulesind daypars, wefind overcounts exceed undercounts by

10%-20%, or 20% or more inmore than50 casesandundacounts exceedvercounts by 10%20%, or

20% or more in another 50+ cases.

2«




PROVIDER

A~ TeTcTblElE TR If overcounts were simplyne unmatched

undercountsthen the difference in each cell of

Campaign # 1

Monday - Friday 6a-9a 2%)| 1%| 1% 1%| 8% -14%| -1%| -1% 1% H
Monday-Frideyoaion Tes 1o0 16 19 oo 169 oo 196 1o this table would be close to zerm contrast we

Monday - Friday 12n-4p 14%| 2% 2%| 0%|-10%)| 20%| -1%| -1%| 1%

Monday - Friday 4p-7p Tool 296 2% 15%| 1696 3% 2% 5% See the lack of matclseand the extreme in either

Saturday - Sunday 6a-12n -3%)| 0%| 0%)| 0%|-13%|-18%| -2%| -2%| 0%

Sturday-Sunday12n-7p | 2% -1%| 1% 1% -99% 20%| 8% 9% 1% Qvercounts or undercounts in the data for every

Monday - Sunday 7p-11p 2%| -1%| 1%)| 1%|-15% 5% 5% 1%
Monday - Sunday 11p-la 17%| 0%| 3% 5%| -9%)|-16%| -1%)| 2% 1% H

Monday - Snday Looa oot 2o o a1 o o a9¢ Provider, schedule and dayparte factors
Campaign #3 . : : .

Monday - Friday 6293 o onl 0w aw 2w aw s =w causing these discrepancies are not isolated to a
Monday - Friday 9a-12n 9%, -12%| 1%)| 1%| 1%| 0% 0%| -5%) -5% .. . .

Monday-Friday12ndp | 1% 16% 5% 4% 0% -6% 5% 5% 5% deficient provider, a problematic schedule or a
Monday - Friday 4p-7p 4%| -15%| -2%| -1%| -1%)| -5%| -3%| -4%| -4%

Sturday -Sunday6a-12n | 996 -11%| 3%| 4%l -19 1% 1% 2% 2% difficult to measure daypartNo clear potentially

Saturday - Sunday 12n-7p 0%| -17%)| 2%| 0% 0%| -2%| -2%| 1% 1%

Monday - Sunday 7p-11p | -19%)|-18%)| -4%)| -4%| -1%| 6% -5%| -2%| -2%

causalpattern has yeemerged in this analysis

Monday - unday 11p-1la Q%F A% -4%| 9%| 2%| -7%| -1%| -1%
-15%)

Monday - unday 1a-6a 1% 0% 0% 0% -5% 0% 2% 2% . .
Gampaign #4 as frustrating as that is.
Monday - Friday 6a-9a 0% 7%| -7%| 2% 2%| -2%| -2%| -20%

Monday - Friday 9a-12n 4% -6%| -10%| 129 3%| 1%| 1% 1%

Monday - Friday 12n-4p -3%| -14%| -11%| -3%| 0%)| 0% 0%

Monday - Friday 4p-7p 206 -14%]| -14%)| -10%| 2%| -2%| -2%)|-16% LEGEND

Saturday - unday 6a-12n 12%| -129%| -15%| 8%| 4%| 4% 4% Over countsexceed undercounts
Saturday - unday 12n-7p 3%| -3%| 3% -3%| 0% 0% 0%

Monday - Sunday 7p-11p 6%| -69%)| 1106 14%| -1%| -1% -4% 20%or more

Monday - Sunday 11p-la 2%| -4%)| 13%| 2%| 5%)| 11%| 11% 10%-20% 15%
Monday - unday 1a-6a 2%| -3%| -8% -3%| 1% 2% 1%

Gampaign #5 |

Monday - Friday 6a-9a -16%| 7%| 7%| 2%| 0% 4%| 4% Undercountsexceed over counts
Monday - Friday 9a-12n 9%| 8% 8% 1%| 0% 4% 4%| 1%

Monday - Friday 12n-4p 796 109 10% 796 0% 706 796 5%  20%00rmore

Monday - Friday 4p-7p 6% BRIl 15%| o%| 18%| 18% 16% 10%20% -14%
Saturday - unday 6a-12n 16% 17%)| 17%)| 16%| 0%| 16% 16%| 16%

Saturday - unday 12n-7p 0%| 16%| 16%| 9% 0%| 12%| 12% 8%

Monday - Sunday 7p-11p 2%| 19%)| 19% 7%| 0%| 12% 8% 9%

Monday - Sunday 11p-la 89%)| 17%| 17%| 13%| 0%| 18%[IB808 11%

Monday - Sunday 1a-6a -1%| 10%| 10%| 7%| 0%| 9% 11%| -9%

Gampaign # 7 |

Monday - Friday 6a-9a 7%| -1%)| -1%| -14%| -4%| -4% -4%| 1%

Monday - Friday 9a-12n 3% -6%| -3%| -3%|-119%| -3%| -3% 2% 1%

Monday - Friday 12n-4p 2%| 8%)| -2%| -2%| A4%| -2%| -2%| -2%| 10%

Monday - Friday 4p-7p 10%)| 10%)| 10% S0

Saturday - unday 6a-12n | -12%| 0%| -2%| -29%| -15%| -5%| -5% -5%| -1%

Saturday-unday 12n-7p | -6% 3%| 0%| 0% 4%| 3% -4% 3%| 4%

Monday-Sunday 7p-11p | -12%| 9%| 1%| 1% 3%| 2% 1% -1%| 15%

Monday - unday 11p-la | -14%)| -7%]|-10%| -10%)| -14%| -7%)| -4%| 2%| -3%

Monday - Sunday 1a-6a 9%| 2% 0% 0% -6% 2% 2% 2% 3%




Match Rates ly Schedule

Index Provider Occurrences Indexed to Post/Logs
Rolling back up to the schedule level,|
we find no consistency within each 130 *

L ] o
provider.Thischartis based on 110 ; . ¢ . ? :
provider occurrace counts indexed to| % ) . ¢

. 70 ]
logs, by schedul@rovider A for o *
examp|ehad the h|ghest index on Average  Schedulel  Schedule3  Schedule4  Schedule5 Schedule?
average (113), but you casee that A B - C e+ Do E «F G o H el
their average isomposedf high (#/- 5 minutes)

indices for schedules 1 and 4, a low index for schedule &ardge, or close to average el for
schedules 3 and This lack of consistency is more or less evident for every prowdeprovider is
consistently high or lown occurrences versus the pdegs.

All but two of the providerexhibited

Provider Provider Provider Provider Provider Provider Provider Provider Provider
A B c D E F G H I
MATCH RATE With NO DURATION low match rates for at least one
Average Among All Campaligns | 76.0%  91.0%  953%  952% 79.3%  911%  96.0%  96.3%  913%
Campaign #1 938%  988%  99.8%  99.8%  599%  817%  96.3%  96.4%  100.0% H
Cam:aizn #3 90.8%  814%  947%  94.1%  90.2% 93.9%  94.0%  955% SChedL”e desplte average match rates
Campaign # 4 739%  941%  895% | 89.5% 925%  97.7%  91.7%  97.7% | 710%
Campaign #5 * 3094%  867%  992%  99.2% 94.2% 99.3%  993%  917% on average among all scheduMge
Campaign #7 822%  93.8%  936%  93.5%  603%  94.0%  92.7%  94.0%  980%
S S R also find high overcount and
OVERCOUNT RATE
Average Among All Campaigns |  26% 5% 6% 6% 19% 3% 5% 5% 5% i
S M % % DB g L s D undercount rates for all providers for
Campaign #3 15% 3% 4% 5% 8% 3% 3% 3% . .
Campaign # 4 6% % W% % % % w3 at least one schedul&his analysis
Campaign #5 * 20% 12% 15% 15% | 14% 12% 12% 12%
e R T I S S reaffirms that discrepancy rates na
UNDERCOUNT RATE i ithi i
Average Among All Campaigns | 24% 9% 5% s% | 2% % 4% 4% 9% among prOVIderS and within prOVIder
Campaign #1 6% 1% 0% 0% 4% 18% % 4% 0% . .
Camsai:nﬁs 9% 19% 5% 6%  10% 6% 6% % by scheduleOnce again, there is no
Campaign # 4 26% 6% 10% 0% 7% 2% 2% 2% 29%
Campaign #5 * 61% 13% 1% 1% 6% 1% 1% 8%
Cam:aizn #7 18% 6% 6% 6% | a0% 6% 7% 6% 2% clear pattern.

LEGEND: 10% -19% 20%-49% 50%+ |

We found m clear explanation for these discrepanc@sl conclude that there is simply pattern of
occurrence dataiscrepancies by scheddlend no explanatioof the cause of those discrepancies to be

found hee.lssues are found with data from all providers.
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Match Rates by Commercial Length

Continuing to search for the source of commercial occurrence data discrepancies, we turned to commé

Average Match Rate by Provider

length.The match rate analysis was

With and Without Commercial Length Match re-run with commercial lengtas an
100% Y, 9 96% 96% o
o e T N ok oo w% ew  gdded criterionAll match rates
% 9% . L
- dropped, sometimes precipitousRor
70% 67% 67%
%60% ot k on «}kée JO®E,tik®
so A%
g . droppedfrom 76% to 48% and
30% J®E , ti k® 3t pedffolng s
20%
10% 91% to 67%. Others showed modest
T e o b : c ey declinesin every case, there was

Providers

BMATCHRATE W MATCH RATE WITH LENGTH

some caseghis disagreement was extreme.

disagreemst between the logs and
2sk «®E,ti k®:t  £gg

Looking at the commercial length

issue from the perspective of indlasad to Post]iog

overounts and undercountsve see
that all but one provider had
difficulty with commeral length.
Thischart showshe index of
overcounts and undercounts by
provider, by selected commercial

lengths, on average across all

campaignsOnly one provider didot
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Average Schedule Occurrences Matched to Posts/Logs
(Showing Extremes Only)

-Over-lndex To Post/Log - Under-Index To Post/ Log

exhibit extreme undercounts or overcounBt even that provider had difficulty witone campaign.

Discussinghe lengthissue with the providers we learned two important findings:

A There are no standard categories for commercial length among thedems.Some group similar

lengths into larger categorieSome report the exact numbef seconds the spot ran, even if it was

srcial




a cutshort, reporting a 36second spot as a :25, for examflhis isclearlyan obstacle to

comparing findings acroggoviders, developing normative data bases and conducting-meta
analyses.

A Some spots ar@hererily more difficultto discernthan othersFor example, a :15 and a :30 that

both use the same video content may be hard to distingishthis reason, any pvidermay
exhibit different levels of accuracy for different schedules.

Accuracy of NetworkLogs and PostBuys

Throughout these analyses, we found the number of overcounts Over Qunts
] ) ) _ _ Identified By 3 Or More Providers
puzzlingWe investigated by matching overcounts across providersg.
# of Over
For example, if Provider A found a spot on A2©®:05pmon Counts  %of#
3/17/20, which was not in thenetwork/advertise log,then how Found by 3+ | Spotsin
) Schedule Providers Log
many other providers also found that same overcount sgot? 1 89 1%
o . - 3 134 2%
significant number of oveounts were identified by as many as sevgn 4 17 2%
providers.This finding supported the theory that the 5 200 10%
7 77 3%

network/advertiserlogs were not a perfect truth sef threshold of
N2 b kM2 2s®kk O «®E, LT kK® S AT k2 A 2 sk 3 fi
Therange of commowvercounts, potentially actual spots missing from the log, ranged from 1% to 10%|

This reminds us that, as is so oftédme case in our big data world, we are using data for measurement
purposes thatverenot designed for measurement. Network logs and diser logsmay be fine for their

intended purpose, but are imperfect for attributiorhis gives us our surprising fimdy that:

1 Network andadvertiserlogs are not perfect sources of commercial occurrence data and should he
validated

Are Data Differences Driverby anUnderlying Technology Bias?

One common hypothesis has been that the underldiaig: gatheringtechnologes introduce bias into the
measurement systenThe fact that we found no consistent patterns by provider appeared to belie that
theory, but we were able to consider it directly.
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Thischartcomparek * gs «®£ , t i k® 1t t schellute actoh aveéragk amjorfyrll p £ ®
schedulesThe blue bars represent

traditional fingerprintbased
monitoring services with monitoring
stations in all marketsThe green bars
represent a mixture of AC&nd Ab
based technologie#s is visually
evident, thee is as mich variation
within a technologybased provider
group as across groupd/e concludd
that:

1 Ad detection echnologyalone does not explamccurrencelifferences among provider&nd it

certainly does not explain the differences foumithin each provideby schedule.

Do Data Discrepancies Matter?

This phase of the study has reveadbstantial discrepancies among provider occurrence data and
between provider occurrence data and the post log dEtese findings beg thguestion Do these
discrepanciematter? This question is addressed in two walysst, through the lens of standard media

metricsZz GRPs and ReacBecond, through the lens of attribution, using a commidt], calculation.

Attribution providers are notn the business of providing thegtients with GRP or Reach metriBst
these are the most common ways of dimensionalizing a television schedule. They provide a measure ¢
schedule that is highly relevant to attributidnhow many households were readhby the schedule and
how many intvidual impacts occurredf. more orfewerhouseholds were reachetlthere are more or
fewer GRPsthen the schedulewill have greater or less@mpacton market performanceWe also looked at
AverageRaing andAverageFrequency and could have lookedrapressions, but those measusrare
themselves defined by occurrences, GRPs and Reach, so they do not add new information to this anal

f the

ySIS.




