
A Case for a Shift From 
Demographics in Targeting 
to the Empirical Correlation 
of TV Viewing with 
Product Purchasing 

by George Garrick 

Do not quote without the permission of the author 
©1984 Columbia Institute for Tele-Information 

Columbia Institute for Tele-Information 
Graduate School ofBusiness 

Columbia University 
809 Uris Hall 

New York, NY 10027 
(212)854-4222 



A CASE FOR A SHU'T PROM DEMOGRAT'l!ICS 

1N 'l'Al(GlfflNC TO THE EMPIRICAL CORRELATION 

OP TV VIEWlNl: Wl'rll PRODUCT PURCHASING 

George Garr lck 

Oc:tober 19, 1984 

Thl8 paper was presented to the Columbia University 
Graduate School 0£ Business Confe.re.nce: "Beyond 
Ratings; New Dire.ct-ions ln Audl~nce Measurement 
R~sp,m.se" 

George Garrick is Executive Vice Pre.~i<lcnt ui 
Information Resources, Inc. 

Rese,irch Working Paper Series. Not for citation, 
quotation, rcpruductlon, or distribution withnut 
written permission. 





The topic of my talk is the empirical rneas,;remenl of correlations lmtweF1n fV 

viewing and product purr:hasing. My <Jbjactive is to iUU!ltreta thet thn "~e o/ 

demographics alone in media planning can be quite inefficient, "nd the 

f prospects for improving upon targeting efficiency through 
I 
, dernographically•based techniqu,:,s are dim. A.fter covering aon,~ examples 

which support this contention, ['Jl then propose an alternative ~ystfnn for 

measuring nudience eharacter(stics based •Jfl po.m;hu~e data ,.,,1.1-,~,· than 

will 8how ~ou some actual results taketo frnm a rece,·,t st\,dy, ! ·.;ill ,,Jes" Ntlh 

a discussion of what is needed in order for suGh ,.1n t'V[)luti,m in nudiflncfl 

measurement methodology to take plac ... 

First, J would Hke to briefly review the details of t.hP deta cnlln,·1 ion system 

thal we at Information Resources have esssernbla<J, In f'ach of 8 ,n,irkets 

across the country, we have in.~ta.lled UPC scanners ir, stores accnnntinq for an 

average of 95% of grocery ACV. A sample of 3,00U hoi1seho!ds per market hais 

been seh!cted to participate in a special panel, !-~ach shopping mr.rnb,.•r <lf mlch 

panel household carries a special !O Card which they ptesent \o t.he ,:ashiers 

11pnn check out. The identification rnJmber ii ,•nte,·.,d by the o:,a~b1,,r, ,,r,-1 ~II ,,f 

th!J penelist's flUrdrnse~ in all ~au,qode; ar,, ,.,,u,.·<Je,1 .•,iti· 

Fol' a subset of these pan.alists, currently~ tntal of 6UUIJ «cr,ms dw ~ '"'' ke1~, 

been atteched to their television sets. fhrn !,rovides ,:,n>tir·,,,o,w ,1,,,.u ,Hl ""t 

status which can be translated into daypart nnd proyr,1n1 i11f.,1•n,oti,,n. 



Importantly, the sanrn households are <Jsad for the coller.tion of p1orchasi11g ,md 

viewing, and both types of data are co!lect<!d via eJ,octronk snean.s. What we 

offer here is not an alternative to some Qf the syndicated data bases that 

f-current!y exist, but a significant advanr.ement in the inherent data quality artd, 

I 
, as a consequence, the introduction of exciting new eppllr.ations . 
• 

Specifkally, purr.ha~lnrj informat\011 eol!,,nef.l ,;i,, syndicat<arl surveys "an be 

reporting error of 200% iG compared to a category with a reportin') error Qf 

300%, the results will show differences whir.h rio not 11ecessarily reflect 

differences i11 purchasing patterns, but simply difftnen,;e~ in c,msu,ner recall 

error for the two categories, Sim!Jarly, lhe use of meters rather than dil1ries 

provides more accurate viewing informetion, although il is currently ;;mit,:,,:j to 

the household level. However, this limitation !:an b,i ov.,,·r.ome thtough 

techniques that l will <.lescribe later. Finally when we ~hift to the us,; of 

people-meters the inconvenience 'lf hooaehold-!evel '1at/l will disappear 

completely. 

background ,m thP. system, f w"u!d likr- r,_, n<JW ,Jel :n1n ,n, 0 •npk n1 •1udtr-nc,; 

measurement, 



rhere are two basic types of TV audience me11sureme11ts thAt one must ul,t,;,in. 

First, it is important to measure the sin; of the eudi,•11c,;, or the .,ti,nbm· v<' 

proportio11 of huuseholds or individuals Wfltchinq fl ')Lven ptoqr.irn Ol' a gi~•m 

r daypart. This is done through ratinq and ~hare measures, Se~ond, it is 

I 
. important to measure the ~ of audience, which is currently e:ipres;sed ill 
' 

t"rms of demographics. A proqrarn with" :1igh ratinq is nut n1cc>cs~Arily "•Jll<ld 

importance is the prop>cnnity ,Jf the vit,wer l•J Im lik.,ly '-"' ;1ur,.i,w,,, ti,c, 

advertised brand. As an extre111e example, if yo,1 ,ire arlv<al'tisin,J ,;nt food y,1u 

would like your ads to reach household~ whi,;h have cBt.s, regBl'dless ol their 

demos. But currently, one attempts to characteri;m households thet are most 

likely to own ca.ts, and \nrlividuals who are most likely to purcha~e cal ftwds, 

in terms of demographics. rhen, by r;honsinq prnqrams whid1 """r.l' thos,• 

demographic audiences, it is hoped thAl you will bn ,foinq ~ murc dficienl job 

of advertising cat food than if y,iu simply odverl.i_~>cd ll randomly, 

It is this second element of audience rn•msu\"ement, the lVP" of malience, thnt 

I will be concentrating on. It is mur,h .~irnplAr to .11eas<1r,1 'he sin, of .m 

tirne as we!! as some m,w ,•,ntri,,,i ,,,, lh,' t,"''' 111 \Vt.ii,, ""i ,.,,, , ,,,.,,t,; ,,,11 

We believe that there will l)e an imp•Jrtant measqrf>ri10,nt si1ifr fr,,,:, ih,- """ of 



t 
I 

in classifying audience types. While this will not happen llVernight, [ hopa to 

illustrate to you that this la certainly a desirable goal, and given time, this 

shift will come about. 

/ Annually, advertisers spend over 12 h!l!ion to advertise package goods, 

' cr<,nting over 5 trillion ho•jsehold impressions. Some ?.,000 brands in 500 

categories "dvertise on television in a ,1i1en year. Yet, ii nn,, lnrib i,t how 

.;dvertises to one of three demo,araphi.-, neg,oe,nts. A,nd 111% ot tfut r;dvertisinq 

is directed simply towerrj adult women, Sometimes it is women 18-49, 

sometime 25-54, end sometimes total adult women, but esmmtial!y we have 

2,000 brands each advertising to basksil!y the same seyrnent of •1dult worn'!n. 

(Actually, there is relatively little dlffer.,nce in an 18--49 vs, a l5-54 target, as 

will be shown later). It simply iu not logir.a! to exper,t J or 4 highly correlaterl 

alternative demographic definitions within the adull women segment to be 

adequate for optimizing the targeting for each of these 2,000 brands. 

Rather, for a given brand In a given category, there is " particular mix of 

programming which will be most epprnpriat<' f1lf thet bMnrl, while the b<c.il 111ix 

segment, signiflc'<nt difference~ in µllrche,11: pr<ipensily exists. ,~ "\. 
What typically is ,ound to be illllstrated here. Amonq al! wOr'1<efl l~--4'l, if ':w:, 

categories are examined 4 segments will ramerge. There will be as,,g,»,,nl that 



purchases neither of the two categories, two ,iegments that each buy u11e 

category but not the other, and e segment tllat buyo both. Nwneruus ex.,mples 

may be obvious such as health and nutritional foods versus junk and mack 

f foods, or 

i 
frozen meals versus baking mixes, cat food vs. dog food, and so f01"tl1. 

"1,. i 
fhis next chart shows actual data taken from " recent Mlalysis <'<ln<Jw:,ted for 

one of our major cli,inls. rwo catey,wies wel'e i,xnmined, and arn drn,otJd !mm 

r.Ll,npany'~ brnmls in both cateyories have detirwd wurne,n 2:;-)1! ,J~ i,h,, p,·:,n,u~ 

target segments for medie purposes. And irnport,mtly, even tiwuqh these, 

categories ha~e virtually the same demo target, they ,ire somewhat 

supplementary products in that heavy users of on,i tend to !lo.! be heavy umars 

of the other, (Butter and margerin,i ar examples •JI two such categories.) rh,s 

exhibit shows 4 columns with each column represe11ting hou.id1oldH clAs•Jified 

on the basis of age of femal<i head. For each cateyory, the chart 8hows the 

percent of households within each a<Je segment whu purchase that r.ategory in 

six months. r~ote for both categories, although purchase incidence is slightly 

higher within the under•55 segment, the diffarenr.e ia not that grear.. fhe 

separation of female heads Into a 55+ ~s. an ,mder•'>5 ']roupinq ~i•np!y do,•~ nol 

categories and brands. On" wey to try to impr,1ve ,1pnn lhis i~ by usin,J ,i,,•l(cc.,; 

demographics in describiny the laryet audienni. Fol' Catngory in ,;his 

example, there is a more sp"';ilir. target description used in strate,l_li<: plonni,,y 



which is households with female heads age 25•-64, j or more member.~, and 

incomes of $20,000+. 

8~ ~ 
r Here we are comparing that particular segment to al! householtJs who do r,ot 

I 
fit that description, As you can ~ee, the purchnse incidence i$ V% higher 

within the target segment. fhe next meas"re !Jere is pint~ µurdieGt"I per 

btJyer in a six month pe1·iod, which c0r1 Ue ~mm to be 26% hi9h,w. fli,a ,-.m,J,,.:t 

from which~ S>.lhas index v,,.'S'J$ total illJUsehohJs Gen be ,,o,nplit"d wil.h(r, ,w,,i, 

segment. Within the t11rgP-t seqment, the sales index is l,27, cornp,,rncl to ,85 

among non~target households, Thus, overall per capita sales of this ,::atRgllry 

are 53% higher within the terget ~udience. So far, this is a slep in the right 

direction because the per capita e,Jnsumption index is much higher ,vithi,, t:,e 

target audience. However, by edding "ddition,1! variables one, ends oJp ,;a,·virHJ 

out a segment which repre,ients a smallc,r proportion of the tntal U.S. 1'.\s this 

next line ilhows, this targ,Jt segment act1Jally represents Llnly ebout 40% of ~ll 

households. lf one computes the actual percentage of category sales ,ibt,1ine,! 

from househoulds within each segment, it turns out that about half of category 

sales are obtained from households who are not within lhe t.erqet :ae,Jrn,,nl. 

definition. reJ.,live --· ··-

S<Jppose we are tryin') to classify buyerr. vs, non-buyers of this ur ani, uthHr 

pro,Juct. You will ,isua!ly find thet both bu1,1rs and nnn-bqy,,~s ,n.-;lud,. ,,,n,n,m 



of all ages. Thus, age and sex aJune du little good. !f we wern to qo out ,mu 

conduct extensive research to learn everything we c,ould about buyi,rs vs. 

nor,-buyera of any product, anti louk at a wiUe variety of demo9rephics es well 

t-es 8ttltudes and lifestyles, we would certainly find differences. Differences 

i 
l have to exist, because if the two groups were identical, then they would not 

' differ in purchaae beh8Vior. rhere must be some f8ctors which r1istirHJUish 

these group~. lt is ju~t that th,; factors are nnt not alway~ Jmowr.. rhi,rnlorn, 

presum11b!y a ftJnction 11f differences in derrHJ•jl'~pl,ks, ~lu,U,des, iif"~lyl"s, 

etc,, then why would one expect them to have the same rv viewing patterns? 

Given that two such groups can be shown to differ with respect to buying 

patterns as well es other characteriatlcs it is not unreasona_h!e to expect that 

there probably ere also differences in pre-fer•mces for cettflin t>J/e•1ision 

programs, 

The result is simply il!ustrflted in this next e~hibit. lf yo,1 look ,1t a qiveu 

category that tends to be purchased by, soy, 60% of all women 19--49, and 

identify all programs that deli~er strong audiences of women Ja-49, this is 

what you will find. Out of all proyrems that deliver wnme,n lll-49, they rfo not 

elweya deliver thern in the some proport[,,,, ot b,,y,·r" ;~. ra,><1-h,1yo>cr, .,f •.il~r 

catoqory. Certain .shows, as in this ,,~a,npl0 Sho•,/ 11. wil, ,1,1lh.-e1' hi,,\hr,r 

concentrations of ,:ate,9m-y IJuy.,rs than will ott1rn- show.>, 1ev,rn U1uuql1 th,,ir 

audience demographics ~re the same. lt is lil_.,rally unpo~sib!" for -::very 

program to result in thn t·esult t.hri same prnporU□n of imy,ars vs. non-buyRrB. 

And, there is no reeGon to beh,,ve thflt quch rlifforem:~ sho11lrl r,ut b~ 

consistent. Aft.er ~IJ, only eqe em1 •se~ are used to define µroqr~m ,iudi,,n.,,,~. 



If one were to take Show A 11nd Show B and compare <'lll ,i•1a1Jable 

demographic, attitudinal, and lif,.style mformation about th<lit at;rfo•11c11s, 

differences between the two would certotinly emerge, fhernfore, why .riot 

f expect to see differences in p,irchasing between the a1idiencea? fh>J p1'oblem 

i both here and in the previous examples is that we simply dr> fl/Jl 1Jse enough 
' ' 

descriptors to distlnquish between buyera vs. non--buyers of a •Jivet1 prod1Jct, or 

viewers of one Bhow vs. viewers of anal.her sh,,w. Ami ir, •11ony srnys jt is a 

complex. 

Fortunately, all of the intermediate veriables ·can be circumvented by simply 

taking an empirical measurement of how viewing correlates with pul'chasing. 

The measure we use to do this is called a leverage index. I he leverqqe index 

is simply" ratio of purchasing within a specific audience, such as the au,Hence 

of a particular program, v"' purchasing for all households. A (ev,Jra9e inrfox of 

!25 means that per capita consumption within that particulal' t111rJh•n,:e is 'l5% 

higher than average. An index of 80 meeos that per capita consurnption withirt 

the audience la 20% less then the average, Back to our previo<i~ ux;,;1,it, Sh"w 

A had a low \evornye in<1"x, ·vhil•· '.)how 8 had a lli<Jh ind<:x. Yti, ,,,.,, iw,, Uw 

same ,Jemographh:~. 

A few important ,_;omm•mts >1bout tl1e leveraye ind,ix is first, ,t .~ " 

per-ra.tinq-poinl ,neasure. rh,.t i8, the lev.-,rage in.Jex is do,-.,; ,,,,;_ .-,,\,i(« '-" 

program rating. It is a celetive me,isu1·e which >1eerls to br, "Pl'lharl to i.he 

program's rating, It is also an arJditj__onel piece of lnformetir,n, nnt n ·;,ili,'1.,tut<a 



for information currently used in evaluating programs. This is n very 

important point to stresr. since we must still consider eudienr,e demo•Jt'aphics, 

re.tings, GRP's, cost anrJ ,;ither factors in evaluating Any pro<Jt>lrn. Thr. 

f leverage index is simply an additional piece of information that can enable us 

I 
i to make more efficient media decisions. ~-inally, the levarage index currently 

' 
is a household measure, since wa do Flot yel distinguish either viewing or 

purchasing on an individtial hasis. I lowever, that ls not a SflVe>rn limitud<Jn. \f 

is that tha likely purchasers ere wmmm 25,54, rtiert'for,•, mw wm1ld "'<pr,ct 

households with women 25-54 to exhibit a higher purchasing level for that Item 

than other households. [n other words, purchases made by individuals will show 

up in purchase data measured at the household level, and that is the key 

element of information we will be using. 

Th, ""' oh~i, "'"" ,,,, ,, <he rneeel,'100 '"" e,is<s be<weeo <.he 

incidence of women 25-54 within a progrem's au<Jien,;e and the Jr,vorage index 

for category !JI. Each dot represents a. network TV program, en<J these results 

are based on the first quarter of 1984. The figures on the left. scab, ~re ~imply 

women 25-54 per hundred TV v!ewillg household.~, and repri:s,mt ,1,wh p1w1re,ns 

average audience as taken rlirectlj fron, ,he national <'flti11>_, ~,i,,,,,1.,, 1·11e 

1.,verage index on the bottom sc~lc, is 'he lever .. ge index <.hHI ,., '·nv,_, 

,;,omputed from identifying housel,nl,Js wht1 toqu!u\']y '-'Jim inl,; :ll,rne p<UlJi;J1.1·_;, 

and indexing their previous six ,nonlh'~ cnnsnmptwn for .,utoq,1l'y 

average level of conm,inµtion across oil households, If br,m,Js in li1is ,,i>l<1g,wy 

ere tl!rgeted towards women 25-54, presumably thf! expectutmn is that worm,n 

24-54 are more apt to be category buyers. (f that is the case, the purchases of 



these women will show up in their household's date. We -~houl,1 t.h,m see a 

positive correlation. For this type of am1!ysis it is not necesr.a1y to have 

individual purchasirig data. As you can s,m from the exhibit, there is only a 

r slight positive correlation between the incidence of women 25-54 and th<J 

I . • 
1 

leverage index. The correlation coefticient Is ,38 yielding an R of 14%, 

meaning that the incidence of women 25-54 explains only !4% of the vHriation 

in th,a i.wersge index. Looking at thes•i rnsulta (n ft ,l(ff,;rent ,mrnn,Jr 1 if""" 

demo profile th,are are plugrarn8 with u high !ev,cra-Je Index ,md pr,;q,·arnc ·N\th 

a low leverage Index, ln fact, for any given e<Jdier,ce composition ther•.• ~xiats 

a significant variation in purchase propensity for a given category. l here/ore, 

once a demographic criterion is established, by concentrating on the programs 

which in addition deliver higher leverage im1icea, one is better ,Jff. 

fhis next exhibit provides the same information for c,,t.,qoty //~Ft this case, 

we have actually a negative correlation yet a ~imilar H
2

. l"he negatiYe 

correlation does not mean that the dier,t should choose shows with a low 

incidence of women 25-54, It just mean~ lhflt there Atfl many other facton 

rletermining the purchasing pet.terns of this c~tegory, l\g~in, if une l•1uks at a 

qivefl inciiJ•.mctJ of wonwn 2',-54, sav 40-45, the,·e is a val'i~tjnr, uf a l"W of /';_ 

are e~tablishe<J, the ,me of pro<]rar,is with hi<]il inrl,ce,, is 'Join•J ,<J ,,., ,•,,re 

efticient than the use of programs with uverAQ" f)1' !Qw in,lkc,c'-

We have looked at this sort of COrtt!lfltio11 across nenwrous cat.,,,1,,des, 

correlating each category's leverage index with the corresp'Jndinq tHrget 



!lUdience incidence and have consistently fol!nd little or no conelation, But I 

don't think thie is surprising, since for the most part every advertisGd br,md 

and category has pretty much the sarne desired detnograplilc larget audience. 

r You are either targeting towards women 18-49 and women 2S-~4, which 
i 
; correlate to each other with a ,97 coefficient as can be seen here. rr, those 
' , 

demogrephics always offered ,:iood correlations with tt,e prop.,nsity to µurd1ese 

taad, GlltGgary, it would sugqest thM nil product ,;at.egori,s·: ,,re :)1,s1tively 

conc\stF,u with «ad, ,,ther, "rewilt which nhviously ;,, n,it tl;<c r;n,;e. 

Therefore, given these results which show a failure of demc•qrnphics lo 

significantly diecreminate consumption patterns, fJlus the precerlin•J data which 

show the inability of demographics tr.> do a very good job of irl.,,nlifying which 

programs deliver buyers vs. non-buyers of any catli<Jory, it seems that the 

desireab!lity of using purchase data directly in the selection of prngrarns for 

specific brands or categories is obvious, Bul his does £:1.0t rnean that viewer 

demographica are unimportant, Only that purchas,, data sh1J•Jld l:e inclurJed in 

the !lnalysis, 

However, even though these results woul,1 repliGste th,amselves ov,,r and rwer 

than our own, the!'e is som,1 b"sic cPs,starn;e in the, ioi,:!,,str} :n '''l•Jr,•s~1,,•ly ,,·:, 

to shift to the increesed use of purch11se t111t,1 in ,nakinq .,1,irli,J -•~c::i_~_lO!_'~· 

Back in J,.nuery, the EMl{C held a Needs f).,fini(inn l',,nferencc wirn ll7e 

objective of defining short-term and !ong-t!'lrm key needs in rv ,10Jdience 

measurement. One of the needs that came out of that conference <'lns«ifioad •;~ 



"most pressing" was extended meo.suremont of individuals, This is II rieed that 

is note restricted either to demographics or produci: .JSll<JO but is just a need tu 

have individual rather then household de.ta. This is a need that wn certainly 

t agree with, and our future plans call for a shift from households to persons 
i 
I measurement, Therefore, no more diacuaaion is re']uired on that point, 
• 

However, the avei!ability of mum <e/e,..,."9raphics reciev,id s ruling of 

"important." . .'\nd, ChH ffSUlt wldch •eal!y ,i,1rprhe,,j -n,-•, rh" ~l,1!it.•1 V, ,nrn·,itnr 

1,no,Juct ,1s,ige was classified as "lt1ast irnportunt". n,.,~, in the face of very 

strong evidence that the use of demographics stone in media planning he~ 

limiter! value in terms of efficiency, and that theoretically the use of product 

data would offer significant improvements, u collective group of industry 

experts still ended up with a consensus that ~aid the, objective both short ,md_ 

long-term should be to strive for more and better clemrnJraphics, pottif)fJ 

product usage on the sideline, This is particularly ironic since> most of the 

major packaged goods advertisers are currently working with us in fundin4 

research with the objective of developing a syst,m, ,,f media plenr.lng and 

execution that is based on product useye. But, when representatives of some 

of those same advertisers were assembled with a grmJ1l 'llso representing 

agencies end n,atworks, the r.o!lectiv,• ernphosis still C'lrn" uut on der1to<Jrepl1lcs. 

questions wi!loffer more detsil"d domoqrehics, them is Httl" ln ')"in from it. 

There will still bf! purcha~e differences within -let<,,,qruphk >l"•J•nents, 

regardless of how demugraphk segments ~re rJefined. !\ml, the use cif mm·e 

demos ln defining a tarqet. segments will raault in seym,mts that rnprnseni 



I 

smaller sources of e,:tual seJ.!s v,,lume, and ,i,Jditinn'll!y will con1plicale the 

whole planning buying an<! execution proce:is. Sr.1 why is lhere St!Ch an 

attachment to demographics? 

i , It seems that for one thing, demoyrephic~ havo m or 30 years of moment.urn 
' 

and tradition behind them, anrl the ind>JStt'/ is comfortable w<1rkin9 with tlk'm, 

complete restructuriny of the whole syst!c'm, l"hus, even conceptuul!y it is not 

at all an easy shift to mako,, f-"inally, we are finrlinq that when Ne intr,,Uuce 

this concept, it Immediately r.reates en expecteti,m of a perfect prnduct, ur a 

perfect alternative to demographics which is available POW tjnrl >hat ,ii1nply is 

not the case. 

Instead, a gradual evolution is going to be re<juired. !t is not goin,; to be >Ill 

overnight development, but we have to have a stei't so1rmwher, An nvolutiun is 

required, end as we see it it might go es follows. 

r-irst, there is no doubt thet NO 1,eed ln c'-1L•tin11>1Jl) ir,1µf'lo/•/ ,·,1r1·,,,-,C ,n,,:i,nd~ 

includes th<a continue<J ,ise ,,r ,le,n,,gr,aphk~, the shift tow,,,ds el,~;t_r•,,:ics in 

mtJasuremeot, ~nd the shift towards persons mea~urn.-n,·,1t ,·et'lf'I" lhH.-1 

Clousehold mea.~ure1r1ent. ,(\ rnaj,,r odvan~em,mt lwrc LS ln>!-Y'I (.n !,,, \!1<c' p»uple 

m"ter, which many companle-~ rncluding ourse!ve~ currently l1avo, ii, Usst. lhe 

pmgrese in thes,, areas shoul<l r,.art.ainly continue, hut 3[rnultanen,,~ly we sC,nuld 



start investigating new methods which used new types of data even thouqh 

they sre only beginnings. While we are still lmproviny the current methods, 

we can et the same ti,ne concieve and begin to develop entirely new sy:,tems 

t which may ultimately look nothing like the systems that ore currently used 

I 
; today, 
• • 

One particular evolution scenario mi~ht. be es follows. fhc ultim .. te LJbjGc,tive 

·m111ld be to obtmn "lectronk rlF;t,:i or, v\,,wCI' JJlll'Chasinq, rhos ,IG"ld be 

e,:,curate, electronic det,a frnm a ,,,,rnplet,,ly representative Sij111plc, whir:h 

correlated individual viewing behavtor to thB same indivi<.Juul's p•Jr,;heso, 

behavior, If that could be echiaver1, one •~ould argue that there would be little 

if any use for demographics. One could directly correlate invidual viewing 

with individual purchasing end make media decisiom on that basis. B1,t thst is 

obviously not going to happen for sometime. So let's go beck and Jonk et 

where we came from, where we are now, and where we might 00 ab!!' to (ju in 

striving toward that ultimate objective. 

A while beck, household demograµhics were used in defining audience 

characteristics. This eventually ahHled to viewer demographics with the 

recognition that p•:wple nflt hous,Jl>oJ,j~ D11y ptodrn:ts. Viewer derno,1,·aphks M<• 

now being combined with '_ieograph(r. bre8kdowns, ,md li,r,ited ,,s,, nf ,:e£t~i'1 

typea of other dete ''" " slight cmham;eme,,r. to what viewer de,-><,.Jr9f.a:-.;.-;~ 

alone can provide, Following this trend, It ,1,~e,1\s that if we r:af! l\dd hm,3,ahol<J 

purchasing data to viewer demorJl"nphks, lhis would be th,, ,r,u~t ""s,ly 

achieved next step, elth,lugh certainly not the ultimate solution. Not.,i ,hat 

nothing is beinq removeri from the previous ph1.ae, which is the cun,,nt ,;t11ll' 



of the art, We are simply adding houm'lhold purchasin') to what Is currently 

available, 

f Finally, we hope to eventually shift from viewer demos combined with 

' 
~ household purchasing to " system where we can collect person viewing 

directly, from people meters, and purchase date for the same individuHls 

through JO cards that arl'! codc,d by indivi,Jual ra.the,' than ho11~ehold, BHt thi,; 

11ltin,ate objective is >int •Joirn_1 lo be ach\evP.d ,,vern\,Jil\C, t\,n r,vo1,,,_inn is 

r .. quired, and we belie,ve now is the, time tu t,e,Jin shiftinry in that diredion 

through the use of houaehold purchasirai in conjunction with eve,rything e,be we 

already know about TV audiences. This does not mean that we or anyhody ,:,lsu 

can yet offer flawless household purcham, data with which to do this, Within 

each step there must be a beginning and a continuous transition lhrough that 

particular step with respect to de.ta quality and sample projectability, 

Let ua now talk about exactly how we can qo about beginning to incorppr1;t<" 

household purchasing with viewer demea and illustrate the power of this 

approach. Demos are first viewed as a necessary but nut a sufficient target 

description. That is, it may well be that if ,m lndividuol is going to rn11k" a 

purchese of your brand, there Is a hi,P prolmtiility chn( 1hAt 1r,,1,·1idu~I cs ,1,,,,1,1 

t<! be a woman 111-49, or 25--54, Howev.ar, not every 0/illllHn 1/l-'!9 ,n· ll;,•ry 

women l5-54 is going to be a pot.,ntia! p"rdinsn. !hons, ,-,e '-''" i,,;qi'1 11iti1 

demos as a necessary criteria but then ,Jiff.,runl,ate ull"' .11.,,p f,Jrt.1,,,,- ._,,;,h 

informat.ion on household purchasinq pettems. rhus, , f yo•, ,,r,a ,.q-, "' I iBinq 

spaghetti sauce and your target audience ls women 18--49, you am ln•tt.dl" uff 

reaching a woman 18-49 who lives in householrl that purr,hases ,;pMJllett; SAUCe 



! 
I 

than you are reaching a woman 18-49 wha Jives in a household i;hat does not. 

consume spaghetti sauce. Under thi.1 approach, household-level purchase rfotll 

is quite adequate. 

, Now let us talk for a minute about the types of classificetions thflt are 
' 

available based on purchase behavior. ! have generally been talking in terms 

of cutegory buyers vs, 11on--b11yers which 1s the most ob•1i<,us initiol 

claasificutlon, bul it is ~c,1·tninly not alway~ the cnrre,,;, ,;lassificntir,11 f'lr 

every brand, It may be th!lt yon ,ire ,ipecificelly targetin9 ads aqairrnt c,n-rent 

category non-buyers with the objective of expamling the category. Howe~er, 

in most brands the terget would be a known category user, sol think that. this 

objective!s fine to illustrete the technique. However, it is important to 

realize that with the scanning data that ere available clessifications can be 

based on brand buyers vs. non-buyers, brand loyal buyers vs, d1mlfprice 

sensitive buyers, buyers defined by certain types of grocery sh,ippiny put.tern~, 

or any combinations of the above. fhe Important far.t is that however yo,1 

define your target in terms of buying behavior, a household can be classified as 

either fitting that behavior or not. Furthermore, they cen be classifie;d as 

exhibiting that behavior on average, above average, or below avera<J"· Once 

the behavior objedive iu de/i,,.,d, u i>:'V~ra,Je indaax f,n' ,aacl, tim1sahold ,.an be 

..:ompl1ted which expre,;ses tht: r,xr.ent l" whid, th,,t 'iousishnld <oxl1ibir,, t•rnt 

will then help aort out program alternatives. 

The next few charts iUuatrate the effect of levt:rage on ,iu,!i,•nc" cntnpt>~itinn, I~ 
in this example we have a program which <Jalivers an 8 rating aqain~t wocnen 



24-54, which is for this example the target audience. Let ua assume that the 

target segment we afl) trying to reach represents 50% of all llDusehn/ds with 

female heads aged 25-54. For instance, perhaps half of ,all such households 

f purchase the category. rhe fact is, even though this program delivers an 8 

i 
l rating egeinet women 25-54, only half of those women live ir. households who 
• 

purchaae the category. Advertising to the other half Is essentially wasted,or 

bast of minirnel value. fhus, this program i!eliv'c'rs IJ ratin<] ,agaiMt wtJmen 

25-54 who 1,re a!so wilhin the lHrr1c1 buying ~eg,.,e,nt, rht·! ,,ex/ .•xhil,,t H!1r,w•, 

the eff.,ct of leverage. Levorage, again, is simply the rdulil/t' ind,ki;r,e ,,f 

the desir,;,d huylng behavior within t,he demographic 11uriience. l'hua, with a 

leverage of l.25, a program with an B rating against women 25-54 actually 

delivers a 5 rating nga]nat women 25-54 who !iva in households that. purchas" 

the category of interest, In r,rmtrast, with !everaqe of .7~ a program can have 

a similar B rating but deliver only ca 3 rating against women 25-54 Nho live in 

hol)seholds that pUl"Chase that category. Thus, thes.i three prn,Jrams look 

identical as far as demographics are concernd c>nd W'lUld coat you the same, 

but program B w!U be much better thari program C in this particular categnry 

since lt delivers less waste, Similarly, differences in leverage c,m compensate /(, 

for differences in total rating. Here you can see that a pro1Jr,un with only a 7 

rating hut II leveruge of 1.2; will deliver the ~,.,,,,. rnl<:va,i•. nt,-l\<>c1r·;,, ,,s a 

progran, 'Nith Rn l l ~atlnq Jnrl a levermJe of ,75, fhe un,; M ',wP,'"'i" ,:1-,~dy 

hes a significant irnp .. ct on show s,;,!eclion. (,lr,xt, l wo'lld :,k,- Lo ""·"·• yn1< 

some iictual rr,sults for the eno!ysis Wl.l did on Cat~g.:,ry I, Her<' f"'I ,11e,, u,,. 

highest and lowest 3 programs fot· thi3 cateq,wy in ter,ns ,it levernqe i,.,t,,~. 

These programs were six of the dots you saw earlier ,m th" ,;c'ltter plot. We 

have an aver!lge index of about 115 for the high shows ,md "lwut. 7~ for the low 

,1 



shows. The high shows in this ex.,mp\e on av.,,re.ge µrovide A ~1)% hiqhet index 

than the low shows. This is e very signiflcar,t difference. 

,i 
t Next, lets look at the Category 2 indices vs. Cetagory I. Here we have Urn 5 

i 
, highest and 3 lowest programs for Category 2 in the fit$t cnll)(nn, end 
' 

alongside have listed the correspondill<] indices for Category 1. fJoth ,)f thase 

cateqodcs have the sauw women 25-~4 target ~udim,ce fo1• ,rnt.-im-k 

2 dciliver a very low index fm· Category !, unrJ the l pn1yra,ns ths( 8.,ili1,it the 

lowest index for Cate;Jory 2 deliver high indices for Cate,;,1ry I. Also shown 

here is the demographic incidence of women 25-'..>4 in each show, which on 

average does not differ that much between the two groups. And, if one 

compares "Days of our Lives" on top to "Loving" at th" bottom we see an 

almost identical demographic profile but a total reversal in the efficien~y at 

each program in reaching households with consumption patterns for t:at,,qory l 

vs. Category 2, Clearly, this information w"uld have important implications 

for this client regarding which programs are allocated from network inventory 

to which brands. 

We 11lsn took a look 11t the a'mraqe in.i,,x 11,;t,rnlly scl1ieved i<> !Ile :,t,,, ol1-s .,,i 

sched,1/e. fhis exhibit shuws hrand '<, which is th,, d1ent's ,_'.fl.t8•10r~ J h,,w,J, 

tistiny its prime tirne advertisin!J schedule f•ll' Jarn,ary, !91/4. • <.H ,,Hd, 

pro,1ram in which an ad app,rnred, the ,oor,·BsponJill!] indo, fot· t"""'.ntc';JOfY ,, 1s 

shawn. On average, the brand's law1ary prirn<' ti11w r.di~dulc nchievPri ~n 

index of !02. 



Here are the same results for brand X during daytime in January during which 

it achieved an average index of JO□, Aa you can see, without takiny purchase 

data directly into account, this brand achieves an average levernge. We have 

f examined dozens of t,randa in this manner and have found that in most 

'. instances, brands currently average a leverage index of betwe"n 95 and JDS • 
• • This ls not at all surprising since purchase data are not used directly in 

developing media schedules. Only demoryraphies are •.1sed, and you saw e>1rlier 

how ineffer:tive they are in discrin1in•iti11<J ti<~ purch~sinn ui pc·uqnun 

audiences. Note also that trtis r;h>1rt ~hows the corre,ipu•1dinq inddence of 

women 25~54 for each of the programs used in this brand's ad schedule, and the 

average is 40, 

To illustrate how leverage could be used, we then took this schedule, lookerJ et 

other programs In this company's network inventory, end rearrnnqe.-J the 

January schedule in such " way that we eKi:luded o few of the shows with low 

indices and replaced them with programs with high indices, out ,fol not change 

the demographics. The resulting hypothetical schedule is ~hown herP. Notice 

that we have increased the average lever&ge from JOO to 11?. while the 

average incidence of women 2S-54 remains essentially the ~ame, In foct, it 

HCtuelly decre,ised sli9htly to .l9, file import.ant factor i~ thHI .d,•,pl:, by 

making a few rt1arrangements in whir;t1 pel'ticulm· pru,Jran,~ ·,;nre ,,tiliz,arJ, '""' 

have achieved a 12% effective increas6 in adv,,,·tisi"'J ,fr,li•,cn !-1 ,,,,t"qnry 

buyers. This is the same result th,it would have lw"n ,whi.,v«<I '') o 12'~ 

increase in the >1d budget. f~or eKampla, if this bi·am1 ,;p,in,J~ tllJ -11i!lion 

annually, thia reerr,mgement of pru<Jrmns to increase leverage would have lhe 

same effect as a $1,Z million increase in the brand's ad budget in. terms of ho'cJ 

11 



many gross impressions are actually delivered lo category buyers. In 

rearranging the sch.,duh,, lt is impo,·tant that other constraint$ such as cost, 

demographics, GRP's, etc., are stil! maintained. However, we have been able 

f to do this without very much diffkulty, 
I 
I 
' Finally, let's take a look at some of the cost implication~, I lere we sea the 

avarnge network cost per point against wr,me11 25--51\, which i,i $2'>00. 

How!lver, since th,1 t.arqet 1:u;diem,e, is DllyH,; of cat.eqory I, ,ir,d <1nt ~11 

households purchese category l, we cen divide the tot.al cost per point Ly ti,e 

incidence of category purchasing to comptJte a cost per point against women 

24-54 who buy Category I end find that it is $4,000. Similarly, Cet,aqory 2 has 

a lower purchase incidence so the cost per point against women 25-54 who buy 

Category 2 is $5700. Therefore, although we do not want. to give up our actLJal 

budget constraints, we can now work to maximize efficiencies in terirrn ,1f 

buyer-adjusted cost. This next exemple shows how dramatic a differencB 

between two shows can bl!. 

71.. 

"Days of Our Lives'' end "Ryan's Hope" each exhibit 

of women 25-54 per thousand viewing i'iouseh<Jlds. 

a fairly similar incidence M 
fhereforn, as far as th<l 

demographics are ooncern,~d these two il''"Jrarn:, look mlativGly ounllHr, 

also fairly .similar for theae two proqr,.rriB, and .so for eHs,i ,,f ollowtrnl "'1, l ~'" 

uaing the same number. Now, suppose that the r,dvertissdbra,1rl i~ a 1:al.c•Ju<y 

2 brand. If we assume that ead, prngram has everege lev,~L''1lJO, we can t>dd w 

this ohart the cost per point egailltlt wmnen 25-54 who pl!rchosl) l~ate<Jory J, 

which is $5700 from the previous •ixliibit, But. these programs do nc>I. ec1ch 



exhibit the same leverage. 

As you can see, "Days of Our Lives" dP.!iVers a leverage of J,27 against 

t Category 2, while "Ryan's Hope" delivers a !everege of .71. If these indices 

I 
are divided into the cost per point per category buyer, you find that the actual 

! 
' cost per point against women 25-54 who are category buyers for "011ys nf Our 

Uves" is about $4SOO, yet it is $6000 fo,· "Ryan's Hop,-,". ~:vcn thou9lo these 

twn µrngrams Jool< almost <dentjc,il with respect f.o ,1er,,t1grnphics ,md total 

cost per point, the cost pe1· pnint aqeinst wornen 25--54 who buy r:ate0ory '?. is 

almost twice as high within "Ryan's Hope" vs. "Days of Our Uves". (t is not 

difficult to see how, at least conceptually, the use of these kind of data in 

planning and allocating program inventory can dramatice!ly incroase 

efficiencies and minimize the cost of reaching th<l desired type of buye,r, 

Obviously, if this type of approach is to wcrl< there must be enough vati11tion 

in the leverage of va.-!ous programs such that it !s not always the same 

programs that ere desired for all brands. But, that would not be expected 

anyway because if so, it would imply that all r:etegories are correlated with 

eech other, This next exhibit shows the leverage indices for 5 cateyories for 6 

selected daytime progr>1,n,1, The t11rrJ,>t •lH,li••"l''" /,l< e>1ch of tlwsr, ,;"l'"Jories 

is women 25-54, but you car, sen th,; varl11tinn ihst ,ixist.~ in the tev,;re<je 

programs that are goud for one ,ire not gnod for the nther, 11ml vict: vter,a. ,-or 

Category 3 we have a mixture, ~-nr r;r,teg11ry 4, note r,hat a!thou<Jh them is 1, 

variation across the shows, sl! of the shows index high. This eaves!~ that 

daytime programming in generel ,1ffers high leverage for this CfltC•J.,ry. [n 



contrast, in Category 5 most of the programs index low, indicating that 

daytime programming generelly offers low levernge for category 5, Altho11gh l 

have not discussed it here, we have found that the concept of leverage epplies 

t elso to choice of dayparts, network vs. independent stations, 19.nd other 

i 

1 
alternatives. 

• 

The reason 1 huve c,1nr;entrated pri,n,1ril1 011 indivirlual prnl)r,,.r,.a is ba,~ause 

qiven the way the indtistry ($ ,:urr.,ntly stnu;-twred, th" ,!\ □ St '"'meUiute 

epplkatiofl of these data ls m allocation of qtJtwork invantory. fhi$ is ,m al'ee 

where advertisers and their agencies have the yraatest flexibility, compared to 

the actual buying of network time. To help accomplish this, early next year 

we wll! be offering a computerized system for llptirnal allocation of network 

inventory. This will be a client-accessed system where <me would input data 

on available pr,igram inventory including information on anticipatBd rntin<JS 

and demographics. Howev,er, leverage indices will also be iflplJt lot each 

program. Each brand's objectives would be inplJt in terms of target audiF>nce, 

GRP's,. budget, daypart and other constraints. fhus, the first two ~teps would 

be pretty much in line with tho procedures used today in allocatiny invenLory. 

However, tha·system would assign programs to ,rnch branr1 in such u way as to 

not only satisfy their conv,mtiur,,,l coflsttaints, b,1t do ~o in ·,uch 11 way a~ hl 

maximize JP,Ve!"Age. fhus, whereas cnrrently ea,:h 1,rnnd wnu!d rPci,;•,n a 

package of programs that wfluld deliver a certnin level ;Jf '-'Hl''s to (Im 

specified target a<1dience within " budget ~c,nstraint, rather than Jn 'JO will7 " 

package of shows that delivers on ,;verage leverage of about IUU, WP foel thul. 

we can increase that average leverage tn anywhere lrorn l JIJ to l JI), the net 

result of whkh would be equivalent to u1 increase of JO to 50% in BdVHtisinq 



spending against the buyer segment of interest. 

As far as future plans and whera we see this al! going, one of thFJ fir~t stepe 

! will bl! sample expansion on a gBogrephic basis, Although we believe, ,1nll hAve 

I 
, evidence that support the fact that, our current 8 market syslem is quite 
I 

projectible in many applications, we have plans to FJxpm,d to o fully 

nationally-projectable sample cver the course· of the n,ixt year, mdudiny <he 

adrlitir,n of major market oreas, We also pl~n ,i ~hift to P"''"'m ,·lf!tn, ,,l,icl7 

rBfers to the use of electronic devic,is to monitor inciivlrltml p-,i•Srnl vie,wi11q 

rather than household sFJt status. Eventually we plan t<J identify individu"l 

purchasers rather than use the householr! as the purchasing unit as well. 

However, this will not be achiP.Ved overnight, and as we rnovo ahead in 

developing these ce.pa.hilities a cnneapnnding requirement n1ust bn a willing 

shift in inllustry attitudes and procedu1·e11. Specifically, an increas<a in the 

reliance and acceptance of purchase data a~ tool fc,c evaloiatinq TV audienc,w 

and using that data in the planning, b11y(ng and allor.atirm prnce1111, Of ,:rnirse, 

this will require the joint cooperation of all sit.les including advcrti1P.rs, 

agencies and ultimatBly the networks, As f rnentioned earlier; thi~ will dearly 

be a grat.lual evolution, ea neither 1m ,n· anyone ~l$'l ,nnvinq >his dit"etian wi:I 

be able to offer overnight 1>nf11,;lioP, 

the objective that the end r,,mult will ')rentl:, bon.,fiL •111 pi,,-t_;.,s i,,-._,.,j,,,,._1, ·\rid 

all involver! parties must tak» ,m open minded apµrr,a~h ,,nd c,~lltilit " 

wiUingness to try entirely new apµroar.hea rather then bi, cormtrfJ1n"d IJ/ i>t,bil 



to conventional methods, As morfl and more evidence is compiled in support 

of our claims on the va.lue of purchase data, it will become even more obvious 

that the potential savings from the shift in methodology we are proposing are 

I , enormous . 

• 
• Assuming that an average of !5% increase in efficiency can be achieved, 

where efficiency is defined as the extent to which ods are reaching viewerri in 

households with a high p,·,iµe,nsity to purchmi,; the prod•1<:ts, this lrnr,sJ/lt1Js to 

anywhere from a $5 to $25 million savings for a single brand, F-or a major 

advertiser this savings can easily trenslata to anywhere from $15 to $50 

million. Finally, for the induatry as a whole a 15% increase in efficiency 

would mean an equivalent of savings of relatively $2 billion in terms of the 

amount of advertising waste that is cut back. 

In closing, I WotJ!d like to stress that in everything I have said I am nrJt tryinq 

to find fault ln any specific system or procedure that currently exists, "nd I 

don't think tha.t anything that l "m say-Ing suggests that there has been 

inadequate use of tradltlonaHy sval!able data, fhe problem has been that until 

now, and unttl the adV1Jnt of electoni<:s!iy based systems for coller;tiNJ and 

intoyrating data lhot before were 1JnavaHabla, it wss simp!y nol po,;.~ihle to ·1s« 

anything but demographics in (!efining ,,ud!er,ce~, and yrn, can do only so ,r,1,,h 

with demographics. The intrndU<stion of ,;eanning <111ta "n.-J tlie proliferat.i•>1, uf 

meters, both on a household bosis and shortly can a person's basis, ar,, qoing to 

offer us an entirely new set of tools, and correspondingly an entirely n()W -set 

of date wlth which to work. There is no reason to expect that thnt beifl<,l lhe 

case, the techniques that we have used fo1· the last ID or 20 year~ may nut be 



the same techniqtJes that we win lJSe in the ftJttJre. lt is importAnt that we 

recognize this, since undotJbtedly it is 11ot goint) to be an P.asy shift t,, make, 

8tJt all the evidence suggests that this is the direction things are going, '1fld 

? when yotJ take a look at the dollar irnpl!cations of what can be achievP.d, it is a 
I t trend that is simply cannot be ignored. 
, 

Thank yotJ all very much for your attention, and for thP. 1lpportunity to sp"ak 

here today, Especially, l wm1l<i like to thank the euivertiaers who~~~'!. ,_t,-1r,r1nd 

otJt on the wire a little bit in working with us to help deveh.>p O<!l" <'Bp,oi>ilities 

-in this area and produce some of the restJ!ts ! have shared with yotJ here today, 
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11. 
BBQ SAUCE 

W: 25·54 INCIDENCE VS. PRODUCT LEVERAGE 
DAYTIME NETWORK TV 

W: 25-54 60~------------------------, INCIDENCE 

55 • 

50 • 

45 ➔ 

• 
40..j • • 

35 .j • • 
30. •• 

• 

• 
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• 
• 
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• • 

• 

r =.46 
r'=21% 

• 
• 

2s1 f 9 9 t t t t t J 
80 90 100 110 120 130 140 150 160 

LEVERAGE 



13 
SUMMARY OF RESULTS 

TARGET DEMO VS. ACTUAL LEVERAGE 
CATEGORY 
#1 
#2 
Reg. Grnd. Coffee 
Instant Coffee 
BBQ Sauce 
Packaged Dinners 
Corn Chips 
Fabric Softeners 
Snack Crackers 

Average 

CORRELATION 
+.4 
-.3 
+.7 
-.5 
+.5 
+.5 
+.8 
-.o 
-.3 
+.04 

f 

14% 
12% 
50% 
27% 
21% 
24% 
59% 

0 
7% --

24% 



'" 
EFFECT OF LEVERAGE ON AUDIENCE COMP 
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EFFECT OF LEVERAGE ON AUDIENCE COMP 
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Ir. 
EFFECT OF LEVERAGE ON AUDIENCE COMP 
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,, 
CATEGORY1 

DAYTIME PROGRAMS 
NORMALIZED 

HIGHEST INDEX 

Ryan's Hope 124 
One Life To Live 112 
General Hospital 111 

LOWEST _ 
Another World 78 
Young & Restless 77 
Days Of Our Lives 70 



18 
CATEGORY 2 VS. CATEGORY 1 

DAYTIME PROGRAMS 
CAT.2 CAT. 1 W: 25·54 

HIGHEST INDEX INDEX INCIDENCE 
Days Of Our Lives 127 70 44 
Another World 126 78 40 
Young & Restless 124 77 40 -- - -

126 75 41 

LOWEST 

One Life To Live 82 112 51 
Loving 81 107 43 
Ryan's Hope 71 124 46 - - -

78 114 47 



l'\ 
BRANDX 

JAN 84 NETWORK ADS· ACTUAL 
PRIME 

SHOW (REG. ONLY) 
NBC Movie 
Ripley's 
ABC Movie 
After Mash {2) 
That's Incredible 
Hart To Hart 
CBS Movie 

Wtd. Ave. 

CAT.2 
INDEX 

113 
106 
100 
103 

99 
100 

88 

102 



,Zi) 
BRANDX 

JAN 84 NETWORK ADS· ACTUAL 

DAYTIME 

SHOW 
Days Of Our Lives 
Young & Restless 
General Hospital 
All My Children 
Guiding Light 
One Life To Live 
Capitol (2) 
Price Is Right (3) 
Dream House 
Wtd. Ave. 

CAT.2 
INDEX W: 25-54 

127 44 
124 40 

85 48 
89 54 
91 50 
82 51 
87 37 

112 31 
94 34 - -

100 40 



2-{ 
BRANDX 

JAN 84 NETWORK ADS· HYPOTHETICAL 

CAT.2 
SHOW INDEX W: 25·54 

Days Of Our Lives 127 44 
Young & Restless 124 40 
Another World (2) 126 40 
New Newlywed Game 114 50 
Price Is Right (3) 112 31 
Benson 102 41 
Wheel Of Fortune 100 36 
Search For Tomorrow 99 30 
All My Children 89 54 
Wtd. Ave. 112 39 



Z,t_ 
COST PER POINT 
BASED ON DEMOS 

+ PURCHASE BEHAVIOR 
DAYTIME CPP 

W: 25·54/Total 
W: 25-54/Cat. 1 Buyers 
W: 25-54/Cat. 2 Buyers 

$2,400 
$4,000 
$5,700 



2-3 
EFFECT OF LEVERAGE ON 

COST PER POINT 

W: 25--54/1000 Hshlds 
CPP W: 25·54/Total 
CPP W:25•54/Cat. 2 Buyers 

Average leverage 
Actual Leverage 

• Index 
•Cost 

DAYS OF 
OUR RYAN'S 

~/_VES HOPE 
437 460 

$2,400 $2,400 

$5,700 $5,700 

1.27 , 71 
$4,488 $8,028 



CATEGORY INDICES FOR 
SELECTED DAYTIME PROGRAMS 

CATEGORY 
1 2 3 4 5 

Days Of Dur Lives 87 127 116 104 85 
Another World 97 126 121 106 .. 
Match Game/H. Squares 98 124 113 109 89 
Capitol 133 87 90 114 82 
General Hospital 138 85 113 120 103 
Ryan's Hope 154 71 102 128 101 


