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The Web has changed the face of research,

?hq

Three umpires are asked to just:fy their calls The {irs', an empincist by persuasion, says, '1cail them
55 1 see them " The secord, with the authcrity of a philocophical realis™, says, T call them as they are ” Not
Loy be outdone, the third umpire, an cperationist, says, "Tae way t call them—that's the way they are ”
Working with people, with meusuros of values, aftirudes, behavior, and with weak relationships, we
researchers ¢o our best to describe conzumer and business buyer behavior, explain market response, an
estimate marke: share But, like the umpires in the story, we are left to cur own devices when asked to jus-
tiy the calls we are making The prediction of future sales, the go/no-go reconimendation for a new prod-
Lct, the identificazion of a targe: segment—we would love to have confidence about these things But, in

<

8]
¢

e
b

trutn, we rema’n uicertain about the validity of our measures und methods The recent growth in online
resesrch has done little to reduce this uncertainty.
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racitional cautions still apoly. By Thomas W. Miller

Exhibit | shows online survey vesults from "Studies ~f Information, Research, and Consulting
Activities” (SIRCS1 cooperative research with Modalis Ressarch Technologies, supported by the Institure
for International Research An expert panel of informaticr users (66 re.search clisntst and providers (239

rescarch supphiers) identifiec types of oniine research conducied and used within their organizations
Attituce and behavior sutveys, customet and employee sotistaction studies, advertising research, and con-
cept tests were seen as the most common types of online tessarch Among panelists whose organizations
were using online research, 93% predicted their organizat ons would be using online research mwore exten-
sively in the future

Exhibit 2 shows SIRCS ratings of onbine research relative to fraditional rese

ren Across 18 research char-
acteristics, 2 rating of 1 implied online rescarch was “much worse” Lhap traditio
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nal research, ard a rating of 5
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implied online research was "much better.” Information users
were somewhat more favorable to online research than informa-
tion providers Many panelists saw online research as being faster
and less costly than traditional research. and many also thought it
was less susceprible to interviewer bias In a number of cther
areas, however, online research was seen as being inferior to tradi-
rional research. Of particular concern to panelists were issues of
measurement validity and sample representativeness

In marketmg reseaffh we never eliminate uncertainty But
through the use of appropriate models and methods, we can at
least measure uncertainty In order tc measure uncertainty
about online data, we need to conduct experimental and obser-
vational multimethod research, examining respondent, stimu-
lus, and method effects.

To understand felly the meaning of online data, we must
understand the context of cnline research What attitudes and
experiences do people bring to the online medium? How do they
react to technology? Marketing stimuli and measurement instru-
ments appear differently when presented on a computer screen
Respondents use keystrokes and mouse clicks in place of spoken
words and pencil marks, and they may act and describe them-
selves differently when working online

The size and type of monitor, the resolution and color pal-
let—these affect the appearance of online surveys Each Web
browser renders Web pages in its own way We usually don't know
enough about respondent hardware and software to know that
online surveys are displayed the way we want them displayed The
image of a rating scale, especially a horizontally oriented scale,
can be disteorted by the Web browser or by the graphical user
interface (GUI}, changing distances between scale points

Scrolling is an issue, especially for Web survey pages with
many items or many item alternatives Some respondents may
view survey pages in their entirety, while others are forced to
use scrollbars or cursors to view them Recognizing difficulties
associated with scrolling, developers of survey tools suggest
the use of short survey pages. Some online survey tools
require respondents to click on a "continue” button at the bot-
tom of each page before moving to the next page Scrolling,
viewing additional pages, and using extra key clicks to move
safely from one page to the next can make survey tasks longer
and more tedious

Web-based surveys, like traditicnal mail surveys, are self-
administered Respondents can resize and reposition windcews
and choose tiled or cascaded windows They also can run concur-
rent applications, split their attention between surveys and other
tasks, walk away from surveys, or ask others to respond o surveys.

Online research presents technical challenges Message
length, bandwidth, and network traffic affect the time it takes to
transmit a message across a network. Wealthier, more highly
educated, professional, and technically oriented respondents are
likely to have faster, more powerful computers and wider band-
width connections Even with sufficient bandwidth on the link
between a respondent’s workstation and his/her Internet service
provider (ISP), heavy network fraffic can cause iong delays.
Online survey transmission times, like other Internet transmis-
sion times, vary by season, day of the week. and time of day

Concerned about a lack of standardization in computer
hardware, software, and netwark configirations, online research
providers encourage the use of standatdized software and mini-
mum hardware configurations Digital Marketing Services relies
upon scheduled, perniodic software upgrades ro the customers of
America Online. Knowledge Networks has taken the extreme
approach of providirg survey respondents with Web-TV devices
and cable-TV-based Internet connections, enforcing its own form
of standardization

We have many questions to answer zboul orline mea-
sures—questions best answerec within a framework for multi-
method research. Exhibit 3 1llustrates how marketing data arise
from reactive and nonreactive measures and methods (See page
30.) When we raise concerns about the reliability and validity of
marketing measures, we are usually talking about reactive mes-
sures, such as respondent seif-reports and ratings

We distinguish among four types of reactive muitimethod
research, defined by whether the research is experimental or
observational and whether the research involves a between- or
within-subiects design Experimental research invoives random-
ization, observational research does not For between-subjects
experimental research, subjects are randomiy assignec to meth-
ods {e g, online and traditional measurement methods), with
each subject receiving only one method. For within-subijects
experimental research, each subject receives more than one
method with the order of methods being randomized When we
run experiments, we can make direcr comparisons between
methods because we have “equated” participant groups through
random assignment of participants to methods

Within-subjects observational research builds upon a
paradigm popularized by Donald T Campbell and Denald W
Fiske in their 1959 Psychological Bulletin paper "Convergent and
Discriminant Validation by the Multitrait-Multimethod Matrix
To learn about the data of online research within a Campbeli-
Fiske paradigm, researchers make concurrent online and tradi-
tional measurements Within-subjects observational studies per-
mit a direct comparison of online and traditional measures
because each subject is serving as his/her own control

Between-subjects observational research examines the reli-
ability and validity of measures by posing the same study ques-
tions to separate online and traditional respondent groups. For
observational between-subjects research, we have two ways of
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demoenstrating comparability—with and without adjustmens for
demographic d'fferences between groups. When we opserve sim-
ilar response distributions, either before or after adjusting for
demographic differences, we say that conline and *raditional
methods are comparable.

s o rpg B e T
STUDIES I COMPARABILITY

Are online measures comparable to traditional measures? In
his tutorial at the 2000 EXPLOR Forum, jeff Miller of Burke inc
presented results from experimentzl between-subdjects multi-
method studies With survey participants assigned at random to
online survey and telephone ‘nterview conditions, signif .cant dif-
ferences emerged 1n the patterns of survey response on $-point
scales of purchase intent People responding to oniine survey
qguestions about their likelihood of purchasirg household con-
sumer products were less likely to use the endpoints of scales,
labeled "defiritely will buy” and “definitely will not buy,” than
people respondmg to telephone interview questions about the
same products How people respond to an item when they see
scale point descriptions (as in mail or online surveys) may be d:f-
feren: from how people respond when they listen to scale point
descriptions {as in a telephone interview)

In “Exploring the Possibilities of Onrline Focus Groups,” &
between-subiects experimental stucy of participant behavior in
focus groups, we used common discussion guides and moders-
tors across three modslities. face-to-face, telephone, and online
We observed differences in speech segment length and total
transcript lerwth across modalizies Additional cocperative
research with The Gallup Organization indicated funcamental
cifferances 1n the ways people express themselves in face-to-
face, telephore, and online focus groups Using computer-
assisted thematic content analysis to examine the transcripts, we
observed that people use a higher proportion of strong words
{both positive and negstive) when working online We might
expiain these response-to-media differences by noting that wyp-
ing is differen: from speaking and that people are less suscepti-
ble t¢ social pressure (or sccial graces) when working onine,
People also may be more honest online because they have a feel-
ing of anonymxty

[n  ‘Reliability and Comparability of Choice-Based
Measurss,” we asked a si‘m)le comparability quest’lr Are mea-
sures obtained from the online administration of choice tasks
comparable to measures obtained from paper-and-penc | admin-
istration?” Uriversity student sub;ects made choices between
sairs of hypothetical jobs offers, witn each student making
choices for 24 pairs of jobs in test ard retest phases This experi-
mental research involved between- and within-subjects comrpo-
nents Sruderts assigred to comparability test conditions
recaived both online and paper-and-pencil surveys, with the
crder of surveys rardomized We used the proportior ¢ choices
in agreement between onrline and paper-and-pencil survoeys as an
index of comparability between surveys. Results indicated high
levels of comparability for this choice task

The ACNielsen BASES parallel testing orogram, as reportad
by Joseph Wilke at the 2000 Advanced Research Techniques
Forum, was a between-subjects research program involving 50
parallel fests in 1998 and 25 in 1999 and 2000 Sixteer consumer

products manufacturers participated in studies designed to
examine the comparability of online and traditional mall-inter-
ceprt methods ACNielsen BASES researchers observed high cor-
relations berween aggregate measures of new product purchase
intent from enline and mall-intercept groups Scores for purchase
intort may differ between online and mall-intercept groups (with
online groups often yielding lower levels of purchase intent}, buz
oniine methods can supply valid sales forecasts when researchers
caltbraze forecasts against appropriate norms.
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Online research vs. traditional research
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EXHIBIT 3

Framework for muitimethod research
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Can differences between online and traditional survey
results be explained by demographic differences between online
and tradizional respondert groups? Despite our best efforts 1o
build paraliel groups of respondents, online and traditional
groups often differ on key demographic variables Propensity
scoring helps us adjust for demographic differences between
groups We can use propensity scoring in between-subjects
observational studies We lel an individual's online propensity
score be his/her estimated probability of being in the online
group We develop a propensity scoring formula by logistic
regression, predicting the method of administration (online or
traditional) from demographic variables

In cooperative research with the Chicago office of Mintel
Interrational Group [.td , we worked with data from orline and
telephone panels Common questions and demographic cate-
gories were used in the panel surveys For examplie, one svrvey
question asked, "When ycu go to the movie theatre, how much
wolld you expect to spend in total cn a ticket and refreshments
per person?” When we examined data frcm online and telephone
responderts, we observed slightly higher levels of movie spend-
ing in the telephone panel Recognizing that online and tele-
chone groups, as well as per-person movie spending, could differ
by geography and household composition, we used propensity
scoring to adjust for demographic differences between the online
and telephone panels We divided the combined group of online
and telephone participants into quintiles (five biocks of approxi-
mately equal size) on the basis of propensity scores For the
movie-spendirg guestion, propensity scoring suggested that dif-
ferences between online and telephone means could be
explained by demographic differences between the two panels

Similar patterns of response for online and traditional
groups within propensity score quirtiles demonstrate compara-
bility between methods When different patterns cmerge,
propensity scoring sometimes helps identify the sources of those
differences What should researchers do when observational
studies yield different results for online and traditional groups
after adiustment for demographic differences between groups?

Until household access to the Internet is more widespread,
there may be good reasons to adjust fer demographic differences
between online and traditional groups Manry online research
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providers employ statistical case-weighting methods While they
continue with their development of online purchase intent
norms, ACNielsen BASES researchers may be adjusting online
results to match traditional mall-intercept results Analysts like
George Terhanian of Harrisinteractive use propensity scoring as
an adjustment methodology to bring online survey results 1n line
with traditional survey results

There are slso good reasons not to use case-weighting
metnods Researchers like Donna Wydra of Market Facts and Jeff
Miller of Burke inc heve argued against case-weighting metnods
Karl Irons of The NPD Group suggests that adjusting online
results to match mall intercept, phone, or mail results sends the
wrong message to the users of online research data A goal of
marketing research 15 to understand consumer and business
buyer behavior We want to predict marketplace behavior, not
mrall, phone, or mail survey-taking behavior Recall the maxim
Listen to what people do, not o what they say When online
measures do a better job of predicting marketplace behavior,
then online messures are preferred

Adjusting for participant group differences and weighting to
make online respondent groups leok more like traditional
respondent groups or more like the general population may
seem appropriate As experimental studies show, however, there
can be response-to-media differences, including systematic dif-
ferences in respondent behavior across face-to-face, mail, tele-
phone, and online media Furthermore, propensity scoring and
case-weighting methods are only as good as the data we use it
self-selection into online vs traditional survey groups were
merely a matter of demographics (or the limited demographics
for which we have measures), then we might be able to equate
groups by stetistical adjustment But self-selection into online
and tradizional groups 1s also likely to be affected by attitudes,
experiences, and personal preferences
Core wite MNonssameLine ERRORS

Lack of measurement conirol and standardization, limited

access to online media, respondent refusals, nonresponse, inac-
curate response, and ircomplete survey response represent
sources of nensampling error Coverage is a particular problem
for online consumer surveys becatse many households have no
chance of being inciuded in online samples [f we want to use
online samples to make inferences about the general population,
then we mist recognize that at the present time fewer house-
holds have access to the Internet “han to mail or telephone

Exhibit 4 provides a summary of nonsampiing crrors as they
might apply to telephone and online surveys Suppose we were
interested 1n making inferences abou: the general population of
the Unitec States as represented by the outer circies in the
exhibit inrer crcle areas arc suggestive of proportions of the
general population that might have access to a research medium
(e g . telephone or online) and are included in household sam-
ples It is reasonable to think of household telephone access as
being high {90% to 95%) relative to housshold Internei access
taround 50%) Voluntarism (nonrefusal, agreeing to participate or
opt in} often differs across survey methods and is highly infiu-
erced by incentives provided to respondents Obtaming logically
correct and complete responses 1s also Likely to vary across sur-




EXBIBIT 4

Nonsampling errors and coverage
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N
} Has access and voluntesrs (spts in, dees not -afuse)

&) Has acoess. voluntesrs. and completes {responids appropiiziely, does ror npt out)

vey Tethods The innermost circles of the exivbit sugzest the
combned effect of these nonsampling errors Becsuse « f access
pronlems, most online samples can be expected (0 cover & smaller
proportion of the general population {shown here as 16%) than
telephone surveys (shown as 20%1 The exhibit's innarmest ciicle
area for a telephone survey may not be too far trem the truth
Bickarr and Scamiltiem descrbed reseszrch showirg that 20% to
23% of adults sccounted for =l survey resporses i the United
Slaies

If we were willing to settle for the 10% or so of peoole with
botr household access to the Internet ard a willingness to par-
ticipate i anline research, we would have a difficult time reach-
ing them directly through the Internet There 1s no central listirg
of e-ma:l addresses and no online analogue of the telephone
book or randam-digit disling Furthermore, sending uncolicited
e-rratl to poten-ial research participants is inapprepriat 2, and is
Hlegal in some jurisdictions

Coverage errors arise from probiems of uccess and contrel
Undercoverage resuits when population units have zero probabi:-
ity of selection, improper coverage occurs when popuiation units
outside the sample frame are mistaken'y included in the sample
Because online surveys are self-administered, researchere need to
define rigorcus controls regarding access in sutveys Targeted
respondents may try to access an orline survey more than ence or
give access instructions to family members, friends, or codleagues

To increase sample representativeness resesarch pp-oviders
often empioy strazified and guota sampling plans To increase
response rates, they can use rrixed-mode surveys, gathering data
variety of media Phone recruitment and online survey
admiristration can be a useful, although expersive, mix:d-mode
approsch Incenzives may help increase response rates aoross sl
research media Knowledge Networks' way of dealing with cover-
age pioblems was to build its panel through traditional tele-
pacne recruiting with random-digit diatirg, providing date entiy
stalions to al. members, mary of whor were neither computer

ACrGss g

o internet users
Developers of large onling panels strive tor demographic
balapce with the general population Their panes, though not
probability samples from the general population, have been
use d extensively in marketing research Sample Surveying Inc
has ceveloped volunteer panels of online respordents in specific
predsct categories, such as auto, communications, computers
educat:on, finance, heaith, and travel For many research prob-
‘ems a spec.alized pane!l rray be more appropriate thar a proba-
bm.y sample from the general population
The economics of research changes with fechnology
Although variable costs assoaazed with sample recruitment and
par el maintenance are often similar for enline and traditional
resaarch, variable costs [or data collection are much lower for
online tesearch Larger samples are less expensive with online
marhods and larger sammples trans.ale into lower sampling
errors Accordingly, online research can be of great benefit when
nonsamplirg ertors are under control and wher there is ade-
guate coverage of the target population

g%f%ﬁ%?ﬁ @& THE &v; &LE

Lacking appropniate externat criteria for the evaluation of
research, ot is ofter dithcult to choose among alrernative
resu:arch methods Some argue the method of research makes no
diffzren_ e, that managers will make the same business decigions
whetre - gmded by data from online or traditional metrods
When the anjective of research is to get a ranking of marketing
stiznubl o7 producrs from most to least preferred, as we might
obtain trom a product concept test, “hen we would expect online
zho tracitiona. methods to support similar decisions But when
the obiective is to obtain gn accurate forecast of sales or market
share, tien the method of research may well make o difterence.
a1 our concerns about control and standardization in Web-
brewser-basea surveys, we argue that online measures require
special care in their development We a’so urge caution in the
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interpretation of online data, especially in light of the risk of non-
sampling errors.

Can we trust the daza of online research? Like the baseball
umpires in our opening story, marketing researchers will be
asked to call ball or strike, fair or foul, safe or out Better to make
these calls with our eyes open, focused on the data at hand, than
10 say, “i'm sorry, my head was turned when marketing research
went through its transformation to online media, measures, and
methods ” The use of oniine research is growing quickly, and we
still have much to learn about the data it produces &
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