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Itemwriters and data analysts should follow seventeen basic rules of thumb
to create surveys that
1) are likely to provide data of a quality high enough to meet
the requirements for measurement specified in a probabilistic conjoint
measurement (PCM) model;
2) implement the results of the PCM tests ofthe quantitative hypothesis in
survey and reportlayouts, making it possible to read interpretable quantities off the instrument at the point of use with no need for further
computer analysis; and
3) are joined with other surveysmeasuring the same variable in a metrology
network that ensures continued equating (Masters, 1985) with a single,
reference standard metric
First, make sure all items are expressed in simple, straightforward language .
Second, restrict each item to one idea, meaning avoid conjunctions (and,
but, or), synonyms, and dependent clauses . A conjunction indicates the presence of
at least two ideas in the item. Having two or more ideas in an item is unacceptable
because there is no way to tell from the data which single idea orcombination ofideas
the respondent was dealing with. If two synonymous words really mean the same
thing, only one of them is needed . If the separate ideas are both valuable enough to
include, they need to be expressed in separate items . Dependent (if, then) clauses
require the respondent to think conditionally or contingently, adding an additional
and usually unrecoverable layer of interpretation behind the responses that may
muddy the data.
Third, avoid "Not Applicable" or " No Opinion" response categories . Itis far
better to instruct respondents to skip irrelevant items than it is to offer them the
opportunity in every item to seem to provide data, but without having to make a
decision.
Fourth, avoid odd numbers ofresponse options. Middle categories tend to
attract disproportionate numbers of responses . Again, it allows the respondent to
appear to be providing data, but without making a decision concerning preferences.
Ifsomeone really cannot decide which side ofan issue they come down on, let them
decide on their own to skip the question .
Fifth, do not assume that respondents will be unable tomake more thanone
or two distinctions in their responses, and do not simply default to the usual four
response options (Strongly Agree, Agree, Disagree, Strongly Disagree, or Never,
Sometimes, Often, and Always, for instance) . The LSU HSI PFS,(Fisher, Marier,
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Eubanks &Hunter, 1997 ; Fisher, Eubanks &Marier, 1997) for
example, employs a six-point rating scale and is intended for
use in the Louisiana statewide public hospital system, which
provides most of the indigent care in the state . To date, about
75% ofthe respondents have less than a high school education
and incomes ofless than $15,000 per year, but they have shown
little or no difficulty in providing consistent responses to the
questions posed. Part of the research question raised in any
measurement effort concerns determining the number ofdistinctions that the variable is actually capable of supporting,
besides determining the number ofdistinctions actually required for the needed comparisons . Starting with six (adding
in Very Strongly Agree/Disagree categories to the ends of the
continuum) or even eight (adding Absolutely Agree/Disagree
extremes) response options gives added flexibility in survey
design. Ifone or more categories blends with another and isn't
much used, the categories can be combined. Research that
starts with fewer categories, though, cannot work the other
direction and create new distinctions . More categories have
the added benefit ofboosting measurement reliability, since,
given the same number ofitems, an increase in the number of
functioning (used) categories increases the number ofdistinctions made among those measured .
Sixth, write questions that will provoke respondents
to use all,of the available rating options. This will maximize
variation, important for obtaining high reliability.
Seventh, write enough questions and have enough
response categories to obtain an average error ofmeasurement
low enough to provide the needed measurement separation
reliability, given sufficient variation . Reliability is a strict mathematical function oferror and variation and ought to be more
deliberately determined via survey design than it currently is
(Linacre,1993 ; Woodcock, 1992) . For instance, ifthe survey is
to be used to detect a very small treatment effect, measurement error will need to be very low relative to the variation,
and discrimination will need to be focused at the point where
the group differences are effected, if statistically significant
and substantively meaningful results are to be obtained. On
the other hand, a reliability of .70 will suffice to simply distinguish high from low measures. Given that there is as much
error as variation whenreliability is below .70, anditis thus not
possible to distinguish two groups ofmeasures in data this unreliable, there would seem to be no need for instruments in that
range.
Eighth, before administering the survey, divide the
items into three or four groups according to their expected
scores. Ifany one group has significantly fewer items than the
others, write more questions for it. If none of the questions are
expected togarner very low or very high scores, reconsider the
importance ofstep six above.
Ninth, order the items according to their expected
scores and consider what it is about some questions that make
them easy (or agreeable or important, etc .), and what it is
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about other questions that make them difficult (or disagreeable, unimportant, etc.). This exercise in theory development
is important because it promotes understanding ofthe variable.
After the first analysis ofthe data, compare the empirical item
order with the theoretical item order. Do the respondents actually order the items in the expected way? Ifnot, why not? If
so, are there some individuals or groups who did not? Why?
Tenth, consider the intended population ofrespondents and speculate on the average score that might be expected from the survey. If the expected average score is near
the minimum or the maximum possible, the instrument is off
target . Targeting and reliability can be improved by adding
items that provoke responses at the unused end of the rating
scale. Measurement error is lowest in the middle ofthe measurement continuum, and increases as measures approach the
extremes . Given a particular amount ofvariation in the measures, more error reduces reliability and less error increases it.
Well-targeted instruments enhance measurement efficiency
by providing lower error, increased reliability, and more statistically significant distinctions among the measures for the same
number of questions asked and rating options offered.
Eleventh, as soon as data from 30-50 respondents are
obtained, analyze the data and examine the rating scale structure and the model fit using a partial credit PCM model. Make
sure the analysis was done correctly by checking responses in
the Guttman scalogram against a couple of respondents' surveys, and by examining the item and person orders for the
expected variable . Identify items with poorly populated response options and consider combining categories or changing
the category labels. Study the calibration order ofthe steps and
make sure that a higher category always represents more ofthe
variable ; consider combining categories or changing the category labels for items with jumbled step structures. Test out
recodes in another analysis ; check their functioning, and then
examine the item order and fit statistics, starting with the fit
means and standard deviations in BIGSTEPS Table 3. Ifsome
items appear to be addressing a different construct, ask ifthis
separate variable is relevant to the measurement goals. Ifnot,
discard or modify the items . Ifso, use these items as a start at
constructing another instrument . When the step structure and
model fit are orderly, either continue gathering data on the
existing survey and be prepared to make the same edits and
changes later with more data, or modify the survey and gather
new data in the new format .
Twelfth, when the full calibration sample is obtained,
maximize measurement reliability and data consistency. First
identify items with poor model fit. If an item is wildly inconsis
tent, with a mean square fit statistic markedly different from
all others, examine the item itself for reasons why its responses
should be so variable. Does it perhaps pertain to a different
variable? Does the item ask two or more very different questions at once? It may also be relevant to find out which respondents are producing the inconsistencies, as their identities may
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suggest reasons for their answers . Ifthe item itself seems to be
the source of the problem, it may be set aside for inclusion in
another scale, or for revision and later re-incorporation . Ifthe
item is functioning in different ways for different groups of
respondents, then the data for the two groups ought to be
separated into different columns in the analysis, making the
single item into two . Finally, if the item is malfunctioning for
no apparent reason andfor only a very few otherwise credible '
respondents, it may be necessary to omit only specific, especially inconsistent responses from the calibration . Then, after
the highest reliability and maximim data consistency are
achieved, another analysis should be done, one inwhich the
inconsistent responses are replacedin the data. The two sets of
measures should then be compared in plots to determine how
much the inconsistencies actually affect the results .
Thirteenth, the instrument calibration should be compared with calibrations ofother similar instruments used to
measure other samples from the same population . Do similar
items calibrate at similar positions on the measurement continuum? If not, why not? If so, how well do the pseudo-common items correlate and how near the identity line do they fall
in a plot? Ifthe rating scale step structures are different, are the
step transition calibrations meaningfully spaced relative to each
other?
Fourteenth, the calibration results should be fed back
onto the instrument itself. When the variable is found to be
quantitative and item positions on the metric are stable, that
information should be used to reformat the survey into a selfscoring report. This kind of worksheet makes it possible to
build the results ofthe instrument calibration experiment into
the wayinformation isorganized on a piece ofpaper, providing
quantitative results (measure, error, percentile, qualitative consistency evaluation, interpretive guidelines) at the point ofuse.
No survey should be considered a finished product until this
step is taken.
Fifteenth, data should be routinely sampled and
recalibrated to check for changes in the respondent population that may be associated with changes in item difficulty.
Sixteenth, for maximum utility, the instrument should
be equated with other instruments intended to measure the
same variable, creating a reference standard metric.
Seventeenth, everyone interested in measuring the
variable should set up a metrology system, a way ofmaintaining the reference standard metric via comparisons of results
across users and brands ofinstruments. Toensure repeatability,
metrology studies typically compare measures made from a
single homogeneous sample circulated to all users . Given that
this is an unrealistic strategy for most survey research, a workable alternative would be to occasionally employ two or more
previouslyequated instrumentsinmeasuring a common sample.
Comparisons ofthese results should help determine whether
there are any needs for further user education, instrument
modification, or changes to the sampling design.
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