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Abstract Surveys concerned with human values, economic utilities, organisational
features, customer or citizen satisfaction, or with preferences or choices among a set
of items may aim at estimating either a ranking or a scoring of the choice set. In this
paper we discuss the statistical and practical properties of five different techniques
for data collection of a set of interrelated items; namely the ranking of items, the
technique of picking the best/worst item, the partitioning of a fixed total among the
items, the rating of each item and the paired comparison of all distinct pairs of items.
Then, we discuss the feasibility of the use of each technique if a computer-assisted
data-collection mode (e.g. CATI (telephone), CAPI (face-to-face), CAWI (web) or
CASI (self-administered)) is adopted. The paper concludes with suggestions for the
use of either technique in real survey contexts.

1 Introduction

In the following, we deal with survey procedures for the collection of data on a closed
set of interrelated entities. The procedures apply to research situations in which
questionnaires are administered to a population. The aim of these procedures is to
elicit choices or preferences. For the sake of clarity, a choice applies to expressions
such “I choose that option”, while a preference applies to “I prefer this instead of
that”. In either case, a choice/preference criterion is to be specified.

In marketing studies, these procedures are called “stated preferences”, as opposed
to “revealed preferences” that stem from the observation of purchase data. The stated
preference data aim at describing the world (market, society, community, etc.) as it
could be; the revealed preference data represent the world as it is.
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It is assumed that the choice set is composed of p entities and that data are
collected from n sample units. The data can be used to estimate either scores or ranks
referred to as the choice set. Scores may be of interest to parameterise a function;
for instance, to compose a complex indicator by combining a set of p elementary
indicators for the final aim of partitioning resources among the units of a population.
Ranks are appropriate, for instance, to define priorities among the choice set, to
help communicators to make the public aware of hierarchies among the items, or to
highlight the units that gained or lost positions with respect to a previous ranking.

As an example, if a budget is to be partitioned among the best-performing uni-
versities, quantitative and precise values are needed. If, instead, the best-performing
universities are to be listed for guiding students who are choosing a university, the
accuracy of the three top positions may suffice.

The data we are concerned with are normally administered as a battery of items
under a common heading. The schemes of item presentation will be described in
Sect. 2. We will also evaluate the procedures from the statistical (Sect. 3) and practical
(Sect. 4) viewpoints with the aim of using either procedure in a computer-assisted
survey. In Sect. 5, some general conclusions will be presented.

2 Survey Procedures

To collect choice or preference data, a battery of questions is to be administered to a
sample of n (n ≥ 1) individuals. Let us suppose that the choice set is selected from
the universe of all possible sets that satisfy certain statistical properties. The fol-
lowing techniques will be examined: ranking (Sect. 2.1), picking the best/worst item
(Sect. 2.2), partitioning a fixed budget (Sect. 2.3), rating (Sect. 2.4) and comparing in
pairs (Sect. 2.5). An example of how a choice set can be constructed for a conjoint
analysis1 will be presented, as well (Sect. 2.6).

2.1 Ranking

The final result of the application of a ranking technique to a sample of respondents
is a sequence from the most relevant item to last, according to an underlying con-
struct. The procedure requires that each respondent evaluate all the items of the set
simultaneously. Figure 1 is a scheme of a typical question for ranking purposes.

The technique may be administered in other formats whose common purpose is
to determine a hierarchy of the p items, normally without ties. Ties may be allowed
if the researcher perceives that the task required is too difficult for respondents. An
alternative procedure that generates a ranking is the request of a sequence of choices

1 Conjoint analysis is a multivariate method of statistical analysis of a set of alternatives each of
which is qualified by two or more joint categories.
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Fig. 1 Scheme of a question for ranking a choice set

Fig. 2 Scheme of a question on picking the best/worst item

of the kind “best-worst”: initially, the choice of the best and worst items is performed
using all p-listed alternatives, the second using the p − 2 remaining alternatives,
and so on with two divergent choices at a time until the list exhausts. Munson and
McIntyre (1979) and McCarty and Shrum (1997, 2000) call this stepwise ranking
“sequential most-least procedure”.

2.2 Picking the Best/Worst Item

If ranking is not possible in full, each respondent may be asked to pick the most valued
item and in case the least valued item on the list. Other names for this technique
include most/least and max difference analysis. Figure 2 is a scheme of a typical
question for obtaining this objective.

Respondents are sometimes asked to pick k (k < p) items as the most/least
preferable ones and, in some instances, to select the best/worst item among the k. In
other cases, the request could be just to select the k most/least preferable items out of
the choice set. This more complex procedure will be named “pick k out of p items”.
Even the method of picking one or more items requires the simultaneous contrast of
the whole set of entities, but the procedure is much less demanding for respondents
than full ranking because just a few items are pre-selected for top or bottom positions
after a first reading of the list.

2.3 Fixed Total Partitioning

A respondent is assigned a fixed budget of, let’s say, 100 points, and is asked to
partition it over the p items according to some criterion. This procedure is also named
“budget partitioning”. Figure 3 is a scheme of a question for fixed total partitioning.

If a computer-assisted interviewing system is applied, it is possible to check the
sum of points spent after each assignment. Conrad et al. (2005) found that running
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Fig. 3 Scheme of a question for fixed total partitioning

Fig. 4 Scheme of a question on rating individual items

totals improved the likelihood that the final tally matched the given sum, led to more
edits of the individual items (the Authors considered this occurrence a symptom of the
importance attributed by respondents to the required task) and took the respondents
less time. A researcher can decide whether to insist that the respondent adjusts the
assigned points if their sum does not fit the fixed total. Each item i (i = 1, . . . , p) is
assigned by a respondent a “quantum” of a criterion, e.g. importance, relatively to
the overall budget. It is relevant for survey purposes that respondents can assign no
points at all to unimportant items, a possibility that is excluded if the rating technique
is applied.

Any point assignment is an interval score that can be contrasted with the scores
of the other (p − 1) items and the scores given by other respondents to item i .
A researcher who does not rely on the obtained values may retain just the ordinal
hierarchies between the items, transforming in this way the data into a ranking.

2.4 Rating Individual Items

The respondent is asked to assign each item i (i = 1, . . . , p) an independent value
according to either an ordinal (Likert-type) or an interval scale. The measurement
scale is the same for all items. In general, in each row, there is the item description
and a common scale with the so-called anchor points (minimum and maximum)
at the extremes (see Fig. 4). With reference to weights estimation, the technique is
sometime called “absolute measurement”.

A possible improvement to the simple rating technique is the combination of two
methods; for instance, that of picking the most and the least important items and then
rating all the items in the usual way (Krosnick and Alwin 1988) or to rank-and-rate
as suggested by McCarty and Shrum (2000).
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Fig. 5 Scheme of the administration of p(p − 1)/2 paired comparisons

2.5 Paired Comparisons

Each respondent is administered all the p(p − 1)/2 pairs of items and asked to
choose the preferable item of any pair according to a predefined criterion. Ties may
be admitted to avoid forcing reluctant respondents. Figure 5 is a scheme of question
for paired comparisons.

Saaty (1977) proposes a variant of the full pair comparison technique. His tech-
nique involves submitting to a single volunteer (n = 1) the whole set of the p(p−1)/2
pairs asking him or her not only which is the best item for each pair (i, j) but also
how many times item i is more preferable than item j .

In addition, Clemans (1966) proposes a paired comparison system that is more
complex than the basic one. It involves assigning a respondent 3 points for every two
items of a pair so that the possible outcomes are (3, 0), (2, 1), (1, 2), (0, 3), yielding
for each comparison a more differentiated outcome than the simple choice between
the paired items.

If p is large, any paired comparison system is not viable even if visual aids and
interviewers are invested. For this reason a reduced form of preference elicitation may
be adopted that limits response burden. One of these techniques is the tournament
technique as proposed by Fabbris and Fabris (2003). This involves (i) ordering the
set of p items according to a criterion and (ii) submitting for choice in a hierarchical
fashion the p/2 pairs of adjacent items, then the p/4 pairs of items preferred at the
first level of choice, and so on until the most preferred item is sorted out. The choice
may be structured by composing pairs or triplets of items at all levels (for more
details see Sect. 4.5).

2.6 Conjoint Attribute Measurement

All the procedures presented in the previous sections apply for a conjoint analysis of
sets of attributes. Conjoint measurement requires the definition of a set of alternatives
that respondents have to rank, pick the best, rate or compare in pairs. Each alternative
is specified as a set of attributes belonging to variables common to all alternatives.
For instance, a conjoint measurement for market research purposes may be set up as
in Fig. 6.

The four alternatives, also called “prop cards” (Green et al. 2001), are the logical
product of two variables with two categories each and a related price/cost. Imagine,
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Fig. 6 Example of items for a conjoint measurement

for instance, the transportation alternatives for reaching the university campus from
a nearby town: the Vi s denote variables that might influence the students’ choice
(e.g. travel time, schedule, comfort and so on), and Vi = j means that option j of
variable Vi is specified.

The alternatives are presented in a simplified way, often illustrated by a photo or
other visual representation that helps respondents to associate each alternative to its
price, consciously contrasting the offered alternatives and evaluating the trade-offs
between alternatives (Gustafsson et al. 2007). Conjoint analysis assumes that alter-
natives compensate each other, meaning that a trade-off exists between alternatives.
This may be inadequate in the case of immoral or dangerous alternatives; for instance,
an alternative may be a fatal level of pollution. Hence, the researcher should ignore
alternatives that may be dangerous over a certain threshold.

Conjoint measurement can compare several alternatives. Even if the alternatives
are qualified by variables whose number of categories to be crossed is large, the
presentation can be simplified by planning an experiment that drastically reduces
the number of cross-categories. Readers interested in this type of experiments could
consult, among others, Green and Srinivasan (1990), Elrod et al. (1993), Kuhfeld et
al. (1994) and Louvriere et al. (2000).

3 Statistical Properties of the Scales

Let us consider the aim of estimating the population values of the p items on the
basis of the preferences xhi expressed by individual h (h = 1, . . . , n) for item i
(i = 1, . . . , p). A function g(Xi ) links the possible responses to the latent value ξi

of item i :
g(Xi ) = ξi + εi i = (1, . . . , p), (1)

where εi is an error term that accounts for the sampling error, ci , and the observational
error, ri , inherent to item i :

εi = ci + ri i = (1, . . . , p). (2)

Sampling and response errors are independent of each other and can be evaluated
separately. The sampling error depends on the sampling design, and its evaluation
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is beyond the scope of this paper.2 The response error is composed of systematic
(“bias”) and random components. The systematic component is common to all
respondents, is constant regardless of the number of obtained responses and is at
risk of being confused with the latent value ξi . The random errors vary within and
between individuals. Response errors vary according to the following:

• The respondent’s answering style, e.g. his or her capacity and willingness to
respond correctly (Baumgartner and Steenkamp 2001). The individual error may
be either random (zero mean in repeated surveys) or systematic (constant over
repeated surveys).

• Group response biases, i.e. common to a population segment or common to the
whole assignment of an interviewer or supervisor. They are measurable as within-
group correlated response errors (Harzing et al. 2009).

• The survey context, i.e. the set of social and physical characteristics of the inter-
view setting. A non-neutral setting may generate systematic errors (Swait and
Adamowicz 1996).

The expected value of the random error is nil across repeated measurements, but if
the response error is correlated within groups of respondents, it may have a negative
impact on the response variance of estimates (Fellegi 1964; Bassi and Fabbris 1997).
Group response biases and interviewer biases belong to the family of intra-class
correlated errors.3

The latent value ξi is the population value of item i that represents an aspect
of the concept underlying all the items of a set. Values may relate to human life
principles (Rokeach 1967, 1979); consumers or citizens’ preferences (Beatty et al.
1985); economic utility of facts, goods or services (Small and Rosen 1981); criteria
for organizational decisions (Crosby et al. 1990; Aloysius et al. 2006) and so on. In
econometric theory, ξi is the utility associated with the i th alternative; in consumer
preference theory it is the individual part-worth parameter of an aspect related to
a common construct; in multi-criteria decision support systems, it represents the
acceptability of a decision after a holistic assessment of the alternatives.

Some scholars handle the response errors that may have crept into the data by
specifying the functional structure of the variance of the unobserved effects. For
instance, Swait and Adamowicz (1996) hypothesise that the variance associated
with an element of the choice set is a function of the task complexity. Others (Bhat
1997; Hensher 1998) use respondents’ characteristics as proxies for the ability to
comprehend the variability of response tasks. All choice data allow the estimation
of both aggregative and individual models. The latter estimates can be aggregated at
a second stage of analysis to obtain cluster estimates.

If the data are observed on an interval scale and ordered in an (n × p) matrix
X = {xhi (h = 1, . . . , n; i = 1, . . . , p)} with columns that sum to zero over the n
obtained responses [E(X) = 0], the variance-covariance matrix S of the items is:

2 Readers may refer to Kish (1965) for a comprehensive manual.
3 The family of intra-class correlated errors also includes measures of the so-called “normative”
scores (Cattell 1944), which are the scores of an individual that depend upon the scores of other
individuals in the population.
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S = XT X/n (3)

where XT denotes the transpose of X. If item variances equal 1, a correlation matrix
R is obtained. Both S and R matrices are square (n ×n), symmetric (si j = s ji ; ri j =
r ji , i �= j = 1, . . . , p) and positive semidefinite, that is ρ (X) = ρ (S) = ρ (R),
where ρ (ρ ≤ p) denotes the matrix rank. Ideally, an X matrix, or a convenient
transformation of it, is one-dimensional, so that the underlying preferences can be
located along the real axis represented by the first unique factor.

The one-dimensionality of matrix R should be tested before the estimation of the
latent values. An advance processing of the data via a principal component analysis
may be used to explain the items’ variance. In general, about 70 % of the observed
variance should be explained by the first principal component. If the pattern exhibits
more than one dimension, it may be appropriate to restrain the choice set. If an
advance testing is not possible, theory on the subject matter can help the researcher
in selecting the items.

If the data are observed with a scale that is at least ordinal, a preference, or
dominance, matrix P can be computed whose diagonal elements are null and whose
off diagonal cells contain measures of preference/dominance. The generic element
pi j (i �= j = 1, . . . , p) of P is a measure of the dominance of the row item i over
the column item j .

The properties of P depend on the data-collection technique. If pi j assumes values
constrained between 0 and 1, the symmetric element is its complement to one (p ji =
1− pi j ). If pi j = 0.5, no preference can be expressed between i and j . If pi j is larger
than 0.5, it means that i > j (i dominates j), and the closer the value to 1, the larger
the dominance. Of course, if pi j is lower than 0.5, the opposite is true; that is, i < j .
The P matrix is anti-symmetric (p ji = 1 − pi j ) and of full rank [ρ (P) = p]. The
estimates of ξi rely on the Euclidean distances between preferences (Brunk 1960;
Brauer and Gentry 1968).

If Saaty’s (1977) approach is adopted, the generic element of P = {pi j , i �=
j = 1, . . . , p} may assume any positive value. The Author suggests that pi j values
vary between 1/k and k, where k is the maximum level of dominance of i over j ;
for instance, if k = 9 and pi j = 9 it means that i is nine times more preferable than
j . The equilibrium value between i and j is pi j = 1. The value in position ( j, i),
symmetric to (i, j), is its inverse (p ji = 1/pi j ). The estimates of ξi rely on the ratio
structure of P.

It is possible to construct a matrix P with any data-collection technique presented
in Sect. 2. The ordinal relationship between any two items may be transformed into
a dominance relationship (i > j):

yhi j = 1 if xhi > xhj (h = 1, . . . , n; i �= j = 1, . . . , p) (4)

and 0 otherwise. A tie (xhi = xhj ) implies no dominance relationship between i and
j . For instance, if a pick-the-best technique were applied, the transformation of a
choice into a 0/1 value would be based on the dominance relationships between the
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best item (1) and all other items (i.e. yh(1) j = 1 for all js) or the dominance between
the worst item (p) and the intermediate ones (i.e. yhj (p) = 1 for all js).

If a fixed-budget procedure were adopted and the researcher did not rely on the
interval property of the data, the individual data would be considered ranks, and the
conversion formula 4 could be applied. Besides, ratings can be downgraded to ranks
by merely considering the dominance relations between any two items i and j .

We can estimate a vector of ξi values if P is irreducible; that is, if all values of P
except those on the main diagonal are positive. According to the Perron-Frobenius
theorem (Brauer 1957; Brauer and Gentry 1968), the right eigenvector w associated
with the largest positive eigenvalue, λmax , of matrix P is obtained as:

Pw = λmax w
(

wT w = 1
)

. (5)

The elements of w = {wi , i = 1, . . . , p} are proportional to those of the vector of
estimates ξ ′ = {ξi , i = 1, . . . , p}. If the ξi s add up to one (

∑
i ξi = 1), it is possible

to estimate a latent value as (Fabbris 2010):

ξ̂i = wi

/∑
i

wi (i = 1, . . . , p) . (6)

If the sample of respondents shows a consistent pattern, then all rows of the pref-
erence matrix are linearly dependent. Thus, the latent preferences are consistently
estimated by values of a single row of the matrix but a multiplicative constant. All
data-collection techniques introduced in Sect. 1 give about the same results in terms
of relative importance of the choice set (Alwin and Krosnick 1985; Kamakura and
Mazzon 1991). A way to discriminate between techniques is by analysing the relia-
bility and validity of the obtainable responses. A data-collection technique is reliable
if it produces accurate data in any circumstance. Reliability can be assessed through
multiple measurements of the phenomenon and evaluation of the consistency of mea-
sures. A battery of items is valid if the obtainable data represent the phenomenon
the researcher had in mind. The validity refers to the items and scales’ construction
techniques apt to represent the content domain. In the following, our considerations
will be referred not to the single answers but to the overall correlation pattern and to
the preference of each item over the others.

3.1 Ranking

The relationship between the items’ rankings and the underlying values is:

P
(
xi ≥ x j

) = P
(
ξi ≥ ξ j

)
(i �= j = 1, . . . , p) (7)
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where P(a) denotes the probability of the argument a. The error terms εi and ε j

(i �= j = 1, . . . , p) correlate with each other because of the fixed total, T , of the ranks
elicited from any individual [T = p(p + 1)/2]. This condition—called “ipsative”
(from the Latin ipse; see Cattell 1944; Clemans 1966) or “compensative”, since a
large assignment to an item is at the expense of the other items—causes the error terms
to be unduly negatively correlated both within an individual (Chan and Bentler 1993)
and through the whole sample (Vanleeuwen and Mandabach 2002). The ipsative
condition induces into the correlation matrix R several undue negative correlations.
These negative correlations depend on the data-collection technique and not on the
effective values, ξi s, of the items. The factor configuration of ipsative measures may
differ from the proper underlying configuration. Clemans (1966) showed that not
only the factors of an ipsatised matrix R∗

R∗ = D−1/2S∗D−1/2,

D = diag
{
s∗

i i (i = 1, . . . , p)
}
,

S∗ =
(

I − 11T /p
)

S
(

I − 11T /p
)

,

where S is the observed variance-covariance matrix, may differ from those of the raw
data matrix R because of the large number of negative correlations, but also the rank
of R∗ is one less than that of R. Moreover, a factor accounting for the methodological
choices may stem from factor analysis. This factor, which could come out after two or
three proper factors, is to be removed from the analysis of factors. Besides, the factor
analysis of rankings highlights a number of factors lower than the number obtainable
with ratings. Munson and McIntyre (1979) found that the correlations implied by the
latter technique require about three times as many factors as the former technique.

A least-square solution for predicting a criterion variable with ipsative data is iden-
tical to the least-square solution where one variable of the ipsative set is removed
before the regression analysis. The removal of a variable is a trick for coefficient esti-
mation because of the singularity of ipsatised matrix X∗. The proportion of deviance
explained by the ipsatised data is measured by the squared multiple correlation coef-
ficient,

R∗2 = R2 −
( p∑

i

βi

)2 / p∑
i j

ρ−
i j , (8)

where ρ−
i j is the generic element of R−1, and R∗2 ≤ R2. The operational difficulties

caused by ipsatised data make it clear that a researcher should strive to obtain absolute,
instead of ipsative or ipsatised measures.

The larger the number of items to be ranked, the less reliable are the obtainable
rankings. It is easy to guess that the rankings’ reliability is high for the most liked
and disliked items and lower for those in the middle. It is not possible, however,
to evaluate the reliability and validity of the ranks of the items that would never be
chosen in any foreseeable circumstances and of those that are obscure or meaningless
to respondents.
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A good property of the ranking technique is that the measurement scale does not
need to be anchored at the extremes. This favours this technique if the extremes are
undefined; for instance, if the extremes are to be translated in a multilingual research
study. If an individual’s ranking is fully expressed, a “strong order” of the items is
evident that may be used for either scoring or ranking the items (Coombs 1976).
The ipsative property is irrelevant for the estimation of ξi s if they are estimated via
a preference analysis.4

3.2 Pick the Best/Worst

The relationship between the items’ choices and the underlying values is:

P
(
x(1) ≥ x(i)

) = P
(
ξ(1) ≥ ξ(i)

)
(i �= (1), . . . , p) (9)

where x(1) denotes the item selected as best. An analogous formula applies for x(p),
the worst item. This procedure generates data that are “weakly ordered”, since a
complete ordering cannot be determined for the items (Louvriere et al. 2000). Nev-
ertheless, a preference matrix P can be estimated if a sufficiently large number of
individuals are surveyed on a common choice set.

If the ξi s are non-compensatory,5 the pick-the-best strategy is preferable in spite
of its simplicity. In all bounded-rationality contexts and, in particular, in social and
psychological studies, this strategy showed particular plausibility (Martignon and
Hoffrage 2002).

3.3 Fixed Budget Partitioning

The relationship between the preferences expressed for the items and their underlying
values is:

E (xi ) = ξi + εi (i = 1, . . . , p) (10)

where E (εi ) = 0 and E
(
εiε j

) �= 0. Since this technique is fixed total (i.e. ipsative),
the response errors correlate with each other, in the negative direction. The maximum
likelihood expectation of xi is the arithmetic mean of the observed values over the

4 Even if an ipsative data-collection technique forces undue correlations on response errors, it may
be worthwhile to “ipsatise” a data matrix X if the researcher is interested in the analysis of the
differences between rows (i.e. between single individual’s scores). A matrix may be ipsatised by
adding a suitable constant to the scores of a respondent (i.e. to the scores of a row) so that all the
new column scores sum to the same constant (Cunningham et al. 1977). Columns of matrix X may
be rescaled to zero-mean and unit-variance, either before or after ipsatisation.
5 Suppose the ξi s are ordered from smallest to largest; they are non-compensatory if each ξi (i >

j = 1, . . . , p − 1) is larger than the sum of all ξi s that are smaller than it (i.e.: ξ j >
∑

i> j ξi ).
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respondents, irrespective of eventual ties. Although quantitative, the data collected
with this technique ignore the absolute relevance of the evaluated items for a respon-
dent. Let us consider, for instance, two respondents, A and B, whose effective levels
of importance over four items are the following:

A: Family = 90, Work = 80, Hobbies = 70, Religion = 60;
B: Family = 70, Work = 60, Hobbies = 50, Religion = 40.

It is evident that A places systematically larger importance on any specific item
than B. However, these differences do not transpire from the data collection if an
ipsative data-collection technique is adopted. In fact, the following considerations
apply:

• Their rankings are the same, the orders being independent of the intensity of the
underlying construct.

• Since the distances between the items are the same, if budget constraints are
introduced, the item distribution is the same for the two individuals.

• A and B differentiate the items in the same way, unless a ratio-based technique is
taken instead of a difference-based one.6 Even the item variances and the inter-item
covariance are the same for the two individuals.

3.4 Rating

The relationship between an item score and its underlying value is:

E (xi ) = ξi + εi (i = 1, . . . , p) (11)

where E(εi ) = 0. The maximum likelihood expectation of xi is the average of the
observed values over all respondents. The hypothesis of a null correlation between
error terms (E(εiε j ) = 0) holds if the individual’s responses given on previous items
have no necessary effect on the following ones. This is sometimes called “procedural
independence” (Louvriere et al. 2000). The hypothesis of procedural independence
does not hold if the order of administration affects the responses given after the first
one. It may be argued, in fact, that the respondent focuses the underlying concept
along the sequence of his or her given responses so that the preferences expressed
from the second item on are anchored to the preference assigned to the previous items.
In this case, the validity of responses improves from the first to the last response, but
the reliability of responses diminishes because response errors correlate with each
other.

One of the main drawbacks of the rating technique is the non-differentiation of
responses. This means that respondents tend to dump responses towards an extreme

6 It may be hypothesised that responses possess the ratio property, which means that the ratio
between two values is logically justified. The ipsative constraint implies, instead, that only the
interval scale properties apply to fixed-total data.
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of the scale, usually its maximum, making it difficult the discrimination between item
scores (Alwin and Krosnick 1985; Krosnick and Alwin 1988; McCarty and Shrum
1997; Jacoby 2011). Other respondents can use just a few points of the offered scale,
and this makes the scores dependent on respondents’ styles (Harzing et al. 2009).

The peculiarity of the use of scale points by a respondent can be measured with
the variance between the category-values he or she uses to rate the items, that is:

Vh =
p∑
i

(xhi − x̄h)2 /p (h = 1, . . . , n), (12)

where x̄h = ∑p
i xhi/p. This variance can be standardised with its maximum in the

hypothesis that each item is assigned a different score and p < k, where k is the
number of category-values of the scale:

Ṽh = Vh/ max (Vh) = 12Vh/
(

k2 − 1
)

. (13)

The standardised score, Ṽh , varies between zero and one and is close to zero
if just a few category-values are used by individual h to rate the choice set. The
lower this variance the more the scale is prone to response style.7 This type of
individual clustering of responses induces a positive correlation among the stated
preferences. A combined method of picking the best and/or the worst items and
then rating all the p items, as suggested by Krosnick and Alwin (1988), may be
a solution for non-differentiation. The non-differentiation problem may be due to
the low concentration of respondents while they answer the questionnaires; hence,
the more demanding the questions, the larger the likelihood they will concentrate
before answering. Nevertheless, several authors state that rating is superior in validity,
certainly in comparison with ranking (Rankin and Grube 1980; Maio et al. 1996).

3.5 Paired Comparisons

The relationship between the frequency with which item i is preferred to item j and
its underlying value, in an additive data-collection model, is the following:

pi j = ξi − ξ j + εi j (i �= j = 1, . . . , p), (14)

where pi j is the observed frequency of the choices expressed by all sample units to
whom the pair (i, j) was administered:

7 Krosnick and Alwin (1988) propose Gini’s measure if the researcher assumes a non-interval scale
Vh = 1 − ∑k

j p2
hj where phj is the frequency of point j in a scale of k points.
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pi j =
n∑
h

yhi j/ni j (i �= j = 1, . . . , p), (15)

and εi j is the error term associated with the (i, j) comparison. Basically, the response
error depends on the order of administration of the pair. The response error increases
with the number of questions because of the respondent’s fatigue; on the contrary, as
the pair administration proceeds, the respondent focuses the content more and more
clearly, and his or her responses become more conscious. An order effect on responses
is unavoidable regardless of the sequence of administered pairs (Brunk 1960; Chrzan
1994; contra: Scheffé 1952). This effect is practically impossible to detect in a single-
shot survey unless the administration order is randomised. Randomisation is possible
if the survey is computer-assisted. If the administration of pairs is random, the order
effect on responses vanishes on the average over the sample of respondents.

A desired property of the expressed preferences is that respondents’ choices be
transitive across the full set of choices (Coombs 1976). This property is based on
the consistency requirement between all preferences that involve the i th item for
the estimation of ξi values. The transition rule considers the paired relations of
preferences between any three items, i , j and k. It can be said that i > j if i > k
and k > j , where k is any item of the choice set but i and j . In terms of matrix P
elements:

pi j ≥ pik if pik ≥ pkj ≥ 0.5 (k �= i �= j = 1, . . . , p) , (16)

pi j ≤ pik if pik ≤ pkj ≤ 0.5 (k �= i �= j = 1, . . . , p) . (17)

The application of transition rules makes the tournament technique viable. The
application of a transition rule to estimate a preference between two missing pairs
implies the computation of the estimates of pi j through all possible ks and the
synthesis (usually the average) of the estimated preferences. Transition rules may also
be used to evaluate the internal consistency of a P matrix. It is possible, in fact, that
any three preferences pi j , pik and pkj are not mutually coherent. Any inconsistency
among such a triad may be considered a symptom either of a measurement error
or of (logical) inner incoherence. The inconsistency of a set of preferences can be
hypothesised as proportional to the number of triads that do not satisfy the rank-order
preservation rule. Fabbris (2011) proposes an index of inconsistency based on the
ratio between the number of incoherent triads and its maximum value under the full
inconsistency hypothesis.

4 Practical Considerations

The feasibility of the preference elicitation techniques will be examined from the
following viewpoints:
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• Respondent burden; that is, time and physical and psychological effort required
from responding individuals.

• Expected proportion of missing values. It is a measure of the items’ expected
difficulty or of negative attitudes toward the survey content among the interviewees.
The higher the proportion of missing values, the higher the risk that the collected
data ignore specific segments of the surveyed population.

• Possibility of application with a face-to-face (CAPI) or telephone (CATI) inter-
viewing system, or any kind of online procedure (e.g. through the web, email or
other online procedures (CAWI), self-administered (CASI) or mail questionnaire).

The same order of presentation of the preference elicitation techniques as Sect. 2 will
be followed.

4.1 Ranking

The difficulty of the respondent task increases substantially with p, the number of
items. In fact, it can be guessed that a typical respondent reads and compares all
the items to identify the most and/or the least important items. Then, a series of
multiple comparisons is required for respondents to define the second best and the
following positions. The “best-worst” procedure introduced in Sect. 2.1 may be a
rationalisation of the foregoing dynamics. Even if it is generally unknown how the
respondent performs his or her task, the best-worst sequence can reduce respondent
acquiescence (McCarty and Shrum 1997).

What makes the ranking technique generally acceptable is that respondents are
accustomed to ranking provided ties are allowed and the number of items is reason-
able. Several scholars (including Rokeach and Ball Rokeach 1989, among others),
balancing the likely response burden with the wealth of information contained in a
ranking, and assuming that this technique forces participants to differentiate between
similarly regarded techniques, propose ranking as the preferable technique regardless
of the self-administered survey mode (CAWI, CASI, mail).

Ranking is not feasible in a CATI survey, because it is necessary for the respondent
to examine repeatedly the set of alternatives, and this is feasible only if the respondent
can memorise the item list. Whatever the device applied to exhibit the item list, the
results differ according to respondent personality; also, embarrassing pauses and
unwanted hints from the interviewer may condition the respondent’s task. Even in
a face-to-face survey, the presence of an interviewer may bother or embarrass the
respondent during such a task. This difficulty may be attenuated if interviewers are
specifically trained.

If respondents are insufficiently motivated to collaborate, the extreme choices (e.g.
the top and bottom items) may be accurately elicited, but the intermediate positions
may be uncertain. That is why under a difficult survey conditions (for instance, if
the data are collected in a hurry or the interviewee is standing), the simple pick-the-
best/worst technique is advisable. Another difficult task may be that of collecting data
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on non-choices (e.g. the ordering of a set of alternatives the respondent would never
choose). Louvriere et al. (2000) suggest not considering ranking as an appropriate
procedure in this regard.

4.2 Picking the Best/Worst

This procedure is the least-burdening among those that require respondents to evalu-
ate a whole set of alternatives at a time, for just the extremes are to be chosen. It may be
considered a truncated form of the complex tasks required by the ranking technique. It
can be applied easily with any interviewer-based (CAPI) or self-administered (CASI,
CAWI, mail) questionnaire. It can be applied in a CATI survey only if the list to be
remembered is short.

4.3 Fixed Total Partitioning

The fixed total technique is burdensome and time consuming for respondents, because
it requires not only the ranking of the item set but also the quantitative valuing of
each item. If the choice set is large, it is possible to break it into categories and then
ask respondents to prioritise the items within each category.

The responses obtained with the fixed total procedure are subject to response
style, since it remains unknown how a respondent performs the required multiple
task; namely, ranking the alternatives, assigning them a value, checking the score
total and adjusting the scores according to the given budget. As an example, it may
happen that a mathematically minded respondent starts his or her task by dividing the
budget by the number of items to have a first idea of the average score and then picks
the top item and possibly the second best or the bottom item with a mechanism similar
to that of the picking-the-best technique. Then, he or she has to rate them, maybe by
choosing a differentiation-from-average criterion. It is clear that the task is highly
burdensome, more than any ranking or rating procedure, and that the intermediate
scores are precarious.

Hence, this technique is prohibitive in CATI surveys for the same reasons put
forward for ranking. It is plausible that respondents collaborate in full if an inter-
viewer is present where the respondents gather (CAPI mode) and are motivated to
collaborate in the survey.

It is an acceptable procedure for self-administered surveys provided the respon-
dent population is sympathetic to the research aims and the questionnaire is commu-
nicative. In self-administered surveys, in fact, the respondents try to seek information
from the instrument itself (Ganassali 2008).
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Fig. 7 Respondents’ mental effort hypothesised in performing ranking, rating and paired compar-
ison procedures

4.4 Rating

Rating single items is the easiest procedure among those presented in Sect. 2, since
people are asked to assign a value to each alternative and the time and fatigue asso-
ciated with their task is about linear (i.e. proportional to the number of items). The
superiority of the rating versus the ranking procedure from the viability viewpoint
becomes larger and larger as the number of items diverges. In Fig. 7, the lower straight
line represents the expected respondent fatigue if the rating procedure is applied, and
the dotted curve represents8 that of ranking.

The two techniques diverge notably as burden is concerned for p larger than three
or four. The curve representing the burden of the fixed-total procedure might be even
steeper than ranking. However, ratings are prone both to social desirability biases
and to difficult discrimination between items. For instance, suppose that customer
preferences for innovations in urban bus transportation are to be elicited and juxtapose
the alternative of modifying the bus structure to favour the boarding of the disabled
and that of increasing the night services for all customers. It is reasonable to expect
high scores for both items (devices for the disabled and night services) if rating is
applied; however, night services might get much higher preferences if either ranking
or pair comparison is applied. In fact, a respondent’s choice that refers to his or her

8 The curve representing the effort due to ranking was traced by assuming that reading, memorising
and ordering an item with respect to the previous item (ranking task) implies to a respondent the
same fatigue as reading and assigning a score to an item (rating task). The ideal respondent should
repeat the set of memorisation and ordering for all items but those already ranked. The burden
guessed for the ranking task is probably an underestimate of the fatigue a conscious respondent
would put in performing his or her task. Munson and McIntyre (1979) state that ranking takes about
three times longer than comparable rating.
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Fig. 8 Hierarchical tourna-
ment structure, p = 8

own utility tends to discriminate among the possible items, while the independent
evaluation of a single item may be conditioned by social desirability. Moshkovich
et al. (1998) even found that if items are important to respondents, they tend to rate
them lower than if items are insignificant to them, since they hypothesize that people
tend to score highly if the subject matter is socially marginal.

4.5 Paired Comparisons

The choice of the preferred alternative when items are administered in pairs is very
burdensome. It requires a lot of respondents’ time and causes mental fatigue, because
a choice is to be made for all distinct pairs. The difficulty associated with the respon-
dent’s task is larger if the paired items logically overlap or if their marginal rate of
substitution is high (Bettman et al. 1993). This implies that this procedure cannot be
applied in full if p is larger than four, unless respondents are faithful. In Fig. 7, it is
hypothesized that paired comparison is more burdensome than ranking.

If p is large, it is possible to classify the items in homogeneous categories and
perform first the paired comparisons within each category and then compare the cat-
egories. This makes the direct comparison between the unmatched items impossible.

Another reduced version of paired comparisons, such as the tournament technique
or an incomplete experimental design, is usually necessary regardless of the survey
mode. Figure 8 represents an administration scheme of the latter technique with
p = 8. More complex structures can be applied for a number p of items that is a
multiple of either two or three (Fabbris and Fabris 2003). The tournament technique
requires the administration of just (p − 1) questions, instead of p(p − 1)/2, and is
acceptable if the initial coupling of items is randomised. The tournament technique
may be set up for any kind of computer assisted interviewing if an expert is avail-
able for computer programming. Programming assistance is required, in particular,
because the randomisation of pairs implies the necessity of typing the unordered
responses within appropriate fields in the database. The random presentation of pairs
to the respondent is also a solution for eliminating the order effect if the complete
paired comparison procedure is adopted. Hence, a computer-assisted data-collection
system is particularly appropriate regardless of the choice-based technique, adminis-
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tered either with the mediation of an interviewer or without it. The paired comparison
technique is not viable in remote surveys (CATI, CAWI, mail).

5 Concluding remarks

The most diffused techniques for collecting data on sets of interrelated items have
been examined. The analysis was held with reference to both statistical and practical
paradigms. No technique showed enough positive properties to make it preferable
in all survey situations. The feasibility of the scales was based chiefly on the burden
posed on respondents to perform their task. The respondent burden correlates with
the quantity, reliability and validity of the information expected from responses; in
particular, the more demanding the task, the lower the sample coverage and the higher
the frequency and variety of errors. Therefore, the researcher should make his or her
methodological choices balancing the tolerable burden and the expected information
according to the population at hand.

Choosing the appropriate scale requires an analysis of the research context at
the data-collection design stage. The analysis of people’s propensity to collaborate
during data collection is a crucial issue for the application of burdensome techniques.
The choice of technique will definitely affect the quality of the collected data and
hence the survey outcomes.

Moreover, each technique, or a convenient transformation of it, was associated to
a computer-assisted data-collection mode. The more complex techniques (i.e. those
based on ranking, pair-comparison of the items or on budget partitioning among the
items) are inappropriate for CATI surveys but may be applied in self-administered
data-collection modes (CASI, CAWI). In a face-to-face survey, a ranking-based tech-
nique may be adopted with the appropriate training of interviewers. The presence of
an interviewer may support the administration of paired comparisons or of a reduced
type of paired comparisons such as the tournament technique.

The simpler techniques are that of picking the best/worst items and that of rat-
ing the items. Let us concentrate on the latter, because many authors advise using
it because of its practical simplicity and the validity of the obtainable estimates. If
the mechanics of the duties implied by the ranking and rating procedures are com-
pared, it can be concluded that they realise two different aims. Ranking applies to
studies whose general aim is to resolve conflicts among the respondents’ interests,
classifying items and taking decisions, since the inner pattern is measured by the
comparative scale of the concerned items. The rating procedure, conversely, enables
researchers to elicit the respondents’ structural values in an unconstrained manner
(Ovada 2004). This difference also applies if paired comparisons and the rating
technique are compared (Aloysius et al. 2006). Hence, a rating does not imply a
contrast between the items but the “absolute” importance of each item with respect
to the subject matter. The rating procedure is inadequate for item classification and
decision making, because it is exposed both to social desirability bias and to non-
discrimination between the items. The responses obtainable with different techniques
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may be conditioned by the respondents’ culture as far as culture correlates with the
task difficulty and responding availability. If the researcher suspects that either the
participation level or the quality of responses may depend on people’s culture, easier
tasks (namely, the rating technique, short lists of alternatives or a qualitative rather
a quantitative scale) should be applied. Besides, more research is needed to control
the effects of culture-conditioned errors on responses.

Let us consider the case in which ratings are transformed into paired compar-
isons by considering the non-null contrasts between any two items. An analysis of
the dominance matrix constructed with the informative contrasts may give more dis-
criminatory estimates of the items’ effective values than those obtainable by process-
ing the observed ratings directly. This trick could overcome the non-differentiation
problem, but it is unable to eliminate the social desirability effect (see also Chapman
and Staelin 1982; Louvriere et al. 1993).

Even if a technique satisfies the researcher’s aims and the context conditions,
he or she should consider collecting, and then processing, a combination of data
obtained with two or more techniques. A combination of multiple-source data is
sometimes called “data enrichment” (Ben-Akiva et al. 1994), because any data-
collection technique captures aspects of the choice process for which it is more
appropriate.9 The adoption of either a ranking-based or a picking-the-best/worst
technique, before a rating, may induce the respondents to adopt comparative response
logics that they generalise to the subsequent rating task, and this may attenuate the
effect of anchoring responses to the scale extremes while exposing the respondents
to the full range of the possible values before rating the items. McCarty and Shrum
(2000) showed that the application of the simple most-least procedure before a rating
took one-third more time than usually required by a simple rating procedure.

Research on preference regularity is under way. Regular is a methodological
outcome that is common to two or more preference elicitation techniques. Louvriere
et al. (2000) applied the regularity criterion to the parameters they estimated and
stated that two methods are regular if they exhibit parameters that are equal up to a
positive constant. They found that parameter estimates are regular in a surprisingly
large number of cases.

In conclusion, a meta-analysis of empirical studies and experiments on real pop-
ulations would be welcome to shed light on the relationships between the statistical
properties and the practical and purpose-related feasibility of techniques. In fact, the
results of experiments vary according to contents and contexts. Thus content- and
context-specific rules should be determined that are appropriate to survey peculiar
segments of the target population. Instead, the experiments conducted on convenience
samples, such as on-campus students, which may inform on estimates’ validity are
irrelevant for both reliability and feasibility judgements on survey techniques.

9 Data-collection techniques alternative to the basic ones presented in Sect. 2 are rare but increasing
in number. Louvriere et al. (2000) quote experiments by Meyer (1977), Johnson (1989), Louvriere
(1993) and Chrzan (1994).
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