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ABSTRACT

The use of fractional factorial designs in the gtatlcomplex decision making, involving
many attributes, implies the problem of informatioverload and respondent burden,
potentially jeopardizing the validity of such exjpeents. To avoid or reduce the impact
of these potential problems, Hierarchical Inforraatintegration has been suggested. The
key notion is to classify the large number of ptitly influential attributes into a
smaller set of decision constructs, construct s#pagxperimental designs for each of
these constructs, and in addition a bridging desigit allows the scaling of all part-
worth utilities into a concatenated utility express The basic approach suggested for
preference measurements has been elaborated fer otbasurement tasks and the
original design strategy has been refined into Harreative approach. This paper
summarizes these developments and discusses aspeetpondent burden and validity

1INTRODUCTION

An important practical limitation of stated prefece applications is that as the number
of attributes and/or attribute levels increases,size and complexity of the experimental



task increases exponentially. Increased experigieetimplies that respondents have to
evaluate more hypothetical profiles with possil@gpondent burden as a result. Increased
task complexity means that respondents have touatealmore attributes per choice
alternative with information overload as a possildsult. Respondents may react to
increased size and task complexity by adopting Eiyimg decision heuristics, such as
paying attention to only a subset of attributeg.(eéArentze et al. 2003, Caussade et al.,
2005, Hensher, 2006). As these heuristics probadblyot reflect their decision making
processes in the real world, this may result is iedid models.

In the past various solutions have been proposedvercome the problems
related to respondent burden in decision problemslving many attributes. Among
these solutions are applications of self explicatiasks, or pair wise trade-off tasks,
constructing separate experiments with a limitednioer of attributes with a single
overlapping attribute, and adaptive conjoint anedysFor a further explanation and
comparison of these methods we refer to Oppewal £994 and Pullman et al 1999. A
problematic aspect that these methods have in canigrtbeir rather ad hoc nature.

An alternative approach that is well rooted inottyeis Hierarchical Information
Integration (HII), first proposed by Louviere (1984HIl is a logical extension of
information integration theory (Anderson, 1974, 198982) and assumes that decision
makers use multistage (or hierarchical) decisioategiies to process information in
complex decision making tasks. In particular, Hds@mes that when decision makers
have to evaluate complex decision alternatives luir@g many influencing attributes,
they will first classify the attributes into a set higher order constructs, also called
decision constructs. Examples of these decisiorstoacts in a transportation context
include 'service quality’, ‘safety’, and ‘comfortin fact, every attribute which is not
described in physical terms can be regarded asisiai® construct, because an additional
experiment is needed to examine how physical téoad on the construct. It is further
assumed that decision makers first form impressfongach of the decision constructs
separately, and then integrate these impressidnsowverall preference values for the
decision alternatives.

Consistent with these theoretical assumptionsjriptementation of conventional
HIl models requires the construction of two differeexperimental designs. First, a
subexperiment for each construct is required to sumeathe trade-off between the
attributes defining that construct. Next, a bridgexperiment is required to measure the
trade-off between the decision construct evaluatimnexamine how the evaluations of
the decision constructs are integrated into an advezvaluation of the decision
alternative. As this bridging task implies a trafe-of summarizing construct
evaluations, this experiment involves a rather rabsttask for the respondents. To
overcome this potential limitation, Oppewal et @994) proposed the Integrated Hll



Choice Experiments method. Both HIl variants wél florther discussed and illustrated in
this paper.

As will be shown in this paper, by applying the lddproach the trade-off between
many attributes is measured in several subexpetgnesmile it is still possible to arrive
at a single utility function. As each of the subestments contains less attributes
compared to a conventional full profile experimeimformation overload is reduced.
Furthermore, as the subexperiments can be alloeateds different respondents, further
reduction of respondent burden is possible, of s@ssuming that the subsamples are
sufficiently homogeneous. Thus, HIl provides a waydealing with many attributes
while overcoming task overload and respondent burde

HIl has been applied in marketing to model telecamitation services (Louviere,
1984), supermarket choice (Louviere and Gaeth, 1@®pewal et al 1994, Oppewal et
al 2006), bank preferences (Oppewal and VriensQR0@ spatial sciences to model
residential choices (Timmermans 1989, Louviere Bimgmermans, 1990a, Borgers et al
1992, Timmermans et al 1992, Van de Vijvere et®8 Oppewal and Klabbers, 2003,
and Molin, 1999), recreational choices (Louvierel dimmermans 1990b, 1992). More
recently, HIl has also been applied to transpama(Hensher, 1991, Chiang and Chang,
2003, Bos et al., 2004, Norojono and Young, 2003liMand van Gelder, 2008),
although it is still not widely known in this areéresearch.

The aim of this paper is therefore to review thé aiproach in order to bring this
approach to the attention of a wider transport comitg as a possible way of reducing
task complexity and information overload in SP ekpents. First, the conventional HIl
approach is presented, followed by the integratddapproach and a combined variant.
This is followed by an overview of HIl applicatiotisat illustrates how HIl can reduce
the respondents’ tasks. Validity aspects of HIl e discussed and the paper finishes
by drawing some conclusions and discussing sormessor further research.

2HIERARCHICAL INFORMATION INTEGRATION

In this section the three variants of HIl and tesuanptions on which these are based are
described. First, conventional Hll is discussetlpfeed by the integrated HIl and finally,
a combined variant.

2.1. Conventional HI|
Conventional Hierarchical information integratios based on the following set of
assumptions (Louviere and Timmermans, 1990a&b; d&Nijvere et al., 1998).



Assumption 1: Any particular choice or decision is influenced by acfevariables that
may be quantitative or qualitative in nature. Lieg total number of influential attributes
beN.

Assumption 2: Facedwith a complexdecision making problem, individuals group or
categorize a set of influential attributes into setls, which we term ‘decision constructs’.
Such categorization allows the individual to preceeveral variables into a single
decision dimension or construct. Let the selldbtal attributes be divided infosubsets.
Let these subsets of decision attributes be dermtés) (i =1, ..., |). For each subset,
there is a set of Vi1, ..., \(h } attributes that represents the subset or decisomstruct.
The number of variablesl(i) in each subset need not be the same for all decisi
constructs, but for notational convenience we asstimatN(i) is the same for all subsets.
The total number of decision variables is therefiwe sum of the separate variables in
each subset.

Assumption 3: Associated with each attribute level is a partitvartility, the value of
which is inferred from an analysis of the evaluasi@f or choices among multivariable
alternatives that individuals make in statisticalpntrolled experiments.

Assumption 4: In each of th&5; subsets, individuals make judgments by integrattiedg
part-worth utilities defined by the levels of thet ®f attributes contained in a particular
subselG;. The integration process follows some combinatida that may differ in each
subset, but can be approximated by a statisticallemavith linear parameters and
attributes. Thus, each subs#tis defined by some combination rge

Assumption 5: Individuals respond to experimentally designed cimaions of the
levels of the attributes corresponding to itiresubset;. The experimenter records these
responses on some psychological measurement sedlecpresents a transformation of
the true, but unknown, utilities of the levels bétattributes contained in tid subset.
Let theith set of attribute<;, map onto decision-construct dimensiénsHence,

A=gi(G)

=g (Vie, .., W)

Where {A} defines the levels of the attribute dimensiongdecision constructs of tHe
subsets of attributes.

Assumption 6: Individual choices among, or judgments about, corations of levels of
decision construct are observed on a psychological measurement sBalén an
experimental setting. The responses can be decaupo® part-worth utilities for each



level of each decision construct by means of sorappimg,f. This mappingf, can be
expressed as a statistical model which is lineg@siparameters and variables as follows:
R=f(A) i=1,..,1
Hence
R=f[g (Vi ..., \b)], i=1,..,1

The previously described equations are too gerierainodeling purposes; in practical
applications of HIl, thereford, and g, must be specified. Many possible specifications
might represent the various combination rueand the overall mapping however, a
useful rather robust form is an additive or muigar form. However, regardless of the
“true” specification, the HIlI approach involves tf@lowing steps (recall that the basic
idea is to structure decision tasks in such a way one can study and analyze separate
integration processes for each decision construct).

(1) Attributes are clustered intb sets based on logic, theory, or empirical evidence
While the clustering in most applications Hll isskd on logic or theory, Bos et al.
(2003) shows how clustering can be based on anreapanalysis of the grouping of
attributes conducted by a sample of individuals.

(2) Separate experimental designs are constructechtitr @ thel sets identified in step
(1), to create alternative descriptions definedthmy various combinations of levels,
positions, or degrees of the variables that detfireedecision constructs represented
by each set. Individuals evaluate combinationshefdttribute levels, or positions in
each construct set, on a category rating scaletfeer suitable scale) that defines
‘how much’ of the construct is defined by each carabon of attribute levels. In the
HIl literature, these experiments are often cafleddexperiments.

(3) The response data obtained in step (2) are anabgmatately for each set (and when
the construction of the experiment allows it, faclk individual in each set) to
develop a statistical model that describes how difierent attributes combine to
define each decision construct. For example, omgghinise multiple linear regression
models to develop the statistical descriptions,dnyt statistical model that preserves
the nature of the category response scale candak fos example, an ordered logit or
probit model (Hensher, 1991).

(4) Each (higher-order) decision construct is thenté@@as a factor whose levels are the
numerical categories of the ratings scales uselefioe the constructs in step (2). For
example, if a ten-category rating scale is usedtep (2), one might select the
categories 2, 5 and 8 from this scale to the lewaisl construct a fraction of thé 3



design [ is the total number of decision constructs). Imtinals are told that the

ratings reflect those that they gave to each dmtisbnstruct in step (2). Louviere
(1984) originally framed this experiment, which the HIl literature is called a

bridging experiment, as a rating task. Hence, tftBvidual's task in the bridging

experiment is to evaluate the combinations of deeisonstruct ratings by ordering

them on a new and different ratings scale. Timmes1(a988, see also Louviere and
Timmermans, 1990) generalized this approach by ifrgnthe bridging task as a
choice task, making the individuals choose betwsgstruct rating profiles.

(5) The data obtained in step (4) can then be ratedtesaded as measures of the
individual's overall utility, which are subject the normal error assumptions of the
multiple linear regression or related general Iinmadels (for example, ANOVA). If
discrete choice data have been obtained in stepo(#) of several possible limited
dependent variable models such as binary or muftialoprobit or logit models can
be used to analyze the data. In this way a stalsthodel of the integration of the
decision-construct ratings can be derived.

(6) The separate statistical models estimated in g&pand (5) can be concatenated if
one assumes that each decision process has a teegarar distribution with
expectation 0, which is not correlated with theoedistribution of the other decision
processes.

SUBEXPERIMENT 1 BRIDGING EXPERIMENT
level attribute 1, construct 1 rating

- observed for - hypothetical rating
level attribute i, construct 1 construct 1 for construct 1

SUBEXPERIMENT 2

level attribute 1, construct 2 rating
—  observed for - hypothetical rating | - overall
level attribute i, construct 2 construct 2 for construct 2 rating

or choice

SUBEXPERIMENT G

level attribute 1, construct g rating

—  observed for - hypothetical rating
level attribute i, construct g construct g for construct g
Figurel Scheme of experiments underlying HII



In sum, the application of conventional HIl invadséhe construction of a subexperiment
for each distinguished decision construct to ewvalusach decision construct and a
bridging experiment to model the integration of dhecision construct evaluations, as
summarized in Figure 1.

2.2. Integrated choice experiments

Oppewal et al. (1994, see also Van de Vijvere ai98B) identified a series of potential
limitations to the original HIl approach. Firstighey argued that the original Hll
approach produces several models rather than ke simagdel for which overall goodness-
or badness-of-fit measures and validity tests candérived. A concatenated overall
model cannot be estimated directly; rather, modalameters are derived by the
substitution and replacement of terms of varioussadels that are estimated separately.
Hence, the attributes varied in each subexperiraemntnot related directly to the final
response of interest, be it preference or choice.

Secondly, the values of remaining decision conttrace not specified in each
separate subexperiment because one assumes thdiatree no systematic effect on the
evaluations of a particular decision construct. €aguently, respondents may have to
assume or infer values for the other decision coo& (e.g., Johnson, 1987). Hence,
attribute effects are only tested over a limitechge of values of other decision
constructs, and there is no control over a respaislénferences about the values of
other decision constructs.

Thirdly, the validity of the bridging experiment g®s problems because
respondents have to evaluate or choose profilegided in terms of their profile ratings
in the subexperiments. The difficulty of this taskunclear. Also it is not clear whether
the resulting attribute evaluations reflect thepmeslent’s real preferences. For example,
profiles in bridging tasks typically contain onlymerical scores, which may encourage
respondents to average out their evaluations of dibesion constructs. Hence, the
parameters estimated from bridging experiments maaye valid.

Fourthly, the original HIl approach does not té& aissumed hierarchical decision
structure. Instead, one must assume that the biecat structure is correct to
concatenate the subexperiments.

Fifthly, although the bridging experiment can baigeed as a choice experiment,
Louviere's original approach does not allow suberpents to be framed as choice
experiments. Because there may be situations ithwbhe wishes to model choice
behavior, there may be a need to design subexpetsmas choice experiments.

Finally, interactions between variables that deftiiéerent constructs cannot be
estimated, nor can interactions between attribaelsdecision constructs.



As an alternative to the original HIl approach, @ppl et al. (1994) proposed and
tested an HIl approach based on integrated subexgets. Like the subexperiments of
the conventional HIl approach, the profiles of tha&bexperiments in the integrated
approach include attributes that define a partrcdecision construct. However, in
addition to these attribute profiles, summarizingdthetical evaluation scores of the
other decision constructs are added to the prdfgewith the bridging experiments of the
conventional HII approach, these hypothetical eatadun scores are typically expressed
as ratings on a rating scale. The resulting prefilescribe all major aspects of a choice
alternative, in terms of a series of attributessphypothetical construct ratings. The
required subexperiments are schematically depiot&ture 2.

SUBEXPERIMENT 1

level attribute 1, construct 1

level attribute i, construct 1 - rating for choice alternative or

rating for construct 2 choices among choice alternatives

..... estimate a

rating for construct g - concatenated
model

SUBEXPERIMENT G

level attribute 1, construct g

level attribute i, construct g - rating for choice alternative or
rating for construct 1 choices among choice alternatives

rating for construct g-1

Figure2 Scheme of experimentsunderlying HII with integrated subexperiments

The HIl approach with integrated subexperiments rawees most of the
limitations of the original HIl approach. Firstlthe profile evaluations can be regarded as
overall evaluations because all the decision cootgrare described in the profiles, either
as combinations of attribute levels or as summagizatings of constructs. Consequently,
all separate subexperiments can be concatenatestitbate a single model. Secondly,
respondents do not have to make inferences abeutrttitted decision construct levels,
because all decision constructs are specified ¢h peofile. This gives enhanced control
over the respondents’ inferences, which potentiatigreases the reliability of the
estimated parameters. Thirdly, the need for a brglgexperiment no longer exists,
because the profiles describe the complete chdiegnative. The resulting profiles



consist of a mix of attribute level descriptionsdathhe numerical ratings of decision
constructs which reduces the probability that reslpats adopt simplifying response
heuristics, like averaging. Fourthly, the validity the assumed HIl decision-making
process can be tested (Oppewal et al.,, 1994 anddeaviijvere et al., 1998). These
validity tests will be discussed in the fourth satt Fifthly, the subexperiments can be
designed as choice experiments. Finally, the iotenas between attributes and decision
constructs can be estimated, although it is stitl possible to estimate the interactions
between variables that define different construtkais, the HIl approach with integrated
subexperiments avoids the limitations identified foe original HIl approach, whilst
preserving its benefits.

2.3 Combined conventional HIl and integrated choice experiments

In the transportation literature several studiegehazeen published that combine elements
of conventional HIl and integrated choice experitaefiHensher, 1991, Norogono and
Young, 2003, Bos et al, 2004 and Molin and van &el@008). In this HIl variant,
subexperiments are constructed in the same wanp #sei conventional HIl approach,
thus varying only the attributes that define a Eragcision construct. The construction
of the bridging experiment however differs in thense that in addition to the
experimentally varied construct evaluations, odi#ibutes of interest are included. The
result is that the bridging experiment is framedasntegrated choice experiment in the
sense that it combines summarizing construct etiahsand regular attributes.

Bos et al. (2004) initiated the application of tiwariant by referring to their
experiences with an earlier experiment that varmadti-modal mode alternatives (van
der Heijden and Molin, 2002). In that experimentfedent time-related attributes were
varied, such as waiting time and travel time, lmspondents indicated that they summed
the different time components and responded tol totevel time. Indeed, model
estimation indicated that the coefficients for thierent time components did not differ
significantly. Assuming that respondents would asm different cost components and
would only respond to total costs, Bos et al. dedidot to treat time and cost as decision
constructs and therefore did not construct subéxgeits for those attributes. Instead
they included time and costs as regular attributéise bridging experiment in addition to
the decision construct evaluations that did refethie subexperiments. Molin and van
Gelder (2008) and Norojono and Young (2003) alsdusted a regular time and cost
attribute in addition to the construct evaluatiomshe bridging experiment, and Hensher
included a cost and an interchange attribute irbtidging experiment.

Although all applications of the combined HIl apach were in the transportation
field, this HII variant is in fact a general appcbahat can be applied in any situation in
which, in a stated preference experiment, the reeeawishes to include one or more
complex attributes of which the levels express sanuing subjective evaluations, like,



for example, perception scores on comfort, conver@eand safety. If the interest is to
understand how the subjective evaluations areeelet a bundle of underlying physical
attributes, one could construct a subexperimentwhich the underlying physical

(objective) attributes are experimentally varied gahe subjective evaluations of the
complex attribute are measured. Such a subexpetrihmis subjective evaluations to
physical attributes, thus providing manageriallievant information on how subjective
evaluations may be changed by changing the le¥glbysical attributes.

3 AN OVERVIEW OF HII APPLICATIONS

To give the reader an idea about the way HIl ha&n@poplied in various studies and to
illustrate how HIl reduces the respondents’ talsls section provides an overview of Hll
applications, summarized in Figure 3. To the béshe authors’ knowledge, this figure
includes all published HIl studies with the followi two exceptions. The first exception
concerns three papers that applied a modified aersi HIl (Ulengin, 1998, Ulengin et
al. 2001 and 2002). In these studies none of tinbates in the bridging experiment are
expressed in terms of the rating scales used iauthexperiments and therefore cannot be
directly linked to the construct evaluations asesbed in the subexperiments. Hence, the
modified HIl approach is not based on the assumptionderlying Hll as discussed
above and is therefore not included in this revidwsecond exception is formed by
studies that apply HIl to study group (cq. famitdgcision making (Timmermans et al.
1992, Borgers and Timmermans, 1993, Dellaert ¢ 808, and Molin et al., 1999, 2000
and 2003). These studies include a summarizingtiearisevaluation in the bridging
experiment or integrated experiments separatelgvery group member, which allows,
for example, the researcher to study the influeneenbers have on the group decision.
As the application of HIl to study group decisionaking requires additional
assumptions, this is beyond the scope of this paperce, in this overview we focus on
HII applications for individual decision making.

The third column of the overview indicates that tmafshe studies (6) applied the
conventional HIl variant, 3 studies applied theegrated choice variant and 4 studies
applied the combined approach. As one may arguethiegacombined variant is more
similar to the conventional approach than to thiegrated variant, we can conclude that
the conventional variant is the most popular apgmodhe fourth column includes a
description of the decision constructs that weedu$or illustrative purposes, to give the
reader an idea of the type of decision constringshave been used.

The last two columns of Figure 3 illustrate how Hiay reduce the respondents’
tasks. As has already been argued, the partiticheototal number of attributes across
different subexperiments limits the number of htites per profile and consequently
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reduces the possibility of information overload.eTfourth column indicates that the
number of attributes in most of the subexperimé&nisndeed quite limited. In the large
majority of the applications the number of attrémitn each experiment is between 3 and
7. As in the integrated variant, in addition to #t&ibutes defining a decision construct,
summarizing construct evaluations for all otherisiea constructs need to be included.
The integrated variant has a slightly lower potnfior reducing information overload
than the conventional variant. Column 4 indeedsthates that overall more attributes are
included in the experiments of the integrated vdrithan in experiments of the
conventional type.

Also, as argued before, HIl has the potentialaduce the number of profiles
which results in a smaller respondent burden. Lenevend Geath (1988) suggested that
this can be achieved by assigning only a singlexsperiment together with the bridging
experiment to each respondent. However, the sarti®rgualso suggest that as each
subexperiment of the HIl is different, individuatan probably be asked to respond to
more than a single task. In any case, the completi@a complete subexperiment has the
advantage that if ratings are used as the resgonset, one can model the construct
evaluations at the individual level. Column 5 ofjiiie 3 indicates that in five of the
applications respondents are indeed requestednplete only a single subexperiment
and the bridging experiment. Some of these apphicatalso required respondents to
complete a few profiles of each of the other sukexrpents in order to familiarize
themselves with the attributes used in those empmris so that they have a better
understanding of the meaning of all decision cas$: In contrast, three applications
required the respondents to complete all the exyais, which therefore did not reduce
the respondents’ task at all. Finally, four of #gplications requested the respondent to
complete an equal part of all the constructed empts, ranging from evaluating only a
single profile to evaluating half of the profileseach subexperiment.

The study reported by Oppewal and Klabbers (2@)8)e only one that actually
measured the task load of Hll-based and of fulfijgrexperiments and compared the
results. The amount of time taken to complete tis# éxperiment that was completed
was measured. A full profile task involving theimgt of 27 profiles each including 13
attributes was compared with the completion of #ngabased subexperiments and a
bridging experiment each involving 9 profiles. THewynd that a full profile experiment
took less time to complete than all the HIl subeipents that applied the same order of
the attributes. However, another partition of htites across decision constructs resulting
in an easier attribute order took the respondests fime to complete than the full profile
experiment. Hence, although all HIl experimentstotal involve the rating of more
profiles than the full profile design (each inclngiless attributes), this result indicates
that it does not take more time to complete HIl esxpents than the full profile
experiment and that the task load depends on thie tf the division of the attributes
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across the decision constructs as perceived byepondents which may result in tasks
that are easier to process and consequently takeihee to complete.
In addition, some of the applications asked thpardents to evaluate several full
profiles that included all the attributes in order compare the full profile and Hil
approach. Hence, it should be noted that severdieoHlIl applications in our overview
are specifically conducted for methodological pwgm to test validity aspects. Hence,
these HIl applications demand more from the respotsdthan HIl applications set up
with only a substantial focus in mind. Nevertheldsgure 3 illustrates the possibilities
for reducing potential respondent burden by distirig the total task across respondents.

author subject variant experiments task per
(number of attributes / number | respondent
of profiles / CS = choice sets)
Louviere, 1984 | telephone conventional HIl, | costs (3/8) all = rating 27
services rating bridging services (3/8) profiles
bridging(2 / 9) (+ 16 full
profiles)*
Louviere and supermarket | conventional Hll, | price (4/9) all = rating 83
Gaeth 1988 choice rating bridging quality (3/16) profiles
selection (4 / 16)
convenience (11 / 16)
bridging (4 / 25)
Louviere and recreational | conventional HIl, | environment/accessibility (5/16) | 1 subexp +
Timmermans, | destination choice bridging facilities (7 / 16) 4 profiles of
1990a & 1992 | choice maintenance (4 /16) each other
social use (3/16) subexp. =28
bridging (4/9/16 CS) ratings + 16
choices
Timmermans, | residential conventional HIl, | house (6 / 16) 1 subexp +
1988 and choice choice bridging residential environment (6 / 18) 4 profiles of
Louviere and relative location (6 / 18) each other
Timmermans, social and economic ties (4 / 8) subexp. = max.
1990b bridging (4/9/16 CS) 30 ratings + 16
choices
Oppewal and residential conventional HIl, | size of living quarters (3) 9 full profile +
Klabbers, choice choice bridging size of sleeping quarters (3) 27 subexp + 9
2003 room positions (4) bridging exp =
sunlight (3) - (13 / 81**) 56 ratings +
bridging (4/9) 8 choices
Chiang et al. Intercity conventional HIl, | service quality (6 / 18) 1 profile from
2003 mode choice bridging transfer quality (4 / 18) each subexp. =
choice information quality (3 / 18) 4 ratings and 1
environment quality (3 / 18) choice
bridging (4 / 18(?) / 9(?) CS)
Oppewal et al. | shopping integrated Hill, location convenience and 9 choices
1994 & 1995 centre choice tasks accessibility (8 /128 /48 CS)
choice appearance, layout and furnishing

(13/128/48 CS)
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selection of stores for food and
packaged goods
(12 /256 /96 CS)
selection of stores for clothing
and shoes (12 /256 / 96 CS)
Van de Vijvere | residential integrated Hill, house (7/32/16CS) 1 subexp. + 2
et al, 1998 choice choice tasks residential environment choice set of
(5/32/16CS) full profile = 18
relative location (8 / 32/ 16 CS) choices
full profiles (14 / 64/ 32 CS)
Vriens et al. bank integrated Hill, accessibility (7 / 27) 1 subexp. /
1995 & preferences | rating tasks competence personnel (5 / 27) 2 ratings per
Oppewal and accuracy and friendliness (9 /27) | profile = rating
Vriens, 2000 tangibles (7 / 27) 27 profiles
Hensher, 1991 | mode combined trip quality (4 / 8) 4 profiles from
choice (bus | conventional and | wait quality (3/8) each
preferences) | integrated Hll, vehicle quality (5/ 8) experiment =
rating bridging information quality (5/ 8) 20 ratings
bridging (6 / 8)
Norojono and | freight mode | combined quality (4) ?
Young, 2003 choice conventional and | reliability (3)
integrated Hll, bridging (4)
choice bridging
Bos et al, destination combined P&R facilities (7 / 18) all = 27 profiles
2004 & 2006 Park and conventional and | connecting public transport (4 /9) | and 18 choices
Ride choice | integrated Hll bridging (4 / 18 CS)
Molin and van | origin Park combined public transport access node (6 / | 1 subexp =
Gelder, 2008 and Ride conventional and | 18) max. 18
choice integrated Hll P&R facilities (7 / 18) profiles +
connecting public transport (4 /9) | bridging = 18
bridging (5/ 18 CS) choices

* HIl and full profile results were compared.
** the profiles for all subexperiments are simultaneously abstracted from a single experimental

design.

Figure3 An overview of HII applications

4 VALIDITY

4.1 Validity testsfor conventional HIl

In this section, we review the validity issues thatve been addressed in the studies
included in our overview. A first validity test thavas conducted in several studies
involves comparing the results based on the Hlleerpents with the results of a single
full profile task including all attributes. It shioube noted however, as Louviere and
Gaeth (1988) pointed out, that the results of thiepfofile experiment are not necessarily
more realistic. If indeed individuals as assumdtb¥o a hierarchical strategy, than the
results based on the HIlI experiments are probaloisemealistic. Hence, it may be argued
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that by increasing the number of attributes it Inee® more likely that a hierarchical
process can be followed.

A comparison of HIl with full profile results wagrdt conducted by Louviere
(1984) in an application based on rating tasks amlgl that included a relatively small
number of 8 attributes (see Figure 3). He found tha scale values of both methods
were very strongly related by a linear transforomatia permissible transformation with
interval scales. In an application that includechynenore attributes (22), Louviere and
Gaeth (1988) found stronger differences in coedfits estimated by both methods.
However, using the HIl results to predict the resmms observed in the full profile
experiment, they concluded from the graph thatt@tbboth results that the means were
monotonically, but not linearly related. Hence, ylwencluded that, if both models were
used in a choice predictor to predict choices basedhe ‘highest predicted response
equals first choice’, both methods would producmilsi aggregate results. Finally,
Oppewal and Klabbers (2003) compared two differgattitions of attributes across
subexperiments with a full profile approach inwadstincluding 13 attributes. They found
that the part worth utilities based on the full fdeoexperiment have high correlations
with those based on both HIl experiments (0.85@8A8 respectively). Furthermore, they
found higher hit rates for both HIl models than fioe full profile model (0.81 and 0.81
as opposed to 0.77), although the differences wetrstatistically significant.

The study by Louviere and Timmermans (1992) is ah&/ conventional Hll
study that tested the external validity of HIl misdélhey applied the conventional Hll
method with a choice bridging experiment in a ratiomal choice study involving 4
decision constructs. They tested how well the singhoice model derived from
combining the parameter estimates obtained fromfittee different experiments could
predict reported choices. The model was used tigirthe choice probabilities for each
of 40 real-choice recreational areas in their stadga and compared this with the
observed shares based on the reported visits $e treas of the same respondents. They
found that the product-moment correlation betweesdigted and observed shares of
visits to each recreation area was 0.68, and tladaeship was reasonably linear. This
close relation between predicted and observed shmoxides support for the predictive
validity of the HIl method.

Molin and Timmermans (2003) examined whether irdiigls follow a
hierarchical process to arrive at overall residdmireferences. Their analysis was based
on revealed preference data that involved desonptof respondents’ current house and
residential environment in a number of attributesl gheir evaluations for house,
residential environment and overall housing sitratiThey hypothesized that according
to HIl theory, the housing evaluation should only affected by housing attributes;
residential environment evaluation only by resigdrénvironment attributes; and finally,
the overall evaluation should only be influencerkclly by the housing and residential
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environment evaluations and thus not directly bliegmced by any of the attributes. The
path model they estimated based on the assumexdusg& ditted the data well. From this
analysis it can be concluded that individuals indéslowed a hierarchical process to
arrive at their overall preferences, at least m ¢hse of residential preferences. Testing
whether a hierarchical process is followed canmotdsted within the conventional Hll
approach but it is possible within the integratadant, which is discussed next.

4.2 Validity test for integrated HIl

Oppewal et al. (1994) proposed and applied fourditgl tests for the integrated HlI

variant. We briefly summarize these tests here rafek to Oppewal et al. (1994) for
more details. The first three validity tests inwlvegression analysis and require
additional measurements: in each subexperimenttiidute combinations should be
evaluated on the same scale as is used to expgressxperimentally varied decision
construct evaluations.

A first validity test involves regressing the obsst construct ratings against the
attributes defining a single decision construct émel hypothetical construct ratings. If
the construct is well defined, all attributes slibutave significant coefficients.
Furthermore, to test whether the evaluation ofraqudar construct is independent of the
hypothetical ratings of the other decision congunone of the coefficients estimated
for the hypothetical construct ratings should taut to be statistically significant in this
construct-regression model.

A second validity test examines whether each aitieibs well presented by a
decision construct. This test involves comparing significance of an attribute both in
the construct-regression and the overall concagen@aidel. If an attribute is significant
in the overall concatenated model but not in thestoict-regression model, the attribute
is not well represented by the decision construct.

A third validity test involves a test of processuality across subexperiments.
According to the assumptions underlying HIl, thenstouct evaluation based on the
profile of attributes defining a construct shouldvld the same effect on the overall
evaluation as a hypothetical construct rating. 8si this, the construct-regression model
for a particular decision construct is used to yotetthe decision construct ratings for each
profile in a particular subexperiment. Then a comcated model is estimated across all
subexperiments including only the hypothetical ¢t ratings and the predicted
construct ratings. The predicted construct ratiags then tested to see whether each
construct affects the overall evaluation to the esaxtent as the hypothetical construct
ratings.

A fourth validity test can be performed without reeang the construct ratings. It
involves testing whether parameters estimated e same hypothetically defined
constructs differ between different subexperimeinstheory, if each subexperiment
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represents the same choice process, the paraméteesision constructs should be the
same except for sampling error and differencesriar evariability across the different
subexperiments. Therefore, one expects no signifianstruct effect differences
between subexperiments that both included the naisas a hypothetical rating. It
should be noted that this test requires at leasettlecision constructs to be distinguished
in order for the decision constructs to appear tnleast two subexperiments as
hypothetical ratings.

Oppewal et al. (1994) conducted all these validiégts in their empirical
application on shopping centre choice, distingumghd decision constructs (see Figure
3). Reporting the results of two subexperimentgytifiound that all attributes were
significant both in the construct-regression modeld in the overall concatenated choice
models. Furthermore, they found that, except faingle quadratic effect, none of the
hypothetical construct ratings had a significafé&fon the construct-regression models.
Hence, the results on the first outlined validiégts were in line with the expectations
based on Hil theory.

With respect to the third validity test, they fouridat the construct ratings
predicted from the attribute combinations generbly a larger effect on overall choice
than the hypothetical construct ratings. With respe the fourth validity test, they found
that hypothetical construct ratings have differenpacts in different subexperiments.
These results suggest that construct effects watrequal across subexperiments, even
after taking scale difference between the differembexperiments into account (Swait
and Louviere, 1993). This suggests caution in u#iregconcatenated choice model for
predictive purposes because the model may be doséssitive. However, the authors
suggest that it could be that context effects “agerout” across subexperiments, but this
could not be directly tested. Instead, the predkctialidity was tested, which was based
on comparing the predicted choices for 30 shoppmlegtinations with the observed
choices for those destinations observed for theessample. They found a correlation of
42, which was substantially higher than predictibased on any restricted model. From
this result they concluded that inclusion of motgilautes increases the predictive
validity of experimentally based models.

Van de Vijvere et al. (1998) conducted the fowahdity test in an integrated Hll
application on residential choices. In this appi@ma they included 14 attributes
partitioned across 3 decision constructs (see Eigurin contrast to the findings reported
by Oppewal et al (1994), van de Vijvere et al. donbt reject the hypothesis of equal
construct parameters across different subexpergnémaddition, they also compared the
utility function based on the integrated choiceerxpents with the utility function based
on a full profile experiment. Again, they could negject the null hypothesis of equal
parameter estimates. Furthermore, as they corrdotedifferences in scale value, they
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found that the scale factor for the full-profilepeximent was relatively small, which
implies that the error in the full-profile tasklggger than in the HII tasks.

CONCLUSIONS

In this paper, we have reviewed the background aqmdtessence of variations in
Hierarchical Information Integration. Several exdmspwere discussed. The distinct
feature of methods of Hierarchical Information brigtion is to break down the large
number of potential influential attributes into dleasubsets. Because subexperiments
are constructed for each construct separately,estthjreceive less information when
asked to make judgments, implying that the exparmare less demanding. On the
other hand, because subjects are, in addition,estgd to complete a bridging
experiment, some of this gain is lost in the sethse the total number of profiles or
choice sets to evaluate becomes higher again aidygeeeven higher than the number
when using a conventional fractional factorial dasapproach.

The studies examining and comparing the validityHeerarchical Information
Integration and conventional conjoint measuremagygsst that the derived utility scales
tend to be strongly related, even if a substamtiahber of attributes or choice sets is
involved. These findings suggest that researchers h choice as to what design strategy
to use for choice problems of this size. Only i tiotal number of attributes becomes
very high, conventional design strategies no loegns feasible and Hierarchical
Information Integration becomes a feasible option.
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