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WARM UP AND PRESENTATION DEVICESEXPERIMENTED IN
A CONJOINT-CHOICE SURVEY ON PREFERENCES FOR JOBS

Luigi Fabbris, Francesca Miari and Manuela Scioni

Satistics Department, University of Padua

Abstract. We embedded a multifactorial experiment into a survey designed to collect data
from graduates about the criteria they adopt while choosing a job opportunity. The
experimental procedure consisted of three interconnected experiments: () a first one
aimed to test how to ‘warm up’ respondents before starting a conjoint measurement
exercise; (b) asecond oneto contrast two different choice procedures: the* conjoint choice’
of onejob from a set of offered ones ver sus the choice of the mostly appealing attribute of
each of them, and (c) another experiment toinfer theoptimumsize of thejob choiceset. Jobs
were portrayed through a sample of two-through-six attribute levels randomly selected
from a set of dichotomous attributes. The experiment was administered to 7,102 Padua
University graduates, out of which 3,628 completed the questionnaire. The experiments
showed that respondentshaveto be‘ warmed' with soft questions, thatinaconjoint exercise
the choice of a job from a set seems to respondents more realistic than pinpointing a
significant feature that describesit, and finally that presenting a number of three or four
job opportunities at a time makes it the choice more plausible than either two or six jobs.

Keywords: Conjointanalysis; Factorial experiment; Respondent war mup; Choicestrategy;
Choice set size; Survey on graduates

1. INTRODUCTION

In the following we present and discuss the results of a multifactorial statistical
experiment carried out on a sample of graduates in order to enhance the data
collection methodol ogy of surveys conducted with a choice based conjoint (CBC)
approach through a computer assisted questionnaire.

The term conjoint measurement (Luce and Tukey, 1964; Tversky, 1967,
GreenandRao, 1971) involvesvarioustechniquesaimedtoelicit peopl € spreferences
by asking them to jointly evaluate two or more aternatives, instead of assessing
their individual aspects, within a hypothetical context. It is widely applied in
business, market research, transportation, environment, health and social decision
making, and in all domains in which one wishes to €licit the preferences from
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citizens, customers or experts by either choosing among — or estimating trade-offs
between — pertinent aternatives (see the references in Huber, 1997; Sawtooth
Softwarelnc., 1993-2013; Green et al., 2001; Gustafsson et al., 2003; Hainmuel ler
et al., 2013). Some choice experiments concern graduate recruitment and job
search processes (Logan, 1996; Douglas and Shepherd, 2002; Villosio, 2011;
Humburg and Van der Velden, 2014)

Factorial experiments are widely used to infer about the optimum strategies
for data collection in surveys, sinceit is possible to suggest a new technique only
after testing its effectivenessin obtaining more and better answers from the target
population (Wallander, 2009).

We embedded our experiment into a survey on the dlicitation of fresh-
graduates’ preferences for possible jobs. The survey was carried out through a
CAWI — Computer Assisted Web-based Interviewing — questionnaire conveyed
through an email, with four recalls every two-three weeks. The survey is part of a
larger research, whose acronym PETERE stands for Preferences for Employment
and Training as Elected by REcent graduates. In this paper, we will deal with the
contents of the survey as much as needed to make the outcomes of the experiment
sensible.

Formally, a random sample of n'=7,102 graduates was drawn from the
population of Padua University students graduated in 2015. Sample units were
contacted by an email containing alink to an el ectronic questionnaire and n= 3,628
graduates (51.1% of the contacted ones) opened it. Respondents had to complete
thequestionnaireal one, throughtheir own computer, intheir owntime. Thissample
Size may support inference far better than the bottom limit stated in Amemiya
(1981) of 30 sample units per experimental cell, a rule of thumb larger than
analogous ones proposed in Pearmain et a (1991) and Lancsar and Louviere
(2008). The design of the experiment will be described in detail in Section 2.

Theconjoint choice scenario was designed asfoll ows: the possiblejobs about
which graduates were asked to express their preferences have been defined by
combining nineattributesthat recur in job adsfostered by media. Theattributesand
their levels have been defined through topical research experience (Fabbris, 2012)
and focus groups with academic experts. Pre-testing the topical questions and
piloting of the basic questionnaire were carefully done both in paper and in
electronic format®. So, with regard to survey aims, the selected attributes can be
assumed to exhaust the salient beliefs of graduates about the choice of ajob.

1 Therisks related to the exclusion of relevant attributes are discussed, among the others, in
Sanbonmatsu et al. (2003) and Islam et al. (2007).
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Since nine attributes at a time are too fatiguing to manage for respondents?,
the possible jobs were defined through random sampling of the attribute levels
according to a fractional (factorial) experiment, a popular praxis in conjoint
measurement2in particul ar for tasksdesigned for computer-assi sted questionnaires.
As a matter of fact, a full factorial design being unaffordable, we sampled the
attribute level s and the possible jobs in away that ensured the achievement of the
statistical conclusions asif a full design was applied. Moreover, respondents are
assumed familiar with the attributes. So, given the random selection of the jobs
descriptors, al respondents can be assumed to be equaly informative of the
experimental issues.

Therest of thepaper isorganised asfoll ows: themainresultsof theexperiment
are described in Sections 3 and 4, in which both the quantity and quality of
responseswill be eval uated with respect to the experimental factors, thediscussion
and comparison of our outcomes with the literature are presented in Section 5 and
the conclusion in Section 6.

2. THE EXPERIMENTAL DESIGN

In the following we deal with methodological problemsrelated to the plausibility,
the efficiency and the effectiveness of preference elicitation through conjoint
measurement. We conjectured different ways of realising a conjoint exercise and
designed afull factorial experiment to ascertain which data collection modes may
improve the research setting. The experiment was designed to test the following
hypotheses:

1. Isitworth‘warming up’ respondents before a complex conjoint exerciseand, if
s0, how should we? Warming up respondents means announcing them that they
should prepare themselves to face an uncommon task.

2. In aconjoint-choice environment, isit more convenient pinpointing a job from
abasket of job opportunitiesandthen elicitingitsmost qualifying characteristic,
or directly selecting from a given set of characteristics those that qualify a

2 scholarsagreenot torisk aninformation overload (Miller, 1956; Green and Srinivasan, 1978;
Acito, 1979; Thomas, 1989). Mahotraet a. (1982) and Malhotra (1984) state, instead, that
respondents are capable of processing ten attributes at a time without excessive strain and
sustain that themoreyouinteract with theinterviewee and rai se her interest the more positive
are the effects on survey results.

3 Louviere and Hensher (1983) is the seminal paper after which the preference experiments
were incorporated into choice exercises. For a survey of the literature, see Johnson et a.
(2013).
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preferred job? In other words, if one wishes eliciting job preferences from a
population, isit methodol ogically preferable sel ecting ajob as described by its
attributesor pinpointing theattri butesthat best describerespondents’ preferences
asregard jobs? Kuhfeld (2010a; 2010b) names* purely generic study’ the latter
mode in which respondents eval uate just a bundle of attributes, as opposed to
a ‘brand choice study’ in which the evaluated alternatives are, athough
hypothetical, conjoint units. Others (seethereferencesquotedin Bettmanet al .,
1998) namethetwo strategi esattribute-based and alternative-based, respectively.

2. Whichistheideal number of alter nativesto submit inaconjoint-choiceexercise
for the respondents to efficiently select their preferred jobs, and why?

From now on, we will refer to the three experimental factors as ‘ respondent
warm up’, ‘choice strategy’, and ‘ choice set size’, respectively.

Warm-up questions are supposed to be relevant when respondents need
concentration to achieve the survey tasks, recall from memory and evaluate the
alternatives, and assemblealikely answer. It isto be highlighted that most graduates
at hand never worked and needed to guess what a job, presented in terms of few
attributes, was on about before expressing their preferences. The literature (see
Johnson and Orme, 1996; McCullough, 2002; Helm et al., 2011) states that
response reliability improves after respondents have done some related tasks. In
fact, the longer you dialogue with respondents, the sooner they might endorse
research objectives, ‘learn’ meanings and spend time evaluating the options. So, if
onewishesrespondentsto be aware sincetheir first choice, abroad anticipation of
contents is needed.

We defined four alternative questionsfor warming up respondents beforethe
conjoint exercise: all questions started with acommon sentence: ‘e are going to
ask you to evaluate some job opportunities you could be offered’; the additional
sentences that identify the four ‘warming’ formats were as follows:
1A) ‘Nowarmup’, namely just abasi c sentence was added to the above: * Jobswill
bedescribed by someattributes, similar tojob adsor to offersafter ajobinterview:
tenure, closeness to home, type of activity, working conditions, and possible
rewards' . This mode represents the null hypothesis.

1B) Warming up through the more favourablelevel sof each job attribute (sideA of
Tablel). Theadditional sentencewas: ‘ Beforeyou eval uatethem, would you please
state how much each of the following characteristics is important to you? [Very
much, Fairly, Barely or Not at all]’. Appointed respondents had to read al the
‘positive’ levels of the nine attributes.
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1C) Warming up through thelessfavourablelevel s of the attributes (side B of Table
1). Theadditional sentencewas. ‘ In order tolet usknow which aspectsyou put first
while accepting a job offer, please, state if you would accept an offer of 100 euros
ontop of your salary provided the offered job had.... [ one answer per row, Yes/No] .
Appointed respondents had to read all the supposed less favourable levels of the
nine attributes.

1D) Warming up respondents with both sides of the nine attributes, favourable and
unfavourabl e (both sidesof Table 1). Thefinal part of the question was‘ Before you
evaluate them, would you please specify the aspect that above all would convince
you to accept a job offer and another onethat would drive you to refuseit’ [* Other
aspect’ wasalso allowed]. To give an aware answer, the appointed respondents had
to read all the levels of the nine attributes and pick up one favourable and one
unfavourable.

Table 1. Levels of the attributes adopted to qualify job opportunities

A: More favourable levels B: Less favourable levels
1. Saturdays and evenings always free 1. Saturdays and evenings sometimes busy
2. Open-ended contract 2. Fixed-term contract
3. No lengthy business trip 3. Frequent and lengthy business trips
4. Close to home 4. Far from home
5. Job activities related to studies 5. Job activities unrelated to studies
6. Autonomous job activities 6. Many non-autonomous job activities
7. Intellectual tasks 7. Manual tasks
8. English can be useful at work 8. Necessary to learn well English
9. Informal work environment 9. Formal, detached work environment

Two choice detection strategies, articulated into various hierarchical steps,
weredesi gned and experienced. Onewasbased onthesel ection of ajob profilefrom
arandom basket of job opportunities, while the other was based on the repeated
selection of an attribute-level from thosethat defined ajob profile. Hence, thelatter
strategy views each job profile as a set from which attributes' levels are chosen
(Marley et al., 2008). The sample size of the two strategies were respectively 5571
and 1531.

Thejob-based task consisted of abest-worst (BW) choiceof ajob opportunity
among those offered (L ouviere and Woodworth, 1990; Finn and Louviere, 1992;
Marley et a., 2008; Marley and Pihlens, 2012; Burke et al., 2013). The choice of
the best aternative, that isthe more convenient job, was realised from a basket of
opportunities shown on the screen, and the choice of the worst, say the less
convenient job, followed from the same choice set. This procedure was repeated
threetimes. The choice of the absol ute best and the absoluteworst jobswas devised
in afourth step, in which the three best choices and the three worst choices were
submitted. Moreover, if ajob was chosen as absolute best, the respondent had to



48 FabbrisL., Miari F. and Scioni M.

pinpoint themore convenient attributeamong thosethat defined that job. Inparallel,
the more non-conveni ent attribute had to be sel ected among those that qualified the
absolute worst job.

At the end of the procedure the respondent had to state if the job pinpointed as
absol ute best was close enough to her ideal job to accept it. Similarly, the respondent
was asked to Sateif the option selected asabsolute worst wasfar enough fromideal to
refuseit. The job-based choice procedureis schematised in Figure 1, sideA.

Jab based design Artribute based design
Choice of a job from a set of jobs, 3 Choice of an attribute from each of the /2
rounds, Best-Worst choice presented jobs, Best-Worst choice
Choice of the absolute best and the ‘L
absolute worst of the 3 rounds At each of 3 rounds, chotce of the best

and worst attributes among the /1 chosen

¥

Selection of the attributes that qualify ‘]’
the absolute best and WOI‘SthbS Choice of the absolute best and the
absolute worst attributes among those
Jf selected at each of the 3 rounds
Distance from ideal job (would accept \I,
the best job and would refuse the worst - - -
iob Distance firom ideal job (would

acceptirefuse the jobs that possessed
respectively the best and the worst
selected characteristic)

Figure 1. Task procedure of the two experimental choice designs

The choice setsfor the attribute-based experiment appeared on the computer
screen of respondents in the same way as the job-based one, but tasks required to
respondentswerevery different. For theattribute-based, each respondent wasasked
to choose two attributes (one best and one worst) of each job belonging to achoice
set. For instance, suppose the attribute-based procedure was applied to achoice set
composed of four jobs qualified by three attributes. The respondent had to select
two attributes (one best and one worst) from each of the three descriptors of each
jobopportunity and then choosethebest of thefour best attributesand, analogously,
the worst of the four worst attributes within any choice set. This procedure had to
be repeated three times with different choice sets and, finally, the absol ute best of
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the best attributes and the absol ute worst of the worst attributes were chosen. Also

in this case, the respondent was asked if her ideal job waswell represented by the

characteristic selected as *absolute’ best and if she would refuse ajob having the

characteristic selected as * absolute’ worst (see Figure 1, side B).

Finally, theexperimental factor concerned with the size of the choice setswas
articulated as follows.

— At each choice round, afixed number, h, of jobs was exhibited to respondents;
each job was defined by afixed number, k, of attributes. The number of jobsin
atask was either 2, 3, 4 or 6; the tasks were administered to respondentsin a
random fashion so to obtain three random subsamples of equal size.

— The number of attribute levels shown to each respondent at each of the three
choiceroundswaskept fixed at 12 (h*k= 12). So, both hand k assumethevalues
2,3,4and 6inareciproca reation (h =12/ k). Thisway, the choice tasks are
independent of the overall number of evaluated levelsin the three rounds and
eventheultimatechoiceamong partial choi ces—performed over aconstant (3*k)
number of attribute levels— does not depend on the number of attribute-levels
shown to respondents.

— Alternatives were defined by sampling the attribute levels from the nine
dichotomous job descriptors. The process through which the alternatives were
created and then randomized defines a fractional factorial experiment fully
independent of the subject dealt with in this paper. In fact, for the choice sets
definition, jobs were created by random sampling of attribute-levels, setswere
obtained randomly aggregating jobs and finally jobs were shown in arandom
order on the computer screen.

In the literature there is no definite agreement on the optimum number of
alternatives in a choice set and on the number of attributes that best qualify an
aternative, though both these numbers have to be low in practice because more
complex tasks may decrease response quality and quantity®. In our case, all tasks,

4 Green and Srinivasan (1990), Pearmain et a (1991) and Bettman et al. (1998) suggest un
upper limit of six or seven attributes. The upper limit should be even lower if some attributes
are unfamiliar to or complex to figure out by respondents but could be larger in more
favourable circumstances (Sawtooth Software Inc, 1993-2013). Thelarger the choice set and
the number of attribute levels in a task, the larger the risk of superficia answers and of
interrupting or deferring the interview (Tversky and Shafir, 1992; Steenkamp and Wittink,
1994; DeShazo and Fermo, 2002; Hensher, 2006). The limit hasto be lower if respondents
have problems of health or cognitive impairments or linguistic limitations. It isimmediate
also that the upper bound tends to be lower with people whose available time for responding
is limited or the interview conditions are precarious. Moreover, a self-administered
guestionnaire might have an upper bound lower than an interviewer-administered data
collection mode.
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composed through random sampling, involve afixed number of attribute-levels, so
it canbeassumedthat al respondentsprocessan equival ent quantity of information.
Hence, any difference among the four experimental options may depend on how
levels were organised into the choice set. The purpose of this experiment is to
evauate if there is a set size, among those at hand, that performs better than the
others.

Our experiment wasdesigned so that respondents’ behaviour wasindependent
of the number of evaluated levels whatever the choice strategy and the choice set
size. The presentation sequence of job opportunities, though randomly generated
and presented, could be proneto positional responseerrorswithregardtoindividual
responses’. Besides, the presentation order effect vanishesin aggregate estimates
because jobs were listed in arandom fashion and then possible (individual) order
effects cancelled out on average.

Thanksto thelarge samplesize, the* respondent warm up’ and the‘ choice set
size' experimentswerenested insidethetwo choi ce strategiesbefore contacting the
sample units, so to be able to infer also about possible cross-effects of the
experimental modes.

Through our experiment, we aimed to ascertain if there are factors, or
combination of factorsthat enhance the respondent attitude to collaborate and, on
the contrary, if there arefactorsthat inhibit peopl€’ swillingnessto collaborate. So,
the completion rate of questionnairesisamain indicator of the effects of the three
experimenta factors. It is well known that dropout rates reflect the intrinsic
difficulty of the task required to respondents. Shugan (1980) and Swait and
Adamowicz (2001) theorised that thinking isacost of collaborationinaCBC study.

Timetaken to compl ete asel f-administered questionnaireisanother indicator
of response difficulty (Johnson and Orme, 1996; Chrzan and Patterson, 2006). We
will use it to highlight the differential response fatigue of the data collection
procedures, even though the choice strategies differ in number of questionsand a
broader view hasto be taken at this proposal.

The performance indicators will be:

— ‘questionnaire dropout’ (variable Y1: O=collaboration; 1=definitive dropout)
from theinitial sample,

5wl known order effectsarethoserelated to ‘ primacy’ and ‘last position’ inalonglist. Both
effects may bias estimates: for complex tasks, primacy may cause an abnormal over-choice
and sometimesalsounitsinlast position may catalysehigher frequenciesthantheintermediate
ones (Zwerina & Huber, 1997; Huber, 1998; Karniouchina et a., 2007; Day et a., 2012).
Positional effects could affect both the choice of job opportunities and the choice of attribute
levels within jobs (Zwerina et a., 2012).
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— ‘response break off’ (variable' Y2: O=completion; 1=break off),

— ‘proportionof valid responses after standardisation (Y3) onaquantitativescale,

— ‘completion time' (Y4) on a quantitative scale,

— ‘positiveattitudestowardsthefilledinquestionnaire’ that involvedfour variables
onalO-point interval scale(Y5: ‘interesting’; Y6: ‘clear’; Y7: ‘ easy to answer’;
Y8: ‘annoying or stressing’), and

— ‘distance from the ideal job’ (Y9), a dichotomous variable computed with the
following levels: 1 (chosen job iscloseto ideal) and O (job far from ideal).

Thelatter indicator reveal swhich choice procedure morethan othersdetected
if therespondent’s preferred job was closetoideal . Thispurposeisrelevant for the
analysis of preferences/utilities because it evokes the concept of ‘willingness to
accept’ ajob (seea so Diamond and Hausman, 1994; M cFadden, 1994; M cCullough,

2002). For our aims, the closeness between selected and ideal jobsis an indicator

of design convenience. As a matter of fact, designs that drive the respondents

choicescloser to her ideal position can be considered more appropriatethan others.

Finally, we are interested in detecting if one or more experimental modes
biased the obtained responses. Since it is not possible to validate responses with

‘true’ data, wewill infer about response quality by eval uating the consistency of the

collected data through the experimental modes (see also Elrod, 2001; Swait &

Adamowicz, 2001; Bech et a., 2007).

3. RESULTSOF THE EXPERIMENTS

The performance indicators described in Section 2 are now analysed in relation to
each experimental factor. The indicators are described in Section 3.1 and the
analysisof theexperimental performancesaredescribedin Sections3.2through 3.4
as for the warm up, the choice strategy and the choice set size, respectively.

3.1 STUDY OF PERFORMANCE INDICATORS

Theindicators of the effects of the three experiments are presented in Tables 2 to
9. It can be immediately perceived that experimental modes do not influence
notably the respondents’ participation at the survey. Thelargest range of the break
off rate as caused by the experimental modes is lower than 3.5% and the median
times for questionnaire completion differ to each other by lessthan one and a half
minute. The main reason isthat the overall efficiency of the questionnaire, given
that more than 90% of respondents compl eted the questionnaire oncethey openit,
leaved narrow roomfor improvement. So, even small improvementsin participation
induced by a data collection mode should be appraised.
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Thedistribution of timetakentofill inthequestionnaireispresentedin Figure
2. Timecan beconsidered the mixtureof two right tailed distributions, one, smaller,
with amode at zero and the other with amode closeto the median. Theformer one
isthe distribution of graduates who open the el ectronic questionnaire and close it
before going to the second page. These people do not go through the conjoint
exercise. Thelatter distribution isthat of respondentswho closewith acertaintime
variability the questionnaire. Some of them completed the questionnaire in more
than one occasion and thislengthened the overall time. For thisreason wewill use
the median, instead of the mean time to evaluate the differences between experi-
mental modes.
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Figure 2. Timetaken by respondentsto complete the questionnaire (n=3232)

The differences are larger if the perception of questionnaire quality is
considered: differences between perceived clarity or easiness can amount to 7 or
8%. Theseindicatorswill beused to corroboratethe experimental resultsassuming
the respondents’ viewpoints.

It is to be highlighted that jobs selected at the end of a job-based choice
procedure are close to ideal in more than 90% of cases. Besides, no experimental
mode, nor a combination of experimental modes has led the choice of ajob close
to ideal in less than 83% of cases (Miari, 2015).

Another general consideration stems from our analysis. no experimental
mode affected the chance of opening the electronic questionnaire. This is rather
obviousbecausegraduatescoul d not know about the experiment beforeopening the
guestionnaire, nevertheless it is comforting that the data showed what expected.
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3.2WARM UP OUTCOMES

We analysed the relationships between the warm up modes and the outcome
indicators (Table 2) and carried out a series of multivariate regression anayses to
explainthe break off rate (Table 3), the proportion of valid responses (Table 4), the
questionnairecompletionrate(Table5), therespondents' perception of questionnaire
quality (Table 6) and the closeness between the estimated job preferences and the
ideal job (Table 7) using the experimental modes as predictors. Theanal ysesreveal
that warm up questions are somewhat rel evant to respondents, but the way people
are warmed up may originate differently oriented reactions.

— Positively-oriented questions favoured a larger response rate than the neutral
mode, whatever the choice strategy and even within the respondents groups
with higher propensity to respond. In fact, as presented in Table 4, if the choice
guestions were anticipated by a simple and positively-oriented question, the
mean number of obtained responses was significantly higher than the neutral
mode. This happened both in case the regression model involved just the
experimental variables and when individual graduates’ characteristics were
allowed to enter the model. These characteristics are: the degree major, with
engineers giving less responses than graduates of other disciplines, the degree
level, with respondents with a Master degree having a higher propensity to
respond than Bachelors', and graduates who did not work at graduation being
more keen to collaborate to the survey. Therelevance of the positive orientation
as a warming mode can be measured by the high rate of explained deviance,
which is 3.1% of the total deviance.

— Theeffect of adoubly-oriented question asawarm up deviceistotally different.
All thecomputedindicatorswerenot significant or showed anegative, significant
hint that respondents perceived thequestion asstressing, employed significantly
moretimeto complete the questionnaire and choseajob that wasfar fromideal.

— The null mode, the one that led respondents straight to the choice questions,
showed worse returnsin terms of response rate but the best evaluation in terms
of clarity, ease of responding and low stress and also induced respondents to
choose jobs closer to ideal than the other options.

— Theonly irrelevant mode for warming up respondents was the question based
on unfavourablejob attributes, which showed quantitative returns and level s of
favour from respondents similar to the no-warm mode. It is to be reminded,
though, that this question wasdesigned in an uncommon way: respondentshave
been asked to evaluate attributes one by one stating if they would accept ajob
with apossi bly-negative attribute whether they were offered 100 euro on top of
their salary. So, wearenot allowed to stateif thelower involvement of graduates



54 FabbrisL., Miari F. and Scioni M.

with such awarm up strategy depended on the negativity of the attribute-levels
or on the bewilderment caused by a question eventually perceived as odd by
graduates.

Table 2. Indicators of experimental effects of war ming-up respondents

Indicator Warm-up modes Signific
None Positive Negative Both ance
1. Questionnaire dropout rate (a) 49.8 51.3 51.6 51.7
2. Break off rate (b) 11.5 10.4 11.2 9.4
3. Proportion valid responses (b) 91.3 92.8 92.2 92.7
4. Median completion time (b) 19.2 20.2 19.9 20.8 *
5. % interesting © 55.9 55.7 529 554
6. % clear © 71.0 69.6 68.8 69.0
7. % easy to answer © 82.0 80.9 81.0 80.2
8. % annoying/stressing© 27.7 31.6 30.5 33.0
9. % choice close to ideal (d) 90.6 90.0 89.0 87.3

Significance levels: *: <5%; **: <1%; ***: <1%o; Sample sizes: a: 7102; b: 3628; c=3174; d=3332

Table 3. Logistic (stepwise) regression of response break off (n=3,628)

Only experimental variables Experimental variables and respondent’s
attributes
Parameter Estimate s.e. Significance Estimate s.e. Significance
Intercept -1.887 0.108 HHK -2.189 0.133 HHx
Choice set size: 3 vs. 2 -0.310 0.153 * -0.335 0.173
4vs.2 -0.348 0.152 * -0.272 0.169
6vs.2 -0.161 0.150 -0.092 0.167
Master degree vs. Bach = = = -0.500 0.138 Hkx
Worked at graduation = = = 0.579 0.122 fkl
Pseudo RZ=0.0018; Rescaled R” = 0.0035; Pseudo R“=0.011; Rescaled R = 0.025;
AIC=2503.4; BIC=2527.8 AIC=2108.7; BIC=2145.7

Significance levels: *: <5%; **: <1%; ***: <1%o0;

Table4. OL S (stepwise) regression of proportion of valid responses (n=3,628)

Only experimental variables Experimental variables and respondent’s
attributes

Parameter Estimate s.e. Significance Estimate s.e. Significance
Intercept 4.225 0.077 FHk 3.886 0.113 FHE
Warm up: favourable 0.296 0.105 HHx 0.306 0.105 HHk

unfavourable 0.078 0.106 0.090 0.106

both fav. & unf. 0.150 0.106 0.150 0.105
Choice strategy: attribute- -0.952 0.091 HAE -0.966 0.092 HoxE
based
Science vs. Engineering = = = 0.393 0.163 *
Life sciences vs. Engin = = = 0.413 0.110 HHE
Social sciences vs. Engin = = = 0.337 0.109 HHE
Humanities vs. Engin = = = 0.365 0.127 HHE
Master degree vs. Bach = = = 0.262 0.080 HAE
Worker at graduation = = = -0.190 0.084 *

R”=0.0325; Adjusted R* = 0.0314; R” = 0.0408; Adjusted R* = 0.0381;
AIC=8980.0; BIC=5499.0 AIC=8961.9; BIC=5481.0

Significance levels: *: <5%; **: <1%; ***: <1%o0;
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Table5. OL S (stepwise) regression of completion time (n=3,628)

Only experimental variables Experimental variables and
respondent’s attributes
Parameter Estimate s.e. Signific. Estimate s.e. Signific.
Intercept 20.177 0.509 Hokk 21.747 0.541 HHK
Warm up: favourable levels 0.830 0.508 0.776 0.496
unfavourable levels 0.381 0.512 0.339 0.500
both favourable & unfav 1.721 0.512 HAE 1.708 0.500 Hkk
Choice set size: 3 vs. 2 1.297 0.531 * 1.140 0.521 *
4vs.2 1.061 0.526 * 0.632 0.517
6vs. 2 0.806 0.537 0.514 0.526
Male vs. Female = = = -1.206 0.364 HHE
Grade: > 100/110 vs. < 87 = = = -1.149 0.376 HAE
88-99 vs. < 87 = = = 21.747 0.541 ik
R?=0.0052; Adjusted R = 0.0035; R?=0.0112; Adjusted R” = 0.0090;
AIC=20885; BIC=17267 AIC=20189; BIC=16649

Significance levels: *: <5%; **: <1%; ***: <1%o0

Table 6. OL S (stepwise) regression of interest, clarity, ease and anxiety from questionnaire
as per ceived by respondents (n=3,174; both experimental and respondents’
characteristicsare allowed in the models)

Interest Clarity Ease Anxiety
Intercept 5.472%** 6.303*** 7.435%** 3.912%**
Warm up: favourable levels 0.248
unfavourable levels 0.067
both favourable & unfavourable 0.411**
Choice strategy: attribute-based -0.238* -0.372%** -0.369%**
Science vs. Engineering 0.344* 0.168 -0.001
Life sciences vs. Engineering 0.298* 0.140 -0.190
Social sciences vs. Engineering 0.238%* 0.237* -0.444**
Humanities vs. Engineering 0.374%* 0.386** -0.214
Grade: > 100/ 110 vs. <87 -0.365* 0.520%**
88-99 /110 vs. <87 -0.409* 0.265
Master degree vs. Bachelor -0.266%*
Worker at graduation vs. Not working -0.295%*
R’ (just experimental modes) = 0.0014 0.0045 0.0053 0.0036
R” (experimental + personal variables) = = 0.0075 0.0097 0.0152

Significance levels: *: <5%; **: <1%; ***: <1%o0;

Table 7. Logistic (stepwise) regression of close-to-ideal choice using experimental modes as
predictor s (n=3332)

Estimate s.e. Significance
Intercept 1.991 0.153 ok
Warm up: favourable attribute-levels -0.052 0.167
unfavourable attribute-levels -0.206 0.165
both favourable & unfavourable -0.358 0.160 **
Choice strategy: attribute-based -0.821 0.125 HoAk
Choice set size: 3 vs. 2 0.648 0.160 HAE
4vs.2 0.590 0.156 HEE
6 vs. 2 0.730 0.165 FEE
Pseudo R? = 0.0187; Rescaled R” = 0.0377; AIC=2230.8;
BIC=2279.7

Significance levels: *: <5%; **: <1%; ***: <1%o0;

6 Asfor the other performance indicators, we allowed for the respondents’ attributes to enter

the model, but no attribute resulted significant.
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3.3CHOICE STRATEGY OUTCOMES

Almost al the performance indicators correlate with the adopted choice strategy.
The job-based strategy comes out neatly as the best strategy, as opposed to the
attribute-based one: the latter strategy correlatesto larger probabilities of breaking
off questionnaires, though this difference is not statistically significant.

Moreover, the job-based procedure gave a higher proportion of jobs, chosen
by graduates, closetoideal thantheattribute-based oneand respondentsappreciated
the former way of putting questions for its clarity, ease to respond and lower
annoyance than the | atter.

Attheend, thedistancefromideal isjust 9.1% in questionnaires adopting the
job-based strategy and 17% in the case in which questioning was based just on
attributes(Table8). In other words, out of 100 peopl eresponding to questionnaires,
almost 91 stated that the job selected through the job-based procedure mirrored the
respondent’s ideal job, whilst this number was just 83 if an attribute-based
procedure was adopted. The gap between the two strategies is significant also as
indicator of the direction to undertake if one's strategic purpose is to design a
method to elicit what respondents’ have in mind, they may or may not know it
beforehand’.

This approach is consistent with the principle that preferences for complex
options are often devised, not merely revealed, in answering contingent questions
even if respondents do have firm value systems (Bettman et al., 1998). Thisis
particularly true for comparative choices. With an appealing image by Gregory et
al. (1993), it may be stated that respondent’s choices are constructed on the spot,
rather than uncovered as if they were hidden in the memory. Moreover, the target
of defining ajob closeto ideal was achieved with the perception of alower burden
put onrespondents. Thejob-based strategy wasdeemed by graduatesassignificantly
clearer (7.3% more) and easier to fill (again 7.3% more) than the competing
strategy, without requiring additional timein questionnairefilling. Ceterisparibus,
alsotheinterest for thejob-based questionnairediffersmildly but significantly from
the other strategy.

A significant difference between the two strategies was also ascertained as
regardstherate of induced stress: that of the attribute-based strategy ishigher than
the job-based one of about 5 percentage points (34.8% versus 29.7%, see Table 8).
Thisdifferencevanishesif the both-positive-and-negative question for warming up

7 Thereader interested on consumers’ choice processes can read, among the others, Bettman
et al. (1998).
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respondents and personal characteristics of graduates (engineering as disciplinary
field, low degreemark, possession of aBachel or degree, and working at graduati on)
are considered as additional explanatory variables in the model. This means that
questioning devices perceived as stretches by respondents may cumulate their
effects during the response process and progressively irritate respondents. As
highlighted by the much larger level of R-sguared induced by respondents
individual characteristics, thestresscumul ated during thefilling of thequestionnaire
seems to be much more affected by question content than by the experimental
modes. Infact, eventhe stressrate of thejob-based strategy is of the order of anon-
ignorable 30%, which may depend more on the general questioning style than on
the choice exercise per se. Definitely, the suggested job-based strategy may be
considered an encouraging starting point for questionnaire designers.

Table 8. Indicators of experimental effects of choice strategy

Indicator Choice design Significance
Job-based Attribute-based

1. Questionnaire dropout rate (a) 51.5 49.5

2. Break off rate (a) 10.8 9.8

3. Proportion valid responses (b) 92.4 91.9

4. Median completion time (b) 19.8 21.0

5. % interesting © 55.5 53.2

6. % clear © 71.1 63.8 e
7. % easy to answer © 82.5 75.2 il
8. % annoying or stressing © 29.7 34.8 il
9. % choice close to ideal (d) 90.9 83.0 ok
Significance levels: *: <5%; **: <1%; ***: <1%o0; Sample sizes: a: 7102; b: 3628; c=3174; d=3332

34 CHOICE SET SIZE

Theresultsfromtheexperiment ontheoptimal choiceset sizearedescribedinTable
9 and, as before, are summarised in the regression models presented in Tables 3
through 7. If we articulate the results’ presentation according to response rate,
perceived quality, and proximity between chosen and ideal job, we can state that:
— Thechoice set sizesthat give significantly lower proportions of break-off rates
and slightly moreresponsesin higher median completiontimesarethe 3-joband
the 4-job sets (Tables 3, 4 and 5). These effects tend to vanish, though, if the
characteristics of respondents are introduced into the model. In fact, the
insertion of twodummy variabl esthat i dentify studentsworking beforegraduation
and graduates possessing a Master degree neutralise partially or fully the
highlighted effects on the break off rate. Moreover, the insertion of another
dummy representing males neutralises the effects of the choice set sizes upon
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completiontime. The pseudo R-squareismuch larger if theindividual characte-

risticsare present in the model than if just this experimental variableis present.

Thus, individual variables are more relevant as indicators of outcome than the
experimental onesand, it is to be remembered that in our analyses, the outcomes
of the experimental factors must be analysed aone, without their possible
interactions with the individual variables.

The questionnaire quality perceived by respondents is not influenced by

differencesin the choice set size, at least asfar asthe sizes experienced in our

exercise are concerned (Tables 6 and 9).

Closenessto ideal islower if the size of choice sets istwo. The distance from

ideal is much higher than the other eval uated options. This suggeststhat a best-

worst choice is not suitable if respondents evaluated just two job profiles

becausetherandom draw of jobscould present arespondent with both goodjobs
or both low-profilejobs and she might be embarrassed while forced to confer a
negative meaning to a good job or a positive meaning to a low-profile job,

respectively. Moreover, in two-job choice sets, jobs were described by six

attributes and one may have difficulties in effectively comparing job profiles

described by so many attributes at atime.

Choice sets of size six can give choices close to ideal in 91.3% of cases, the

highest proportion, even though they are not considered clear and easy as the

other experimental options, in particular the size=3. In fact, the number of

descriptors being just two per job, it is easier for a respondent to match the

attributes of the offered jobs with those she mostly esteems.

Table9. Indicators of experimental effects of choice set size

Indicator Number of job opportunities in a choice set (k) Signific

2 3 4 6 ance

1. Questionnaire dropout rate(a) 49.9 52.4 50.5 51.5

2. Break off rate (b) 12.5 9.4 9.7 11.4

3. Proportion valid responses (b) 92.1 92.4 93.0 91.5

4. Median completion time (b) 19.3 20.7 20.1 19.7

5. % interesting © 55.9 54.7 54.1 55.5

6. % clear © 69.5 71.7 69.1 67.9

7. % easy to answer © 82.3 81.8 80.7 79.4

8. % annoying or stressing © 31.1 32.6 28.6 30.9

9. % choice close to ideal (d) 84.8 90.3 89.5 91.3 *E*

S

ignificance levels: *: <5%; **: <1%; ***: <1%o0; Sample sizes: a: 7102; b: 3628; c=3174; d=3332
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35INTERACTION BETWEEN EXPERIMENTAL MODES

We checked the significance of theinteractionsbetween two couplesof experimen-
tal factors: (i) choice strategy and choice set size, and (i) choice strategy and warm
up device. The data were analysed through logistic regression whose results are
summarised in Tables 10 and 11.

Table 10. L ogistic regression analysis of response break off caused by the interactions
between choice strategy and choice-set size and stepwise analysis with experimental
and individual explanatory variables (n=3,628)

Experimental factors Experimental factors and
respondents’ characteristics
Estimate Significance Estimate Significance
Intercept -1.876 FAE -2.180 HAE
Job-based & choice set=2 0 0
Job-based & choice set=3 -0.276 -0.257
Job-based & choice set=4 -0.330 * -0.259
Job-based & choice set=6 -0.184 -0.152
Attribute-based & choice set=2 -0.117 -0.078
Attribute —based & choice set=3 -0.475 -0.690 *
Attribute —based & choice set=4 -0.443 -0.336
Attribute-based & choice set=6 -0.127 0.083
Master’s degree vs. Bachelor = = -0.496 HAk
Working at graduation vs. Not work. = = 0.575 HkK
Pseudo R* = 0.0020; Rescaled Pseudo R =0.01 19; Rescaled
R” = 0.0041; AIC=2510.1; R® = 0.0262; AIC=2113.9;
BIC=2559.6 BIC=2175.6

Significance levels: *: <5%; **: <1%; ***: <1%o0

Table 11. L ogistic regression analysis of response break off caused by the interaction
between choice strategy and warm up mode and stepwise analysis with experimental
and individual explanatory variables (n=3,628)

Experimental factors Experimental factors and
respondents’ characteristics
Estimate Significance Estimate Significance
Intercept -1.952 HAK -2.171 ik
Job-based & warm up=No warm up 0 0
Job-based & warm up=favourable -0.222 -0.315
Job-based & warm up=unfavourable -0.049 -0.111
Job-based & warm up=both -0.222 -0.291
Attribute-based & No warm up -0.234 -0.297
Attribute-based & warm up=favour. -0.055 -0.022
Attribute-based & warm up=unfavour. -0.226 -0.200
Attribute-based & warm up=both -0.638 -0.837 *
Master’s degree vs. Bachelor = = -0.499 il
Working at graduation vs. Not work. = = 0.568 i
Pseudo R = 0.0018; Rescaled Pseudo R = 0.0121; Rescaled
R*=0.0037; AIC=2510.8; R*=0.0267; AIC=2113.1;
BIC=2560.4 BIC=2174.8

Significance levels: *: <5%; **: <1%; ***:

<1%o0
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Theonly interactionthat positively aff ected the questionnairecompl etionrate
was that between ajob-based choice strategy and a set size of four. Let usremind
that, considering only the main effects, three was the significant set size.

If we alow graduates characteristics to enter the model as explanatory
variables, thefour-job set sizeisnolonger significant whil st theinteraction between
a three-job choice and the attribute-based strategy becomes significant together
with the two dummy variables representing graduates not working at graduation,
and possessing a Master degree. The two individual variables represent again
particular groups of graduates, since graduates working at graduation already
gained ajob and those possessing a Bachel or degree might perceive themselves as
a lower-profile category among the higher-educated ones. This implies that
questions were basically designed to represent the conditions of unemployed,
Master-possessing graduates.

Even though no interaction between the choice strategy and the warming up
factor was significant, the individual variables that characterise graduates who
possess a Bachelor degree or started working before graduation influenced the
break-off rate. Theinsertion of thesetwo dummiesmadeit irrelevant, asafactor of
break-off reduction, theadministration of thewarm-up questionwith bothfavourable
and unfavourablelevel sin conjunction with theattribute-based strategy. Thisrather
strange result could stem from the absol utely del eterious effect of theseindividual
variables on the response rate.

4. DID THE EXPERIMENTS INFLUENCE THE OBTAINED
RESPONSES?

In order to detect a possible influence of the experiment on data collection modes
weestimated aconditional logistic regression model onfinal choicesof thebest and
worst attributes (McFadden 1974; Manski and McFadden, 1981; Louviere and
Woodworth, 1983). With reference to arespondent, thejob attribute chosen as best
was indexed as 1, that chosen as worst was indexed as -1 and non-choices were
indexed as 0. The scores of thefirst preference factor were then linearly regressed
on the experimental modes as explanatory variables. The null hypothesiswas that
the experimental modes did not influence the obtained responses. We did not
includeindividual characteristicsnot to confound the possi ble effectson the choice
process deriving from the experiments. The results of the multinomial logistic
regression analysis are presented in Table 12 and those of the linear regression
analysisin Table 13.
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Table 12. Multinomial logistic regression analysis of best-wor st choices according to job
attributes (n=3232; maximum likelihood estimation; R? = 0.174; Wald test = 3280 on

18 df)
Parameter Estimate
Saturdays and evenings always free 0.164
Saturdays and evenings sometimes busy -0.696***
Open-ended contract 1.852%**
Fixed-term contract -1.135%**
No lengthy business trip -0.073
Frequent and lengthy business trips -0.906***
Close to home 0.512%**
Far from home -0.933***
Job activities related to studies 2.636%**
Job activities unrelated to studies -2.554%*%*
Autonomous job activities 0.917%**
Many non-autonomous job activities -1.375%**
Intellectual tasks 0.778%%*
Manual tasks -0.272%*
English can be useful at work -0.109
Necessary to learn well English -0.419%***
Informal work environment 0.645%**
Formal, detached work environment -0.677%**

Significance levels: *: <5%; **: <1%; ***: <1%o0

Table 13. Linear regression analysis of the preference factor according to data collection
_modes, based on all units and after trimming 5% tails

Parameter All units 5% trimmed
Intercept 2.825%%* 2.919%**
Warm up: favourable attribute-levels 0.017 0.071
unfavourable attribute-levels -0.042 -0.055
both favourable & unfavourable -0.015 -0.005
Choice strategy: attribute-based 0.532%** 0.550%**
Choice set size: 3 -0.108 -0.187*
-0.003 -0.063
6 -0.013 -0.044
(n=3338; R*=0.017; (n=3284; R =0.021;
F-statistic = 8.39 on 7 F-statistic =9.98 on 7
and 3330 df) and 3276 df)

Significance levels: *: <5%; **: <1%; ***: <1%o0

The analysis highlights what follows.
a) Thewarm-up experiment did not show any statistical effect on the job choices
expressed by graduates. This means that we can warm up respondents without
biasing preference data.
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b) The choice strategy influenced the responsesin a significant way. The choices
of respondents obtained with the attribute-based strategy turned out to be more
positively oriented than those obtained with the job-based strategy. In other
words, while selecting the best or worst features of a job, respondents
experimentally assigned to the attribute-based strategy tended to pinpoint the
levels that were most often chosen by the whole sample of respondents. This
tendency may meanthat respondentsarrived at thefinal choiceof attributeswith
alower leve of attention, reduced the variability of their choices, and were less
oriented toidentify their final choicewith her ideal job. Conversely, the strategy
of choosingfirst ajob andthenitsqualifying attributesdoubl ed therespondent’s
reflection and induced more heterogeneity on the attributes’ final choices.

c) Asfar asthe set size is concerned, only job sets of size three showed a 5%
significance. Theseresultsarein harmony with those rel ated to choice strategy:
at a given choice stage, a short list of attribute-levels, limiting the choice
possibilities, may induce individuals to respond, erroneously, in conformity
with themajority of respondents. We estimated another model to check whether
the choice strategy interacted with the size of the set exhibited to respondents,
but no interaction showed significant effects and even the mild effect of size
three lost significance. Hence, we are allowed to conclude that only the choice
strategy did significantly influence the research contents.

5. DISCUSSION

The results of the experimented factors related to warming up respondents before
aconjoint exercise and to the number of jobsto be included in achoice set can be
valued within the general theory of cognitive simplicity, that is, in order to survey
people, communication has to be as simple as possible. Indeed, our experiments
showed that warming up respondents givesin general better outcomesif questions
aresimply and positively worded. Helmet al. (2011) arrived at similar conclusions:
the best way to warm up respondents is to supply information consisting of
attributes that are as natural as possible.

Our analysesascertai ned that graduateswho started working bef oregraduation
and those possessing only a Bachelor degree are much less favourable to respond
to questions grounded on the hypothesisthat respondents are looking for an afresh
job. The case of Bachelorsis consistent with thosein the literature (Gruca, 1989):
they may have perceived questions as difficult to process since master-oriented.

As for students working at graduation, we could conjecture that the choice
process was faced by people who knew too much of the topical matter, — having
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already gone through the recruitment process before graduation — and may have
been annoyed by questionnaires becausethey entered jobslessqualified than those
thought for graduates in the experiment.

Generally speaking, all graduateswhoserel ationshi pswithwork and education
are peculiar may perceive both the survey per se and the work-related questionsin
amore arguable manner than those who never worked®.

As concerns the warming up devices, the experiment showed that asimple
question using just positively oriented attribute-levels may give more and better
answers, as opposed to no-warming or complex warming-strategies.

We evaluated the effect of the presentation of choice setsof 2, 3, 4 and 6 jobs
opportunities, eachjob being described by 6, 4, 3and 2 attributelevels, respectively.
We showed that a number of three jobs described by four attributes gave better
outcomes in terms of response rate and respondents’ perceived suitability to
represent their job preferences. In addition, the offer of two jobsat atimedescribed
by six attributes was deemed as inappropriate, determining a proportion of job
choices close to ideal much lower than al the other options. Instead, the choice
among six jobs described by just two attributes made it larger the probability that
therespondent’sfinal choice of ajob was closetoideal. Though, the choice among
Six jobs was not considered easy to answer by respondents and induced many of
them not to complete the questionnaire.

De Bekker-Gross et a. (2015), reviewing 69 comparable references on
healthcarerelated CBC studiesin 2012, ascertained that most common studieshad
410 6 attributes and 9 to 16 choice sets per respondent. It is worth reminding that
in our experiment the number of choice sets presented to each respondent spanned
from 6 to 18 (i.e. three times the number of experimented choice set sizesin each
singletask). We highlighted that the sol ution with nine choice sets, namely achoice
set of threejobsper task, may be optimal, aval ue close to the lowest extreme of the
interval defined by the quoted authors.

Theexperiment onthemore suitabl e choicestrategy compared an alternative-
based choice procedure with an attribute-based one. We showed that:

a) For both the experimented strategies, the best and the worst job characteristics
were chosen at the end of ahierarchical processthat added information at each

8 People who possess alower * ability to choose’ (Amaya-Amayaet al., 2004; Shugan, 1980;
Swait and Adamovicz (2001) may adopt simplifying or compensatory strategies as choice
complexity increases, or they may defer or avoid choi ces, or chooseto maintain the statusquo
ascomplexity of thetask requiredto respondentsin CBC experiments(number of alternatives,
length of task, processing capabilities implied by task, time pressure, correlation between
attributes) increases. They might also do more mistakes in particularly complex situations.
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step and allowed us to testify that the expressed choices can be considered as
highly rational for graduates.

b) At the end of each choice procedure, the job-based strategy works better in
defining ajob close to ideal since it induced respondents to (unconsciously)
apply, at each evaluation step, a compensatory strategy, holistically evaluating
theexhibited job opportunities. Namely, respondents appraiseeachjobinaway
that negative attribute-levels may be partially or fully compensated by those
perceived as positive. This principle does not apply to the attribute-based
strategy becausein this case the choiceisanalytic rather than holistic, meaning
that the attribute-level chosen as best at a given choice step is the best among
those administered and, analogously, the one chosen asworst istheworst at the
same step.

¢) Respondents showed to prefer the procedure consisting of choosing ajob from
a set and then defining the reasons of that choice, instead of the strategy of
selecting the attribute levels that define a preferable job by identifying the
features of good jobs.

The job-based strategy seems preferable in CBC studiesin al caseswhen a
compensatory choiceprocessisexpected, in particular whenthedisplayed attributes
represent the alternatives in an impressionistic way and the researcher wishesthat
choices incorporate the randomness implied by this approximation (Clark and
Toner, 1997). That is, nearly always.

Theresponse effect of the two strategies was compared from apsychol ogical
viewpoint®. Some scholars (Tversky, 1972; Bettman et a., 2013) stated that
attribute-based processing isoften easi er than that based on alternativesbecausethe
former strategy isnon-compensatory and assumesthat respondents are ablejust to
eval uate each possi bleattributelevel, whil st thelatter iscompensatory and assumes
that respondents are able to assign a subjective value to each possible alternative.

Theway people behavewhile collaborating to achoice exercise dependsal so
on data collection design and the local environment. In other words, achoiceisa
matter of bounded rationality (Simon, 1955; Timmermans, 1993; Bettman et al.,
2013), since it is the effect of arationa process conditional to the measurement
setting. In fact, part of the literature stemming from Simon’s concept of bounded
rationality suggeststhat increasing the size of the exhibited choice set may alter the

9 Alsotheexperiencesof rating-based versuschoice-based full profileconjoint modelsshowed
analogousresults (see, among the others, Elrod et a ., 1992; Tversky et a., 1990; Adamovicz
et a., 1998; Boyle et al., 2001; Siikamé&ki and Layton, 2008).
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choice strategy of respondents, in particular they may take shortcuts such asusing
non-compensatory strategies that eliminate peculiar alternatives or choosing
among fewer relevant alternatives.

Other scholars (Hanley et a., 2001, 2002) suggest instead that if respondents
are faced with a hierarchy of information request the estimated models can
improve'®. Others (Johnson, 1988; L ouviere and Timmermans, 1990; Oppenwal et
al., 1994; Oppenwal andVriens, 2000; Molin and Timmermans, 2009) highlighted
that respondents should be helped at theinitial steps of the processto classify job
attributes in few perceptual dimensions — called ‘decision construct’ or ‘choice
construct’— since, through this classification, they achieve self-consciousness of
what the questionnaireison about. Thisway, the respondents’ final judgement can
be better informed and better integrated into a consistent information frame.

What stemmed from our experiment isthat the more complex choice process,
involving first the choice of ajob and then that of an attribute-level that qualifiesthe
chosenjob, wasnot only perceived by graduatesasamorenatural way of simulating
abargaining process similar to thosein the job market, but also drew their choices
closetotheunknownideal job, eventhough just asmall sampleof possiblejobswas
exhibited to respondents during their individual choice process*.

It is not to be excluded that the simulation of offering and choosing job
attributes made some graduates more aware of the parametersthat could beusedin
real situationsfor accepting or refusing jobs. Thistype of learning is probably the
reason why the respondents reacted better with the more complex strategy, instead
of the other that involved less cognitive burden but also a lower cognitive
achievement. This hypothesis implies that also the emotional involvement of
respondents playsamajor rolein determining quantity and quality of responsesin
choice processes.

A possiblelimitation of our outcomesmay bethetypeof surveyed popul ation,
which could be considered particularly educated in filling questionnaires and
capabl eof comprehending theessential meaningswithal ower number of questions.
Our outcomes may also depend on the best-worst technique as choice tool for our

10 The complexity of the data collection system for CBC purposes, once athreaten to estimation,
isno longer amethodological problem (Kamakura, 1989; Mc Fadden, 1989; Hajivassiliou,
1993; Haaijer et a., 1996).

11 Louviere (1988) listed other advantages of conjoint choice experiments, as compared to
conventional conjoint analysis, that are not relevant to our analyses. In fact: (a) thereisno
difference in scale between respondents, (b) respondents can evaluate a larger number of
profiles, (c) choice probabilities can be directly estimated and one does not need ad hoc and
potentially incorrect assumptionsin order to create computerized choice simulators.
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CBC experiment. Infact, choosing from aset of three jobs meansthat abest-worst
ruleorders, according to apreference scale, thefirst, theintermediate and theworst
unitsat each step of ajob-based procedure. Thismay be one of thereasonswhy the
offer of three alternatives in a choice set shows better outcomes.

A final consideration concernsthetypes of attributes used in our experiment.
The attributes employed to describe the job opportunities had both positive and
negative levels. Some of the levels did not exhaust the possible levels of agiven
attribute. Thus respondents had to balance each level of an attribute with its
opponent in order to define the relative importance of the level as an aspect of the
offered job. The possible conflicts that could involve attributes that have both
positive and negative levelsin choice processes are described also in Fischer et al.
(2000), Haaijer et a. (2000), Sanbonmatsu et a. (2003) and Islam et a. (2007).

Moreover, the question about the worst job and the worst attribute-level
(necessary to perform aBW task) added further conflict to the procedure, sincethe
cause of refusing the worst job usually is not the mirror image of the reason for
accepting the best one. Certainly, in our experiment, these conflicts between poles
of attributesdid require adeeper attention of respondentsduring the choice process
and strengthened respondents’ awareness.

The attribute “Autonomous job activities’ as opposed to “Many non-
autonomousjobactivities’ and“ Job activitiesrelated to studies’ asopposedto“ Job
activitiesunrelated to studies’ presented very small variability indistribution since
respondents expressed almost unanimous choices in the positive direction and
behaved differently (not necessarily as in mirror) when asked to choose an
undesirable aspect of ato-be-refused job. Even though these two attributes do not
apply for the analysis of trade-offs (the winner is always the positively oriented
level, see Fowkes and Wardman, 1988), the negatively-oriented level may become
important in a BW scaling because it can enlarge the boundaries of the analysis
empirical choices and could serve in acompensatory choice process.

6. CONCLUSION

This paper describes the results of three experiments, nested to each other to form
asingleorthogonal design, aimedto suggest new techniquesfor optimally designing
computer-assisted questionnairesin CBC surveys. It is worth reminding that the
experiments were not focused on the predictive nature of conjoint analysis but just
on its analytic power. We evaluated also a selected set of two-way interactions.
We succeeded in our purpose for we established that there is a better way of
warming up respondents in view of a conjoint-type experiment, a better size of
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choice sets, at least in the hypothesi sed situation with 12 attribute-level s shown at
each choice task, and a more effective strategy to elicit preferences about job
characteristicsfromgraduates. Theseoutcomesmight hel presearcherstooptimally
design their electronic questionnaires for conjoint choice experiments.

Of course, thisis nothing but a fragment of what could be done to improve
guestionnai redesignand conjoint measurement techniques. M oreover, thepotential
improvements are of the order of some per cent points, because all but one
techniques consist of adaptations of popular practices. Nevertheless, following
Johnson (2006), we suggest that in stated conjoint analysis everything matters and
hope that our outcomes can encourage other purposive research.

We have found that not only warming up respondents with simple, enough
general, one-minute questions does not burden respondents but may also improve
quality of responses. Instead, we did not find evidence that inserting a warm-up
question could raise the quantity of responses.

A size of two jobsisto be excluded for choice sets unless the number of job-
describing attributes is much less than six; we can hazard that no more than four
attributes should describeajob. A sizeof six jobsdescribed by two attributesisvery
effectivein choosing the job features that best represent theideal job, whichisthe
very target of choiceexercises. Remembering that thissituation wasnot considered
simpler nor clearer by respondents, it would be interesting to check in a future
experiment what could happen in terms of closenessto ideal if respondents were
asked to choose among a set of six jobs described by more than two attributes.

The setting of our experiment implied that the product of the size set number
times the number of attributes was 12. So, we are not allowed to infer if other set
sizes could be better than the experienced one, for instanceif ajob set of four with
four attributeseach, or if asix jobsby threeattributestask could be better than three
jobstimesfour level stask that we highlighted asbest. Thiscould be matter for other
research exercises.

We have tested also the suitability of a complex job-based strategy as an
aternative to an attribute-based choice procedure. All the computed indicators
showed that the original job-based strategy worked effectively in the field and
performed better than the other one. The job-based strategy was perceived by
graduates asthat more closely approximating real-word decision making. We used
the closeness between chosen and ideal job characteristics as an indicator of
contingent consequence and ascertained that the job-based simulator ended with
more than 90% choices close to ideal, whilst the other strategy ended with 83%
choicesclosetoideal. Evenif the ssimulation ishypothetical, we can conclude that
graduates appreciated the fun and imagination implied by both choice simulators
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but considered far more realistic the job-based one.

Some graduates behaved differently from the general sample. From most of
the analyses it stemmed that people with just a Bachelor degree and those who
started working before graduation felt the survey and the questionnaire far from
theirinterests. Also graduatesinengineeringindirectly showed peculiar expectations
from the survey. It is worth raise doubts for a general extension of the survey
outcomesal sotothese partially-interested groupsandit could beopportuneto carry
out new surveys with specific questionnaires for them.

A possible limit of our experiments was highlighted by the multivariate
analysis of the break-off rate introducing the graduates’ individual characteristics
asexplanatory variables. Thisanalysishighlighted amildinter-correl ation between
the choice set size, on the one side, and the possession of aBachel or degreeand the
fact of working before graduation, on the other side. Thistype of correlation does
not threaten the inference drawn from the experiments, but it signalsthat inference
based on responses of graduates with lower motivations to collaborate to the
university’s survey hasto be careful.

Another limitation of our experiment was that the attribute-level strategy
introduced unwanted homogeneity to the obtained responses. The risk that the
implementation of experiments may influence responsesisaways present in such
surveys. Thismay meanthatina‘ content’ analysisof theexpressed preferencesthe
choice strategy dummy should be considered as an additional, hopel ess predictor
in acontent’s regression analysis.
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