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Packaging features have been shown to be of gremtriamce for the consumer final choice

of fresh products (Connolly and Davidson, 1996; Silayoi and Speece, 2007). Packaging is an
extrinsic attribute, which consumers tend to rely on, when relevant intrinsic attributes of the
product are not available. Thus, packaging is constantly developing to meet changing and
challenging consumer demands. In the current literature, studies on the influences of
packaging features on consumer preferences are mainly related to classical preference
evaluation methods like conjoint analysis (CA). Starting from a real case study in this field,
along with Conjoint Analysis, we apply CUB models (lannario and Piccolo, 2010) as a useful
tool to evaluate preferences. CUB models can grasp some psychological characteristics of
consumers related to the “feeling” towards packaging attributes and related to an inherently
“uncertainty” that affects the consumers’ choices. Both psychological characteristics “feeling”
and “uncertainty” can be linked to relevant subject’s information. The aim of our paper is
twofold. At first we detect preferred packaging attributes of fresh food by means of CA, then
we apply CUB models to some relevant attributes from the CA study. Results show that
attributes like packaging material and size/shape of packaging are the most important
attributes and that biodegradable packaging, reclosable trays/bags and long “best by’ date
are also valuable features for consumers.
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I ntroduction

Within the framework of preference evaluation, esaand revealed preferences are widely
used approaches by marketing operators. The presady is mainly based on stated
preferences, in particular on the Conjoint Analy§&i#) method (Green & Srinivasan, 1978)
and on an innovative statistical method called Cl@B®mbination ofUniform discrete and
shifted Binomial distributions) model (lannario & PiccoloQ22). Both methods have been
applied to study the consumer behavior in sevezhld.

The relevance of studying packaging can be derin@d a simple observation: products are
usually packaged when consumers buy them. The paxké# a sort of “silent vendor” and
could make the difference in uncertain consumeo(Glly & Davidson, 1996). About those
uncertain consumers, they could rely on some ratgpackaging attributes for their purchase
decisions (Silayoi & Speece, 2007).

The packaging has at least a logistic function andarketing function: the former protects
the product during transportation, the latter pdesi information about product attributes to
consumers (Prendergast & Pitt, 1996). Accordin&itayoi and Speece (2007) there are two
main categories of packaging elements influencingsamers: visual and informational
elements. Visual elements are related to grapmdss&e/shape of packaging, informational
elements are related to product information andrin&tion on the technologies used in the
package.

The packaging features and quality judgments ameesdat related and if packaging features
communicate high quality, those perceptions amesteared to the product itself. The color is
the most well-studied attribute. Perception of aceptable color is associated with the
perception of flavor, nutrition and satisfactiowdés. About the several packaging features,
pictures on the package can provoke feels, tastelsather perceptions on consumers.
Moreover, pictures attract consumers through vstichuli compared to words and they are a
method of differentiation linking a particular praxt to the brand.

The segmentation is a fundamental part in a reseahen the aim is to study preferences.
Those segments are indicative of the subjects’ adtaristics related to a particular
configuration of preference. It is a relevant issoecollect information on how consumers
perceive packaging and to integrate perceptionsgdsiewvants and past experiences into the
packaging design process (Nancaretval, 1998). Moreover, segmentation is a fundamental
step that can help to identify specific needs aadta&: Demographic variables, behaviors and
lifestyles are among those variables that can bd tessegment the market (Oghal, 2004).



Several Conjoint Analysis (Green & Srinivasan, 193@dies have been conducted on food
packaging. In a study on the influence of shapecahar for dessert, Arest al (2010) show
that the color of packaging and the pictures otretated sensorial expectations (e.g. taste).
Those expectations could affect the consumer’sgpgian of the food product. Moreover, for
healthy food products, the color of packaging amtlupes on it seemed to be relevant to the
intention to buy.

A choice experiment on innovation technology fandgackaging (Cheat al, 2013) shows
that risk perception and food safety concerns heerbain factors that prevent consumers
from buying vacuum packaging of fresh beef. Theylarline the importance to inform
consumers on the safety of the innovative food ggirlg technology.

Koutsimaniset al. (2012) in a study on some food packaging attrbyice, packaging
material, size, shelf life, etc.) showed that priskelf life, the packaging material and a
biodegradable packaging were the attributes affggturchase decisions. A longer shelf life
was evaluated as more convenient while the pacgagiaterial was perceived to influence
the food product quality. Williamst al. (2008) show that the consumer satisfaction fodfoo
product is linked to specific packaging designst thiie able to protect the content from
leakage/disruption and extend the shelf life. Adgtan yogurt packaging (Rokka & Uusitalo,
2008) revealed that a recyclable packaging, a legiom price and a re-closable packaging
are among the more preferred attributes. Similswlte have been shown in a study on food
products in the first (at the store) and in theosec(at home) moment of the truth (Lofgrein
al., 2008). Some quality attributes such as a reclelpsickaging and a re-closable packaging
are very attractive and influence the choice otpasing and utilizing the product.

The packaging design has been suggested to bes\aamélfactor that gives a competitive
advantage. Rundh (2009) shows the importance ¢oacit with customers and suppliers in the
packaging design process: suppliers can providebds solutions in order to meet the
customer requests.

CUB models (D’Elia & Piccolo, 2005; lannario & Palo, 2012) are a class of mixture
models that have been successfully applied to pedée evaluation and customer satisfaction
measurement for food products. In a study on smaadehons, Piccolo and D’Elia (2008)
analyzed a preference data set introducing subjacii object’s variables in order to explain
“feeling” and “uncertainty” consumer behaviors. Arteresting application of CUB models
along with a latent class logit model (Cigtal, 2010) reveals CUB models as a useful tool

in order to identify segmentation variables.



The aim of the study is to present an integratecamh in the field of preference evaluation.
The Conjoint Analysis methodology and the CUB medek applied to a preference data set
on food packaging with the aim to show the contridouof CUB models on conjoint analysis

results.

M ethodology

Conjoint Analysis and CUB models are very differapproaches both aimed at evaluating
preferences. In a typical CA application, attribleeels are experimentally combined and an
orthogonal plan is usually applied in order to lowee number of profiles. CA estimates the
utilities of the levels and the relative importarafe the attributes by appropriate estimate
methods (Green & Srinivasan, 1978).

CUB models have been developed in order to expherchoice process of an itenreeling
and ‘uncertainty are supposed to be latent variables involvethan choice process of an
item (lannario & Piccolo, 2012). D’Elia and Picca®005) present the model as a valuable
method for evaluating preferences, describing tlodability structure of the model. Many
years later, after several successful applicatedrSUB models, lannario and Piccolo (2012)
and lannario (2014) present a detailed descriptiothe CUB models along with the main
extensions.

The random variabl¥ is fully explained by:

Pr(Y=y)= ﬂKr;:ﬂ(l—f)y‘l Em‘y} +(1- n){%} . y=12,..m.

A shifted binomial distribution is intended to murthe choice behaviour of a rat@mongm
according to thdeeling of respondents, while a discrete uniform distidoutis aimed at
describing the maximum expression of thecertaintycomponent surrounding any choices.
The random variabl¥ is distributed as a mixture of shifted binomiadadiscrete uniform
distributions with 1, 7= ¢ (0,1], a direct measure of uncertainty ane [0,1] a measure of
feeling according to the measurement scale codemgnério, 2014). CUB model has been
shown to be very flexible and parsimonious assunvewy different shapes thanks to only
two parameters and ¢ (Piccolo, 2003a; D’Elia & Piccolo, 2005). This Xibility allows
CUB models explain different choice behaviours. Wkerred to D’Elia (2003) and Piccolo
(2003b) for maximum likelihood parameter estimatignan E-M algorithm.

The feeling latent variable has been consideredyahmlogical component involved in the

choice process. The final choice is the result &fycpological aspects like the



agreement/disagreement toward the item, sociofallaspects, the knowledge of the item,
past experiences and so on. On the other sidetamtgrtakes into consideration the inherent
indecision accompanying any human choice and itbmameferred to a tendency to joke or
fake, to have a confusing idea of the evaluatedeatpj a bias involving
guestions/questionnaires, a way of collecting dathso on (Corduaet al, 2009; lannario &
Piccolo, 2012; lannario, 2014).

Among the several extensions that have been dexelipnnario, 2014), we are considering
the introduction of covariates for explaining fegliand uncertainty parameters. A formal
description of CUB model with covariates (D’Elid)@3; Piccolo, 2003b) shows that thanks
to the logistic functions
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describes the probability distribution of the ramdweariableY for thei-th subject conditioned
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to relevant covariates. Piccolo and D’Elia (200@8)ws that subjects’/objects’ covariates were
relevant to describe different patterns of smokadohen evaluations according to gender, age
and country of origin of respondents and accordingalt content, lightness and intensity of
red of smoked salmons.

For the sake of completion, we briefly describe somportant CUB model extensions.
lannario (2012) and lannario (2014) introduce s@hdB model extensions in order to catch
specific choice behaviors. shelter choices considered an over-selected grade in order to
simplify the evaluation task. Such a behavior carrdsponsible for an upward choice of a
specific grade or rank and lannario (2012) shoves ghproper CUB model can capture the
shelter effecand help to improve model fitting.

lannario (2014) discusses about extra-variabiligt tcould be ascribed to an inter-personal
way of selecting among grades that is a variabiitypersonal feeling. Aeta-binomial

random variable has been considered to be invoivetthe overdispersioneffect and the



CUBE (convexCombination of aUniform and a shiftedEta-binomial random variable)
model has been described by lannario (2014).

Useful fitting measures for CUB models are basedestimated and observed probabilities
and on log-likelihood. A dissimilarity index hasdredeveloped in order to measure the
absolute distance between estimated and observaohlplities (Corduaset al, 2009;

lannario, 2009). The normalized dissimilarity index
Diss=0.5) | f,~ p, @)
y=1

represents the percentage of respondents thatdshbahge their choice in order to reach a
perfect fitting. It can be considered a satisfactdting when Diss< 0.1 (lannario, 2009). The
dissimilarity index approach cannot be extendedhto CUB model with covariates and it
should be noticed the application of Likelihood iRakest (LRT) in order to compare log-
likelihoods of nested models (Piccolo, 2003b; Cas#t al, 2009; lannario, 2009).

We are considering a CUB (0, 0) with the parameg¢etord’ =(z, &) and a nested model CUB
(p, ) with the parameter vectd?” =(5;, ), i=1,...,p+1 j=1,...,q+1 The log-likelihood
deviance is derived aBRT:—Z(ﬂ(G')—E(G")) and it is distributed as & with degree of

freedom equal to the difference of the parametenbar (D’Elia & Piccolo, 2008; lannario &
Piccolo, 2009).

The basic idea of our proposal (figure 1) is topdgethe conjoint analysis results by applying
CUB models to those product profiles described tybate levels that have been evaluated

as most relevant.
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Figure 1 CUB models application to CA results.

Preference evaluations

+++ +++ +++




We considelx attribute levels that have been estimated as makimum utility so that we
definex groups of profiles and each of those has under@ds® models analysis.

Procedures

The case study involved a firm that produces the meaterial for food packaging purposes.
The main scope of the research was to collect coespreferences for food packaging in
order to carry out insightful analysis. Once ddfirtribute levels (table 1), two experimental
designs were drawn. Each experimental design wasrdto define the product concepts on
which the conjoint analysis study was based. Eacfjont analysis has considered product
concepts that were described by four out of fivellattes. We excluded “disposal” as an
attribute in the conjoint analysis called “cook&iblthe opposite occurred when we excluded
“cook-able packaging” as attribute. A fractionattfaial design using an orthogonal plan was
adopted to reduce the number of level combinations.

Disposal Cook-able pkg Size Shape Shelf life
1 Recyclable Oven Single pack  Vacuum packaging Long
2 Notrecyclable Microwave Split packs Not recldsainag Short
3 Biodegradable Steaming Family pack Reclosable patpdock
4 Not possible Easy to peel tray with reclosable top
5 Reclosable tray by cover

Table 1 Attribute levels selected from previougamer satisfaction studies.

Considering four attributes, a complete full p@ionjoint Analysis (CA)would have
brought one to evaluate 90 concepts: such a nuhdsebeen lowered to 25 by means of an
orthogonal plan. Two out of 25 concepts were diggpd because they were implausible. A
total of 23 cards was drawn by mixing pictures dedcriptions. Two versions of the conjoint
analysis’ questionnaire were developed. Two graafpsonsumers were identified and they
were asked to provide demographic information @anexjpress their preferences by selecting
a grade from 1 to 10 (with 1 = “I would never bu) for each profile card. The estimation
method to derive utilities was based on OrdinargdteSquares (OLS) as described in Hauser
and Rao (2004). After obtaining conjoint analygsults, some of those relevant results were
elaborated by CUB models in order to estimate rigefind uncertainty parameters. We have
considered, for each attribute, the cards withhigbest part-worth utility. The four groups of
cards were similar for at least one level attribtihe CUB models were applied to the four
groups of cards.



Results

We collected a total of 205 CA questionnaires, 8B ‘took-able” version and 122 for
“disposal”’ version. For the “cook-able” version \wave 60 females and 22 males; 72 are
Italian and 11 are Austrian. The age ranges fromtd 80 (M=42; SD=16.8). For the
“disposal” version we have 66 females and 56 mdl@g;are Italian and 20 are Austrian. The
age ranges from 18 to 83 (M=41; SD=15.7).

Aggregated relative importance of attributes candpeesented by bar plots.

Importance summary Importance summary

Cook-able Shelf life Shape Size

Disposal Shelf life Shape Size

Cook-able pkg Disposal

Figure 2 Attribute importance of cook-able versiteft panel) and disposal version (right panel).

Consumers gave more importance to both cook-aldeapkl disposal than other attributes.
We hypothesize that this trend could be a biastduie interviewing procedures. In fact
consumers were asked to state if they paid moentaih to the possibility to cook food

inside the packaging or if they paid more attentiorthe packaging material (recyclable or
not). The shape and the size of packaging wereimlgortant attributes.

At the same time we describe a summary of the warth utilities for each version of the

CA. Utilities are shown in bar plots in order toseaan overview of the levels with the highest

utility.
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Figure 3 Level utilities for cook-able and dispos#iributes.

Results show that the levels with the highesttytiere the cook-able packaging by oven and

the biodegradable packaging.
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Figure 4 Level utilities for size attribute: cookla and disposal versions in left and right paredpectively.

Split packs and long shelf life are the levels witle highest utility in both CA versions.

Figure 4 shows that single pack and family packehaegative utilities while figure 5 shows

that a long shelf life has very positive utilitythvirespect to short shelf life. Long shelf life

was defined to be two weeks while short shelfWwhes set at one week. Finally “shape” shows

a slightly different pattern of level utilities.
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Figure 5 Level utilities for shelf life attributenok-able and disposal versions in left and righw@l respectively.

The levels for “shape” with the highest utility aoever-reclosable trays and zip lock-

reclosable bags. The pattern shown in figure Gsé®the importance of a bag or a tray that

can be closed after that it has been opened.
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Figure 6 Level utilities for shape attribute: coakle and disposal versions in left and right pamsipectively.



Based on the levels with the highest ut, we have selected and grouped the profiles an
have run CUB models without and w covariates. Parametey paramete & and dissimilarity
indexes are showin tables 2 and dor both versions of CAThe varable “All" is

representing all cardsith at least one attribute level that has beemeaséd with the highe:

utility.
Variable T & Diss. Log likelihood
1 Cook-able pkg: oven 0.576 (0.051 0.342 (0.016) 0.0489 -792.351
3 Shelf life: long 0.451 (0.037 0.257 (0.014) 0.0756 -1620.434
4 Shape: bag with zip lock  0.309 (0.05: 0.221 (0.028) 0.0619 -826.835
5 Size: split packs 0.546 (0.06¢€ 0.121 (0.019) 0.0857 -301.8470
6 All 0.418 (0.031 0.286 (0.013) 0.0533 -2448.948

Table 2 Pai and Csstimates (standard error), dissimilarity indexesldog likelihoocfor cool-able version of CA.

Variable b & Diss. Log likelihood
2 Disposal: biodegradable  0.527 (0.04¢€ 0.141 (0.016) 0.1842 -1074.460
3 Shelf life: long 0.321 (0.03¢ 0.199 (0.019) 0.1179 -2065.394
4 Shape: tray with cover 0.232 (0.052 0.310 (0.036) 0.1059 -930.4743
5 Size: split packs 0.373 (0.05¢ 0.120 (0.023) 0.1082 -668.8398
6 Al 0.320 (0.027 0.220 (0.015) 0.1141 -3446.425

Table 3 Pai and Csi estimatésandard error) dissimilarity indexes and log likelihoddr disposal version of C

Observed relative frequeneyd fitted probabily plots are reported (figur7 and figure 8).
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Figure 80bserved relative frequencies (dots) and fittechphlities (circles) of CUB models for disposal vion of CA.
In order to have a comprehensive overview of theettainty and the feeling dimensii, we
placed each of those attribute levels into spaggurg 9). The CUB model gives tw

parameters for each attribute level so that we dmtermine poirs into a twcdimensional
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Figure 9Feeling/Uncertainty dimensions of attribute levalsok-able and disposal versions in left and right pe
respectively.

The feeling for “split packsis very high and also for “biodegradeb The attribute leve
with the higher uncertainty is the t reclosableby cover. Then we have applied a C

model with covariates for each group of c..



Covariates Coding

Gender 0= male;1= female
Nationality 0= Italy;1= Austria
Age Continuous variable

1= elementary; 2= intermediate;
3= high school; 4= graduate

1= <800; 2= 800-1700;
3=1800-2900; 4= >2900

Table 4 Covariates for CUB model.

Educational level

Income (monthly in Euros)

The covariates (table 4) have been introduced ah@etime and useful descriptions (from
tables 5 to table 8) show which of them and howy tafect CUB-model parameters. In
particular we reported or £ estimates, the effect estimat@sof y) of covariates that we can
use to estimate parameteror & and we reported also the log-likelihood in orderhave

sufficient data to compare nested models.

Variable 7 or P m covariate P Eoryy & covariate 7y hl?(glihoo d

Shelf life: long ?d%;” i i igﬁ;‘ll) Gender_ igiiig) -1618.10
0.466 ) ) -0.149 Educational -0.371 1610.121
(0.036) (0.212) level (0.083)

Shape: bag with ?030155)1) ] i (8233) Gender (8232) -824.8445

oK G w0 Gewn - s
Oo6s) - : Gasy Ao 0024 " 2e0s697

Size: split packs ?06&77) - - (8}1;2) :‘Ee(\jlg;:ational (8%2) -295.8138
Egigg% E?/glcatlonal ?(5.925;36) (()6.101107) - - -295.5072
o) Cemde 055 (oory - - 2046.359

Al géﬁ?) Income ?(5?145) ?2?552) - :0 _ -2446.366
0031) - (©oo1)  Gender (0122 2444622
ms T om mmew 0 gy

Table 5 Parameter estimates (standard error) argdlikelihood of CUB models with covariates (cookeabérsion of CA).

Table 5 and table 7 show CUB (1, 0) with a sigaificcovariate forr and CUB (0,1) with a
significant covariate fot. Each line in table 5 and table 7 presents the @tdiflel with a
significant covariate.

Each line in tables 6 and 8 show which covariatesevsignificant for a CUB model with
more than one covariate. The first line of tablgprésents results of a CUB (1, 1) for
“disposal”: nationality and age were significantr fexplaining parametersc and ¢
respectively. The first line of table 6 shows a C(fB 2) for “long shelf life” (cook-able
version of CA): gender and educational level warthsignificant for explaining parametér
The LRT was also significangd s1s, 2 p-value < 0.000001).



Log

Variable 7 or By 7 covariate B1 g oryy & covariate v1 andy, likelihood
-0.484
Gender
o 0.463 0.319 (0.147)
Shelflife:long 536) (0.255)  Educational -0.442 1604.625
level (0.087)
Shape: bag with -2.342 0.896 -0.937 -0.556
Zip lock (0.915)  'ncome (0.463)  (0.209)  °ender (0.284) 822639
o -1.474 Educational 0.702 -0.626 Educational -0.463
Size: splitpacks - ,'g76)  joyel (0304)  (0.570) level (0.190) 2929269
Gender -0.525
0.272 -0.803 0.195 (0.123)
Al (213  Cender (0.263)  (0.215)  Educational -0.329 ~2430.956
level (0.075)
Table 6 Parameters (standard error) and log-likelild of CUB models with more than one covariates agph cook-able
CA cards.

From table 6, considering all attribute levels (tregiable called “All”), the parameter of
CUB model was significantly affected by gender #mel parametef was affected by gender

and educational level.

Variable T Or Py m covariate B g ory & covariate v hl?(glihoo d
Gy Natonaity &% o) - - 106866
Disposal: (éggé) E&\Jllzratlonal ((30519;4) (()Olng) - - -1067.423
piodeoradanie ?6?0157) - - ié:gg) Age ?6?337) -1069.814
e
Cas) v 015y o1 : 2061.719
Shelf life: long ?(5.245818) Income QS;%?) ?d.lc?lzg) - - -2063.067
(005 - - 2000 Age 0.026 -2056.569
(0.035) (0.398) (0.007)
?5,353?4) - - ié:ggg) Income ?d?leg) -2062.043
f:\?(fre: tray with ((30251510) . - (8?23) Nationality éggé) -926.0493
0700 level o 021 002y : 665.8254
Size: split packs ‘()d?gfs) ; ; ig:ggg) Age ?6903100) -663.9665
O = Nl W
B e o Gm, e
Al ?6.301297) - - ié:%g) Age ?(')90155) -3439.09
(()('),302207) - - ié:gjg) Income (()(5.219088) -3443.031

Table 7 Parameter estimates (standard error) anglikelihood of CUB models with covariates (dispogaision of CA).



Log

Variable 7 or Bo n covariate B goryy & covariate v1 andy, likelihood
Disposal: 0.339 . . -1.564 -2.541 0.017
biodegradable  (0.207)  Natonalty oo (g3ag)  A9e (0.006) 1064042
Age 0.024
o 0.323 -2.936 (0.007)
Shelf life: long (0.035) - - (0.433) o 0241 -2054.960
(0.129)
-1.558 Educational 0.299 -1.822 0.013
Al 0.366) level 0.121)  (0.244)  A9e (0.005) 3435976

Table 8. Parameters (standard error) and log-likelbd of CUB models with more than one covariatesiepgpb disposal
CA cards.

Tables 9 and 10 show directions of uncertaintyr)(lr feeling (1) when a significant

covariate is introduced. This way of representiffgat direction is aimed at giving a tool to

easily discriminate patterns. Table 9 indicates thimales have constantly higher feeling and

uncertainty than males.

. . (1-m) . (2-¢)
Variable n covariate offect & covariate offect
. Gender
Shelf life: long - - _ !
Educational level 1
Shape: bag with zip lock - - Gender 1
. . . Age |
Size: split packs Educational level -
1z€- Spitp ucat v l Educational level 1
Al Gender 1 Gender 1
Income ! Educational level 1

Table 9 Direction of the effect when covariatesiateoduced (cook-able version of CA).

Table 10 presents a slightly different pattern ofariates. Gender was not significant and

educational level was an important covariate teah®ed to affect the uncertainty component.

- - i) : (1)
Variable T covariate effect & covariate effoct
. . Nationality 1 Age !
Disposal: biodegradable - -
P 9 Educational level ! Educational level 1
. Educational level Age
Shelf life: long - 9 -
Income 1 Income !
Shape: tray with cover - - Nationality 1
. . . Age
Size: split packs Educational level ! g - -
Educational level 1
Age
All Educational level | g -
Income !

Table 10 Direction of the effect when covariates iatroduced (disposal version of CA).

Discussion and conclusions

The results show what are the most relevant pasgagharacteristics after applying the

conjoint analysis’ estimation method to a prefeeeewaluation dataset. The profiles have

been experimentally designed to collect preference®od packaging. Relevant information

on subjects has also been collected in order wydtow the characteristics of the subjects

affect uncertainty and feeling toward the most @mefd food packaging attributes.



Results have shown that biodegradable packagingplitgpacks have the highest feeling and
that the cook-able food packaging has the lowesinfg and uncertainty. About the shape of
packaging, consumers seem to appreciate reclosafteby zip lock that have been estimated
to have higher feeling and lower uncertainty wittsspect to reclosable tray by cover.
Consumers seem to feel more comfortable with rablesbags.

Dissimilarity indexes indicate that CUB models haeey good fitting with respect to cook-
able version of profiles. CUB models applied to tiisposal version of CA show high
dissimilarity indexes that suggested the need to further analysis. In fact, when we
introduce covariates CUB models improve a lot aiRlT& can give a measure of those
improvements.

About the cook-able version of CA, the most relévavariates of the subjects introduced to
explain feeling and uncertainty were gender andational level, whereas about the disposal
version, educational level and age have often tedub be involved as significant covariates.
Concerning the worst CUB model fitting of profileslated to biodegradable packaging, a
CUB (1, 1) has been identified to be very usefubiider to improve the model fitting. Italians
seem to express lower uncertainty than Austriadsyannger consumers have higher feeling
that older consumers.

What we see is a different pattern of covariatesdod packaging including the possibility to
cook the product with the packaging itself: the dgmand the level of education could affect
in some way the final choice of evaluation andnudtiely the purchase decision. A different
pattern of behaviours is explaining the choice lavg food products that are described by
different characteristics like a biodegradable paokg and a reclosable tray. age and
educational level were relevant in order to defiliéerent behaviours with respect to the
feeling and the uncertainty. Younger consumers witiigher level of education seem to be
more resolute with respect to their final choickesting higher preference scores than older
consumers with a lower level of education.

An in-depth analysis shows that, the approach ifiett specific characteristics of the
subjects that seemed to be related to a spedifibwe level. For example, the feeling and the
uncertainty toward split-pack packaging were sigaiitly affected by educational level and
age and educational level respectively for botlsiees of CA. The split pack packaging has
been estimated to be the most preferred with tgbdst feeling, especially among younger
consumers with a high level of education.

Concerning the long-shelf life attribute level, Cibdel results are more difficult to read:

there is a very different pattern between the twosions of CA. Results indicate a more



heterogeneous groups of respondents for dispossibmeof CA so the suggestion is to apply
the innovative approach “conjoint analysis and Cltdels” not only on large and
representative samples but also on comparable samfihe approach that we have presented
could be very useful in order to drive the choita dinal product configuration specific to a

market segment.
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