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Abstract. Recommender systems support internet users in
finding and identifying products and services suiting their
individual demands (e.g.: digital cameras, financial services).
Although recommender systems already offer mechanisms
which alleviate the comparison of different suitable products
(e.g. product lists, comparison pages) users usually have
difficulties in decision making and finding the optimal option.
Persuasive mechanisms can be used in such situations for
underlining product differences and reinforcing confidence in the
users’ own decision. This leads to an increase of the trust level
and supports the decision making process. Especially theories
concerning user behaviour in buying situations constitute great
potential for persuasion in recommender systems. It has been
shown that the user’s perception of the value of a certain product
is highly influenced by the context (i.e. the set of presented
products in the choice set). Well-known context effects are the
asymmetric dominance effect, the attraction effect, or the
compromise effect. This paper presents a multi-preferential and
multi-alternative model (i.e. more than two product attributes
and more than two products are supported) for calculating
dominance values of items in choice sets and thus offers the
possibility of determining the best recommendation set in a
given choice situation. The performance of the model is shown
by the application on empirical data (choice sets) gained by a
previously conducted user study.

1 INTRODUCTION

Due to the complexity and size of various product?
assortments users find it hard to identify products and services
that best fit their wishes and needs. These problems are targeted
by various kinds of recommender systems. Collaborative
filtering systems manage vast databases of user ratings in order
to predict if a user is going to like a certain item or not [15].
Content-based recommenders [20] contain knowledge about the
product attributes and try to match it with user preferences. A
sub-category of content-based recommenders are knowledge-
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based recommenders [3]. In addition to knowledge about product
attributes and user preferences a knowledge-based recommender
(KBR) also manages deep domain knowledge (e.g. relative
importance of features and attributes, legislative restrictions,
etc.). The following three main tasks for the system in a
recommendation cycle can be identified:

1. Preference elicitation. The purpose is the collection of
user information in order to find out the user’s
preferences. One possibility to obtain user information
is an explicit dialog, where the system poses a number
of questions which the user answers in turn. KBRs
usually figure out inconsistent user information (e.g.
price = low and type = sports car in the domain of
cars) and offer possible adaptations of the user
preferences for the purpose of resolving those
inconsistencies [10].

2. Result calculation. Based on product features, domain
knowledge and information about the user the system
calculates utilities of products for the user and thus is
able to order the products based on their utility for the
specific user. In cases where no suitable products can
be found a KBR normally proposes minimal changes
of the user preferences which the user can accept in
order to obtain a non empty result set.

3. Result presentation. After the utility calculation of the
products the system typically presents the top ranked
products to the user.

Previous research has shown that users typically do not know
their own preferences before hand and rather construct their
preferences during the recommendation process [13]. This
contradicts the strict separation of preference elicitation, result
calculation and presentation. One approach to meet this
challenge are critique-based recommenders (CBR)[24]. Figure 1
shows a screenshot of a critique-based camera recommender. In
a CBR preference construction (instead of preference elicitation)
and result presentation happen simultaneously. The system
learns user preferences as the user constructs them by interacting
with the recommender which, in the case of CBR, means that the
user criticizes the presented products (e.g. ‘more memory’).
After a critique has been placed a new set of products is
presented which best matches the critiques the user has stated so
far.

Besides preference construction the decision making process
of users also needs support. In order to increase a user’s
confidence in her/his decision it is important that the
recommender system applies certain mechanisms to underline
differences of the products. Comparison pages where the user
can easily compare the features of suitable products are one
effective tool to support the user in identifying the most suitable
product [11,14]. The CBR shown in Figure 1 also represents a
comparison-based approach as the user can always compare



three cameras. Although comparison pages already alleviate
decision making users often find it hard to take a decision when
there are more than one product of similar utility but showing
different advantages and disadvantages. In such situations users
tend to be dissatisfied with their decision or even quit the
purchase process. Previous research has shown that feature-
based argumentation and explanations are persuasive techniques
which alleviate the decision process [12,19]. The exploitation of
context effects [16,27] seems to constitute great potential to push
the support of decision making further [17]. Three main
application scenarios for such context effects in recommender
systems are the following:

e Resolve cognitive dilemmas: In a situation where a
decision has to be taken between items of the same
utility, the recommender system can give advantage to
one of those items and thus lead to a (faster) decision.

e Reinforce confidence: After a decision has been made
the recommender system can show the choice set once
again adding a decoy element giving advantage to the
chosen element.

e  Make the user reconsider the decision: In a situation
where the user is about to choose a suboptimal product
(e.g.: item in the shopping cart), the recommender can
ask the user to consider alternatives including the
optimal products and corresponding decoys and thus
lead to a better decision for the user.
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Figure 1. Tweaking-critiquing recommender

There are several types of context effects depending on the
relative position of the decoy element (measured in terms of
attribute value differences between target, decoy and competitor
products, see Figure 2).

A decoy element is an item which is added to a choice set
without the purpose of being selected but rather impact on the
perception of the other items in the choice set. Typically this
leads to an advantage of one (set of) product(s) which we denote
as targets. Products which do not benefit from the addition of the
decoy are called competitors. Figure 2 is illustrating the main
areas for decoy elements.
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Figure 2. Areas of possible decoys

The attraction effect (AE) is occurring when the decoy
element’s (D) attribute values are between the targets’ (T) and
the competitors” (C). The major mechanism working behind is
called tradeoff contrast [28]. Having a target option T and decoy
option D tradeoff contrast is occurring when T is much stronger
in one (set of) attribute(s) and only a little bit weaker in another
(set of) attribute(s) compared to C.

withouwt decaoy T [
Size 21" 19"
Price 400 £ 200 €
with decoy T 0 [
Size 21" | 195" 19"
Price 400 £ 399 €] 200 €

Figure 3. Example of Attraction Effect

It is important to note that similarity (distance between products)
plays a role in this context. An attraction decoy between T and C
which is more similar to C would rather act as decoy for C than
for T. Figure 3 is showing an example with flat screen TVs:
After adding a decoy element which is only little cheaper but
much smaller the attractiveness of T increases.

The compromise effect (CE) occurs when the decoy element’s
(D) attribute values are (little) higher on the strong attribute of T
and much lower on the weak attribute. Here again the major
mechanism is tradeoff contrast. Figure 4 is showing an example
for the compromise effect: Again the attraction of T is increasing
when adding a third TV which is a little bit larger but much more
expensive.



withowt decoy] T C
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Price 400 £ 200 €
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Price 400 €] 700 €] 200 £

Figure 4. Example of Compromise Effect

For the asymmetric dominance effect (ADE) a decoy element
is needed which is inferior to T in all attributes (i.e. dominated)
but compared to C it is only inferior in one attribute (i.e. not
dominated). Figure 5 is showing an example: D is smaller but
nevertheless more expensive compared to T. Compared to C it is
larger but more expensive. The classification of dominated and
non-dominated alternatives is one reason for the occurrence of
the ADE as people tend to apply simpler heuristics than
calculating a complete utility function [6]. The other reason is
that the ADE is just the special case of the CE and the AE from
the point of view of tradeoff contrast (see Figure 2).

without decoly T C
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Figure 5. Example of Asymmetric Dominance Effect

2 THE SIMPLE DOMINANCE MODEL

This section presents a context dependent model for the
calculation of the perceived dominance of an item in a given
choice set. A dominance value indicates how strong an item
appears in the context of other products. Thus, the calculated
dominance values give a strong indication on the probability of
being selected by a user. The Simple Dominance Model (SDM)
focuses on tradeoff contrast since it serves as main mechanism
for all three main context effects (CE, AE, ADE). As similarity
impacts on the power of a decoy element, similarity is also taken
into account in the SDM. Furthermore the SDM is multi-
preferential since products may be (and usually are) described by
more than two attributes and multi-optional because choice sets
(like comparison pages) typically consist of more than two
products. Another main characteristic of the SDM is its
simplicity. This is due to the fact that the less model parameters
have to be learned or fine-tuned (in case of definition by an
expert) the quicker the model is installed and fit for service.

The core elements of the SDM are dominance values (see
Formula 1). A dominance value (DV) expresses how dominant a
user perceives a certain item in a given item choice set.

Basically, a DV for an item d is a weighted (weight,) sum of
attribute value differences (aq-a;) compared to every other item i
in the choice set. The value differences are set in relation to the
extreme values (max,-min,) of the set on a certain attribute. The
square root effects that small value differences count relatively
more than big differences and thus similarity is taken into
account. Sign(ag-a;) evaluates to -1 if d is worse than i (i.e. it d is
dominated by i) on a certain attribute else it is 1 (i.e. d is better
or equal).

Dvdeltems =
. a;—a :
weight * [———*sign(a, —&;)
ie{ltems-d} acAttributes max,—min,
#ltems—1

Formula 1. The Simple Dominance Model

Example: Given is a simple choice set consisting of three digital
cameras and cameras are described by the two attributes
resolution (MPIX) and optical zoom (ZOOM). The weight for
both attributes shall be 0.5°. Figure 6 is summarizing the
example: The cameras in the set are T (9 MPIX / 3x ZOOM), C
(3 MPIX / 9x ZOOM), and D (7 MPIX / 2x ZOOM). D
represents an asymmetric dominated alternative since D is
dominated by T but not by C.
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Figure 6. Example set for the calculation of dominance
values (DVs)

When we apply Formula 1 the dominance values for T, D, and C
are calculated as follows:

® For simplicity reasons the example choice set only
comprises 3 items, 2 attributes and the weights are set to
0.5. However, the model also supports any number of
items, attributes, and any weighting. If weights sum up to
1 dominance values are in the range of [-1;1].



DV+= if(sumOfDominanceValues(targets, topltems+x)

05%/ [OT:MPIX)=3(C;MPIX)  [o(T;MPIX) ~7(D;MPIX) > current){
: 9(T;MPIX)—3(C;MPIX)+ 9(T; MPIX) —3(C; MPIX) current= sumOfDominanceValues (target, topltems+x);

decoy.add(x);
o5+ [3(T:ZOOM)-2(D;ZO0OM) _ |9(C;ZOOM)-3(T;ZOOM) }
' 9(C;Z0O0OM) - 2(D; ZOOM) 9(C;Z0O0M) - 2(D; ZOOM) return decoy;
2 }
—0.25 Algorithm 1. Procedure for finding the ideal decoy
e element(s)
DVD:
05*<\/7(D;MPIX)3(C;MPIX) 7\/9(T;MPIX)—7(D;MPIX)> ity
9(T; MPIX) —3(C;MPIX) | 9(T;MPIX) —3(C; MPIX) - } :ﬂ_mp_ranked oms
05+ [3(0:Z00M) -2(D;ZOOM) _ [9(C;ZOOM) - 2(D;ZOOM)
' 9(C;ZOOM) —2(D;ZOOM) | 9(C;ZOOM) — 2(D; ZOOM) d — }
possible| X out of d
2 decoys decoy items
=-0.275
DVC:
05+(— 9(T; MPIX) —3(C; MPIX)  [7(D; MPIX)—3(C; MPIX) biased result set
' 9(T; MPIX) —3(C; MPIX) | 9(T; MPIX) —3(C; MPIX)

Figure 7. Principle of decoy algorithm

.05+ [9(C:ZOOM)-3(T;ZOOM) _ [9(C;ZOOM) - 2(D;ZOOM)
~ \\9(C;Z00M) - 2(D; ZOOM) | 9(C;ZOOM) —2(D; ZOOM)

2 The basic principle of the procedure is visualized in Figure 7.
=0.025 If the result set is consisting of n items then n-x items are those
which are top ranked by the recommender system. The x decoy
In a set only consisting of T and C both would have a DV of jtems are determined out of d (range is defined by domain
zero. Thus, the addition of D shows a clear impact on T°s  expert) possible decoys which are near the top ranked items.
dominance. A DV of -1 for an item would mean to be fully  This has the following reason: since it is also possible that
dominated, i.e. to be the worst product on every attribute. A DV consumers choose the decoy element the utility of the decoy
of 1 for an item would mean that the product is best on every must not be too low in order to guarantee a good
attribute. recommendation. In other words even if the consumer chooses
One major application of the SDM is to detect decoy items  the decoy this should be a good recommendation. For example,
for a certain target item in a given result set in order to break up  f a result set’s size is 5 and there are 10 products which are not
the cognitive dilemma. Decoy items in this case are simply items filtered out by the recommender system then the result set might
which maximize the dominance value of a target item when consist of the three top-ranked items + two decoys out of the
added to the result set. Usually, the knowledge base of a  rest. It is important to note that the application of the SDM
recommender system comprises hundreds or even thousands of happens after the recommender has filtered out completely
items. After result calculation typically a small set remains to  unsuitable items (e.g.: items exceeding a minimum/maximum
make up the result set. Commonly the top ranked (i.e. highest threshold on a certain attribute).
utility) items are presented to the user. A cognitive dilemma can The SDM’s parameters are simply the attribute weightings of
now occur when there are multiple items of similar (or equal)  Formula 1. In order to set up the SDM its parameters have to be
utility. One approach to break up the dilemma is to give  defined by domain experts or learned from statistical data (or a
advantage to one of those “similar” items. This may be the item  combination). At this point the question about user specific
with the highest utility (in case of similar utilities) or the best  versus uniform weights for all users arises. Of course, user
item on a specific attribute (e.g. in case of equal utility give  specific weights guarantee optimal performance of the SDM for
advantage to the item with the lowest price). Depending on the  all users but there are reasons why recommendation processes
result set’s size there may be several dilemmas. The task is to often lack user specific weights:

find dECOyS for all target itemS, i.e. items which should be ° Many recommendation domains are not Subject of
preferred. The procedure of finding the optimal decoys for frequent purchase behaviour like cars, digital cameras,
specific target items is shown in Algorithm 1. financial products, etc, which leads to an absence of
long-term statistical information.
procedure decoy (Items[] topltems, Items[] targets, e Anonymous use of recommenders avoids the use of
Items[] possibleDecoys) -> Item{ long-term user profiles.
Number current=

e Even if long-term user profiles are available, such

sumOfDominanceValues(targets, topltems); profiles tend to be sparse [21].

Item[] decoys;
for each(x IN possibleDecoys){



e The amount of information which can be elicited
during a recommendation process is limited as the
amount of time users spend with the system is limited.

So in many cases uniform weights would at least serve as a
basis for the application of the SDM. If there is good learning
data available the procedure in Algorithm 2 can be applied to
train the model: the basic idea is simply to find the attribute
weightings with which the model predicts the most correct
choice outcomes, i.e. where the selected product gets the highest
dominance value. Which algorithm has to be applied to obtain
the set of possibleWeightings (see Algorithm 2) depends on the
amount of learning data. If there is not much learning data
available a brute force method where all weights from zero to
one on every dimension are tested can be sufficient. To manage
a large amount of learning data more intelligent algorithms like
some sort of heuristic search has to be applied.

procedure learnWeights(ChoiceSet[] choiceSets){
Weighting weighting;
Number hit=0;
for each(w IN possibleWeightings){
number current=0;
for each(set IN choiceSets){
if(max(dominanceValues(set))==
domianceValue(selected,set)){
current=current+1;
}

}

If(current=>hit){
Hit=current;
weighting=w;

}

return weighting;

}

Algorithm 2. Procedure for learning weights from statistical
data

3MODEL PERFORMANCE

A supervised user study with the goal of testing the predictive
power of the presented model was carried out with students and
staff of the Klagenfurt University. Altogether we had 37
participants (18 females) with a mean age of 26.08 (SD=7.21,
range: 19 - 60) which interacted with a critique-based digital
camera recommender (Figure 1). In the end of the interaction the
system proposed three cameras which the participants had to
choose from (“‘buy’). The proposed cameras where taken out of a
product base which consisted of 231 different cameras and
corresponded to individual preferences specified during the
recommendation process. Table 1 summarizes the 37 choice
situations. Details of the presented cameras in the choice sets are
shown in Table 2. The SDM was used to calculate dominance
values and thus allow predictions on the participants’ choices.
The predictive power of the model is the core factor in order to
calculate suitable decoy elements. The procedure of model

application followed the general logic of a leave-one-out cross-
validation® [9] and was as follows:
1. Take 36 out of 37 datasets and learn weights (i.e.
apply Algorithm 2 in a brute force manor)’.
2. With the learned weights calculate dominance
values for the 37th dataset.
3. Mark as hit, if selected camera has the highest DV.
4. Repeat for all 37 datasets.

choiceSet |IdCam1| Dom1 [ldCam2| Dom2 |ldCam3| Dom3 [selectedCam
1 78 0,482 g1 0563 g2 -0,486 78
2 151 0,422 143 | -0335 158 | -0[036 143
3 33 0,261 49 0,493 34 -0236 35
4 215 [ 0424 97 0,306 49 0118 a7
5 159 | 0187 153 | 0317 222 [ -0130 222
[5 206 [ 0B 35 0,093 223 [ 0573 X3
7 202 | 0,102 200 | 0230 129 | -0332 200
8 99 0,799 96 0,433 103 | 0316 96
9 223 | 0582 206 | -0609 104 | 0,026 223
10 80 0,116 a1 -0,055 200 [ 0172 a1
11 B3 0,328 67 0304 135 | 0,024 B7
12 175 | 0,887 174 | 0551 173 | -0336 175
13 a0 0,208 46 0334 43 -0541 46
14 197 | 0138 196 | -0.141 203 | 0,003 197
18 125 | 0,016 72 0251 EE] -0 266 EE]
16 149 | 0154 162 | 0011 150 | 0,165 150
17 154 | 0,323 56 -0,033 137 | -0290 56
18 148 | 0,230 145 | 0765 144 | 0536 144
19 20 0217 200 | 0F19 194 | -0336 201
20 176 | 0133 1668 | -0.107 167 | 0,240 178
21 26 [ 0182 213 | 0353 211 0536 215
22 203 [ 0054 202 | 0564 215 [ -0500 202
23 132 | 0,058 134 | 0052 131 | -0112 132
24 42 0,050 44 0118 45 -0 065 42
25 83 0,501 a5 -0,093 a4 -0.408 83
25 121 | 0346 126 | 0286 120 | 0,080 126
27 127 1,067 153 | 0140 206 [ -1208 127
28 188 | 0,367 176 | -0023 168 | -0338 188
29 158 | 05684 151 0,036 150 | 0,495 158
30 a0 0527 79 -0,767 76 0241 g0
31 205 [ 0137 206 | 0322 217 [ -0458 205
32 7 0,031 B 0016 9 0016 9
33 17 0,878 127 | 0975 122 [ -0p97 127
34 201 [ -0042 199 [ 0228 215 [ 0187 215
34 i 0,053 K] 0501 g4 -0.405 g4
36 214 [ -0040 231 0,030 229 [ -0040 231
37 154 [ -0407 211 0,596 51 -0,183 211

Table 1. Dominance-based prediction (Dom1-3 = calculated
dominance values for the presented cameras)

Altogether 22 out of 37 choices were predicted correctly
(highlighted in Table 1), which makes up a ~60% hit rate with a
95%-confidence-interval ranging from 42.9% to 76.1%. The
choice of target cameras predicted by the model differed
significantly from 1/3 chance expectation (One-Sample t-Test;
1(36)=3.193, p=.001, one-sided). The performance of the model
is highly related to the correctness of the weights, even though
we have found that also a small amount of learning data (in our

®The reason of applying a leave-one-out method was the
small amount of learning data. If enough learning data is
available the typical approach is to partition the set of data
into a set of learning data and a set of test data.

" The weights only varied very slightly. The ranking was
as follows:

price [> 30%]

optical zoom [> 25%)]

resolution [> 20]

memory [> 10%)]

weight [< 10%]

agrwbE



case 36 out of 37 datasets) produces reasonable results. The
predictive value was quite remarkable, as the experiment was
carried out wunder real world conditions using a real
recommendation environment. Three important factors were
weakening the predictive power, as they cannot yet be taken into
account in the model:

e Cameras were additionally represented by images,
which can (and typically do) influence choice [31].

e The attribute ‘manufacturer’, although shown in the
experiment, cannot be taken into account by the
model, as it is no ordinal attribute (but for creating a
realistic recommendation situation it was necessary to
show this attribute).

e The last set (the participants had to choose from)
consisted of three similar cameras as after every
interaction with the recommender (i.e. critiquing one
of the current cameras) three adequate and similar
cameras were presented to the participant. It is evident
that the more similar the items are the more difficult it
is to predict the choice outcome.

4 RELATED WORK

A lot of work in the area of context effects has been
conducted since the seventies [1,2,4,5,7,8,16,18,23,25,26,30].
Although most of the research has been done to show context
effects in different application domains [4,23,26,30] some
research has also be done trying to find a model for context
effects.

Models for single effects. Most of this research was
concentrating on single effects. Models which focused on the
similarity effect are found in [1,7]. Models trying to explain the
attraction effect are found in [5,8]. A good overview of diverse
models targeting the compromise effect is found in [16].

Models incorporating multiple context effects. One approach
of taking into account more than one single effect was the
application of neural networks. [18] presents a neural network
for choice behaviour but lacks the multi-optionality (choice set >
2). A feed forward neural network considering the asymmetric
dominance effect, attraction effect, and compromise effect is
found in [25]. The problem with neural networks in general is
the cold start problem. Whereas most mathematical models
provide reasonable (though not optimal) results using standard
parameters (often defined by domain experts), the application of
neural networks without time consuming training based on good
training data is most of the time not possible. Thus, what is
needed is a mathematical model which is multi-preferential
(number of attributes > 2), multi-optional (size of choice set >
2), and accounts for multiple context effects. A complete
mathematical model is presented in [2]. The main difference to
the model presented in this paper is the complexity and the
number of parameters. The set of parameters of the Simple
Dominance Model (SDM) only consists of the product attribute
weightings. The main reason why the SDM manages to stay very
simple is that instead of modelling various effects the SDM
rather concentrates on one important common factor of the main
context effects which is tradeoff contrast.

5 ETHICAL ISSUES

A certain challenge which is coming along with persuasive
technologies in general is that to some extend persuasive
techniques could be exploited not only to have positive impacts
but also to negatively influence a certain involved party. In the
context of online selling systems like recommenders the biggest
danger is that sellers might apply persuasive techniques in order
to increase profit without taking too much care about the users’
wishes and needs and thus would rather manipulate than
recommend. The major reason why the application of the SDM
can be seen as less problematic is that the application of the
SDM happens well after the recommender system already has
sorted out unsuitable products. In cases where no suitable
products can be found, knowledge-based recommenders
typically inform the user about the empty result set and offer
repair mechanisms in order to support the user in adapting the
preferences. Either way the SDM is only applied on the basis of
a set of suitable items. Furthermore, the application of the SDM
should not prevent the top-ranked items to be displayed but
rather underline differences of those top-ranked items (see
Algorithm 1 in Section 2). Moreover it is very substantial to
emphasize that as soon as more than one product is presented at
the same time context effects are occurring which leads to the
conclusion that there are basically two possibilities for dealing
with the existence of context effects. The first possibility is to
simply ignore the existence of those effects. The second, more
constructive approach is to analyze those effects and to develop
tools (like the SDM) in order to control those effects and identify
potentials for effective user support.

6 CONCLUSIONS & FUTURE WORK

This paper presents the Simple Dominance Model which can
be used to calculate context dependent dominance values for
items in a choice set. Context dependent dominance values can
be used for finding optimal decoy items in order to decrease the
cognitive choice dilemma in a choice situation of recommender
systems, increase the user’s confidence in its own decision, and
persuade the user to reconsider its decision and thus lead to a
better choice. The model is multi-preferential (i.e. more than two
product attributes are supported) and multi-optional (i.e. more
than two products in a choice set are considered). A first proof of
concept has been provided by showing the predictive power of
the model by application on empirical data gained from a user
study in the domain of recommender systems. The simplicity of
the model is one of its main characteristics. The only parameters
to be set are product attribute weightings. An algorithm for
learning weights in this context is presented. The future work
consists mainly of testing the model’s performance in different
recommendation domains with various numbers of attributes and
various sizes of choice sets. Furthermore, the performance will
be compared to more complex models targeting similar
purposes.
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51 B B |216| 0O | 200 [ 121 | 3 B | 144 | 32 | 110 |1588] 3 | B | 229 13 | 125 |214] 3 | 81 | 228 | 31 | 169
BE | 7 | B | 282 11 | 143 | 122 | 3 |10 [ 160 | 32 | 142 |189| 3 | B | 263 | &2 | 125 |216| & | &4 [ 328 | 31 | 186
B7 | 4 | 563|121 | 10 | 155 [ 1258 | 3 |6 |233| 32 | 120 |167| & |77 | 268 17 | 114 |217| 3 |72 430 68 | 132
BS | 4 |55 | 149 | 10 | 155 | 126 | 3 B | 130 32 | 142 |16a| & |7 | 276 17 | 120 |222] 3 | 60 | 294 | G4 | 161
72 | 3 | B3| 239 2 | 155 | 127 | & 121|167 | &4 | 161 |173| 3 8 [239] 19 | 181 |223] 3 121|268 | 31 | 142
76 | 4 [ B2 [ 156 12 | 140 [129 [ w0 |61 [268 | 32 | 287 |174] 3 8 [ 279 25 | 145 |228] 3 |72 (179 31| 125
78 | 5 E | 250 | 32 | 195 [ 131 | 10 | 70 | 169 | 32 | 285 |175| & 8 [209 ] 47 | 125 |231| 3 | 81 | 224 | 31 | 155
79 | 10 | 651|198 0 | 410 [ 132 | 12 [70 [211| 32 | 300 |176] & g [ 2971 15 | 175
Table 2. Details of presented cameras in the choice sets
[14] G. H&ubl, V. Trifts, Consumer Decision Making in Online Shopping
Environments: The Effects of Interactive Decision Aids, Online
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