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Recommender Systems

• It provides suggestions for items that 
are likely to be of interest to a 
particular user (decision support)
•Operational Steps:
•Preference elicitation (behavioural 

data)
•Preference prediction
•Selection of recommendations

Prediction accuracy is the target
4



Classical Recommendation Model
• Background knowledge: 
• A sparse set of ratings – preferences – behaviour data
• r: Users x Items x Contexts à {1, 2, 3, 4, 5}

• A set of “features” of the users, items and contexts
• A method for predicting the function r where it is unknown: 
• r*(u, i, c) = Average ratings in {r(u’, i, c’): users u’ are similar to u and 

context c’ is similar to c}
• A method for selecting a small set of items to recommend (choice):
• In context c recommend to u the item i* with the largest predicted 

rating r*(u,i,c) [G. Adomavicius, A. Tuzhilin: Toward the Next Generation of Recommender Systems: 
A Survey of the State-of-the-Art and Possible Extensions. IEEE Trans. Knowl. Data Eng. 
17(6): 734-749, 2005]
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Noise

6

[A.Said & A. Bellogín: Coherence and inconsistencies in rating behavior: 
estimating the magic barrier of recommender systems. User Model. User 
Adapt. Interact. 28(2): 97-125, 2018]



Bias and Noise

7

[D. Kahneman, O. Sibony, C.R. Sunstein, Noise: A Flaw in Human Judgment. Little, Brown and Company. 2021]

Overall Error (MSE) = Bias2 + Noise2



Influencing

•User preferences are constructed while consuming 
the recommendations
• The RS may have a hidden agenda
• Influencing is easy [Adomavicius et al. 2013]

• But deliberately influencing users to change their 
preferences or behaviours is not easy 
• For instance exposing users to diversity does not 

produce choice diversity [Helberger et al. 2018]
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[G. Adomavicius et al., Do Recommender Systems Manipulate Consumer Preferences? A Study of 
Anchoring Effects. Inf. Syst. Res. 24, 4, 956–975, 2013]
[N. Helberger et al., Exposure diversity as a design principle for recommender systems. 
Information, Communication & Society 21, 191–207, 2018]



Anchoring

• How do we determine what is reasonable to spend for a race bicycle?
• In an online shop that recommends only bicycles costing over 

5.000  euro we may believe that 1.500 is not enough, or that a 
bicycle at that price will be a bargain
• Even if nobody will select the 

highest-priced recommendations, 
the shop can reap benefits from 
listing them – people is induced to buy the 
cheaper (but still expensive) ones. 
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Multistakeholder Systems

1 Multistakeholder Recommendation 3

search problems bring them to the platform, and who expect recommen-
dations to satisfy those needs.

Providers (aka suppliers): The (item) providers are those entities that
supply or otherwise stand behind the recommended objects. Providers
can be defined in many di↵erent ways, depending on the desired locus
of analysis. For example, when recommending movies, the provider might
be the movie studio that released it, the director(s) behind it, the actors
featured in it, the country of production, or other relevant aspect.

System: The final category is the organization itself, which has created a
platform and associated recommender system in order to match consumers
with items. The platform may be a retailer, e-commerce site, broker, or
other venue where users seek recommendations.

(a) User-centered View of Recommendation

(b) Multistakeholder View of Recommendation

Fig. 1.1 User-centered schema for recommendation versus multistakeholder schema.

[H. Abdollahpouri & R. Burke, Multistakeholder Recommender Systems, in Recommender Systems 
Handbook, 647-677, 2020] 13



Novel Performance Metrics

• Fairness
• Sustainability
• Diversity
• Cost saving
• Informative
• Transparency
• Explainability
• Engagement

[D. Jannach & M. Zanker, Value and Impact of Recommender Systems, in Recommender Systems Handbook, 519-546, 2022]
14
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• But, how humans react to recommendations?

• Are these well designed recommendations 
generating choices or judgments with the 
desired properties? 



Recommendations & Decision Making

• Recommendations should not only indicate 
items to choose 
• Recommendations should orient the decision 

making process
•Users differ in term of cognitive capacity, 

experience, how they react to information and 
make choices
• They need very different types of support 

rather different items to choose 

17[D. R. Forsyth, Group Dynamics, Wadsworth press, 2016 ]



Learning Conversational Strategies

When should these 
questions asked?

[T. Mahmood et al, Improving Recommendation Effectiveness: Adapting a Dialogue Strategy in Online Travel 
Planning. J. Inf. Technol. Tour. 11(4): 285-302, 2009] 18



ASPECT and ARCADE
18 Human Decision Making and Recommender Systems 623

Fig. 18.1 High-level overview of the ARCADE model of choice support strategies, illustrating its
relationship to the ASPECT model of choice patterns (The technologies shown in the pillars of the
arcade are among those that can be deployed to realize the strategy in question.)

18.3.1 Evaluate on Behalf of the Chooser

The strategy that is typical of recommender systems is called within the ARCADE

model Evaluate on Behalf of the Chooser. As is indicated in the bottom part of
Fig. 18.1, the application of this strategy in interactive systems does not always
require recommendation technology; straightforward interface design is often ade-
quate, as when a generally relevant recommendation is offered to all choosers (e.g.,
“You are advised to close all open applications”).

18.3.2 Advise About Processing

The second ARCADE strategy that involves a form of recommendation is the strategy
Advise About Processing. The advice being given here concerns not particular
options on the domain level but rather ways of applying a particular choice pattern

fricci@unibz.it

[Jameson et al, Human Decision Making and Recommender Systems, Recommender Systems Handbook, 2015] 19

How people choose

How people can be 
supported to choose



Goals

• Identify new ways for RSs to be used, in choice making 
support - how they can better serve the chooser
• Recommendations should not necessarily the best 

choices but should help to make better choices
• Better is not necessarily “similar to what you have 

chosen in the past”
• Improve the chooser’s behaviour (more diverse, more 

novel, more sustainable).

20



Points of Interest Recommendations

•We do not recommend what the user 
is predicted to do next 
• Learn optimal behaviour of experts 

(Inverse Reinforcement Learning)
•Recommend deviations from 

observed suboptimal behaviour
•But, in live user studies humans prefer to choose what they 

know to what may give more satisfaction.

21
[D. Massimo & F. Ricci, Popularity, novelty and relevance in point of interest recommendation: an experimental 
analysis. J. Inf. Technol. Tour. 23(4): 473-508, 2021]



Von Neumann-Morgenstern Model

• Life is a lottery:
• For each action
• Evaluate the rewards (utility) for all possible 

outcomes
• Factor in the probabilities of the outcomes

• Choose action with highest expected value (sum of 
the utilities of outcomes weighted with the 
probabilities)

• This is often seen as a normative model

22



Simulation of Choices

• Simulated users estimate 
item’s utility 
•Users are aware only of: a) recommended items, b) popular items, 

and c) items that match their preferences
•Users choose with a probabilistic model: a larger item utility, implies a 

larger item choice probability (account for noise)
• Recommendations are supposed to increase the perceived utility of 

items.

23
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N. Hazrati and F. Ricci

Fig. 1. General schema of the proposed simulation framework.

3. RQ3: Does a better users’ awareness of the catalogue of the items, i.e., being aware of a larger number of items, lead to better
choices, that is, higher users’ rating for the choices? We expect that when the awareness of the catalogue increases, the diversity
will increase as well, but the choice’s rating could decrease because fewer recommendations are chosen, and recommendations
are supposed to produce better choices (i.e., with higher ratings).

4. RQ4: Is a larger recommendation set producing an increase of choice diversity? If yes, has the awareness set size a larger or
smaller effect on choice diversity than the recommendation set size? While recommending more items should result in a higher
choice diversity, increasing the awareness set size may even be more effective in diversifying the choices.

3. Related work

The studies dedicated to analysing the effect of RSs on users’ choice behaviour have followed two main approaches: online
experiments and simulation of user behaviour. In online experiments, a web platform offering products to users, while alternative
RSs make recommendations to users, is implemented. Then, the measurable effect of the used RSs on the actual users’ choices is
compared (Matt et al., 2013; Senecal et al., 2005; Zhu et al., 2018). Matt et al. (2013) designed a website offering music tracks
to users. They randomly assigned users to five distinct groups. In each group a specific RS suggests items to the users. Then, they
analyse the effect of the implemented RSs on users’ choices by measuring diversity metrics such as the Gini index (Dorfman, 1979).
Even though their results are interesting, they have tested their hypotheses only on a small set of users (32 users) and one single
domain (music domain).

Online experiments have achieved interesting results that show some effects of RSs on users’ choice behaviour. However, they
offer a limited perspective, because only a few scenarios can be analysed and it is difficult to generalise the obtained results. As a
consequence, few researchers have followed this approach.

Conversely, the simulation of users’ choice behaviour is simpler to implement and many alternative conditions can be studied. In
a simulation, a collection of simulated users (agents) make (repeated) choices for items, while an RS is also simulated to affect the
users’ choices. Simulations of user behaviour in RSs have been primarily used to evaluate reinforcement-learning approaches (Huang
et al., 2020; Ie et al., 2019; Zhao et al., 2019). However, some studies have adopted the simulation approach to understand users’
choice behaviour in the presence of more general RSs (Bountouridis et al., 2019; Fleder & Hosanagar, 2007, 2009; Hazrati et al.,
2019; Nadolski et al., 2009; Sie et al., 2010; Szlávik et al., 2011; Umeda et al., 2014).

Fleder and Hosanagar (2009) introduced a simulation procedure in which the users iteratively select items among a small set of
candidate fictitious products based on a probabilistic multinomial-logit choice model (Brock & Durlauf, 2002). The model is based
on randomly generated utility functions, one for each user: the higher is the computed item utility, the more likely the item is chosen.
They were the first to assume and simulate that users cannot select an arbitrary catalogue item, but only items in a smaller, user
specific set, called awareness set, that represents the users’ knowledge of the items in the catalogue. Furthermore, a recommended
item is assumed to receive an increased utility for the target user. This simulates the recommendation’s effect to increase the visibility
and salience of an item and consequently the user’s estimation of its utility. Finally, they observed the effect of RSs on the users’
choices in terms of choices’ diversity. While, this study warned about the lack of diversity that could be produced by an RS, it was
conducted on a small set of (50) fictitious users and items. Conversely, our simulation approach is designed to use more realistic and
large data sets of logged user/item interactions (Amazon eCommerce platform). Moreover, while Fleder and Hosanagar (2009) used
a random utility function for each user, in our simulation (see Fig. 1), the utility functions are derived from the above mentioned
data sets of real users’ choices and ratings. Furthermore, they assume that in each time interval of the simulation, each user makes
a single choice, while we extract from the log data set the number of simulated choices that each user makes.

In another work, Bountouridis et al. (2019) adopt a simulation framework similar to that proposed in Fleder and Hosanagar
(2009) and they apply it to the news domain. Their simulation allows content providers to select different RSs and analyse their

[N. Hazrati & F. Ricci, Recommender systems effect on the evolution of users' 
choices distribution. Inf. Process. Manag. 59(1): 102766, 2022]



Choice Model – Multinomial Logit

• Au is the Awareness set: items that the user may consider to 
choose because she knows
• vuk is the estimated expected utitility of the item k for the user u
•When an item k is recommended then: 

vuk := 2* vuk

24

awareness set, 9 is removed from her awareness set; this because
we assume that a user chooses an item only once (e.g., a book is
bought only once).

In the performed simulations we varied the awareness set sizes
in order to investigate its e�ect on the users’ choices distribution.
In the �rst used data set,  8=3;4 , we consider larger values, varying
from 500 to 50000, while in the second, ">E84!4=B , we consider,
for lack of space, only one value, 200 (data set are fully described
in Section 4.2).

3.2 Choice Model
When a user is simulated to make a choice (for an item) is is sup-
posed to use a multinomial-logit choice model. We adopt this model
because it is a simple but e�ective approach, which has been previ-
ously validated. This also makes our results comparable with earlier
simulations [5]. The utility of the item 9 for the user D is assumed
to be known by the user and equal to the best estimation of the
rating of the user D for the item 9 (using the full knowledge of the
reference data set): ED 9 = ÂD 9 , where ÂD 9 is the predicted rating of
the item 9 for the user D. D is supposed to choose an item 9 among
her awareness set’s items, with the following probability:

? (D 2⌘>>B4B 9) = 4ED9Õ
:2�D

4ED:
(1)

In practice, items that have larger predicted rating are more likely to
be chosen, but the user does not necessarily select the itemswith the
largest predicted ratings. This assumption tries to take into account
the potential human errors introduced by utility estimation and the
fact that no decision maker is perfectly rational.

3.3 Recommendations
The following �ve RSs are considered in the simulation and they
recommend 10 items each time a user is simulated to make a choice.
• %⇠� - Popularity-based CF: is a neighborhood-based collabo-
rative �ltering that identi�es the nearest neighbors of a target
user D (by using the cosine similarity between the users’ 0/1
choices’ vectors). The most popular items among the choices of
the nearest neighbor users are recommended to the target user.

• !%⇠� - Low Popularity-based CF: is similar to %⇠� , but it penal-
izes the score of popular items, computed by %⇠� , by multiplying
it with the inverse of their popularity. The highest scored items
are recommended.

• �" - Factor Model: is a RS which generates recommendations
following the approach proposed in [11].

• %$% - Popularity-based: the most popular items in terms of the
number of times that they were selected before are recommended.

• �' - Average Rating: The items are scored with a variation of the
average rating. This methods is used by IMDB.com. A weighted
average is calculated for each item as:,' = ( E

E+<⇥')+( <
E+<⇥⇠),

Where ' is the average rating for the item, E is the number of
times that this item is rated,< is the minimum number of ratings
required to be considered by the RS, and ⇠ is the average of
all of the ratings in the data set. The highest scored items are
recommended.
It is here important to note that if an item 9 is recommended to

the user D, by a RS, then it is added to the awareness set but also

Update the RS and 
simulate the next

month

Yes

User u
Build u’s

awareness set
(Section 3.1)

RS recommends
items to user u. 

(Section 3.3)

User u
chooses an 

item (Section
3.2)

Next 
user?

No

Figure 1: Simulation procedure of one month’s choices

its utility ED 9 is boosted by a multiplicative factor X :

ED 9 = X ⇤ ED 9
Hence, recommended items are more likely to be chosen by the
user, compared with items having the same (estimated) utility, but
not recommended. This simulates the e�ect of recommendations
on user choice behaviour. Moreover, in order to simulate that rec-
ommended items are however not always chosen, then X was set
to 2. We experimentally checked that with this value users choose
one of the 10 recommended items with 60-70% probability.

4 EXPERIMENTAL STRATEGY
4.1 Evaluation Metrics
By running the above described simulation procedure we are inter-
ested to measure the e�ect of RSs on the distribution of the users
choices. Particularly, we are interested in their diversity and quality.
Hence, we introduce here three metrics that capture these proper-
ties. The simulation results shown later are obtained by averaging
the measured metrics over 5 repetitions of the simulation.

Moreover, for each month in the simulation, we show metric re-
sults computed over the “accumulated” choices up to the simulated
month, i.e., from the �rst simulated month to a target simulated
month. We will then analyse the variation of the metric at succes-
sive time intervals.

In order to measure choice diversity we use the Gini index
that has also been considered in related studies [1, 5, 14, 16, 20].
Gini index de�nition is based on the “Lorenz curve” !(G), which is
the fraction of the choices generated by the lowest 100*G% chosen
items, G 2 [0, 1] [4]. The Gini index is then: ⌧ = �

�+⌫ , where
� =

Ø 1
0 (G � !(G))3G and ⌫ = 1

2 � �. The Gini index measures
inequality distribution with a single value⌧ 2 [0, 1]. G is 0 when a
perfectly uniform distribution of choices across items is observed,
while it is close to 1 when choices are including only a small part
of the items’ catalogue.

We also measure the average utility of the users’ choices. It is
the mean of the (predicted) rating of the users chosen items. For
each user, we compute the average rating of the chosen items, then
we average the users’ mean values. We are interested in this metric
to understand if a RS helps the users to �nd valuable items. The
predicted rating of a user for an item is in fact the only measure
that we have at our disposal to assess the quality of their choices.

Finally, we measure the popularity of the chosen items. In every
simulation month, the average popularity of an item is equal to the
number of times that this item has been chosen by the users up



Results

• Simple non personalised algorithms generate the highest users’ 
satisfaction
• Diversity driven recommender systems may not obtain more choice 

diversity than non customised algorithms
• Any bias or special property of the 

algorithm must meet a similar bias in 
the choice model to become successful 
in the population.

25



Restricted Boltzmann Machine

•Multinomial Logit choice model cannot explain ”attraction” since the 
ratio of p( u chooses i | X) and p(u chooses j | X) does not change if we 
remove a third item k from the choice set X
• In a restricted Boltzmann machine, the attractiveness of an item 

depends on the attractiveness of the other items  

26

[T. Osogami & M. Otsuka, Restricted Boltzmann machines modeling human choice. NIPS 2014: 73-81]

k... ...

X... ... A... ...
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Hidden

Choice set Selected item

b
A

Figure 2: RBM choice model

where ✓ ⌘ {W, bvis, bhid} denotes the parameters of the RBM. The probability of realizing a partic-
ular configuration of (z, h) is given by

P✓(z, h) ⌘
exp(�E✓(z, h))P

z0
P

h0 exp(�E✓(z0, h0))
. (6)

The summation with respect to a binary vector (i.e.,
P

z0 or
P

h0 ) denotes the summation over all of
the possible binary vectors of a given length. The length of z0 is |V|, and the length of h0 is |H|.

The RBM choice model can be represented as an RBM having the structure in Figure 2. Here, the
layer of visible units is split into two parts: one for the choice set and the other for the selected item.
The corresponding binary vector is denoted by z = (v, w). Here, v is a binary vector associated
with the part for the choice set. Specifically, v has length |I|, and vX = 1 denotes that X is in the
choice set. Analogously, w has length |I|, and wA = 1 denotes that A is selected. We use T k

X to
denote the weight between a hidden unit, k, and a visible unit, X , for the choice set. We use Uk

A to
denote the weight between a hidden unit, k, and a visible unit, A, for the selected item. The bias is
zero for all of the hidden units and for all of the visible units for the choice set. The bias for a visible
unit, A, for the selected item is denoted by bA. Finally, let H = K.

The choice rate (3) of the RBM choice model can then be represented by

�(A|X ) =
X

h

exp
�
�E✓

��
vX , wA

�
, h
��

, (7)

where we define the binary vectors, vX , wA, such that vXi = 1 iff i 2 X and wA
j = 1 iff j = A.

Observe that the right-hand side of (7) is
X

h

exp(�E✓((v
X , wA), h)) =

X

h

exp

 
X

X2X

X

k

T k
X hk +

X

k

Uk
A hk + bA

!
(8)

= exp(bA)
X

h

Y

k

exp
��
T k
X
+ Uk

A

�
hk

�
(9)

= exp(bA)
Y

k

X

hk2{0,1}

exp
��
T k
X
+ Uk

A

�
hk

�
, (10)

which is equivalent to (3).

The RBM choice model assumes that one item from a choice set is selected. In the context of the
RBM, this means that wA = 1 for only one A 2 X ✓ I. Using (6), our choice probability (1) can
be represented by

p(A|X ) =

P
h P✓((vX , wA), h)P

X2X

P
h P✓((vX , wX), h)

. (11)

This is the conditional probability of realizing the configuration, (vX , wA), given that the realized
configuration is either of the (vX , wX) for X 2 X . See Appendix A.2for an extension of the RBM
choice model.

3 Flexibility of the RBM choice model

In this section, we formally study the flexibility of the RBM choice model. Recall that �(X|X ) in
(3) is modified from �MLM(X|X ) in (2) by a factor,

1 + exp
�
T k
X
+ Uk

X

�
, (12)
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Group Recommender Systems

• There is no group rating but only group choices
•We can recommend group choices
• Good
• Alternative
• Fair

•We can understand what the group is 
going to choose and "correct" the group.

28



Groups Interactions Experiment

•Members of control group could hear and download one or more of 
72 songs by new bands – no information is exchanged in the group
• Random groups were also formed and the same taks assigned – but, 

people could see how many group members have previously 
downloaded individual songs
• Group rankings in the random groups were highly disparate – there 

was a great deal of noise
• The very best (worst), in the control group, never ended up at the 

very bottom (top), but otherwise anything could happen, in the 
random groups.

29[M. J. Salganik et al, Experimental Study of Inequality and Unpredictability in an Artificial Cultural Market, Science 311, 2006]



STS for Groups

[T. N. Nguyen & Francesco Ricci: A chat-based group recommender system for tourism. J. Inf. 
Technol. Tour. 18(1-4): 5-28, 2018] 31



SimulationConflict resolution in group decision making...

Group Simulator

Forming a group g, !u " g com-
pute user’s utility vector wu

Making a proposal based on
the user’s utility wg

u at itera-
tion t, with the probability pp(u)

Giving feedback on items pro-
posed by other members,
with the probability pf (u)

Group Recommender

Inferring the user’s
constraints !g

u on wg
u

Updating the user’s
utility vector wg

u

Computing the updated
utility function Ug(u, i)

Ranking items based on
the group score U(g, i)

Selecting a group choice as the first
item in the ranked list that receives

the best choice evaluation from
all the simulated group members

Iteration t

user u’s evaluations

ranking list

Fig. 6 An illustration of the simulated group discussion process

The responsibility of the simulator boils down to the following sequence of steps:

1. Forming a group Due to the limited number of observed users, we have decided
to generate synthetic users’ profiles, which, however are similar to the profiles of
the real users who evaluated STSGroup described in Sect. 3.1. More precisely, the
simulator first estimates the real users’ utility functions usingEq. (1), based on their
ratings elicited before any actual group discussions took place. Then, it applies
k-means clustering9 on the sample set of the real users’ utility functions (utility
weight vectors). The synthetic users’ utility vectors, thereby, are drawn from a
distribution with mean and variance of each cluster. This allows the simulation
experiment to build groups composed of users with similar and different tastes
(preferences). In the first case, the simulator arbitrarily chooses a cluster, and then
generates the group members’ utility vectors from this selected cluster definition
(mean utility vector and variance). In contrast, in the second case, the simulator
creates groups of users with diverse preferences by generating users’ utility vectors
from different clusters.

2. Making a proposal First, the simulator randomly selects a member and decides if
this member makes a proposal with probability pp(u), whose value varies depend-
ing on the degree of assertiveness. If not, the selection is started again. Afterwards,
the simulator identifies what the user will propose to the group discussion by con-

9 In our experiments, we identified 5 clusters (k = 5) as this is the maximum number of users in a group
that we considered.

123

wu := weigths of the utility function of u before 
joining the group
wg

u := weigths of the utility function of u during the 
group discussion (Ug(u,i) is the utility of an item i for 
u)
Ug(g,i) := score of item i for g
f gu := constraint on Ug(u,i) acquired during the 
discussion

32



Thomas–Kilmann Conflict Mode Instrument 

• Assertiveness: assertive users are more 
likely to make proposals (compared to 
observed behavior - baseline)
• Cooperativeness: cooperative users are 

more likely to give a positive feedback on 
a proposal even if it has low 
utility – uncooperative users do the 
opposite.

33

[T. N. Nguyen et al., Conflict resolution in group decision making: insights from a 
simulation study. User Model. User Adapt. Interact. 29(5): 895-941, 2019]
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6.4 Results | 89
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Fig. 6.8 MIL and MMD of groups with diverse interests but similar conflict resolution styles

Compete and Avoid are uncooperative (compete is more assertive)
Collaborate and Accomodate are cooperative
Baseline is a behaviour similar to that observed in real groups
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Conflict resolution in group decision making...
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Fig. 12 MIL and MMD of groups with diverse interests but similar conflict resolution styles

well as between accommodating and collaborating in each group size (see Table 9 for
groups of size 2).

Stopping the discussion at the first group choice Figure 13a shows the average
number of iterations needed to identify the first group choice. Similarly to the previous
case,where the groupmembers have similar preferences, uncooperative groups require
more iterations for arriving at the group agreement, compared to cooperative groups.
It is also observed that groups whose members have diverse preferences need more

123

Difference between the max and min utility of 
the group members: fairness.
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Uncooperative groups can achieve a fairer
choice, compared to cooperative groups, 
but on average they will be less satisfied by 
their choices



Understanding Users’ Conf. Res. Style

•Understanding the group members’ conflict resolution styles is as 
much important as understanding their preferences!
• This was also observed in a live user

study
• The outcome of a group 

recommendation session may
depend more on group 
members’ personalities than 
their preferences. 
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Predicting Group Choices

• Group recommender systems can benefit from a component that 
predicts, given the current expressed individual preferences (and 
personalities), the likely group choice
• Social Decision Scheme (SDS) indicates how to combine individual 

preferences in order to yield the group response: patterns of 
individual preferences yield collective responses.

[G. Stasser. Models of group influence, competitive model-testing, and prospective 
modeling. Organizational Behavior and Human Decision Processes, 80, 1, 3–20, 1999]
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Predicting Group Choices

• In the language of SDS: predict the group response from the 
distinguished configuration of the group
• (6 members prefers A, 0 members prefer B ) à ???, (5, 1) à ???, 

…, (0,6)à??? 
• Preference aggregation strategies can also be used to predict the 

group choice: a (rational) group will choose the top scored item 
according to the aggregation strategy
•We use a Machine Learning classifier to predict from a “group 

profile” the response (choice) of the group.
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Average aggregation 
• Group profile with “average” aggregation strategy on the ratings 

given by the group members to five items
•Option2 is the rationally predicted choice
• But this group selected Option1

40

Members Option1 Option2 Option3 Option4 Option5

User1 3 4 2 5 1

User2 4 4 1 3 2

User3 5 5 3 2 2

Group Profile 4 4.33 2 3.33 1.66 Option ?



Data Sets

• First phase: the participants’ explicit preferences, i.e., 
ratings/rankings, of ten pre-selected destinations were collected 
• Second phase:
• The participants were asked to form groups (smaller than five 

members) 
• The participants joined in their respective group and started a 

face-to-face discussions, aimed at selecting, from the pre-defined 
set, a destination that they, as a group, would like to visit 
together

• 282 participants in 79 groups.

41
[A. Delic et al., An observational user study for group recommender systems in the tourism domain. J. 
Inf. Technol. Tour. 19(1-4): 87-116, 2018]



42[H. Emamgholizadeh et al., unpublished]

ML prediction



Conclusions

•Noise in human and RS judgement can be even more important than 
bias
• Recommendations have not to be precise - they must be useful –

lead to better choices (reduce bias and noise)
•More studies are needed to understand the “friction” between 

recommendations and human choices
• A wider understanding of humans is a strict prerequisit for 

generating good recommendations – preference or behavioural 
learning is not sufficient.
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45Looking for collaborations to develop these ideas


