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ABSTRACT
Group recommender systems generate recommendations for a
group by aggregating individual members’ preferences and finding
items that are liked by most of the members. In this paper we intro-
duce a new approach to preference aggregation and group choice
prediction that is based on a new form of weighting individuals’
preferences. The approach is based on network science, and, in
particular, it relies on the computation of node centrality scores
in preferences similarity networks of groups. We also motivate
and introduce a non-linear (exponential) remapping of the individ-
uals’ preferences. Based on offline experiments we demonstrate:
1) non-linear remapping of preferences is useful to better predict
group choices and generate recommendations; and 2) our weighted
approach predicts the actual group choices more accurately than
current state-of-the-art methods for group recommendations.

CCS CONCEPTS
• Information systems→ Recommender systems; •Human-
centered computing → User studies; User models; Social net-
work analysis.
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1 INTRODUCTION
Research in group recommender systems (GRSs) usually deals with
the question of how to correctly aggregate group members’ indi-
vidual preferences in order to deliver recommendations that the
group will actually chose and are fair. As Arrow’s theorem indicates
and the GRSs research has shown, no single, optimal approach to
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aggregate individuals’ preferences exists [20]. Moreover, the clas-
sical preference aggregation strategies are not uniformly adopted
by groups, i.e., different groups adopt different approaches to make
their decisions. Hence, having the goal to predict or reconstruct
the actual outcome of a group decision process, new approaches
are required in order to generate more precise recommendations.
In this work, we adapt a general strategy, i.e., the classical average
aggregation method, by weighting differently the importance of
the group members when their preferences are aggregated. We
introduce two novel types of adaptations of general preference
aggregation strategies: a) a novel method to weight individuals’
preferences in a group preference model before they are aggregated
by any standard method; b) a non-linear transformation of the orig-
inal individual preferences of the group members before they are
aggregated in a standard strategy.

A considerable amount of work has been done in the field of
psychology to better understand group behavior in decision-making
processes. It was shown that these processes are influenced by
different types of connections (relationships) that emerge between
pairs of group members [10], and therefore by different types of
group networks. In this paper, we analyse preference similarity
networks, which evolve when individuals with various preferences
are placed in a group.We define network connections (i.e., edges) on
the basis of group members’ pairwise preference agreement derived
from the Spearman Footrule Distance. As in any other network, the
“network centrality” [26] of an actor plays an important role for
the development and the outcome of various processes within that
network. Similarly, we hypothesize that, firstly, the centrality of a
user in the group preference network should have an impact on the
individual’s weight in the decision-making process. Secondly, we
propose a method to weight group members’ individual preferences
based on their centrality in that network in order to improve the
prediction of group choices.

Furthermore, we challenge the assumption of linearly discount-
ing lower ranked choice preferences in the preference aggregation
strategy. In fact, Masthoff [19] has observed that the prediction of a
group choice is improvedwhen the linear rating scale is transformed
into a quadratic one. Moreover, in many cases humans actually re-
act linearly to an exponential growth of the stimulus [25]. This is
the reason why log scales are typically used (e.g., decibel or lumen).
Thus, we assume that a non-linear (exponential) remapping of the
individuals’ preferences can improve the prediction of the group
choices.

In conclusion, here we make two hypotheses and we test them
by using two data sets describing the preferences and the choices
of 282 participants in 79 real groups while deciding on a travel
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destination to visit together: H1 Transforming the scale of group
members’ individual preferences from a linear to a non-linear one,
improves the prediction of group choices.H2 Using groupmembers’
centrality in a group preference network in order to weight their
importance in a group preference model, improves the prediction
of the group choices.

The results of experiments show that our first hypothesis is
partially confirmed, and that our second hypothesis is strongly
supported by the obtained results.

The rest of the paper is organized as follows: in Section 2 we
provide an overview of the related work. In Section 3 the data
collection process is explained; and in Section 4 the methods to
predict the group choice are introduced. In Section 5 we explain
how we evaluate the performance. In Section 6 the results are
presented, and in Section 7 we discuss these results and present our
conclusions.

2 RELATEDWORK
Many aggregation strategies have been proposed in the litera-
ture [20], mostly motivated by the Social Choice Theory, including
Borda Count that aggregates individuals’ ranked lists into a group
list and (Weighted) Average that averages individuals’ item-ratings.
In certain cases preferences of some group members are considered
as more important, then a weighted average is used. Multiplicative
multiplies individuals’ item-ratings, and Least Misery assumes that
a group rating is the minimum of individuals’ ratings. In [9, 19],
the authors have evaluated whether or not people, when generat-
ing group recommendations and making decisions, would follow
a clear strategy. The results have shown that this was in fact the
case, but there was no single, dominating strategy employed.

Another line of research in GRSs deals with role-based mod-
els in which members are weighted based on the group role they
have. For instance, roles are derived from members’ activity in the
system [1, 4], domain expertise [11], strength of personality [23],
social centrality and similarity [2], or based on the previous group
choices [24]. Our approach is also role-based, where the role /
weight of a group member is defined by her “preference centrality
/ status” in the group. The idea emerged from psychology litera-
ture, where Kameda et al. [15] have shown that cognitive centrality
(i.e., a member’s status in the group determined by the level of
information and knowledge that a member shares with the rest
of the group) plays a significant role when identifying sources of
influence and predicting outcomes of the group decision-making
process. Hereby we use the notion of “preference status” in GRSs.
Practically, “preference status” is extracted from the group pref-
erence network as the measure of centrality. Then, it is used in a
weighted aggregation strategy to deliver group recommendations
(i.e., predict actual group choices).

An approach similar to ours has been employed, in [18], but for
addressing a different task: a group formation problem based on
the pairwise similarity of users’ ratings.

3 GROUP DATA
The observational data used in this paper was collected in a user
study focused on the travel and tourism domain. The first imple-
mentation of the study took place at TU Wien, Uni Klagenfurt, TU

Delft and Uni Leiden in 2015 and 2016, and the second one at TU
Wien and Uni Sarajevo in 2017. Both implementations followed the
same three-phases structure [6–8] that we present in the following.

In the first study phase individual preferences were collected
with a so-called pre-questionnaire, i.e., participants’ explicit rat-
ings or rankings of ten pre-selected destinations. In fact, the two
implementations differed in the pre-selected destinations, and in
the way participants expressed their preferences about them. In
the first implementation the destinations were ten large European
cities and the participants ranked them. Conversely, in the second
implementation, the destinations were chosen to fit the general
preferences of certain traveller types identified in the tourism lit-
erature [12, 13, 21, 22, 27] and the participants rated them on a
ten-point scale (1 - not attractive at all, 10 - highly attractive). In
the second phase of the study, the participants formed groups, and
selected, from the pre-defined set, two top destinations that they,
as a group, would like to visit together. Finally, in the third phase,
the participants filled in a post-questionnaire, where they reported
their first and second group choice, and answered a number of
questions including individual choice satisfaction and perceived
difficulty of the process.

The implementations resulted in two data sets: DSI (200 partic-
ipants in 55 groups), and a smaller set DSII (82 participants in 24
groups). The groups had a minimum of two and a maximum of five
members. In this work, we focus entirely on participants’ explicitly
formulated individual preferences and their group choices.

4 GROUP CHOICE PREDICTION METHODS
Group choice prediction methods are algorithms that aggregate
the individual preferences of the group members, and generate a
ranking or rating for the options. These ratings or rankings are
used to predict the actual choice of the group (or to generate group
recommendations).

To test our first hypothesis, we transform the group members’
individual preferences from a linear scale into a non-linear one. We
use an exponential function, as shown in equation 1:

new_ratinд = aold_ratinд (1)

where the parameter a is set to 1.5, in order to simulate a mild
exponential growth. In this paper we do not analyse the effect of
different values for the base a, we leave this for future work.

To test our second hypothesis we introduce preference net-
works and accordingly propose a method to calculate group mem-
bers’ weights based on their centrality in those networks.

Preference Network. For each group, a separate network is con-
structed. The nodes represent group members, and the edges repre-
sent relationships between them. These relationships are quantified
with node-to-node similarities, which were obtained from a metric
similar to the Spearman’s Footrule Distance function [3]. In fact,
we use the Full Choice-set Distance measure (FullDist ). It consid-
ers members’ preferences for the full set of options (ChoiceSet ),
to compute the distance between two group members u and v . It
gives an undirected preferences relationship between pairs of group
members:

FullDist(u,v) =
∑

i ∈ChoiceSet

|scoreu (i) − scorev (i)| (2)
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where scoreu (i) is: in DSI (and DSII respectively) the position (rat-
ing) of option i in the personal ranking (ratings) of the ten consid-
ered options of a group member u. Hence this score is in both cases
(rankings and ratings) an integer between 1 and 10.

To represent the relationship between two group membersu and
v with a similarity rather than a distance, we simply subtract the
distance score between u andv from the overall maximum distance
score obtained.

NetworkAnalysis. Representing the preferences of groupmem-
bers and their relationships in such a manner allows us to apply
network analysis methods at the group level, and to define the
group members centrality scores. Semantically, a group member
with a high centrality score, in such a network, is a person that
shares a great deal of preferences with the rest of the group. This
group member could then be seen as more important or promi-
nent since this member is “positioned” at the intersection of all
the group members’ preferences. We use the degree centrality of a
node, which is the sum of all its links’ weights. Although there are
other centrality measures [26], this is the most obvious choice as
we consider rather small, fully connected, undirected, and weighted
network.

Then, the weightwu of a group member u is calculated by nor-
malizing the centrality scoreCS(u) of user u in its group preference
network G:

wu =


1 ifmax

G
(CS) =min

G
(CS)

CS (u)−min
G

(CS )

max
G

(CS )−min
G

(CS ) + β, otherwise
(3)

wheremax
G

(CS) andmin
G

(CS) are, respectively, the maximum and
the minimum node centrality scores within the graph G. The pa-
rameter β controls the relative differences of the group members’
weights (larger values will make all the weights ratios closer to 1).

Baseline Prediction Methods. Since we hypothesize that the
two proposed approaches can improve the prediction of group
choices, we first select the baselinemethods that wewill use for com-
parison. Based on the individual preferences (ratings or rankings)
of the group members, these strategies generate either a ranking or
a scoring for the available options. Several aggregation strategies
were introduced in Section 2, and according to the related literature,
we will consider average, multiplicative, least misery and Borda
count as the baseline methods since these are the methods that
were used most often.

Apart from Borda that operates on the rankings, these strategies
require, in order to compute the group score, the group members’
ratings as the input. As previously mentioned, the two data sets,
DSI and DSII, were different in terms of group members individ-
ual preferences, i.e., rankings in the first vs. ratings in the second.
Hence, to apply the Borda count strategy on the DSII data set, we
simply mapped the ratings into partial rankings of the options.
Furthermore, to apply the average, multiplicative and the least mis-
ery approach on the DSI data set, we required for each user the
individual ratings of the ten destinations. Hence, in this case the
rankings were mapped to ratings, by applying the two steps proce-
dure: 1) Given the individual partial rankings calculated for DSII
(as previously explained), we calculated for each ranking position

the conditional probabilities for each rating that it will be assigned
to the rank at hand; 2) For each group member from DSI and for
each ranking that she provided, a rating was sampled according to
the previously calculated conditional probabilities.

Finally, with the goal to test our research hypotheses, we intro-
duce two categories of preference aggregation strategies, that are
compared with the baseline methods:

(1) The non-linear category including: non-linear Borda (“Nl-
Borda” ), which uses non-linear rankings of the group mem-
bers; non-linear average (“Nl-Avg” ), and non-linear multi-
plicative strategy (“Nl-Mult” ), which use the non-linear rat-
ings.

(2) The weighted category including: weighted average (“W-
Avg” ); weighted Borda count (“W-Borda” ); and weighted
multiplicative (“W-Mult” ) (group members’ weights are cal-
culated according to the equation 3).

5 EVALUATION STRATEGY
To asses the predictive performance of the aggregation strategies,
i.e., the baseline and the newly proposed ones, we used precision
of the recommendations at top-one (P@1) and top-two (P@2):

P@k =
#CorrectTopkRecommendations

#TopkRecommendations
(4)

The numerator captures the number of group choices that are cor-
rectly predicted by the aggregation strategy. The denominator is
the number of top-k recommendations generated by an aggregation
strategy (i.e., when multiple items obtain the same score they will
share the rank in a recommendation list, but the precision score
will decreased accordingly).

As the weighted aggregation strategies depend on the β parame-
ter (in equation 3), we searched for the β value which maximizes
the estimated precision of the prediction strategy. To this end, we
have split the data into a training set (randomly selected 50% of
groups from the combined data set, i.e., DSI and DSII merged), and
a test set (the remaining 50% of the groups). In the training set, the
β value, for which the considered weighted aggregation strategy
reached its maximum precision score (i.e., the mean value of P@1
and P@2) was selected. The test set was used to compare all the
proposed methods with the baselines. The procedure of randomly
splitting the data was repeated all together ten times and the av-
erage performance metrics were computed. In each repetition the
optimal β parameter was selected based on the results obtained for
the training set.

6 RESULTS
6.1 Non-linear Scaling of Preferences
In the first hypothesis we conjecture that the prediction of the group
choices can be improved if group members’ individual preferences
are transformed with an exponential function, hence are mapped
from a linear scale to a non-linear one. Table 1 shows the precision
of the considered strategies, when predicting the two choices of
the group with the baseline and non-linear methods. Here, the best
scores are highlighted, where the higher is the better. As previously
explained, the performance metrics are computed on a test set
formed by a random sample of 50% of the groups, after the weighted
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methods were trained on the other 50% of the groups for selecting
the optimal β value. Since this procedure was repeated ten times,
we report the average precision scores over these ten repetitions.

Table 1: Non-linear Scaling - Average P@1 and P@2

Aggregation strategy P@1 P@2
Average 0.458 0.422
Nl-Average 0.518 0.450
Borda 0.550 0.449
Nl-Borda 0.608 0.445
Multiplicative 0.445 0.426
Nl-Multiplicative 0.458 0.422
Least misery 0.414 0.358

The P@1 scores of average and Borda strategies are improved
by the exponential (non-linear) mapping of the group members’
individual preferences. The improvement of the non-linear Borda in
comparison to the baseline Borda is over 5%, while the improvement
of the non-linear average strategy is 6%. The non-linear multiplica-
tive also performs better better than its baseline, but only slightly
(1.3%). The least misery strategy will not be considered anymore,
since in this data set it performs worse than all the other meth-
ods. For P@2, the proposed non-linear mapping improves only
the average strategy, with a slight improvement of 2.8%. The non-
linear Borda and multiplicative perform almost the same as their
respective baselines.

To summarize, the non-linear Borda performs particularly better
than the baseline Borda with respect to the P@1 metric, but this
does not hold for P@2. However, the non-linear average strategy
obtains notably better results in both cases. As for the non-linear
multiplicative strategy, no clear improvement is achieved for both
precision metrics.

6.2 Centrality-based Weighting
In the second hypothesis we conjecture that weighting group mem-
bers according to their centrality in the group preference network
can improve the precision of an aggregation strategy prediction
of the group choices in comparison to the corresponding baseline
strategy.

Table 2: Centrality-basedWeighting - Average P@1 andP@2

Aggregation strategy P@1 P@2
Average 0.458 0.422
W-Average 0.523 0.438
Borda 0.550 0.449
W-Borda 0.603 0.455
Multiplicative 0.445 0.426
W-Multiplicative 0.525 0.454

For P@1 the weighted average performs better than the baseline
average (see table 2). The weighted Borda strategy achieves the sec-
ond best P@1 result of all the aggregation strategies (only slightly

weaker than Nl-Borda). The weighted multiplicative also preforms
better than its baseline, even by 8%. For P@2, the improvement of
the weighted methods is more noticeable. The weighted average is
again better than the baseline average (table 2). The weighted Borda
is the best performing strategy in this case, and the weighted mul-
tiplicative is the second best strategy with almost 3% improvement
in comparison to its baseline.

To summarize, the weighted aggregation strategies perform con-
sistently better than their respective baselines, achieving better
P@1 and P@2 scores, on average.

7 DISCUSSION AND CONCLUSION
In this section we discuss the implications of our results. To test
the first hypothesis we evaluated the performance of certain prefer-
ence aggregation strategies when the group members’ preferences
are transformed from a linear scale to a non-linear one using an
exponential function. The hypothesis is motivated by the fact that,
in many situations, humans react linearly (with the given rating or
ranking) to an exponential growth of the stimulus (attractiveness),
as described in section 1. In other words, we assume that for a
certain option to be one level better than another option it must
have a score that is larger than the other by a multiplicative factor.
The results we obtained partially support this hypothesis. The P@1
metric has clearly improved for all the evaluated strategies when
considering a non-linear scaling of the preferences, while the P@2
metric has only improved for the non-linear average strategy. Cer-
tainly, the performance of the non-linear strategies is influenced
by the selection of the parameter a (i.e., the base of the exponential
function), which we set to 1.5 in the current analysis. For the future
work, we plan to evaluate the effect of the a parameter, and optimize
it.

In the second hypothesis, we conjecture that representing groups
in a network structure and using the degree centrality of the nodes
to weight the respective members in a preference aggregation strat-
egy will improve the precision of the group choices prediction. Such
an approach is used in group dynamics theory [10, 15–17], and has
recently been evaluated for the group formation problem [18]. How-
ever, to our best knowledge, such an approach has not yet been
attempted in GRSs. According to our results, this hypothesis is sup-
ported and improvements can be achieved when using the weighted
strategies instead of their respective baselines. This is true for both
precision metrics (P@1 and P@2).

The performance of the weighted strategies is highly dependent
on the proper selection of the β parameter. In our approach, for each
training set, the best performing β was selected. Clearly, the larger
the training set, the greater the confidence to select β . However, our
data set comprises only 79 instances, 50-50 split of the data results
in 39/40 training instances only. We could have used a different
splitting ratio (e.g., 70-30), but in that case the number of groups
on which we test the performance of the aggregation strategies
becomes severely limited (e.g., containing only 23/24 groups).

We are aware that the size of the data set is a limitation of this
work, and in the future, we are planning to test our hypotheses on
other data sets, such as those used in [5, 14]. Nevertheless, showing
that our methods perform on average better than the baselines,
strongly support the validity of our second hypothesis.
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