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ABSTRACT
Group recommender systems (GRSs) support users in a group
when facing decision making tasks. Many GRSs simply perform a one shot aggregation of the individual preferences and
then compute recommendations. In this paper, we propose
a different approach; it allows users to iteratively express
and revise their preferences during the decision making process and supports such a conversational process with a chatbased interface. The implemented system observes users’
interactions with the discussed options and offers appropriate support as well as recommendations to facilitate group
members to come up with an agreement and a final decision. We have evaluated the effectiveness of our approach
by conducting a controlled live user study. The empirical results show that the mobile application that implements the
proposed approach achieves usability as well as high recommendation quality and choice satisfaction.

CCS Concepts
•Information systems → Users and interactive retrieval;

Keywords
Recommender Systems; Group Recommendations; Group
Decision Support; Conversational Systems.

1.

INTRODUCTION

Recommender systems (RSs) are information search tools
that are designed to alleviate information overload by suggesting items that are estimated to fit users’ needs or preferences [21]. In many realistic scenarios the recommended
items are consumed by groups of users rather than by individuals [14]. For example, users may seek restaurants for
a group of friends or vacation packages for a whole family.
These types of scenarios have led to the recent research on
Group Recommender Systems (GRSs).
While a substantial amount of research in the field of
GRSs have focused on preference aggregation strategies, i.e.,
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methods for combining individual preferences and identifying the “best” items for a group, some studies in GRSs have
tried to model and utilize the interactions between users
and the system in order to help group members in reaching
a consensus. In reality, people often change their mind when
interacting with each other and with the system in the process of searching for an agreement [18]. Critiquing is a technique that clearly exemplifies this direction [20]. It is implemented in naturalistic negotiations where users are allowed
to react to proposed items by providing feature-specific feedback, such as “show me one like this, but cheaper”, which is a
directional critique on the “price” of the recommended item.
However, critiquing requires a considerable effort, as users
must provide their feature-specific preferences, even though
often they are not able to clearly distinguish the importance
of such features. Thus, designing interaction interfaces that
can elicit user preferences effectively, improve the decision
accuracy and influence the intention to return, is still an
important challenge for GRSs [9].
In addition, social science research studies on group dynamics have emphasized the importance of various aspects
and steps of the full decision process adopted by a group,
in determining the quality of the output decision [11]. But
still, in the context of GRSs, insufficient attention has been
devoted to figure out how the process of making choices in
groups can be effectively supported [8]. For that reason, a
recent observational study on group decision processes has
been performed and the results confirmed that group preferences are constructed during the process. The authors
also stressed that the research in GRSs still needs to put
more emphasis on the decision making process taking place
in groups, rather than on solving group recommendation
problems in a mechanical way [10].
Driven by these findings, we address here the problem of
supporting a group decision making process, and tackle the
aforementioned challenges of critiquing-based GRSs, by focusing on a specific application domain, which is tourism,
as tourism items, such as points of interest (POIs), are typically experienced in groups. We propose a new preference
elicitation process which only elicits users’ preferences at the
item level, and automatically identifies the features of the
items that are likely to be interesting for the users in a group.
Besides, we introduce a novel group recommendation model
and a chat-based interaction design, in which our preference elicitation process and group recommendation model
are both implemented. The recommendation model leverages both the users’ long-term (group-independent) preferences and the ephemeral (group-dependent) preferences that

are uncovered by observing the users’ interactions (evaluations) with the discussed items when they are in a group.
In summary, we make the following contributions:

Another branch of research on GRSs has attempted to
design approaches and techniques for supporting the full decision making process, from preference elicitation to recommendation. The first example is Intrigue [1], a tool helping tour guides in designing tours for heterogeneous groups
of tourists composed by relatively homogeneous subgroups
(e.g. children). The group preference model is a weighted
average of the subgroup models, which are weighted according to the importance of the subgroups. Next, Travel Decision Forum [13] allows users to interact with embodied
conversational agents, which represent group members, to
define a set of shared preferences, which are discussed and
modified by the members themselves. In Collaborative Advisory Travel System, critiquing is used for allowing each
group member to send a “critique” to the other members,
thereby sharing thoughts about a specific option [19]. In line
with this direction, Where2eat is a mobile phone application
for restaurant recommendation that implements “interactive
multi-party critiquing”, an extension of the critiquing concept to a computer-mediated conversation between two individuals [12].
Recently, Choicla [23], a group decision support environment that allows the flexible definition of decision functionality in a domain-independent setting and deals with psychological effects such as serial position effects has been developed. It implements basic aggregation heuristics, as those
mentioned above, as well as Multi Attribute Utility Theory
(MAUT). More concretely, an item is ranked according to
the MAUT-based group recommendation score which is the
sum of individual MAUT scores of the members participating in a group decision task. Each individual MAUT score is
determined by the ratings of a group member for the item’s
features and their predefined importance weights. Similarly
to critiquing, in Choicla, group members are asked to provide evaluations for different item features which are typically specified by a creator, a person who defines a decision
task and configures the decision making process. Another
GRS that mainly supports the preference elicitation and negotiation process is Hootle+ [17]. In Hootle+ the users’ preferences and requirements are refined in a group discussion
and users can negotiate the desired features of items. The
group members, therefore, need to self-manage the group
preferences by accepting or rejecting the proposed features
as well as adjusting their significance.
As we have noticed in the introduction, these conversational GRSs, which elicit feature-based preferences, suffer from a general drawback of critiquing-based techniques:
they require the users to identify the features that they like
or dislike, which can impose a significant cognitive burden
on them, especially when the number of features is large
[15]. They can also move the discussion on features of the
items rather than on the items themselves. In fact, our
proposed technique solely solicits users’ preferences at the
item level and then infers which item features are important
for the users by comparing the items that a user liked with
those that she disliked. We use a specific technique for inferring the user utility function from the constraints derived
by observing the user likes and dislikes, which was introduced in [24], and applied in conversational recommender
systems for individuals in [5]. The inferred individual utility functions take into account both long term preferences
and the above mentioned, session-based, constraints. Finally, the user individuals utility functions are aggregated

• We have designed and implemented a GRS with a chatbased interface called STSGroup (South Tyrol Suggests for Group). The system allows group members
to join a group discussion where they can exchange
messages in a chat, and it supports various tasks that
the users are likely to undertake during the decision
process, such as, asking for information, making comparisons, or seeking a rationale for choosing an option.
• We introduce a preference model that is not only based
on individual long-term preferences, but also exploits
the group-induced preferences. For that goal, we have
designed a novel ranking and group recommendation
technique.
• We have conducted a user study to demonstrate the
benefits of the proposed system and group recommendation model. The evaluation results show that the
system is usable and the proposed model is able to
enrich the perceived group recommendation quality as
well as the group choice satisfaction.
The remainder of the paper is structured as follows. Section 2 overviews related group recommendation research.
Our human-system interaction is presented in Section 3.
The proposed group recommendation model is introduced
in Section 4. Then, we describe the experimental design
and the obtained results in Section 5 and Section 6. Finally,
we conclude the paper and outline future research directions
in Section 7.

2.

RELATED WORK

There are two general approaches have been proposed to
generate group recommendations: profiles aggregation and
recommendation aggregation. The first, for instance in the
context of a collaborative filtering approach, merges the item
ratings of the group members to create a single rating profile
of the group to which conventional recommendation techniques can be applied. The second generates individual recommendations for each group member and then combines
them to form a single set of recommendations for the group
[14]. It is notable that this second approach can be implemented by first computing individual rating predictions for
each user and then aggregating the ratings (e.g., by averaging them) in order to identify the top scoring items for
the group (prediction aggregation [6]). The choice of which
approach is to be used may depend on the domain characteristics, the data and the precise task. For example, these
strategies were compared in food recommendation [4] and
movie recommendation1 [6] scenarios.
In general, how to optimally aggregate, either preferences
or ratings or recommendations, was thoroughly studied and
several aggregation strategies have been proposed. For instance, Average, Least Misery and Most Pleasure are popular aggregation strategies [18]. In [2], the authors took
a further step by investigating the performance of different rank aggregation strategies for generating group recommendations from individual recommendations by using simulated data of user groups.
1
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to compute a group utility functions that is used to generate group recommendations. Thus, our system supports a
real-time recommendation functionality based on observing
a series of user-system interactions, so that the group has
the possibility to interact and explore different alternatives
that can be seen as compromises for the group. Moreover,
a novel aspect of our system is the chat interface, which is
easy to understand and use.

3.

SYSTEM DESCRIPTION

In this section, we illustrate the supported human-computer
interaction. The system primarily concentrates on the discussion stage which is regarded as the most vital part of the
decision making process [11]. In particular, we support the
group discussion by providing a chat environment that is believed to be convenient and comfortable for group members
to express their thoughts and to interact with each other
as well as with the system. From the system perspective,
through chat logs composed of exchanged messages and actions, the interactions between users can be tracked, and
used for inferring possible changes in users’ preferences. The
chat-based GRS that we have developed is called STSGroup.
It is an Android-based mobile app that extends the STS app
[7] to groups. STS app is a context-aware places of interest (POIs) recommender devoted to individuals. Table 1
summarizes the most important functions of STSGroup. In
the following we will describe a typical interaction with our
system.
Let us assume a tourist or a citizen is looking for a place
of interest (POI) in South Tyrol, Italy, for her group to visit
together. After the registration to the system, the user can
specify her companions by using appropriate system screens
including: searching for companions by user name, sending
connection requests and tagging companions. Once a group
of people that are connected by the “companion” relation
wants to select a POI to visit, the discussion/chat is ready
to start. Note that users can always access functions that
are already available in STS; for instance, they can specify
context variables such as their mood, or browse their individually personalized recommendations which are computed
by taking into account only their personal preferences (ratings for previously experienced POIs). However, as soon as
a group is connected one member can also invite the other
group members to start a discussion for choosing a POI.
In the discussion phase (see Figure 1a), the users can exchange messages in a chat interface (similar to WhatsApp).
Moreover, any user can autonomously search for interesting
POIs and propose them to their group companions. All the
proposed POIs are displayed chronologically in the group
discussion space, together with the other messages. Group
members can react to a proposed POI with a: like (thumb
up), dislike (thumb down), or best (crown icon). User can
also tag proposed POIs with comments and emoticons. A
summary comparison panel aggregating and comparing the
members’ likes, dislikes and best is always shown on the top
of the screen, in order to keep users aware of the other members’ preferences. The panel is updated automatically when
there is any change in the preferences expressed by a group
member during the group discussion.
During a chat session, in case a user would like to discover other POIs to propose, aside from those already proposed, she can ask for group recommendations (see Figure
1b). The group preference model used to generate these

1687

group recommendations implements the profile aggregation
approach, and will be elaborated in the next section. These
group recommendations are also augmented with explanations that provide a rationale for the system suggestion (by
referring to the item features that might be interesting for
the group members). The system also takes group members’ actions and contexts into account. Specifically, the
more items a user rates, the higher the importance the user
will have in the preference aggregation step of the recommendation computation. Furthermore, the system provides
hints as supplementary information about items, which are
added automatically to the flow of the comments, or suggestions for better using some of the system functions (see
Figure 1c).
Finally, when facing difficulties in arriving to a final decision, any user can refer to the “choice suggestion” function
(see Figure 1d). Here the system computes an accumulated
score for each proposed POI, based on the evaluations given
by the group members. Each item receives plus 2 and plus
1 for each best and like feedback respectively, and minus
1 for a dislike evaluation. A ranked list of POIs and their
explanations are constructed with respect to this score.

4. GROUP RECOMMENDATION MODEL
As we mentioned above, STSGroup monitors and utilizes
the evolving preferences of users in a group decision making
process. User preferences uncovered in a group discussion
could either be consistent or not with the user long-term
(group-independent) interests, which are acquired by the
system, before the group discussion, in the form of item
ratings. This largely relies on the other group members and
on the group decision making dynamics. By combining the
two types of preferences, the proposed model generates and
continuously updates users’ preference models, in the form
of utility functions, and aggregates them to generate a group
preference model. The final recommended items are generated by using this aggregated group model. In the following,
we will present the formal model that we have developed.
Each user model is represented by a utility function:
U (u, i) =

n
X

(u) (i)

wj x j

(1)

j=1
(i)

(i)

here x(i) = (x1 , ..., xn ) is a n dimensional Boolean feature
(i)
(i)
vector that represents the item i. xj = 1 (xj = 0) if item i
has (has not) the j-th feature. For instance, x(5) = (1, 0, 1, 0)
means that item 5 possesses the first and the third features
and does not have the second and the fourth ones.
The utility function (1) is determined by a real vector of
(u)
(u)
weights w(u) = (w1 , ..., wn ), that we call utility vector or
(u)
profile of the user u. wj models the importance that the
(u)

user u assigns to the j-th feature. We have wj ≥ 0 and
Pn
(u)
(u)
(u)
= 1. If wj > wl then for the user u the j-th
j=1 wj
(u)

(u)

feature is more important than the l-th one. If wj ≥ wl
then user u considers the j-th feature at least as important
(u)
(u)
as the l-th one. If wj = wl then there is no distinctive
(u)

preference between these two features. If wj = 0 then the
user has no desire for the j-th feature. The utility of an item
gives a quantitative indication of the preference of the user
for an item, and we assume that a user will prefer items with
larger utility to those with smaller utility.

Function
Group Chat
Notification
Hint and Suggestion
Comparison
Group Recommendation
Choice suggestion

Table 1: STSGroup function highlights.
Description
Allow users to send messages and propose items that are thought to be suitable for a group.
Notify users when other members change their preferences.
Provide instructions on how to better use system functions.
Compare the proposed items taking into account the received like/dislike/best evaluations.
Show recommendations computed for the group profile.
Identify one item, among the proposed ones, the group should choose.

Figure 1: Screenshots of STSGroup, from left to right: (a) Group chat, (b) New item recommendations, (c)
Hints, and (d) Choice suggestions.

4.1 Dynamic Constraints on User Preferences

When a user enters a group discussion, we use a contentbased approach to initialize the utility vector of each group
member, as follows:

(u)
wj

P

= 1/K

In our approach, users are not required to explicitly provide critiques on item features, so the information about the
importance of item features assigned by each group member
is inferred from evaluations performed at the item level. The
proposed method, infers a group-dependent user utility function, i.e., the definition of the vector w(u) is updated when
a user is involved a group discussion.
More precisely, when a group decision making process
runs, the system observes the preferences of each group
member that are expressed as evaluations of the proposed
POIs. These evaluations have the form: best choice item;
liked item; not evaluated (neither liked nor disliked); or disliked item. Hence, all items proposed in a group discussion
can be classified (for each group member) into four sets:
BS(u) (Best Items), LS(u) (Like Items), N S(u) (Neutral
Items) and DS(u) (Dislike Items). As we stated previously,
we assume that the user prefers items with larger utility, so
the following constraints hold:

(i)

r(u, i)xj

i∈Iu
(i)

|{i ∈ Iu : xj 6= 0}|

, j = 1, ..., n

(2)

where Iu is the set of items rated by the user u and K is a
normalization factor (explained below). The user utility vector is determined by the features associated with the items
that the user rated, and it takes the frequency of these features into account. For example, assume that r(u1 , 12) = 3,
r(u1 , 10) = 1, and r(u1 , 22) = 5 (assuming ratings are ranging from 1 to 5), and the feature vectors of the items 12, 10
and 22 are x(12) = {1, 1, 0}, x(10) = {0, 1, 0}, and x(22) =
{1, 0, 1} respectively. Based on the equation (2), w(u) is
(u)
(u)
computed as follows: w1 = 3+5
= 4, w2 = 3+1
= 2,
2
2
(u)
(u)
5
is normalized by dividw3 = 1 = 5. Then, vector w
P
(u)
ing it by K = n
w
,
so
that
it
satisfies the structural
j=1 j
P
(u)
(u)
constraints wj ≥ 0 and n
w
= 1. In this example
j=1 j
(u)
w
= (0.36, 0.18, 0.46).
We notice that the user profile constructed by equation (2)
merely incorporates the individual long-term preferences of
the user. This user profile is then updated while the users
interacts within a group. This mechanism is shown in the
next section.

U (u, o) < U (u, p) < U (u, q) < U (u, s)

(3)

for all o ∈ DS(u), p ∈ N S(u), q ∈ LS(u), and s ∈ BS(u).
(u)
We denote with φG the set of constraints on the user u
utility function derived from the evaluations formulated by
u in the discussion of group G.
For instance, let us assume DS(u) = {16}, LS(u) = {7},
and BS(u) = {11}. Assume also that the feature vectors
of the items 16, 7 and 11 are x(16) = (1, 0, 0, 1, 0), x(7) =
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(0, 1, 1, 0, 1), and x(11) = (0, 1, 1, 1, 0) respectively. Then
P
P
(u) (11)
(u) (7)
U (u, 11) > U (u, 7), therefore n
> n
j=1 wj xj
j=1 wj xj .
Similar constraints can be deduced considering the items
(u)
(u)
(u)
(u)
7 and 16, hence obtaining φG = {w2 + w3 + w5 >
(u)
(u)
(u)
(u)
w1 + w4 , w4 > w5 }.

Algorithm 1 Utility vectors update and recommendation
algorithm
Initialization:
∀u ∈ G, compute w(u) by equation (2)
P (u)
1
w
w(G) = |G|
u∈G

DS(u) = N S(u) = LS(u) = BS(u) = ∅
repeat
1. Add the evaluated item to the appropriate set among
DS(u), N S(u), LS(u), and BS(u)
(u)
(u)
2. Infer user constraints on wG and add them to φG
(u)
3. Compute wG by solving the optimization problem:

4.2 Users’ and Group Utility Functions
Our objective is now to estimate an updated user utility
function, i.e., finding a new vector of weights w(u) for each
group member that models the new preferences of the user,
influenced by the group discussion. These utility vectors will
then be aggregated to generate a group utility function and
rank candidate items for recommendations.
The core issue is that, in general, the constraints on the
users’ utility functions that are derived from the evaluations
revealed in the group discussion might not be sufficient to
completely identify the user utility. We therefore, impose an
additional bias: we conjecture that the users’ utility vectors
are aligned as closely as possible to the aggregated utility
vector of the group, which means that along with the revealed preferences, all the group members have a common
tendency to align their preferences. In other words, in addition to the individual variations, we assume that the users
tend to agree on the importance of certain features of the
items. For example, the presence of a swimming pool in a
hotel is generally seen as valuable.
Hence, for each user u we search for the utility vector
(u)
wG that satisfies the acquired preference constraints and
maximizes the cosine similarity of this vector with the vector
w(G) , which is the aggregated utility vector of the group
G (the larger the value, the closer the two vectors). The
resulting optimization problem is formulated as follows:
(u)

(u)

(u)

(u)

wG = arg max cos(wG , w(G) ) s.t. wG sat. φG

(u)

(u)

N (u, G)
N (G)

(u)

s.t. wG sat. the constr. in φG

(6)

4. Update w(u) with the linear combination:
(u)

w(u) = βw(u) + (1 − β)wG , β ∈ [0, 1]
5. Update w(G) by the following equation:
X
w(G) =
α(u, G)w(u)

(7)

(8)

u∈G

6. Compute the group utility function:
U (G, i) =

n
X

(G) (i)
xj

wj

(9)

j=1

7. Rank items by the group utility score U (G, i)
until there is a new evaluation in the group discussion

(4)

Then, a linear combination of the original user utility vector
w(u) , and the user utility vector that reflects only the pref(u)
erences acquired in the group discussion wG , is assumed to
be the updated utility vector of the user.
The full iterative cycle of the group recommendation model
is depicted in Algorithm 1. We note that at the beginning of
the learning process, the utility vector of the group w(G) is
initialized by using the Average aggregation function since
the system has no additional information about the members’ roles in the group. But, once they are in the group
discussion and interact with the system, the group utility
vector is then updated by the Weighted Average function as
in equation (8). Here, α(u, G) is a non-negative
coefficient
P
associated to the user u in group G and u∈G α(u, G) = 1.
This coefficient depends on the role of u in the group, i.e.,
the more feedback the user provides, by evaluating or commenting POIs, the higher the coefficient is. More precisely,
it is defined as follows:
α(u, G) =

(u)

wG = arg max cos(wG , w(G) )

(5)

where N (u, G) is the number of actions performed by u in
the discussion of group G, whereas N (G) is the number of
actions performed by all group members in G.

We note that when a user is in a group discussion and
requests some group recommendations, items are ranked according to the group utility function defined by the equation
(9). The system suggests the POIs with the highest utility
for the group, so the generated recommendations are the
same for all group members.

5. USER STUDY
We conducted a user study to assess the usability of STSGroup, the perceived quality of the system-proposed group
recommendations and the satisfaction of the users with the
POI that is finally selected by the group for a visit (choice
satisfaction). We note that an offline evaluation of the proposed model is problematic since it would require the simulation of users’ behaviour.
We considered 1869 POIs and their features model various
information including categories of the POI and keywords
extracted from the items’ short-description. This information is provided by a web-service of the Regional Association
of South Tyrol’s Tourism Organizations2 . After removing
redundancy, each item is represented by 84 features such as
“historical place”, “waterfall” or “mountain”.
Our user study involved 15 participants (students and colleagues). Some of them have technical knowledge on computer science (6 out of 15). Before starting a group discussion, each participant was asked to rate at least 5 POIs.
Then they were divided into groups of 2 or 3 people. In
total, we composed 6 groups; 3 groups of two and 3 groups
of three members. One member in each group was assigned
2
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worded statement (even numbers), the contribution is 5 minus the scale position. To get the overall SUS score, the sum
of the item score contributions is multiplied by 2.5, so the
overall system usability score ranges from 0 to 100 [7]. Several benchmarks for the SUS across different systems have
been published [3], and an average SUS score computed in a
benchmark for cell phones apps is 67. In our user study, we
used this value as baseline to assess our application usability.
The next section of the survey is composed of 5 statements
about perceived recommendation quality and 3 statements
about choice satisfaction [16], which are listed below:

the role of “initiator”, who starts the discussion by proposing the first POI to the group. All participants were invited
to meet physically in our lab. At the beginning of their
group meeting, each user received a mobile device where
STSGroup was previously installed. The experiment was
performed using LG Google Nexus 5 smartphones running
Android 6.0.1. The participants were asked to introduce
themselves to their group companions, exchange their STS
userid, and send or accept companions’ requests.
We gave them the following task scenario: “Imagine that
you and your companions have a plan to visit a place in
South Tyrol together. According to your own preferences,
STSGroup offers you a suggestion list. Your task is first to
select one or more places in the list that you think are suitable for your group to experience together and propose them
for your group. Afterwards, you and the group members
could discuss the proposed options and decide which place
your group will choose to visit”.
We explained that STSGroup offers each member a personal suggestion list. They, and similarly their companions,
could select places in the suggestion list and propose them
to their group. Additionally, they and their companions
could discuss the proposed options in the supported group
chat - and eventually chose one to visit. We also requested
the group members not to be at that same place during the
group discussion, and to communicate with each other by
only using the system chat. Finally, participants filled out
a survey including three standard questionnaires: System
Usability Scale (SUS) [3], perceived recommendation quality and choice satisfaction. The last two include questions
taken from previously proposed questionnaires [16].
We used SUS to evaluate STSGroup usability as it is
one of the most popular post-study standardized questionnaires and it allows to measure the perceived system usability with a small sample population (i.e., 8-12 users) [22].
Users replied to all the questionnaires’ items on a five points
Likert scale ranging from “strongly disagree” to “strongly
agree”. The 10 SUS statements are:

• RecQual1: I liked the final choice suggested by the
system.
• RecQual2: The final choice recommended by the system was well-chosen.
• RecQual3: I didn’t like the suggested final choice.
• RecQual4: The new item recommendations for a group,
excluding the proposed items were relevant.
• RecQual5: I didn’t like any of the recommended new
items.
• ChoiceSat1: I was excited about the place that we
have chosen.
• ChoiceSat2: The chosen place fits my preference.
• ChoiceSat3: I didn’t prefer the chosen place, but it
was fair.

6. EXPERIMENTAL RESULTS
Figure 2 shows the SUS score of each test user. Most
of them are higher than the benchmark. Overall, STSGroup obtained a SUS score of 76 (over 15 users). To determine whether this score exceeds the benchmark, we used
the one-sample t-test as suggested in [22]. In particular, we
computed the test statistic which resulted in t = 4.42 and
p = 0.001. This means that there is a 99% confidence that
STSGroup has average SUS score greater than the benchmark of 67.

1. I think that I would like to use this system frequently.
2. I found the system unnecessarily complex.
3. I thought the system was easy to use.
4. I think that I would need the support of a technical
person to be able to use this system.
5. I found the various functions in the system were well
integrated.
6. I thought there was too much inconsistency in this system.
7. I would imagine that most people would learn to use
this system very quickly.
8. I found the system very cumbersome to use.
9. I felt very confident using the system.

Figure 2:
(SUS).

10. I needed to learn a lot of things before I could get going
with this system.

System usability scores of the testers

We also computed the average responses for 10 SUS statements. The highest average scores are for the statements
number 6, 4 and 8. This implies that the participants have
evaluated STSGroup as not complex, as well as, not difficult

Each SUS item’s score contribution ranges from 0 to 4.
For positively phrased statements (odd numbers) the score
contribution is the scale position minus 1. For negatively
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Statement
RecQual1
RecQual2
RecQual3
RecQual4
RecQual5
ChoiceSat1
ChoiceSat2
ChoiceSat3

Table 2: Group recommendation quality and group choice satisfaction.
Strongly agree Agree Neither disagree nor agree Disagree Strongly disagree
26.7%
60.0%
13.3%
0.0%
0.0%
33.3%
53.4%
13.3%
0.0%
0.0%
0.0%
0.0%
6.7%
53.3%
40.0%
0.0%
73.3%
20.0%
6.7%
0.0%
0.0%
0.0%
6.7%
60.0%
33.3%
6.7%
80.0%
13.3%
0.0%
0.0%
6.7%
53.3%
20.0%
20.0%
0.0%
0.0%
6.7%
46.6%
40.0%
6.7%

discussion stage, where group members’ preferences can be
elicited and shaped. The group recommendation algorithm
not only uses the long-term users’ preferences, which is more
typical in RSs, but also exploits users’ feedback formulated
during the group discussion. This information is used to update the system definition of the users’ utility functions. We
have conducted a live user study where the usability of the
system, the quality of the group recommendations and the
choice satisfaction have been measured. The results of the
user study show that the usability of our system is better
than a standard benchmark and it leads to high perceived
recommendation quality and group choice satisfaction.
In the future, we plan to conduct offline experiments on
simulated data to investigate the behavior of the proposed
group recommendation model under alternative configurations and settings. This is not a simple task, since the
proposed model is supporting a high degree of interactivity, hence user behaviours must be simulated. Furthermore,
we would like to implement the proactive proposal of new
items, when the system detects that this could be valuable:
for instance, when users often change preferences for items,
signalling that they are unsure about the current proposals.
Finally, we intend to mine and analyze the textual group
members’ comments while they are discussing options, so
that preferences on features not yet present in the model
will be extracted and inferred. We believe these functions
would further improve the system effectiveness.

to use. They also did not think that the system is inconsistent or cumbersome, and indeed they believed that they
are able to use the system without any technical help. The
statements 9, 7 and 5 received instead the lowest scores.
This implies that the users were not fully confident of using the system and thought that most of the people will
not learn to use it quickly. They also found some of the
functions in the system not well integrated. All these issues
could be explained by the fact that in STSGroup we support
two types of recommendations simultaneously: personal and
group recommendations. In fact, users are able to use all the
functions that were already available in STS, besides the new
ones designed for groups. So, for instance, they can browse
items appearing in their personal suggestion lists and propose them in the group discussion. With various support
functions in one application, i.e., the combination between
individual and group functions, some users may have not
clearly understood their specific roles and differences.
Regarding the recommendation quality and choice satisfaction, which are shown in Table 2, it is noteworthy that
the majority of the participants (86.7%) indicated that they
liked the final choice suggested by the system (RecQual1)
and found it well-chosen (RecQual2). In line with that, 14
individuals out of 15 (93.3%) disagreed with the statement
“I didn’t like the suggested final choice” (RecQual3). Next,
the performance of the proposed recommendation model is
remarkably high as more than a half (i.e., 11 out of 15)
confirmed that “the new item recommendations for a group,
excluding the proposed items” (RecQual4) were relevant and
93.3% of the participant did not agree with the statement “I
didn’t like any of the recommended new items” (RecQual5).
About choice satisfaction, the majority of participants (9
out of 15) confirmed that “The chosen place fits my preference” and among the rest, three users neither disagreed nor
agreed with the statement while the other three disagreed.
Additionally, 7 out of 15 users neither disagreed nor agreed
with the statement “I didn’t prefer the chosen place, but it
was fair ” whereas 1 user agreed. This may be justified by
the fact that more than half of the participants did not really
think that the chosen place is their preferred one. However,
as we can see in Table 2, the satisfaction with the final choice
was quite high, particularly, 86.7% participants (12 out of
15) indicated that they were excited about the chosen place.
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