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Abstract—Contemporary collaborative environments involve a
flood of collected and exchanged data and require advanced
techniques to enhance data processing, allow data transformation
in actionable insights and reduce the subsequent cognitive
overhead. In line with these requirements, this paper presents a
hybrid recommender engine that builds on the synergy of
content-based and collaborative filtering techniques to provide
recommendations in argumentative collaboration settings. The
proposed engine has been integrated in a web-based
collaboration support system and exploits the content and
structure of the underlying argumentation. Through a scenario
of use, we demonstrate the application of our approach and
discuss its usefulness in terms of advancing collaboration and
augmenting the quality of decision making.
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l. INTRODUCTION

Current data-intensive collaboration and decision making
settings require efficient and effective techniques that provide
personalized support, enhance the collaboration process and,
ultimately, improve the quality and accuracy of the decisions to
be made [1]. In this direction, recommender (or
recommendation) systems [2], a type of information filtering
systems that focus on predicting user responses to options, aim
to assist users in processing large amounts of information, by
reducing the subsequent cognitive overhead and supporting
their decision making tasks [3]. Recommender systems have
been proven to be valuable for coping with information
overload and have become one of the most powerful and
popular tools in diverse areas. Consequently, many
applications have integrated recommendation techniques to
provide users with helpful suggestions.

A variety of recommendation techniques have been already
proposed, each one having certain strengths and weaknesses
[4]. Besides, much attention is being lately paid to the
exploitation of argumentation towards offering more valid
suggestions. Argument-based recommender systems [5], as
these tools are usually referred in the literature, are tools
aiming to better support users by providing recommendations
on the basis of associated arguments. For instance, a prototype
of a group argumentation support system that applies frame-
based information structure and argumentation to support
group decision task generation and identification is presented
in [6]; an approach to enhance practical reasoning capabilities
of recommender system technology by incorporating
argument-based qualitative inference is proposed in [7];
finally, ArgueNet [8] was designed as a recommender system
based on a defeasible argumentation framework to classify
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Web search results according to preference criteria that have
been declaratively specified by the user.

In line with the above, this paper presents a hybrid
recommender engine that builds on the synergy of content-
based and collaborative filtering techniques. The novelty of our
approach lies in its meaningful exploitation of the content and
structure of an ongoing argumentation in order to provide
actionable recommendations. The approach presented in this
paper assumes that the collaboration taking place adheres to a
classic formal argumentation model, namely Issue-Based
Information System (IBIS) [9]. Adopting IBIS, an ongoing
collaboration is structured as a graph, whose basic elements are
issues (questions to be answered), each of which are associated
with alternative positions (possible answers); in turn, these are
associated with arguments which support or object to a given
position or another argument. In any case, the approach
described in this paper can be easily adjusted to accommodate
alternative argumentation models.

The remainder of this paper is structured as follows:
Section |1 reports on related work in the area of recommender
systems. Sections Il and IV present in detail the proposed
hybrid recommender engine and its integration with an already
implemented collaboration support system that adopts the
abovementioned model. Through an illustrative example
scenario, Section V demonstrates how the recommendations
produced by the proposed engine may advance an ongoing
collaboration and enhance the quality of collective decision
making. Section VI concludes the paper and discusses related
remarks.

Il.  RECOMMENDER SYSTEMS

A recommender system can be viewed as a personalized
information agent aiming to assist the natural social process of
making choices (suggestions on items a user is likely to be
interested in) without sufficient personal experience of the
existing alternatives. The development of these systems has
been based on diverse techniques, which can be classified in
four main categories [10]: (i) collaborative: the generated item
recommendations for a specific user are based on items rated
by other “similar” users; (ii) content-based: recommendations
for a specific user are generated according to each item’s
features and the user’s preferences (i.e., the aggregation of
items the user likes or dislikes); (iii) knowledge-based:
recommendations follow the inferences about one’s needs and
preferences, and (iv) demographic: the demographic profile of
the user is exploited to provide recommendations.

Even though a great number of recommender systems
belonging to the above categories (referred as “simple”) have
evolved since the mid 90’s, all “simple” recommender
techniques have certain strengths and weaknesses [11]. For

40



COLLA 2015 : The Fifth International Conference on Advanced Collaborative Networks, Systems and Applications

instance, all “learning-based” techniques (i.e., collaborative,
content-based and demographic) suffer from the “cold start”
problem (i.e., the difficulty in handling new items or new
users); the collaborative and content-based techniques suffer
from the “portfolio effect” (i.e., an item similar to an item that
a particular user has rated before would be never recommended
to that user).

Hybrid recommendation approaches try to mitigate the
above drawbacks and, at the same time, exploit the advantages
of “simple” recommendation techniques by combining two or
more of them in a uniform approach. Depending on the
particular method applied to combine the “simple”
recommendation techniques, hybrid recommender systems
may be classified in seven main categories [11]: (i) weighted:
each item gets a number of partial scores (as many as the
number of the “simple” recommendation techniques) reflecting
the value of this item with respect to each recommendation
technique. The total item score results from the linear
combination of the partial scores (weights are used to state the
importance of a “simple” recommender technique over
another); (ii) switching: based on the evaluation of the
recommendation situation, the system selects among a number
of “simple” recommender techniques to apply. The selection of
a reliable criterion to conduct this method is a critical task and
remains an open research issue [12]; (iii) mixed: the output of
two or more recommendation techniques is presented and it is
up to the user to select the best items among the different
items” lists returned; (iv) feature combination: features of one
source are injected into an algorithm that was initially designed
to perform data processing of a different source; (v) feature
augmentation: a recommendation technique is applied to
extract a number of features, which are then used as input to
another recommendation technique; (vi) cascade: a “weak”
recommendation technique is applied to refine (but not
overturn) the decisions made by a “strong” recommendation
technique; (vii) meta-level: the model resulting from one
recommendation technique is used as input to another.

As described in detail in the next section, our approach
integrates the collaborative and the content-based filtering
techniques by adopting the switching method.

I1l.  AHYBRID RECOMMENDATION ENGINE

A. The need for recommendations in a collaboration setting

In a data-intensive and cognitively-complex argumentative
collaboration setting, users often need help in spotting those
parts of an ongoing argumentation that can really advance
collaboration and augment the quality of decision making. In
such settings, a recommender engine could enable users in:

e locating already existing argumentation items that are
similar to a new item they have just contributed to an
ongoing collaboration; such recommendations may
trigger the creation of meaningful interrelations
between the new item and the existing ones;

e spotting users with similar profiles, in order to catch
up with their argumentation items;

e tracking popular argumentation items, which receive
much attention and may influence the evolution of
the collaboration;
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e gaining insights about the probable outcome of the
collaboration.

In the context of an argumentative collaboration support
system, an efficient recommender engine should not only rely
on the content of the collaboration; it should also exploit the
structure of the associated discourse graphs that involve
multiple stakeholders. Such a hybrid approach is described in
the following, where a content-based recommender exploits
features of specific collaboration items, while a collaborative
filtering recommender considers the users’ rating profiles and
the total structure of the argumentative discourses to generate
meaningful and helpful recommendations (hereafter, the terms
‘collaboration item’ and ‘argumentation item’ are used
interchangeably).

B. Content-based recommendations

Generally speaking, content-based recommender systems
rely on the users’ rating profiles to provide recommendations;
items sharing similar features with the items a particular user
has liked in the past are recommended to the user [13]. In the
context of an argumentative collaboration support system, the
proposed procedure of providing users with content-based
recommendations breaks up into two distinct tasks: (i)
calculating a rating profile for each user, and (ii) spotting
similar collaboration items (with compatible features) to each
user’s rating profile.

With respect to the first task, a user’s Z rating profile RP(Z)
is defined as the set of all collaboration items rated by her.
Collaboration items that have not been rated by user Z are not
included in RP(Z). As far as the second task is concerned,
spotting similar collaboration items to a user’s Z rating profile
requires comparing each argumentation item of the
collaboration space with each argumentation item included in
RP(Z) to decide about their degree of similarity. As a
prerequisite, we need a definition of an appropriate degree of
similarity DoS(x,y) function to reflect how similar two
collaboration items x and y are. As we focus on content-based
recommendations in this step, DoS(x,y) should be based on
items’ X and y contents (i.e., their titles and bodies).

MoreLikeThisHandler (from the Apache Solr open
source library, http://lucene.apache.org/solr/) offers
a suitable to our purposes implementation of a DoS(x,y)
function to compare two documents and decide on their
degree of similarity. According to it, DoS(x,y) corresponds to
an increasing function (i.e., the more similar two documents x
and y are, the larger the DoS(x,y) value is) and can be easily
applied to perform all the necessary comparisons between
pairs of argumentation items.

As our basic target is to spot similar argumentation items
to a user’s Z rating profile RP(Z), we have to compare each
argumentation item x in the collaboration space with each
argumentation item y in RP(Z) and calculate the respective
DoS(x,y) values (excluding the items the user Z has rated). To
decide about how similar an argumentation item X is to the set
of argumentation items of RP(Z), we define the cumulative
degree of similarity CDoS(x,Z) of an argumentation item x to
the rating profile of user Z as:

CDoS(x,Z) = > DoS(x, Y) (@)

yeRP (Z)
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Taking into account that DoS(xy) is an increasing
function, the larger the CDoS(x,Z) is, the more similar an
argumentation item x is to the rating profile of user Z. The
calculation of CDoS(x,Z) for each item x and user Z is
straightforward (by using Eq. (1)). The argumentation items
recommended to user Z are the ones with the larger values of
CDoS(x,2).

C. Collaborative filtering based recommendations

As already stated, the central idea of collaborative filtering
is to provide a user with recommendations based on the rating
history of similar users (i.e., users with similar rating profiles
to the active user). In such systems, the recommendation
procedure involves two major steps. The first step involves the
construction of the utility matrix containing, for each user-item
pair, a value that represents what is known about the degree of
approval of that user for that item. The respective values
reflecting the degree of approval either come from an ordered
set or are scalar. Most entries of the utility matrix are usually
unknown, i.e., we have no explicit information concerning the
users’ approval on the full set of items.

In our approach, the utility matrix and the related degrees
of approval for each (item_x, user_Z) pair are calculated by
taking into account two parameters:

e User’s Z rating on the argumentation item x (denoted
as R(x,Z)). We assume that a user Z may rate each
argumentation item using the 1-5 stars rating scale.

e The argumentation approval score (denoted as
AAS(x,Z)) reflecting a user’s Z approval of a
particular item x (as this approval has been
expressed through the argumentation process).

We consider that AAS(x,Z) is directly related to the
number, type (i.e., in favour or against) and structure of
arguments that are linked to the specific item x (taking into
account only the argumentation items put forward by user Z).
Intuitively, a large number of arguments (created by user Z)
in favour of a specific argument x expresses a larger approval
(concerning user Z) on item x than a small number of
arguments in favour of it. What is needed at this point is a
method to measure how supportive (or adverse) to a specific
item x the arguments posed by user Z are.

In the direction of assessing user’s Z collaboration attitude
on item x, we define a user’s Z argumentation graph for item
x (denoted as G(x,2)) as the aggregation of all paths (denoted
as p(x,2)) leading to the item x, under the condition that all
paths have been created by Z:

G(x,2) = | p(x, 2)

In other words, G(x,Z) results from pruning the
argumentation graph by removing:

e all relations of the argumentation graph that have
been not created by Z, and

e all “isolated” items (i.e., items not belonging to any
p(x.2)).

As results from the above, the value of AAS(x,Z) is directly
related to the evaluation of the associated argumentation graph.
To calculate the value of the argument on the root of the
argumentation graph, we follow the “global” approach (tuple-
based valuation [14]) stating that the value of an argument is
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equal to the algebraic summation of the corresponding
argumentation scores of argument paths leading to this
argument. The argumentation score of an argument path is
directly related to the number of “against” and “in favour”
arguments forming the argument path. If e, is an “against”
relation and |ea(p(x,2))| is the number of “against” relations

along an argument path p(x,Z), then, following the
abovementioned “global” approach, the argumentation
approval score AAS(x,Z) is:
AAS(X,Z) = Z (_l)\eA(P(XvZ)” (2)
p(x,2)eG(x,Z2)
e ep(x,2)

The degree of approval of a user Z on a collaboration item
X, denoted as DA(x,Z), is calculated by combining the two
partial scores (user’s Z rating on item X, R(x,Z,) and the
corresponding argumentation approval score AAS(x,Z2)). It is:

DA(X,Z) = a;*R(x,Z) + a,*AAS(x,2),

where a; and a, are user-defined weights to reflect the relative
importance of the two associated scores.

The utility matrix results from the calculation of DA(X,Z)
for each (item_x, user_Z) pair. After calculating the utility
matrix, the second step includes feeding a collaborative
filtering based recommender with all degrees of approval, so
as the implemented algorithm to provide recommendations on
demand.

For the collaborative filtering algorithm, a modified
version of an Alternating Least Squares algorithm to factor
matrices has been integrated in our approach. An
implementation of this algorithm is offered in the open source
Myrrix recommender engine [15] (which is currently part of
the oryx open source project, see details at:
https://github.com/cloudera/oryx). According to
Myrrix creators, the implemented recommender engine is
based on large matrix factorization, tries to learn a small
number of features in order to explain users’ and items’
observed interactions, is nearly immune to the “cold start”
problem and can provide quality recommendations for very
New users or items.

D. Hybrid recommendations

In the settings under consideration, it would be expected
that embedding a collaborative filtering based recommender
would be enough to provide effective recommendations.
However, especially in the early stages of a collaboration
process, the limited users’ contribution (in terms of the number
of argumentation items added, the number of the relationships
created and the ratings of the above items) may not be able to
provide accurate recommendations. In such a case, where the
scores of the collaborative filtering based recommendations
provided are pretty close, content-based recommendations are
also exploited to discretize among recommendations of which
the value is almost equal.

We follow a cascade hybrid recommender approach to
return the appropriate list of recommendations to a user. The
proposed hybrid recommender includes the following steps
(note that score(Ri, Listl) is a function returning the score of
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the i-th recommendation on Listl and T is a user-defined
parameter):

1. Apply the content recommender technique and get
the top-N; content recommendations (Listl)

2. Apply the collaborative recommender technique and
get the top-N, collaborative  recommendations
(List2)

3. Parse Listl and compare each two recommendations
(Ri, Rj) on Listl

4. If (score(Ri, Listl) - score(Rj, Listl)) < T)

If (score(Ri, List2)- score(Rj, List2)) > T)
Interchange (Ri, Rj) on Listl

5. Repeat Step 4 until no interchange on Listl has
taken place.

6. Return Listl

IV. THE DICODE COLLABORATION SUPPORT SYSTEM

The proposed recommendation engine has been fully
integrated in a web-based collaboration and decision making
support system, namely Dicode, and exploits the content and
structure of the underlying argumentation. Dicode follows an
IBIS-like argumentation model and aims to augment
collaboration in diverse data-intensive and cognitively-
complex settings [16][17]. To do so, it builds on prominent
high-performance computing paradigms and large scale data
processing technologies to meaningfully search, analyse and
aggregate data existing in diverse, extremely large, and rapidly
evolving sources. The Dicode approach brings together the
reasoning capabilities of the machine and the humans and
enables the meaningful incorporation and orchestration of a set
of interoperable web services to reduce the data-intensiveness
and complexity overload in collaborative decision making
settings.

In particular, the aim of Dicode’s collaboration and
decision making services is twofold: (i) to exploit the reasoning
abilities of humans through the creation, management and use
of innovative workspaces that augment synchronous and
asynchronous collaboration, and (ii) to intelligently support
stakeholders in decision making activities by enabling the use
and exploitation of appropriate reasoning mechanisms. These
services build on an appropriate formalization of the
collaboration and exploit a series of reasoning mechanisms to
support stakeholders in their daily decision making processes.
Dicode implements alternative visualizations of the
collaboration space (called “views”), each one offering a
varying degree of formality.

In the context of this paper, we will focus on the “mind-
map view ” of the collaboration workspace. In this view (Figure
1), the collaboration workspace is displayed as a mind map,
where users can upload and interrelate diverse types of items.
This view uses a spatial metaphor to organize items, allowing
users to select and freely move around any item. ltem types
supported include ideas, notes and comments. Ideas stand for
items that deserve further exploitation; they may correspond to
an alternative solution to the issue under consideration. Notes
are generally considered as items expressing one’s knowledge
about the overall issue. Finally, comments are items that
usually express less strong statements and may include some
explanatory text or potentially useful information. Users can
customize the set of available item types by creating additional
ones, thus better annotating a particular collaboration
workspace.
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Two collaboration items can be explicitly connected using
directed edges (relations). Visual cues are used to express
semantics: for instance, a user may appropriately choose the
width and colour of an edge to express a specific semantic
relationship between two collaboration items (e.g., a red edge
denotes an “against” relation, a green one stands for an “in
favour” relation). Additional functionalities offered include the
creation of adornments (a grouping mechanism to aggregate
items related to a particular alternative), a “like/dislike”
mechanism to express a user’s acceptance/rejection concerning
a collaboration item, rating of collaboration items, calculation
of workspace statistics, and a replay mechanism that helps a
user review the evolution of a workspace over time. The mind-
map view builds on the reasoning capabilities of humans to
support ease-of-use and expressiveness, as well as individual
and group sense-making, by supporting stakeholders in
locating, retrieving and meaningfully interacting with relevant
information; moreover, in monitoring and comprehending the
evolution of collaboration.

V. SCENARIO OF USE

To better illustrate the proposed approach (and its
integration in the Dicode system), this section presents an
illustrative real-world scenario from the area of prostate cancer
research. A physician (George), an urologist (John) and a
biomedical researcher (Jane) aim to investigate which is the
best alternative treatment for the prostate cancer. Initially, they
set up a Dicode collaboration workspace and start using it in
the mind-map view (Figure 1).

John suggests that one of the best and most popular
treatments for the prostate cancer (Figure 1(a)) is the “active
surveillance”. He adds an alternative to make his statement
(Figure 1(a)). Jane is not in favour of this option, because it
requires close monitoring (regular digital rectal exams, PSA
tests, and prostate biopsy) to monitor for signs of progression,
so she adds her “against” position on the collaboration
workspace (Figure 1(b)). Contrary to Jane, George supports
John’s opinion (“in favour” position supporting the alternative
suggested by John (Figure 1(c)), in the sense that active
surveillance avoids site effects from radiation therapy or
prostatectomy. On the other hand, he is skeptical as with
Active Surveillance there is no post-treatment staging
information (“against” position - Figure 1(d)).

Jane argues that “Brachytherapy” has been also used to
treat tumors in many body sites and this could be one option
(Figure 1(e)). One of its major advantages is that this procedure
does not need hospitalization (“in favor” position, Figure 1(f))
and, furthermore, there are no surgical risks involved. John is
not convinced by her arguments as Brachytherapy requires
close monitoring (“against” position, (Figure 1(g)), which may
even include hospital visits. To support his consideration
against the Brachytherapy, John denotes that there is no post-
treatment staging information which is also an important factor
(“against” position, (Figure 1(h)).

George argues that the best alternative, in his opinion, is
“radical prostatectomy” (Figure 1(i)) as it is quite common
with very good results. John is in favour of this option (“in
favour” position) as this solution is proven to reduce prostate
cancer death rates (Figure 1(j)). Moreover, the removed tissue
allows accurate stating (Figure 1(k) — “in favour” position),
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(i, Physician
a1 Y 23 0ct 2012
= Urolgist - Physician
23 0ct 2012 23 0ct 2012 Erectile dysfunction
n
RadicalProstatectomy- RandomizedTrialsForActiveSu...
Survey
Joe Dos
v/
- 01 Jul
Active Surveillance 2O
d (l) Patient's reaction to the
{d) a
Physician Urelgist
6 94 25 nov Urolgist ol
2012 {b) 232 0ct 2012 e
With this treatment Physician i PSA levels predict
\ Proven solution i
o _(‘.‘ ’,’) 23 0t Accurate staging Sy
4 (a, 2012 Y/
\ A Requires close B hvth
| Urolgist monitoring rachytnerapy {e) ; i
23 Oct 2012 / goe
Maagro... Jane
Active Surveillance : iig‘* (se ”’ vzvlscg;
A Brachythera 2012
DS ot . py for
(c) ) o, i (ml (h) prostate ... No ho&};‘nanzation or
Physician -4 ; surgi... |
$6 93 >0 Chvsiea Physician |
2012 ;::);z o (g) Physician
1 e 2012 23 0ct 2012
Avoids radiation side X
e Many/most patients are No post-treatment
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Figure 1. An instance of a real-world scenario concerning collaboration in the area of prostate cancer research.

which is very important and the PSA levels may reliably
predict the recurrence (Figure 1(I) — “in favour” position).
Based on the collaboration on the mind-map view so far
and his expertise on the field, John is convinced that he is able
to contribute on the ongoing collaboration process; however,
he is not absolutely certain about the most appropriate
collaboration item he should react on (e.g., by creating an
argument in favor or against it). He decides to invoke the
hybrid recommender to get some insights. As a result, a list of
recommended items (Figure 2) is returned. It is noted that these
items are compatible to his rating profile and the rating profiles

docTitle

Ranking * score
1 With this treatment there . 15.84
Requires monitoring ‘15.78
No post-treatment staging 15.67
Proven solution 6.40
RadicalProstatectomy-Sur 6.40

RandomizedTrialsForActiv 6.40

N O ;A WN

No hospitalization or surgi 3.20

D & Page 1 of 1 10 Viey

Figure 2. The output of the collaborative recommender for John.
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of similar to him Dicode users.

Having elaborated the output of the collaborative
recommender, John selects the second recommendation as the
one closest to his knowledge profile and contributes to Jane’s
comment ((Figure 1(b))). He is contradicting to her point of
view because, according to his experience, most patients are
unreliable as many (most) of them neglect to visit doctors
(Figure 1(m)).

Ranking * docTitle score
1 Requires close monitering 37.66
2 Erectile dysfunction 16.74
3 ‘No hospitalization or surgi. 12.79
4 ‘No post-treatment staging 9.97
5 Active Surveillance 8.14
6 Accurate staging 8.14
7 PSA levels predict recurrer>2.63
8 Proven solution 1.86
D Page 1 of 1 10« View 1 -

Figure 3. The output of the content recommender for user “John”.
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Jane does not share the enthusiasm for the radical
prostatectomy alternative as, due to surgery, a certain amount
of risk is involved (Figure 1(n) — “against” position). Apart
from this, an erectile dysfunction is expected at the level of 30-
50% in 5 years (Figure 1(0)). Joe, who has just joined the
collaboration, adds a new collaboration item to support Jane’s
opinion on the surgery risk involved stating that the danger of a
patient’s reaction to the anesthesia drugs should be taken into
account (Figure 1(p)).

As he is new to the collaboration process and his rating
profile is relatively poor, using the hybrid recommendation
mechanism to get recommendations invokes the content-based
recommender  algorithm  (due to the collaborative
recommender’s failure to provide accurate results), which
returns a list of collaborative items with similar content to the
collaborative item he has just added (Figure 3). Exploiting the
recommendations of the content-based recommender, he is
now in a better position to contribute to the ongoing
collaboration process.

VI. DIscussION AND CONCLUSION

The proposed approach builds on the content and structure
of an evolving argumentative collaboration, as well as on the
rating profiles of similar users, to provide hybrid
recommendations in platforms following the IBIS model of
argumentation. Concerning the collaborative filtering based
recommender, the major benefit of the proposed approach lies
in the fact that, in order to provide accurate collaborative
recommendations, it exploits the structure of the associated
argument trees to estimate the value of the user’s inferences on
each argumentation item. The application of the proposed
hybrid recommender has been demonstrated in the case of
Dicode, a collaboration and decision making support platform.
Following a similar method of integration, the proposed
approach may be easily integrated to any IBIS-like system.

Dicode collaboration support services (including the
recommendation support engine presented in this paper) have
been thoroughly evaluated in three real-life contexts (clinico-
genomic research, medical decision making, and opinion
mining from Web 2.0 data). Generally speaking, the feedback
received was positive, which clearly points out that the overall
approach is promising (a comprehensive description of the
evaluation process appears in [18]). Evaluators indicated that
our approach reduces the data-intensiveness and overall
complexity of real-life collaboration and decision making
settings to a manageable level, thus permitting stakeholders to
be more productive and concentrate on creative activities [19].

Future work directions include the application of the
proposed hybrid recommender in diverse real-life collaborative
settings. Through such efforts, we first plan to fine-tune our
approach as far as the various parameters of the open-source
libraries exploited are concerned. In addition, since there is a
number of alternatives to integrate the results of the proposed
recommenders (for instance, by using an appropriate switching
criterion, the effective selection of which remains an open
research issue), more tests have to be conducted in order to
decide about the most appropriate method (per collaborative
setting) to combine the outputs of the content-based and the
collaborative filtering based recommenders.
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