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Abstract—Document indexing is mostly a human task, where
human indexers assign the most appropriate keywords to texts
in order to represent or categorize their contents. It is usually
performed as an individual manual task. In this paper we
propose an extension where this process is enhanced with
two main features: automatic classification, to support the
knowledge of the expert, and collaboration between indexers,
in order to obtain a more accurate result in the categoriza-
tion. Then, we present a new approach called Collaborative
Document Classification, describing their main elements and
functionalities, as well as an application to the context of
the political initiative indexing problem in the Andalusian
Parliament. A computer simulation has been carried out with
the aim of determining in a lab environment the possible
benefits of this new approach, concluding that in several ways,
the collaborative classification improves the indexing task.
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I. INTRODUCTION

Document Classification or Categorization is the process
by which a given document is labeled with one or more
categories, which are representative of its content. These
categories could be simple keywords or specialized descrip-
tors from a predefined vocabulary (for example, a thesaurus).
This process is also known as document indexing. Once a set
of documents is categorized, the task of finding information
is much easier as they are organized in such a way that
similar documents belongs to the same categories.

This process can be performed either manually, by real
users, experts or unskilled, or automatically, by means of
classification algorithms [9]. Selecting one approach or an-
other depends on several factors, as for example, the amount
of information to be classified or the quality requirements
in the resultant classification, among others.

This paper focuses on those situations where automatic
categorization is configured as a computer-aided task for
human experts, alleviating their work load, but at the same
time when this process is critical in the sense that there is no
room for error in the results. Therefore, it is necessary that
an expert validates the quality of the automatic classifier’s
output, minimizing the risk of misclassified documents.
For example, in official or critical documents generated by
medical services or national parliaments.

But, another aspect that conforms the context for the
research presented in this paper is the need of collabora-
tion in the classification process. Let us suppose that an
organization has created a library documentation service to
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index the documents that are generated. In such environ-
ments it is recognized that users usually work individually,
applying some learned rules (maybe with the help of an
automatic classification tool) that will adequately classify
the majority of existing documents. There is a small number
of documents, which is more difficult to classify, either
because they are more ambiguous and therefore, harder to
classify, or because they need more keywords to complete
the classification (in multi-label classification problems). In
such cases, it is then necessary that different individuals
collaborate in order to find out the desired keywords. Then
the problem is that there are no computer-supported tools
that facilitate the collaboration among them and finally could
help them to achieve the final decision.

The motivation for this research was born from the An-
dalusian Parliament, a regional chamber from Spain, where
its librarians manually, and individually, index parliamentary
initiatives by selecting a set of appropriate descriptors from
the Eurovoc thesaurus. Our hypothesis is that supported by
a computer application that facilitates collaboration among
them, the indexing process would be more accurate.

Therefore, the objective of our research is to study doc-
ument classification as a collaborative process: a set of
individuals working together to select the most appropriate
set of keywords representing the content of a document.
The final contribution is a piece of software that implements
relevant features borrowed from the Collaborative Informa-
tion Retrieval (CIR) field [8], as sharing of knowledge and
division of labour, applied to the document classification
problem, validated by a simulation that reinforces the fact
that collaboration is useful in this context. Specifically, divi-
sion of labour is concerned with the task of assigning a set of
jobs to a set of individuals, and knowledge sharing is used to
allow communication between them and share information
that other users can use to improve their classification.

The union of some parts of CIR and document classifi-
cation originates a new research field that we have named
Collaborative Document Classification, area that for the best
of our knowledge is the first time that is presented in the
specialized literature, configuring this proposal as the main
contribution of this paper, which is organised as follows: In
Section II, we describe in detail the problem that concerned
us, explaining the motivation of this. Then, we explain
how we pass from Collaborative Information Retrieval to
Collaborative Classification in Section III, analysing the
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similarities and the differences with related work. The details
of the Collaborative Classification Model presented in this
paper are in Section IV and the evaluation of the system is
presented in Section V. Finally, Section VI concludes the
paper with implications and future works.

II. THE UNDERLYING PROBLEM: CLASSIFICATION OF
PARLIAMENTARY INITIATIVES

As mentioned before, the motivation for this research
came from the observation of the current process of indexing
of political initiatives in the Andalusian Parliament by the
staff of its Library Documentation Service.

Parliament works around the concept of parliamentary
initiative, whereby an action taken by a member or political
party is discussed in a plenary or specific area committee
session. These initiatives are identified by means of an
initiative code and are usually composed of a relative short
textual description (the subject), plus a detailed body. They
are also manually indexed with a set of labels that better
represents its content. These labels must be obtained from
a controlled vocabulary, more specifically descriptors from
the Eurovoc thesaurus (a multilingual, multidisciplinary the-
saurus covering the activities of the European Union).

Currently, each initiative contained in the incoming stream
is assigned to any of the indexers, following no rules to
produce this assignment. This means that all of them are
able to index any initiative, regardless of the area to which
they belong to, i.e. there are no specialized human indexers
in agriculture, economics, education and so on, who could
produce a more specific classification, taking the most of the
possible expert knowledge.

Then, given an initiative, the human indexer, with a deep
knowledge of the Eurovoc thesaurus, is able to assign one
or more descriptors to it, which are the most appropriate
according to its content (initially using the subject, and in
case of any doubt, consulting the body for more informa-
tion). But this is usually an individual process, in which few
times the indexer asks for advice to other colleagues.

We may easily observe that there are three main problems
in this process: (1) The indexing process is completely
manual; (2) The staff is composed of ‘“general” human
indexers, without specialization in any field, and (3) Col-
laboration between indexers is almost null. Then, we think
that this routine could be improved substantially, obtaining
much better results and making it more efficient (1) being
supported by an automatic classification tool that could
help the human indexers by suggesting descriptors for each
initiative that they could consider to index it; (2) having a
specialized staff, where each indexer is expert in one area,
so the indexing could be done with a finer granularity, and
(3) collaborating more frequently with the rest of colleagues.

Another problem in the current work flow is the fact that
the person who creates the initiative, does not worry about
what descriptors, or more broadly speaking, keywords, she
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would use. This task is assigned to the human indexers. But
a true fact is that the representation power of the author for
expressing more accurately the content of the text is lost in
some cases. Therefore, it can be highly convenient that this
person, after writing the text of the initiative could also select
the descriptors. Two are the benefits of this approach: on the
one hand, the indexing process would gain in quality, as the
initiative is indexed in its origin and, on the other hand, the
workload of the indexers would be reduced considerably.
In order to allow indexing in origin, two problems must
be consider: Firstly, we can not assume that the user has got
any kind of knowledge about the vocabulary that she could
use in this task, because she is not an expert on indexing
and, secondly, the user does not know which are the rules
of the organization to index (for instance, what is better
the use of narrower or broader terms?). In order to solve
these problems, the user could be helped by an automatic
classification tool at the first moment, and collaboratively
supported by the knowledge of the staff members, who know
very well the indexing process. Therefore, there would be a
second type of collaboration, in this case not only between
the professionals, but also between them and non-experts.

III. TOWARDS COLLABORATIVE CLASSIFICATION

Information Retrieval (IR), as defined in [1], refers to
the representation, storage, organization and access of in-
formation. Traditionally, research in IR has focused on
models of individual users but in the last years a new
trend based on remotely teamworks, working together to
satisfy a need for common information, and supported on
advances in distributed technologies and computer hardware,
is becoming stronger. Consequently, some researchers have
realized that collaboration is an important feature which
should be analysed in detail in order to be integrated with
professional IR systems, upgrading these to Collaborative
Information Retrieval (CIR) systems.

An early definition of CIR was given by S. Dumais et
al. in [13] as “any activity that collectively resolves an
information problem taken by members of a work-team”.
P. Hansen and K. Jérvelin [14] considered collaboration as
an important component in the IR process, defining CIR as
“an information access activity related to specific problem
solving activity that, implicitly or explicitly, involves hu-
man beings interacting with other human(s) directly and/or
through texts (e.g., documents, notes, figures) as information
sources in a work task related information search and
retrieval process either in a specific workplace setting or
in a more open community or environment” .

CIR systems usually include some common features:
session persistence, division of labour, knowledge sharing
and awareness. Division of labour - Morris’s survey in
[12] describes ad hoc methods to avoid duplication of
effort during a searching task, such as distributing the
space of potential keywords, search engines or sub-tasks
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among different group members. Sharing of knowledge - In
any collaborative setting, there will be a large and diverse
knowledge base shared among groups of members. Each
one will bring their own experience, expertise and topic
knowledge to a particular searching task. What is needed is
a way to enable the sharing of knowledge within the group
[15]. Group awareness - Awareness is an essential element in
distributed collaborative environments. Over the last decade,
a number of researchers have explored the role of group
awareness for supporting collaboration between distributed
groups. [12]. Session Persistence - Storing a search session
in a persistent format is a key requirement for facilitating
collaboration during the session, revising the search at a later
time, or sharing the results of a search with others [12].

Also CIR systems are divided into two types: synchronous
and asynchronous. On the one hand, in the first class, team-
mates are able to interact between them at the same time; on
the other hand, in the second type, the interaction is carried
out in different time.

Particularly, in this paper, we have considered the CIRLab
[6] framework. In general terms, it is a groupware frame-
work, for experimenting with CIR techniques in different
search scenarios. This framework has been designed ap-
plying design patterns and an object-oriented middleware
platform to maximize its re-usability and adaptability in new
contexts with a minimum of programming efforts.

The other main component of this research is Document
Classification [9]. This area is also considered part of the IR
and consists of assigning labels to a document, according
usually to its textual content. There are three phases in the
lifecycle of a text classification system, which traditionally
have been addressed independently of each other: docu-
ment indexing, text classifier learning and evaluation. The
document indexing refers to the mapping of a document
into a pattern that can be interpreted by the automatic
classifier. In the second phase, the automatic text classifier
learns from a set of categorized documents and learns the
characteristics which define each class. Finally, the text
classifier is evaluated to calculate its performance.

These two areas meet in a new one that we have called
Collaborative Document Classification, in which we apply
several features of CIR into the area of Document Classifica-
tion. Specifically, techniques as division of labour or sharing
of knowledge support a tool that helps human indexers to
work collaboratively when classifying.

But this is not a mere and direct application from the CIR
context. In this new Collaborative Document Classification
area, two of the features previously mentioned take a dif-
ferent meaning. Division of labour - This is an important
component in collaborative document classification, since
in general terms it might have a great impact in the final
process: The way in which the documents are distributed
(divided) among the different individuals will have an effect
in the background of the users, and as consequence, their
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usefulness in a collaborative framework. We analyse some
algorithms because it is an important part of the collaborative
classification. Sharing of knowledge - In our approach, the
final decision about whether a keyword is appropriate or
not will be lead by an individual, although in the process
he/she can share his/her knowledge with others individuals,
for instance by asking for keyword suggestion.

Therefore, and in practice, we have a division of labour
phase before classifying and a sharing of knowledge phase
after this process in order to improve the obtained classifica-
tion. In Section IV, we show the details of the Collaborative
Document Classification Model that we propose in this
paper. Group awareness and session persistence take the
same meaning as in CIR and are considered explicitly in
the Collaborative Document Classification model.

There are few related works about collaborative classi-
fication. Most of them do not address the problem of text
classification as a collaborative problem or do not use the
term of collaboration with the meaning that we are using it,
reason why we decide to focus on this topic. Collaborative
classification is seen as social classification, i.e., the knowl-
edge or the behaviour of users is used to classify something
(documents, bookmarks, etc.). In this way, we mention [2]
that proposes a methodology to carry out the collaborative
classification idea of considering how similar users have
classified a bookmark and [3] that compares a social classifi-
cation using the uses of users with automatic extraction. This
types of classification consist of extracting information about
users and using it to classify. A similar work can be found in
[11]. The authors propose an architecture that enables users
to collaboratively build a faceted classification for a large,
growing collection. But, the main difference with our work is
that they considered collaboration as a set of individual user-
machine collaborations, while we propose collaborations
in the terms of user-user (direct communications between
users instead of extracting the information from the global
communications from the users to the system).

IV. COLLABORATIVE DOCUMENT CLASSIFICATION

In this section, we are going to present the structure of
the Collaborative Document Classification Model that we
propose in this paper, which is graphically represented in
Figure 1. The input is a continuous stream of initiatives
that have to be indexed and the output is a set of labels
(descriptors of a thesaurus) that are assigned to each initia-
tive. Each one will be dispatched to a given human indexer
(division of labour), who is responsible for its final classifi-
cation. Then, the human indexer (using her knowledge, the
support of an automatic classifier and the expertise of her
colleagues (sharing of knowledge)) will compile the set of
the most appropriate labels for representing the content of
the initiative. Let us view in detail the different components:

Dispatcher Module: When the initiatives arrive to the
system, they have to be distributed among the different
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Figure 1. Collaborative Classification Model

human indexers as they will be in charge of the catego-
rization task. This is related to division of labour, a key
component of the Collaborative Document Classification
process: The way in which the work is distributed among
the indexers will determine the background knowledge of
the users, the type of communications and also the quality
of the classification itself, as we will demonstrate in Section
V. Different scenarios can be considered, going from spe-
cialized distribution, where an individual only indexes those
initiatives in a given field (so we assume that she is expert
on that field), to random distribution, where all the indexers
have the same probability to index a given initiative (so we
assume that the indexers have got a general knowledge about
all the possible fields). Nevertheless, it might be considered
other factors besides human expertise as, for example, the
indexers’ workload balance.

Indexing Module: Once the indexer receives an initiative,
she starts the classification task itself. The final result is an
ordered list of descriptors, sorted by the degree of aboutness
of each keyword with respect to the initiative, represented by
means of a weight (to what extent the descriptor is suitable
for representing the content of the initiative).

Although the indexer can work with no help, in our model
we have an additional module for automatic classification
that supports the indexer’s work by recommending a set
of weighted labels for each initiative. This is particularly
necessary for those users which have not been trained as
indexers (the keywords are proposed in origin).

The automatic classifiers have to be trained in order
to learn the classification models necessary to recommend
further labels. For this purpose we can use a set of pre-
classified initiatives, but also after a new initiative is finally
classified, it is also used as training input for the automatic
classifier associated to its responsible indexer. This helps to
fit the automatic classifier to the particular background of its
associated indexer. As mentioned before, this process is in-

Copyright (c) IARIA, 2012. ISBN: 978-1-61208-206-6

.
%

- . Descriptors :
Decision Making —]

s
S
s
S
o

File”  Communciation™

Text Classified || [F] Label Prob
[E] INVERSION
false
[ DIRECTIVA CE
[E] ECONOMIA
false
[E] HACIENDA REGIONAL

[F] ANDALUCIA

® faise =
[F] PRESUPUESTO

[F] HAGIENDA LOCAL
false [F] DIRECTIVA 09
[E] EXTRANJERO 09

" falge [E] INVERSION DIRECTA 09

[E] INVERSION EXTRAMJERA 0.9

[E] INVERSION EN EL.

EXTRANJERO

Label Value

Classify |[_Askfor help

Received texts

Texto [F] Label Value

Respond

Figure 2. Sharing of Knowledge

fluenced by the division of labour strategy (dispatch module)
since automatic classifiers behave different depending on the
training data, which finally depends on the used division
strategy. For example, the classification model learned from
a set of heterogeneous initiatives (very different topics and
randomly assigned to the indexer) is different from that one
trained with homogeneous initiatives (all of them framed in
a specific field where the indexer is specialized in).

Communication Module: The last phase in the process is
referred as sharing of knowledge, part of CIR that allows
indexers to communicate between them to work collabora-
tively during the classification. Sometimes, an indexer has
problems to assign all the relevant labels to an initiative,
probably because she is not an expert on a topic related
to the initiative. In these cases, the indexer has to ask for
help to the others colleagues to obtain extra information
that helps her to make decisions about the relevant labels,
as human knowledge and experience is very valuable in
this task. Even though they are supported by automatic
classification tools. This is the utility of the communication
(sharing of knowledge) module (Figure 2 shows the interface
that represents a chat box for synchronous communications).

In this sense, the source indexer sends, synchronously
or asynchronously, to her workmates the initiative and the
set of selected keywords. Then, they classify the initiative,
also with support of their automatic classifiers, and propose
a new set of labels to the source indexer who evaluates
them. Thereby, an indexer could improve his classification
with extra information. Obviously, in complex initiatives,
all the indexers can collaborate by means of the sharing of
knowledge component in order to get the final classification.
This process can be iterated until the initiative has been
classified with a high degree of satisfaction. Then, it is
reported to all the indexers allowing a global vision of the
progress in the classification task. There is no protocol for
solving conflicts as the indexer in charge of the initiative is
who makes the final decision.
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A. Implementation Details

We have shown the details of the Collaborative Document
Classification Model designed in order to improve the per-
formance of the indexers of the Andalusian Parliament. In
this section we shall present some implementation details.

Dispatching strategies: The particular strategy used to
distribute the initiatives among the different indexers will
depend on the typology of the working environment. We
have considered the following two different frameworks: (1)
Generalized indexing framework. In this case we are assum-
ing that all the indexers are equivalent for indexing purposes.
Then, the context of the initiative is not relevant to determine
the indexer in charge of its classification. Therefore, we
can use a Round-Robin algorithm to distribute the initiatives
sequentially between the different indexers. Note that this
is the usual strategy used in many organizations, and par-
ticularly, this is the one used in the Andalusian Parliament.
(2) Expertise indexing framework. In this environment, each
indexer can be considered as an expert in one particular area
(for instance, health services, economy, agriculture, etc.).
Therefore, it seems natural that she is the responsible for
those initiatives under her field. In order to distribute the
initiatives in this environment it might be necessary that a
human indexer read all the initiatives, choosing among the
indexers the most appropriate candidate for assigning the
final descriptors. Then, dispatching will become a critical
process, so in this paper we propose a different alternative:
This task can be done automatically using the content of the
initiatives to select one of the high-level indexing areas.

For this last, purpose we propose the use of the K Nearest
Neighbours (KNN) classification algorithm [9], which might
be trained using a set of initiatives belonging to the different
categories. Note that although some dispatching (classifica-
tion) error can happened, it can be easily mitigated by the
indexer (whenever she is not able to classify properly an
initiative, she can use the share of knowledge module to
re-distribute it to the proper indexer). Particularly, the KNN
algorithm calculates the distances between the initiative to
classify and the initiatives in the training set. Then, these
initiatives are sorted by ascending order and the k nearest
initiatives are selected. The algorithm classifies the new
initiative in the category that most appears in the set of the
k nearest initiatives (euclidean distance) or randomly if tie.

Helping the human indexers: An automatic classification
tool: Independently of the working indexing environment,
whenever the indexer receives an initiative she proceeds
finding out the proper descriptors from a controlled vocab-
ulary. This process can be done with the help of an auto-
matic classification tools, which proposes a set of candidate
descriptors. As mentioned before, this tool is particularly
beneficial when the descriptors must be selected in origin.
In our approach, this component is implemented using the
REBAYCT algorithm [4][S] that uses Bayesian Networks
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for hierarchical text classification in a supervised and non
supervised way. (Detailed information about how this hierar-
chical text classifier works could be seen in the already cited
reference). The list suggested by the automatic classification
module is evaluated by the human to determine which are
relevant for the target initiative, so she could select the most
appropriate and add those which she judged also relevant
from her point of view. Each indexer has got her own
automatic classifier which receives, in a feedback process,
those initiatives which have been previously classified by
the human as training data, so the automatic classifier can
be adapted to the indexers preferences and learn new rules
to find out the proper descriptors. Moreover, the automatic
classifier is fed with the last initiatives already classified by
the human, after the initial training phase, so it is up-to-date
and totally adapted to the indexer.

Sharing of knowledge: With respect to the implementa-
tion, we have to mention that for the interactive communi-
cations between users, we have borrowed the middleware-
based architecture used in CIRLab [6] framework as it
is more appropriate for collaborative applications than a
client/server architecture. This software was designed to
develop CIR applications. The software implements all the
CIR features, although for this application we only use the
part related to the sharing of knowledge. The framework pro-
vides us many communication techniques such as sending
synchronous messages, notifications of user connections, etc.
In addition, we can create different collaborative working
sessions so users can work in independent groups. In our
case, we have integrated instant messaging between users,
supporting the sharing of knowledge that concerns us in
this application, i.e., the sharing of initiatives and labels.
incorporates CIRLab.

V. EVALUATION

We have developed a working prototype including all
the already mentioned capabilities. The indexer can use the
prototype to search for the best set of descriptors for a
given initiative. Thus, in case of doubts, she can ask for help
to the others colleagues (sending a package containing the
initiative and a set of descriptors). Each colleague evaluates
the proposal and, in case of having some additional labels
which might be used to describe the initiative, decides to
send them back to the original indexer who has to evaluate
this new set of labels to obtain the final descriptors.

Nevertheless, changing the workflow of a (large) organi-
zation is difficult, and moving away from isolated to collab-
orative classification represents an important challenge that
has to be evaluated properly. In this sense, we have designed
a simulation study with the aim of demonstrating to the
organization that working collaboratively and coordinately
can improve the overall process.
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A. Experimental Design

In our study, we use the same workflow, but replacing the
indexer’s search of the best set of descriptors by a process
in which the indexers only judge those descriptors proposed
by their associated automatic classifiers, as described in
Section IV. By means of this simplification we can simulate
different indexers working in an isolated and collaborative
environments: (1) Indexers working isolately: Each indexer,
i;, judges an initial set of descriptors, i.e. the top-k de-
scriptors proposed by her associated automatic classifier. (2)
Indexers working collaboratively: Each indexer, i;, judges
an initial set of k£ descriptors proposed by her associated
automatic classifier. Then, she sends a package to all the
indexers, i; # ;. (A different alternative might be to
select some of them, but we are focusing on measure the
effect of working in a fully collaborative framework.) Each
collaborative indexer, 7;, uses her own automatic classifier to
obtain also a set of k£ descriptors. This indexer does not judge
whether they are relevant or not for the initiative, but in case
of having new descriptors (descriptors(i;)\descriptors(s;)
= (0), she sends a return package that will be evaluated by
1; to obtain the final descriptors.

B. Data Sets

In this experimentation, we have considered the initiatives
discussed by different committee sessions in the Andalusian
Parliament. These committees are usually attended by a re-
duced number of Members of Parliament (MPs) according to
different areas of interest (agriculture, economy, education,
etc.). Each initiative contains a subject, a text describing the
content, plus a development, i.e. the full transcriptions of all
the speeches discussing the concerned topic, although we are
only taking into account the text from the subject.

We have two different set of initiatives: The first one, with
317 initiatives, where for each initiative we also know the
particular committee session in which it has been discussed.
This set is only used to learn how to distribute an initiative
by the division of labour module (when necessary).

The second set has 7933 initiatives and is used for
evaluation purposes. In this dataset, each initiative contains a
subject and the set of descriptors from the Eurovoc thesaurus
already assigned by the indexers, important information for
validating our approach. This set will be split into training
(80%) and test (20%) (none of the initiatives used for
training will be then used for test). Training initiatives will
be used as inputs for the different REBAYCT classifiers.

C. Indexers typologies and working settings

In our study, we shall consider three different indexers
typologies which can work in three different working scenar-
ios: the first type of user (U;) represents a non-specialized
indexer, which has a varied outlook of the parliamentary
domain; the second type (Us) is an indexer specialized
in narrow or restrictive domains and the last one (Us)

Copyright (c) IARIA, 2012. ISBN: 978-1-61208-206-6

represents an specialist who is in charge of the initiatives in
a broader domain. Then we represent to the professional in-
dexers working in the Parliament, as well as those users who
could generate initiative. In order to get the area of expertise
specialized for the human indexers we have considered the
topics of the 6 main committee sessions in the Andalusian
Parliament, i.e. the commissions of Economy, Agriculture,
Education, Employment, Culture and Public Administration
and Justice. The size of committee (in number of initiatives)
will be useful to represent the different specialists. Thus,
in the case of U;, each individual REBAYCT classifier is
trained with 1325 random initiatives; for Us,, the automatic
classifiers are trained with 265 initiatives, while for Us, the
training set is composed of 1705 initiatives.

Related to the simulation of the working environments we
will consider as baseline the situation in which the indexers
are working isolated (C'1) but also two collaborative settings:
the first one, where an indexer works collaboratively in a
non-specialized environment, i.e. the rest of the indexers are
non-specialized (C2), and the second one, where the indexer
works with specialists (C'3).

D. Evaluation metrics

Our aim is to determine the effect of using a collaborative
approach in different indexing scenarios. In order to evaluate
our approach, we are going to consider two different crite-
rion: On the one hand, the quality of the final classification
and, on the second hand, the utility of the communications.

The measurement of classification system’s performance
relies on two metrics very well known measures in the
field of text classification: precision and recall. Precision
gives us an estimate of how many of the found descriptors
are relevant to the initiative whereas recall estimates how
many of all the descriptors relevant for a given initiative
were successfully found. The first one is not relevant in our
experimentation: We assume that all the descriptors finally
selected by the indexers must be relevant for the initiative.
The second one, recall, is particularly interesting for our
proposal since, in some way, it gives an idea of the number
of relevant descriptors which might be found thanks to the
collaborative support. Thus, we calculate the recall values
for the three type of users measured as the proportion of the
relevant descriptors among those suggested to the indexer
(by her associated automatic classifier or the rest of her
collaborative colleagues) relevant for the initiative:

NP°proposed relevant descriptors
recall = ; . (1)
Netotal relevant descriptors

The second criteria to evaluate refers to the utility of
communications (CU). So, in order to measure the utility of
the communications we propose to consider the proportion
of return packages (those including new labels, and therefore
being able to increase the knowledge of the indexer) with
respect to those sent. Note that in this measure we are
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Figure 3. Recall values for the different environments

not considering whether the proposed descriptors are finally
selected by the original indexer or not. This is a metric that
we have specifically designed considering this problem.

E. Experimental Results

In this experimentation we consider the utility of the user
from two different points of view: On the one hand, we shall
measure how useful the communications that an indexer
receives (incoming packages) are and, on the other hand, we
shall determine the usefulness of the communications that
an indexer sends to their colleagues (outgoing packages).

Co Uy Uy Us
k Cc2 C3 C2 C3 C2 C3
5 10.339 | 14.679 14.679 | 14.528 || 9.906 | 7.489
10 9.796 | 12.332 12.264 | 12.716 || 8.909 | 6.739
15 10.188 | 12.686 11.509 10.83 || 8.316 | 6.739
20 9.713 | 12.196 11.169 | 11.547 || 7.724 | 6.299
25 9.328 | 11.818 10.603 | 10.452 || 7.753 | 6.228
30 9.381 | 11.622 8.943 8.452 || 7.208 | 5.753
35 9.147 | 11.486 9.32 7.886 || 7.043 | 5.689
40 9.313 | 11.026 9.396 7.66 || 6.785 | 5.495
45 9.049 | 10.913 8.603 7.396 || 6.668 | 5.624
50 9.192 | 10.815 8.792 7471 6.504 5.36

Table T

USEFUL COMMUNICATIONS RECEIVED BY AN INDEXER

1) Utility of incoming communications: Table 1 shows,
for each user, the usefulness of the communications under
different scenarios. Some conclusions can be obtained: The
first one is that the working environment (note that this is
finally related to the division of labour strategies) has an
effect on the utility of the communications. Thus, a non-
specialized human indexer, U 1, obtains more feedback when
working in a specialized environment, whereas an indexer
specialized in broad domains, U3, obtains more feedback
when working in a general scenario. This can be explained
because in C'3 the indexers are specialists in their respective
domains, so they are not useful for a specialist but they
might be helpful for a non-specialized indexer.
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The situation is quite different for the indexer specialized
in a narrow domain. In this case, there is no difference if
she works in a general or specialized environment. The large
amount of useful communications, particularly if we com-
pare with the other specialist U3, can be explained because
her associated automatic classifier has been trained with less
data, being not able to find some general rules learned by the
others models. These rules suggests descriptors that could be
also applied in this field (independently if these descriptors
are valid for the initiative in a narrower domain).

Related to this last point is the study of whether the
communications are fruitful or not. In this sense, a fruitful
communication will help to find more proper descriptors,
and as consequence it will improve the recall metric. Figure
3 can help to understand this situation. Particularly, we show
the recall curves obtained under the different scenarios when
considering the total number of descriptors analysed by an
indexer. We use with solid lines to represent the results
obtained when the user works isolated, the lines with dots
and diamonds represents the recall values obtained when
working in a general collaborative environment C2 and,
finally, the dashed lines represent the results obtained in a
specialized collaborative scenario, C'3. The first conclusion
is that in collaborative scenarios the recall increases consid-
erably, which means that the communications are helpful in
all the situations (it is better for the user to ask for help than
to keep exploring the descriptors isolated).

Moreover, specialized indexers working isolated obtain
best results than non-specialized ones (for U1 it might be
applied the idea of “jack of all trades, master of none”).
Now, let us focus on the situation presented when the
indexers work in a collaborative environment. In this case,
the specialized ones (U2 and U3) work much better when
working with generalist indexers. The explanation of this
fact is found in Table I, because non-specialized indexers
propose more useful descriptors. This is particularly true for
those specialists in narrow domains, as U2. But the situation
changes for non-specialized indexers, being preferable to
work in specialized scenarios. The reason seems to be clear:
asking for help to similar people is good, but we will obtain
much reliable results if we take into account the opinion
of the specialist. In this sense, we would like to highlight
that a general indexer working with specialists can obtain
the same recall as the specialists. This results is particularly
relevant because it supports the idea that in a collaborative
environment it is possible to index at the origin (by the
people who proposed the initiative) without worsen the
quality of the indexing processes.

Finally, a last conclusion is that it will be convenient that
non-specialized and specialized indexers work together in
collaborative environments. This result is important because
it opens a new research opportunity, i.e. we have to study
carefully the way in which the division of labour is per-
formed in the initial steps and its effects in the final results.
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2) Utility of outgoing communications: In this section
we shall discuss how useful is this particular indexer for
the rest of her colleagues, analysing how many useful
communications proposes. In Table II we show the obtained
results. From this table we can see that, independently of
the indexer typology, a greater number of communications is
obtained when working in a non-specialized scenario, being
the difference particularly relevant when assuming that the
original indexer is a specialist. This corroborates the fact that
specialized users are helpful in general environments and
that broad-domain specialists collaborate more actively. With
respect to non-specialized users, it is particularly relevant
the large volume of useful communications in a specialized
scenarios, becoming more valuable users (they can provide
some kind of information that the specialized indexers,
focused on a specific domain, are not able to capture).

Ca U Us Us
k C2 C3 Cc2 C3 C2 C3
5 19.841 | 18.035 14.679 | 10.384 23.841 | 15.974
10 19.328 | 15.066 12.271 7.99 20.92 | 13.638
15 18.618 | 14.659 10.407 6,757 19.645 | 12.929
20 18.581 13.445 10.211 6,784 19.124 | 12.084
25 18.581 12.46 9.894 6,001 18.581 | 11.428
30 17.652 | 12.263 9.335 5,414 18.316 | 11.221
35 17.071 11.284 9.252 5,57 17.577 | 10.943
40 16.83 | 11.201 8.898 5,433 16.883 9.82
45 16.505 | 11.271 8.505 5,499 17.215 9.73
50 16.883 | 10.654 8.03 5,544 17.283 | 10.008

Table II

UTILITY OF USERS IN A COLLABORATIVE ENVIRONMENT
VI. CONCLUSION AND FURTHER RESEARCH

This paper has presented a new approach for document
classification, based on collaborative techniques borrowed
from CIR. The motivation for this development was the
improvement of the current manual indexing of political ini-
tiatives from the Andalusian Parliament. This new technique
is based on two important CIR concepts: division of labour
and sharing knowledge. Beside, automatic classification is
included to support the human indexing process. Then the
individual and manual indexing is transformed to a collabo-
rative task, where all the human indexers could be involved
to improve the keyword assignation.

In order to determine if this approach could work in
a real environment, we have designed and performed a
simulation in the context of indexing political documents
in this regional chamber, where several scenarios have been
represented, considering the expertise of the human indexers
(general knowledge about the source; specialized in a broad
domain and in a narrow domain) and the working environ-
ment where they have been included (working isolated, with
general knowledge indexers or with expert ones).

The main conclusion drawn from this evaluation is that
collaboration substantially improves the classification pro-
cess for all types of users in any working setting. More
specifically, a non-specialized human indexer would obtain
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better results when they work with specialized colleagues
(non-expert user working collaborative with expert users is
able to classify as well as they are), and the other way
around: a specialized indexer would improve her perfor-
mance working with a set of non-specialized workmates.

With respect to further research, the first step is to evaluate
the collaborative classification tool with real users by means
of a user study in the Andalusian Parliament, once we have
shown that the simulation shows these very interesting and
good results. Also we are planning to test our model in other
contexts, with different problems, for example, indexing of
medical articles, where the number of documents is much
higher as well as the specialization degree of the indexers.
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