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ABSTRACT
In a parliamentary setting, citizen could be interested in
knowing those Members of Parliament (MPs) who are work-
ing in different areas or involved in the resolution of some
people’s problems. These topics of interest are usually rep-
resented by means of a profile. In this paper, the politicians’
profiles are built considering the speeches in parliamentary
sessions. However, in most of the cases a single profile is not
the best alternative to represent MPs’ interests because the
specific terms related to a given topic are mixed with others,
so that the MPs’ preferences are diluted. The alternative is
to build different subprofiles containing each one the most
representative keywords for each topic, creating in this way
a richer representation. We present a first approach to build
subprofiles based on the MPs’ speeches in different commit-
tee and plenary sessions, which will be compared, in terms of
performance, to monolithic profiles for an MP content-based
recommendation task.
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1. INTRODUCTION
Among all the content published in the WWW, we may

find more and more frequently information about people’s
expertise, by means of CVs, scientific papers, blog entries
and so on. In many cases we need to find experts in a topic
and we search for them using our favorite search engine.
Other times, we take a more passive role and we expect that
a system recommend them to us. Broadly speaking, this is
the so called expert finding problem [8]. Anyhow, and in
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order to recommend or find these people, it is required that
the information associated to them, i.e. the underlying top-
ics they are interested in, is organized in a kind of container,
called profile, so any content-based recommender could eas-
ily use it to get a ranking of experts and suggest them. In
its more frequent organization, a profile is not more than a
set of terms, the most representative ones.

But people may have multiple interests. For example, a
Member of a Parliament (MP) could be involved in several
subjects: agriculture, education or economy, for example. If
a single profile is used to represent them, the terms com-
posing it will come from different domains of interest. This
can cause that terms that are important for only a few of
the interest categories or for non-dominant categories be-
come underweighted or even unnoticed. Moreover, a single
profile composed of terms from different topics will result
in a profile pointing halfway between these topics, proba-
bly resulting in a less accurate profile. Examples of systems
that utilize a single profile for each user are Letizia [11],
Amalthaea [13], Fab [3], Anatagonomy [10], and more re-
cently [5] and [4].

If a profile is organized in subprofiles, each one represent-
ing a topic of interest for the person, the terms that comprise
them are closely related among them under the umbrella of
a common subject. This is a much more accurate represen-
tation and therefore more useful for recommendation pur-
poses. Some examples where subprofiles are used are the
following: In [12], a personalized web search assistant that
extracts the keyword-based profiles from bookmarked web
pages is proposed. Instead of creating a single profile for
the user, it uses a set of keyword-based profiles, one per
bookmark. Webmate [6] also builds for each user a set of
keyword-based profiles, one per user’s area of interest, but it
automatically learns the interest areas. It uses a fixed num-
ber N of different interest areas, and initially each (relevant)
document constitutes its own interest area. When there are
more than N documents, the two most similar (according
to the cosine similarity) are combined into a single profile.
The system in [15] utilizes a more sophisticated clustering
method to combine the profiles. Alipes [17] creates several
profiles for a user and also learns automatically the user’s
interests. But instead of using a fixed number of interests, it
bases the creation of new interests on a similarity threshold.
Syskill & Webert [14] learns a separate profile for each topic
of each user. The profiles are learned from sets of positive
and negative examples of each topic using machine learning
algorithms. Another system using multiple profiles is Pro-



File [2], where each user may define a number of conceptual
classes to classify the filtered documents, each class having
its own profile. The profiles considered in [1] for each user
of a news recommendation system are also divided by topics
of interest.

This paper deals with building profiles in a parliamentary
context and how to use them in a content-based recommen-
dation task, where the Members of the Parliament are the
“objects” to be recommended. MPs’ participation in debates
are transcribed in Records of Parliamentary Proceedings.
These documents are organized around the concept of an
initiative, which are the matters to be discussed in a ses-
sion. At the same time, these are composed of the MPs’
speeches. The initiative may be discussed in committee or
plenary sessions. The former are special sessions where a
reduced number of MPs deals with specific topics as agri-
culture, industry, economy, tourism, among many others.
The latter are meetings of all MPs and the topics are more
general and politic-oriented, i.e. less technical. It is com-
mon that several MPs participate in different committees,
so we could say that these politicians are interested in the
topics of the committee. Therefore, this would be a direct
way of creating MPs’ subprofiles: For a given MP, from her
speeches in each committee, including the plenary sessions
as a special committee, we could build a subprofile selecting
the most relevant terms. For example, if a representative has
participated in education, culture, environment and plenary
sessions, four subprofiles could be constructed.

These subprofiles could be represented as documents in a
collection (each MP could have as many documents as com-
mittees she has participated in). An Information Retrieval
System (IRS) will index them so given a query formulated
by a user, the search engine would compute a ranking of
MPs. Therefore, if a user would like to know the politicians
who are dealing with the EU Common Agricultural Policy,
then she could get a list of MPs sorted by relevance.

The objective of this paper is to determine, in an early
stage, if, in the context of MP recommendation, a struc-
tured profile based on the committee sessions where the MP
has participated, could be worthy in opposition to a single
monolithic profile, increasing the performance. This sub-
profiling approach is the most direct one that may be tried,
because the partitions of terms are already given consider-
ing the different topics treated in each committee. Our guess
is that these so built subprofiles could improve the perfor-
mance of a single profile, representing much better the topics
the MPs are interested in.

The contribution of this paper is a simple method, which
takes the most of the distribution of MPs’ interventions
across committee sessions, to build subprofiles and use them
for recommending MPs. The results obtained in the exper-
iments that we have carried out support the idea of using
structured profiles and give us cause for developing more
sophisticated and accurated subprofiling methods.

In order to describe these ideas about committee-based
subprofiling, this paper is organized as follows: Section 2
shows the way the monolithic profiles and subprofiles are
built, presenting the methods to select the terms to be con-
tained in the profiles and how to represent them. Specifically
for subprofiles, filtering schemes are introduced in order to
get rankings of MPs without repetition. The next section
deals with the experimentation. More specifically, Section
3.1 describes how we have designed the experiments to test

our hypothesis and Section 3.2 presents the results and dis-
cusses them. This paper concludes with the main outcomes
and further works.

2. BUILDING AND USING (SUB)PROFILES
FROM MPs’ SPEECHES

In this section we shall describe the procedure of building
the MP’s profiles, both monolithic and compound, as intro-
duced in Section 1. First, the source that we have used for
this purpose is the speeches of the MPs who have partici-
pated in interventions in plenary and committee sessions.

Regarding the profile representation, each MP will be ini-
tially represented by a set of documents, where a document
is the compilation of her speeches in each single initiative.
From this set a profile Pi of the i-th MP in a preliminary
stage is considered a bag of n words, where the most im-
portant terms, once stop words were removed and terms
stemmed (with the Lucene’s SpanishAnalyzer library), are
included in it. We also associate weights to terms, which
reflect their importance: Pi = {(ti1, wi1), . . . , (tin, win)}.

Therefore, the building process itself is just a selection
of the best n terms according to a weighting scheme. In
this research, we have used two measures that take into ac-
count the rarity of the term. The first one is the classic
and well-known TfIdf , while the second one is called Dif-
ference (Diff), proposed in [16] for search personalization.
We have also used other measures in our experiments, but
these are the two that offer better performance. Although
its details can be found in that paper, broadly speaking,
Diff measures the extent to which a term is more common
inside the i-th MP’s speeches than outside them (the rest of
MPs’ speeches). If the first case happens, then that term
would be included in the profile.

In order to finally produce a general representation of the
profile that could be used by any search engine, instead of in-
cluding pairs (term, weight) in it, we have opted to replicate
the terms according to their original weights. The first ap-
proach is called R−Prop, based on a linear transformation
applied to the weights. Then, that term with the highest
value will be replicated n times, while that one with lowest,
just once. Consequently, the final profiles are composed of
terms with different number of occurrences, allowing in this
way that the indexing module of any IRS could deal with
them as if they were common documents, making the cor-
responding arrangements according to the retrieval model
used. The second alternative that we have applied to repli-
cate the selected terms is based on the term frequency (Tf),
noted as R− Tf , where a term occurring Tf times is repli-
cated this same number, keeping its original distribution of
occurrences. In this case, the previous computed weights of
the terms are only useful for selection purposes.

This would be the general process to build monolithic pro-
files, where the whole collection of interventions of a given
MP is considered to build her profile. But the main objective
of this paper is to determine whether a profile composed of
several subprofiles is better than the full profile, from a per-
formance point of view, i.e. if given a query submitted by a
user who is interested in knowing those MPs who work in the
query topic, the system recommends (better) those relevant
politicians. Taking into account that the interventions of
the MPs are carried out in plenary sessions and those com-
mittees where she belongs to, a first, direct and intuitive



approach to build subprofiles would be to learn as many
of them as different committees they belong to. Each one
could specifically reflect the topics these MPs are interested
in, maintaining them completely separated and avoiding the
mixing of topics that we find when monolithic profiles are
used. Let us suppose that a given MP participates in agricul-
ture, education and health committees, as well as in plenary
sessions. Then we could build four different subprofiles, one
for each type of session. From the subprofile building pro-
cess point of view, this would be the one already explained
in the previous paragraphs, except that instead of consider-
ing all the speeches, they would be grouped by committee,
so each subprofile would only be built from those speeches
belonging to a given type of session.

Once the (sub)profiles are built, they will be indexed by
an IRS. Then, when a user formulates a query to the system,
this will generate a ranking of (sub)profiles. In the case of
monolithic profiles, as each profile is univocally associated
to an MP, we directly obtain a ranking of MPs. However,
in the case of subprofiles, the original ranking could con-
tain subprofiles that belong to the same MP although in
different committees. Therefore, and in order to get a final
ranking of MPs we have to filter the possible occurrences of
the same MP in different subprofiles. To carry out this task,
we propose two methods:

• MAX → Given an MP, her subprofile with the highest
RSV is kept in the ranking, removing the rest. This
first filtering method tries to capture the best match
and it is intended for very specific queries.

• SUM → Given an MP, a new score is computed sum-
ming the RSVs of her subprofiles in the ranking, re-
moving all the occurrences of that MP in the ranking
and placing a new one with the accumulated score.
This second approach could be useful when the query
is transversal to several subprofiles, so the more num-
ber with higher scores, the better.

3. EXPERIMENTATION AND RESULTS
This section will present both the experimental design and

the results we have obtained in it, analyzing them and pre-
senting the main findings.

3.1 Experimental settings
The experiments are based on a collection of Records of

Parliamentary Proceedings from the Andalusian Parliament
in Spain. More specifically, it contains 5258 initiatives from
its 8th term of office, with a total of 12633 interventions. We
have selected those MPs who have participated in, at least,
10 initiatives. In this term of office, there were 22 different
committees.

With respect to the building process of the (sub)profiles,
their size is an important parameter to be considered in or-
der to determine if it affects the performance. Then, the
numbers of terms composing the profiles that we have con-
sidered are 50, 250, 500, 750 and 1000, values ranging from
small to big profiles. Regarding the weighting schemes used
to select the most important terms, we have applied the two
presented in Section 2, i.e. TfIdf and Diff . Finally, the
replication methods R− Tf and R−Prop are brought into
play with the aim of testing the best alternative.

In terms of profile retrieval, Lucene1 has been the library
that we have used for our experiments, and more specifically
its implementation of the BM25 model2.

The first input to the retrieval system are the 40 different
profile collections, corresponding to the combination of the
different parameter values (20) when building the profiles
times the two types of profiles we are testing, monolithic and
subprofiles. The second input are the queries which, in our
case, are the initiative titles, representing short queries that
a citizen could employ to find relevant MPs. The output is
a ranking of MP profiles according to their relevance degree.
In the case of subprofiles, we have also experimented with
the two proposed methods (MAX and SUM) of eliminating
repetitions of MPs from the ranking.

Finally, and regarding the details of the performance eval-
uation, this is based on the random partition of 80% of the
initiatives for training (the (sub)profiles are learnt with this
set) and 20% for test, repeating this process five times and
averaging the results for each partition. As ground truth, we
assume that the MPs which are relevant for the title of a test
initiative are those MPs who participate in it. The evalua-
tion measure selected is Normalized Discounted Cumulative
Gain (NDCG@10) [9], which gives information about the
ranking quality.

Although we focus on the performance evaluation of these
ways of building and using profiles, we have to mention that
there are no significant differences in terms of efficency be-
tween building monolithic profiles or subprofiles and later in
their use.

3.2 Result analysis
In this section, the results obtained with the experimenta-

tion presented in the previous section are included in Table
1. In it, the data are arranged in seven columns as follows:

• The three first correspond to parameters related to
the profile learning stage, i.e. the replication method
(Rep.), the term selection method (Sel.) and the size
(Size), respectively.

• The fourth column (Profile) contains the NDCDG@10
values obtained by the monolithic profiles.

• The fifth column (Filter) stores the two types of fil-
tering method used to get a ranking with no repeated
MPs.

• The next one (SubP.) shows the NDCG@10 values for
recommending with subprofiles, and

• Finally, the last column is the percentage of change
(%C), from the NDCG@10 values in subprofiles with
respect to the monolithic ones.

As it can be noticed in Table 1, the NDCG@10 values from
the monolithic profiles are repeated for MAX and SUM fil-
ters from subprofiles in order to ease the comparison. We
also have boldfaced the best results for profiles and subpro-
files.

1https://lucene.apache.org/
2In addition to BM25, several experiments have also been
executed with the Lucene implementations of Vector Space
Model and Language Model, but the performance of this
first model is superior to the rest, so for clarity and space
reasons, only its results are presented in this paper.



Table 1: Parameter configuration, NDCG@10 values
for profiles and subprofiles and the percentage of
change

Rep. Sel. Size Profile Filter SubP. %C

R-Prop Diff 50 0.3415 MAX 0.2798 -18.07
R-Prop Diff 250 0.3530 MAX 0.3138 -11.11
R-Prop Diff 500 0.3471 MAX 0.3095 -10.85
R-Prop Diff 750 0.3452 MAX 0.3114 -9.79
R-Prop Diff 1000 0.3458 MAX 0.3060 -11.53
R-Prop TfIdf 50 0.3654 MAX 0.3139 -14.10
R-Prop TfIdf 250 0.3643 MAX 0.3293 -9.59
R-Prop TfIdf 500 0.3477 MAX 0.3074 -11.61
R-Prop TfIdf 750 0.3340 MAX 0.3021 -9.55
R-Prop TfIdf 1000 0.3227 MAX 0.3041 -5.77
R-TF Diff 50 0.3325 MAX 0.2819 -15.23
R-TF Diff 250 0.3379 MAX 0.3357 -0.66
R-TF Diff 500 0.3443 MAX 0.3394 -1.42
R-TF Diff 750 0.3469 MAX 0.3461 -0.23
R-TF Diff 1000 0.3496 MAX 0.3512 0.47
R-TF TfIdf 50 0.3372 MAX 0.3007 -10.81
R-TF TfIdf 250 0.3483 MAX 0.3511 0.80
R-TF TfIdf 500 0.3432 MAX 0.3397 -1.02
R-TF TfIdf 750 0.3385 MAX 0.3469 2.47
R-TF TfIdf 1000 0.3314 MAX 0.3532 6.59

R-Prop Diff 50 0.3415 SUM 0.3131 -8.31
R-Prop Diff 250 0.3530 SUM 0.3432 -2.76
R-Prop Diff 500 0.3471 SUM 0.3369 -2.95
R-Prop Diff 750 0.3452 SUM 0.3329 -3.55
R-Prop Diff 1000 0.3458 SUM 0.3376 -2.38
R-Prop TfIdf 50 0.3654 SUM 0.3443 -5.77
R-Prop TfIdf 250 0.3643 SUM 0.3613 -0.82
R-Prop TfIdf 500 0.3477 SUM 0.3381 -2.76
R-Prop TfIdf 750 0.3340 SUM 0.3334 -0.17
R-Prop TfIdf 1000 0.3227 SUM 0.3304 2.37
R-TF Diff 50 0.3325 SUM 0.3115 -6.34
R-TF Diff 250 0.3379 SUM 0.3584 6.05
R-TF Diff 500 0.3443 SUM 0.3631 5.46
R-TF Diff 750 0.3469 SUM 0.3653 5.32
R-TF Diff 1000 0.3496 SUM 0.3697 5.77
R-TF TfIdf 50 0.3372 SUM 0.3190 -5.38
R-TF TfIdf 250 0.3483 SUM 0.3721 6.84
R-TF TfIdf 500 0.3432 SUM 0.3675 7.08
R-TF TfIdf 750 0.3385 SUM 0.3699 9.28
R-TF TfIdf 1000 0.3314 SUM 0.3729 12.52

First of all, let us focus on the behavior of monolithic
profiles, drawing the following fact-based conclusions from
the data:

• R−Prop replication is generally better than R− TF ,
although they are very similar.

• For R − Prop, smaller profiles are better than bigger,
while for R− TF larger of medium profiles are prefer-
able.

• Diff usually gets better NDCG@10 values than TfIdf
in larger profiles and worse in smaller ones.

• The best absolute value, i.e. 0.3654, is found in a pro-
file of size 50, using R− Prop and TfIdf .

Regarding the subprofiles, the following findings from the
data are drawn:

• SUM filtering is systematically better than MAX.
The reason could be that non-specialized queries could
occur in the query battery, so in this case, several and
different subprofiles could be high in the original rank-
ing, making MP’s final score to increase.

• In this case, and in opposition to the results from
monolithic profiles, R− TF is better than R− Prop.

• TfIdf tends to be better than Diff .

• The best absolute value is given by the configuration
R− TF , TfIdf , 1000 and SUM : 0.3729.

In any case, the differences in performance between some
parameter values and others, and even between profiles and
subprofiles are not bigger enough to tip the scales in favor
of ones or the others. But when comparing both knowledge
representation techniques, we find that only in 13 experi-
ments out 40 (values underlined in Table 1), the subprofiles
perform better than the monolithic profiles, most of them
when R − TF and SUM are present in the configurations.
The differences in terms of performance, anyway, are very
low, i.e. the NDCG@10 values are really similar.

But what is the explanation for this behavior when spe-
cialized literature maintains that the application of subpro-
files is better than using monolithic profiles? [7]. One possi-
ble answer could be that a rather large number of MPs par-
ticipates a relatively low number of times. Their speeches
would not be enough to learn different quality subprofiles.
Then our supposition is that for those MPs who do not par-
ticipate too much in committees or plenary sessions it is
better to keep their speeches in only one profile. But, at
the same time, those who intervene a lot could have several
subprofiles with a minimum of quality to be representative
of their interest topics.

A second explanation could be the different meaning of the
profile size with respect to the subprofile sizes. When the for-
mer is built, for example, with fifty terms, we could say that
the best fifty of them are included in it. Meanwhile, when
the different subprofiles are learnt, if an MP has participated
in six committees, for example, she would have associated
six subprofiles with fifty terms each (the best fifty in each
committee), i.e. we are using 300 terms in total (although
some terms are probably common for all the committees).
In the profile, we could say that we have a compact repre-
sentation of her speeches, including the most representative
terms from all the committees, while in the subprofiles, in
addition to these terms, we are adding new terms that could
not be very useful and closer to noise. Then, specially for a
low number of interventions, in this case, subprofiles could
decrease the performance of retrieval.

Finally, a third possibility could be that the behavior de-
pends on the type of query: some queries, perhaps the more
politic-oriented ones, seem to be better to retrieve a mono-
lithic profile, capturing much better the essence of the MPs’
discourses, as opposed to other queries, perhaps more spe-
cific, more topic-oriented, which are better to use with sub-
profiles.

With the aim of trying to find if our first hypothesis could
make sense, we have carried out a new set of experiments,
where the monolithic profiles have been joined to subprofiles,



creating a new collection, noted as mixed subprofiles, where
the monolithic profile is a subprofile itself. The objective
then is to observe the performance of the experiments and
determine if it increases mixing both types of profiles. The
results of this new experimentation are included in Table 2,
where:

• The first four columns of Table 2 contains the values
of replication, selection, size and filter methods, as in
Table 1.

• For comparison purposes, we have included the col-
umn %C-SubP-P, where the percentages of change of
NDCG@10 for subprofiles with respect to monolithic
profiles are shown (column %C of Table 1).

• The sixth column contains the NDCG@10 values for
the mixed subprofiles (MSubP).

• The last two columns represent the percentage of change
of NDCG@10 for mixed subprofiles with respect to
monolithic profiles (%C-MSubP-P) and subprofiles (%C-
MSubP-SubP), respectively.

The following facts about mixed subprofiles can be ob-
served from the results of Table 2:

• R − TF is generally better than R − Prop, but again
with only small differences between them.

• Diff seems to obtain higher values with relatively
small sizes (250) with R−Prop and large sizes (1000)
with R−TF ; TfIdf is more steady and always gets the
highest values when the subprofiles contain 250 terms,
independently on the replication method.

• As happened with the subprofile NDCG@10 values,
the SUM filter is always better than the MAX one.

• The best absolute value is 0.3874, found in the R−TF ,
TfIdf , 250 and SUM parameter combination. This
is almost the same combination than for subprofiles,
except the size, which is more reduced.

Comparing the NDCG@10 values and the percentage of
change of mixed subprofiles, firstly with respect to mono-
lithic profiles, we can observe how the performance increases
with 22 percentages of change greater than 0 (column %C-
MSubP-P). A noticeable fact is that except two percentages,
when the SUM filter is applied, the NDCG@10 with mixed
subprofiles is better than the obtained with monolithic ones.
The same behavior is present when we compare mixed sub-
profiles with subprofiles (column %C-MSubP-SubP): 27 per-
centages of change greater than 0, and mixed subprofiles are
always better than subprofiles when using the SUM filter.
Therefore, we may conclude that the inclusion of the mono-
lithic profile as a subprofile itself is positive for increasing
the performance of the MP recommendation.

The results of tables 1 and 2 are NDCG@10 values av-
eraged from the values of the five partitions. An insight of
what is happening inside these partitions could give us a
more accurate picture of the real situation. In this sense, we
try to measure in which way the results depend on the num-
ber of training data. For this purpose, we focus on the iso-
lated results obtained by the different MPs. In the graph of
Figure 1 it can be found that their number of interventions,

represented in decreasing order, were not homogenously dis-
tributed: an MP has got a mean of 92.4 interventions with
a standard deviation of 71.3. Also, focusing on the quartiles
of the distribution it can be found that the 25%, 50%, 75%
and 100% of the MPs participate less than 40, 75, 120 and
380 times in the legislature, respectively.

So, analyzing the results for each MP we can obtain some
information about the importance of the number of training
data. Particularly, for this purpose, we use as performance
measure the recall values obtained for each MP in the test
partition, i.e., the ratio of the number of times that the MP
was properly recommended and the number of his/her ini-
tiatives in the test set. For illustrative purposes, we plot
the results (Figure 2) obtained using the different profiles,
i.e., monolithic, subprofiles and mixed approaches3 in one of
the five partitions, where the X axis represents the number
of interventions of the MP in the training data and the Y
axis represents the tendencies of the recall values (obtained
by means of a linear regression). The averaged recall for
each profile is 0.4309, 0.4644 and 0.4729, respectively. We
would like to note that we speak about tendencies because
the results are highly user dependent, which by itself it could
deserve a deeper analysis from the political science perspec-
tive.

By means of this graph some conclusions could be ob-
tained (although for the sake of simplicity we only show the
results using one partition, the behavior of the rest of parti-
tions is more or less the same): The first one is that when the
number of training data increases, the recall values also tend
to increase, which might be obvious since we have more data
to learn the MPs preferences. This increment is particularly
noticeable for subprofiles.

The trends are not the same for the different profile defini-
tions: Monolithic profiles, comparing with subprofiles, seem
to be better when the number of interventions is very low (in
this fold approximately 20 initiatives, representing the 10%
of the MPs). As the number of training data increases the
recall values for subprofiles outperform monolithic profiles
values. Then, we can say that when the number of MP’s
interventions is low, we do not have enough information to
build quality subprofiles (each one of these subprofiles is
obtained with a verly low number of interventions –one or
two– and therefore it is a low quality profile, being not good
enough for representing MP’s interests), so it is much better
to use monolithic profiles for her.

Next, focusing on the tendencies of subprofiles and mixed
subprofiles, the number of 105 interventions is approximately
the position where both straigth lines crossed, in other words,
where subprofiles start to outperform the mixed approach
(which represents the 35% of the MPs and the 53% of the
recommendations). In this case, the average recall starting
for those MPs with more than 105 interventions is 0.5136
and 0.4971, respectively4. Below this value, representing
the 65% of the users, the mixed approach takes advantage
from both, subprofiles and monolithic profiles, which collab-
orate properly in this hybrid approach obtaining in average
best results with the mixed profile (the averaged recall values
are 0.4473 and 0.4643, respectivley5). So we can conclude
that the subprofiles are better descriptions of the user pref-

3The used configuration was 1000 terms, Diff , R−Tf and
SUM .
4For monolithic profiles, this averaged recall is 0.4423.
5The averaged recall for monolithic profiles is 0.4269.



Figure 1: Number of interventions for MPs.
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Figure 2: Tendencies of the recall values, as a function of the number of interventions for MPs, for monolithic
profiles, subprofiles and mixed profiles, for one of the five partitions.



erences when we have enough data, allowing us to obtain
better accuracy in the recommendations.

4. CONCLUSIONS AND FURTHER WORK
In this paper we have presented a comparison between

monolithic profiles built from all the initiatives in commit-
tee and plenary sessions of the MPs in the Andalusian Par-
liament and those constructed separately for each type of
committee and plenary sessions where the MPs have partic-
ipated, originating a number of different subprofiles for each
MP. These profiles are used as documents in the context of
recommending MPs to users who formulate queries.

These structures, which capture the topics where MPs
are interested in, are built selecting terms from their inter-
ventions by means of TfIdf or Diff measures, and later
replicating the number of terms according with R − Prop
and R−TF techniques. Two ways of filtering subprofiles in
rankings have been proposed, MAX and SUM , in order to
obtain non-repeated MPs in the ranking of subprofiles. In
the two first types of measures the differences in terms of
performance are very low and it is difficult to find a pattern.
However, concerning the filters, we may notice clearly better
results using SUM .

The bare results from the experimentation show that con-
sidering interventions in committee and plenary sessions is
very similar to grouping all of them and building monolithic
profiles. The main problem is that if the number of initia-
tives where an MP participates is low, then quality subpro-
files can not be built, so monolithic ones are preferable. This
fact leads us to think that, in a context where subprofiles are
taken into account, each MP could have a different scheme
depending on the amount of text available for creating pro-
files.

These approaches could be clearly exported to any other
field, outside the parliamentary context. The only require-
ment is that the document collection is divided in categories
from where the subprofiles could be built. Otherwise, if
these are not available, then they could obtained by the ap-
plication of clustering methods.

A deeper sight to the results shows that the use of sub-
profiles could be very beneficial for the purposes of recom-
mending MPs. Furthermore, and in this line, we plan to
create subprofiles by using clustering algorithms, indepen-
dently on the committees or plenary sessions where the MPs
participate. The main advantage of this approach would be
that each MP could have a distinct number of subprofiles,
depending on the groups of terms found, and maybe with
different sizes.
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Table 2: Parameter configuration, NDCG@10 values for mixed subprofiles and percentages of change
Rep. Sel. Size Filter %C-SubP-P MSubP %C-MSubP-P %C-MSubP-SubP

R-Prop Diff 50 MAX -18.07 0.2791 -18.26 -0.23
R-Prop Diff 250 MAX -11.11 0.3144 -10.94 0.19
R-Prop Diff 500 MAX -10.85 0.3096 -10.81 0.05
R-Prop Diff 750 MAX -9.79 0.3078 -10.81 -1.14
R-Prop Diff 1000 MAX -11.53 0.3145 -9.05 2.80
R-Prop TfIdf 50 MAX -14.10 0.3245 -11.19 3.38
R-Prop TfIdf 250 MAX -9.59 0.3321 -8.83 0.84
R-Prop TfIdf 500 MAX -11.61 0.3074 -11.61 0.00
R-Prop TfIdf 750 MAX -9.55 0.2991 -10.45 -0.99
R-Prop TfIdf 1000 MAX -5.77 0.3020 -6.42 -0.69
R-TF Diff 50 MAX -15.23 0.2815 -15.36 -0.15
R-TF Diff 250 MAX -0.66 0.3350 -0.87 -0.21
R-TF Diff 500 MAX -1.42 0.3380 -1.83 -0.41
R-TF Diff 750 MAX -0.23 0.3447 -0.61 -0.38
R-TF Diff 1000 MAX 0.47 0.3518 0.65 0.18
R-TF TfIdf 50 MAX -10.81 0.3139 -6.92 4.37
R-TF TfIdf 250 MAX 0.80 0.3509 0.77 -0.03
R-TF TfIdf 500 MAX -1.02 0.3365 -1.95 -0.94
R-TF TfIdf 750 MAX 2.47 0.3396 0.32 -2.10
R-TF TfIdf 1000 MAX 6.59 0.3445 3.95 -2.48

R-Prop Diff 50 SUM -8.31 0.3327 -2.57 6.27
R-Prop Diff 250 SUM -2.76 0.3597 1.91 4.80
R-Prop Diff 500 SUM -2.95 0.3582 3.18 6.32
R-Prop Diff 750 SUM -3.55 0.3539 2.51 6.28
R-Prop Diff 1000 SUM -2.38 0.3576 3.40 5.91
R-Prop TfIdf 50 SUM -5.77 0.3669 0.41 6.56
R-Prop TfIdf 250 SUM -0.82 0.3811 4.63 5.50
R-Prop TfIdf 500 SUM -2.76 0.3578 2.90 5.82
R-Prop TfIdf 750 SUM -0.17 0.3514 5.21 5.38
R-Prop TfIdf 1000 SUM 2.37 0.3459 7.19 4.71
R-TF Diff 50 SUM -6.34 0.3323 -0.07 6.69
R-TF Diff 250 SUM 6.05 0.3673 8.68 2.48
R-TF Diff 500 SUM 5.46 0.3767 9.43 3.77
R-TF Diff 750 SUM 5.32 0.3796 9.43 3.90
R-TF Diff 1000 SUM 5.77 0.3811 9.02 3.07
R-TF TfIdf 50 SUM -5.38 0.3506 3.97 9.88
R-TF TfIdf 250 SUM 6.84 0.3874 11.24 4.12
R-TF TfIdf 500 SUM 7.08 0.3768 9.80 2.54
R-TF TfIdf 750 SUM 9.28 0.3772 11.42 1.96
R-TF TfIdf 1000 SUM 12.52 0.3780 14.06 1.37
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