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TEAM �CARMEN MOLA�

CHALLENGE 1

Introduction

It is important to note that the number of text documents, comments, reviews and opinions available
nowadays on the Internet is huge and out of the scale of human supervising. In this context automatic
keyword extraction as the process of selection those words that best represent the text content, has raised
as a key tool for public and private institutions or businesses.

Several approaches and models have been proposed in these last years from the simplest ones that compute
statistics from the text like term frequency (TF) or word co-occurrences. Other approaches employ machine
learning that trains a classi�er to �nd keywords. More sophisticated methods are the linguistic approaches.
The last methods to be incorporated in this universe are the graph-based.

Our approach is to combine some of the previous methods to create a more robust corpus of relevant
keywords than applying only one of them. A similar idea is used in the paper provided by the Datathon
organizers [6] which we did not about before. Our inspiration came from the paper [8], where the authors
use a combination of graph centrality measures to outperform the individual ones. In order to process the
large amount of data and the need of scalability we consider the best to develop a Python script to achieve
the goals of the challenge.

Method

Our methodology consists on the combination of already existing methods (both statistical and graph-based)
to extract a series of keywords and then choose the (up to) �ve more relevant for each comment. A �nal
human check was done in order to get rid of the possible gross mistakes (this �nal step is to be removed in
future iterations of the method). An overview of the algorithm used by this team can be seen in the picture.
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The choosing of the methods was with the goal of covering a broad spectrum of approaches to extract
keywords. Here is the list of the methods that we have employed with an brief explanation in brackets. For
further reading, check the links: YAKE! [3] (statistical, unsupervised), TextRank [5] (graph-based, based on
PageRank), TF-IDF[7], FirstPhrases1, PositionRank [4], MultipartiesRank[2], SingleRank[9] and TopicRank
[1] (graph-based, based on topics not single words).

Below we describe how out algorithm works: let be �n� the number of methods we use.

• For every comment we extract the 5 most relevant keywords using the methods described above. This
step will return 5 · n keywords. Notice that the limit of 5 keywords is a parameter, in the paper [6]
they use other limits.

• Since every algorithm uses its own ranking scale we need to create a re-ranking method in order to
decide which 5 keywords are the most relevant overall. We create a 5×n matrix where in every column
we have the 5 keywords chosen by each method sort by relevance, i.e. with the ordering given by that
method. Then, we create a list with the unique words that are in the matrix.

• We associate a vector to each of those unique keywords called Relj [6], where j = jth unique keyword.
We �ll those 6 positions as follows:

a) In the �rst position we compute the total occurrences of that keyword. So, Relj [1] = #appearances
of the keyword in the matrix.

b) In the second position we compute the number of times that that keyword has been selected as
the �rst option for any of the methods. So, Relj [2] = #appearances of the keyword in the �rst
row of the matrix.

c) In the third position we compute the number of times that that keyword has been selected as the
second option for any of the methods. And so on.

• We sort the unique keywords using the values Relj [1], Relj [2], . . . , Relj [6] in this order and in decreasing
value. By doing so, we extract the top 5 keywords.

• Note: in case of a tie in all the parameters between two or more keywords, a random choice among
those keywords will be done.

Conclusions and Future Directions

We run this algorithm in a personal laptop with hardware set-up: AMD Ryzen 7 5800H, 3.20 GHz and 16GB
RAM. The average execution time for each proposal is 3.67 seconds.

• The use of multiple methods provides a better diversi�cation for the search environment of the solutions,
avoiding bias or falling into local maxima.

• For future iterations we consider the idea of creating a function that will give weights to the keywords
given by each method and take that parameter into consideration to create the �Rel� vector.

1Algorith extracting the �rst phrases of a document as the most relevant ones.
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