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Abstract

In this thesiswe study the suitability of a graph-based approach for data discovery in the context
of Open Data BCN with respect to other traditional Machine Learning (ML) or Deep Learning
(DL) methods such as Random Forest or Multi-Layer Perceptron. Data discovery consists on
finding semantic relationships between datasets and their attributes (i.e., similar topic, join-
able, unionable, etc.) in a massive open data repository. We tackle the dataset similarity task,
which we reduce to a classification problem by defining two similar datasets as datasets sharing
the same thematic area which we call: class. Exact and hash-based approaches have shown to
be ineffective in such large environments, this is why we approach the problem from a learn-
ing perspective based on data profiles. We define profiles as representations that capture the
underlying characteristics of the schemata and data values of datasets. Relying on profiles di-
minishes the complexity and enhances the model performances. To this goal, we provide both
an efficient tool to extract datasets from the council’s open data website and a Graph Neural
Network (GNN) framework leveraging a graph representation of the Barcelona’s repository by
representing the datasets as nodes, the node embeddings as profiles and the edges as indica-
tors of two nodes sharing a class. Specifically, we propose to solve a link prediction task using a
Graph Convolutional Neural Network (GCNN) and to later map it into a classification task for
each of the nodes in the graph. This mapping step is done with a novel function we designed
called Class_Selector that uses both the amount of edges involving each of the classes and their
corresponding probabilities. Our experiments show that both the baseline methodologies and
our GCNN approach are able to learn from the training sets but have difficulties generalizing
in the test phase due to the lack of data available in the repository. With respect to the baseline
models, our approach obtains lower accuracy results but those could be improved by introduc-
ing inductive link prediction emerging solutions which are still under development.



Resum

En aquesta tesi estudiem la validesa d’un model basat en grafs per al descobriment de dades
en el context d’Open Data BCN, respecte d’altres mètodes tradicionals d’aprenentatdge au-
tomàtic o profund com ara el Perceptró Multicapa o els Boscos Aleatoris. El descobriment de
dades, conegut com a data discovery, consisteix en trobar relacions semàntiques entre conjunts
de dades i els seus atributs en un repositori massiu de dades obertes (com per exemple, temes
similars, punts d’unió, punts de "join", etc.). Abordem la tasca de semblança, que reduïm a un
problema de classificació definint dos conjunts de dades similars com a conjunts de dades que
comparteixen la mateixa àra temàtica que anomenem classe. Els enfocaments basats en com-
paracions de valors exactes o en funcions de hash resulten ser ineficaços en grans entorns de
dades, per això abordem el problema des d’una perspectiva d’aprenentatge basada en perfils de
dades. Aquests són representacions que capturen les característiques subjacents dels esquemes
i els valors dels conjunts de dades. Basar-se en els perfils disminueix la complexitat i millora
el rendiment dels models. Amb aquest objectiu, proporcionem una eina eficient per extreure
conjunts de dades del portal de dades obertes de l’ajuntament i una implementació d’una Xarxa
Neuronal basada en Grafs (GNN) que es beneficia de representar el repositori de Barcelona en
forma de graf. Això s’aconsegueix codificant els conjunts de dades com a nodes, els seus perfils
com a informació continguda al node (embedding) i un indicador de si dos conjunts de dades
comparteixen classe com a una aresta. Concretament, proposem resoldre una tasca de predicció
d’arestes mitjançant una Xarxa Neuronal Convolucional basada en grafs (GCNN). Posterior-
ment ho transformem a una tasca de classificació per a cadascun dels nodes del graf. Aquesta
transformació es realitza amb una nova funció que hem dissenyat anomenada Class_Selector
que utilitza tant la quantitat d’arestes relacionant nodes pertanyents a una classe específica,
com les probabilitats assignades pel model a aquestes arestes. Els nostres experiments mostren
que tant les metodologies bàsiques com el nostre model de GCNN són capaços d’aprendre dels
conjunts de’entrenament, però que tenen dificultats per generalitzar en la fase de prova a causa
de la manca de dades disponibles al repositori. Pel que fa al rendiment del nostre model, no
s’aconsegueixen sobrepassar els resultats dels models més tradicionals. No obstant, el model
de GCNN es podria millorar introduint solucions recents de predicció d’arestes inductiuves que
encara estan en ple desenvolupament.



Resumen

En esta tesis estudiamos la validez de un model basado en grafos para el descubrimiento de
datos en el contexto de Open Data BCN con respecto a otros métodos tradicionales de apren-
dizaje automático o profundo como los Bosques aleatorios o el Perceptrón multicapa. El de-
scubrimiento de datos, conocido como data discovery, consiste en encontrar relaciones semán-
ticas entre los conjuntos de datos y sus atributos en un repositorio masivo de datos abiertos
(por ejemplo, temas similares, puntos de unión, puntos de "join", etc.). Abordamos la tarea
de similaridad, la cual reducimos a un problema de clasificación al definir dos conjuntos de
datos similares como conjuntos de datos que comparten la misma área temática a las que lla-
mamos clase. Los enfoques basados en valores exactos o en funciones de hash se han mostrado
ineficaces en entornos tan grandes, por eso abordamos el problema desde una perspectiva de
aprendizaje basada en perfiles de datos. Estos se definen como representaciones que capturan
las características subyacentes de los esquemas y valores de los conjuntos de datos. Utilizar los
perfiles disminuye la complejidad y mejora el rendimiento del modelo. Con este objetivo, pro-
porcionamos una herramienta eficiente para extraer conjuntos de datos del repositorio de datos
abiertos del ayuntamiento de barcelona y una implementación de una Red neuronal basada en
grafos (GNN) que se beneficia de la representación del repositorio de Barcelona como un grafo.
Esto se consigue al codificar los conjuntos de datos como nodos, sus perfiles como información
contenida en el nodo (embedding) y un indicador de dos nodos compartiendo clase como una
arista. Específicamente, proponemos resolver una tarea de predicción de aristas utilizando una
Red neuronal convolucional basada en grafos (GCNN). Esta tarea es posteriormente transfor-
mada a una tarea de clasificación para cada uno de los nodos del grafo. Esta transformación
se realiza con una nueva función diseñada a la que llamamos Class_Selector. Esta usa tanto
la cantidad de aristas que involucran a cada una de las clases, como las probabilidades cor-
respondientes que el modelo les ha asignado. Nuestros experimentos muestran que tanto las
metodologías más tradicionales como nuestro modelo de GCNN pueden aprender de los con-
juntos de entrenamiento, pero tienen dificultades para generalizar en la fase de prueba debido a
la falta de datos disponibles en el repositorio. Nuestro modelo de GCNN no consigue alcanzar
los resultados obtenidos por las propuestas más tradicionales. No obstante, estos resultados
podrían mejorar mediante la introducción de soluciones emergentes de predicción de enlaces in-
ductivos que están actualmente en pleno desarrollo.





Contents

1 Introduction 6
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.2 Data Discovery . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.3 Open Data Discovery . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.3.1 Open Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.3.2 Data Discovery in Open Data . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.4 Use case: Open Data Discovery in Barcelona . . . . . . . . . . . . . . . . . . . . . 11
1.4.1 Open Data BCN and Barcelona’s Data Ecosystem . . . . . . . . . . . . . . 11
1.4.2 Problem Formalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.5 Graph Neural Networks for Open Data Discovery in Barcelona . . . . . . . . . . . 13
1.5.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.5.2 Proposal and Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.5.3 Novelty of the Proposal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2 Preliminaries 15
2.1 Classification Predictive Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2 Graph Neural Networks (GNNs) . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.1 Graphs and Graph embeddings . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.2.2 Neural Message Passing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.2.3 Graph Neural Networks (GNNs) and Graph Convolutional Neural Net-

works (GCNNs) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.2.4 Learning Tasks on Graphs (Applications) . . . . . . . . . . . . . . . . . . . 18

3 Data Collection and Preparation 21
3.1 Data Collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.1.1 Scraper . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.2 Data Preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.2.1 Data Cleaning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.2.2 Data Profiling: Meta-Feature Extraction . . . . . . . . . . . . . . . . . . . . 24
3.2.3 Data Preparation as Input for Models . . . . . . . . . . . . . . . . . . . . . 26

4 Overview of Classification Approaches Proposed for Barcelona Open Data Discovery 28
4.1 Classification using traditional ML . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.1.1 Logistic Regression (LR) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
4.1.2 Random Forest (RF) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.1.3 Suport Vector Machines (SVM’s) . . . . . . . . . . . . . . . . . . . . . . . . 29

4.2 Classification using Neural Networks (NN’s) . . . . . . . . . . . . . . . . . . . . . 30
4.2.1 Multi-Layer Perceptron (MLP) . . . . . . . . . . . . . . . . . . . . . . . . . 30

5 Overview of the Link Prediction - GCNN Approach Proposed for Barcelona Open
Data Discovery 32
5.1 Choice of Link Prediction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

5



5.2 Input Graph Representation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5.2.1 Input Graph for Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
5.2.2 Input Graph for Testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

5.3 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
5.4 Link prediction to Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

5.4.1 Class Selector Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

6 Results and Discussion 40
6.1 Baseline methods Results and Evaluation . . . . . . . . . . . . . . . . . . . . . . . 40

6.1.1 Train and Test Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
6.1.2 Confusion Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

6.2 GCNN approach Results and Evaluation . . . . . . . . . . . . . . . . . . . . . . . 42
6.2.1 Results Link Prediction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
6.2.2 Results Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

6.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
6.3.1 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

7 Related Work 48

8 Conclusions and Future Work 49



1 Introduction

1.1 Motivation

For years now, data science has been defined as "The sexiest job of the 21st century" [1]. But
being a data scientist involves facing a vast number of challenges before arriving at the specific
tasks that are considered to be the heart of their job. At the very beginning they are limited by,
not only the quantity and quality of data, but the capacity of evaluating and extracting useful
information from it.

Nowadays, the hardest task to solve and the one requiringmost time, consuming approximately
an 80% of the time spent in a data science project, is data integration, which is mainly composed
by data cleaning and data discovery. Moreover, 76% of data scientists also consider those parts
as the worst of their jobs [2]. Not only it is time-consuming, but it is highly exhausting as it
gets aggravated by the propagation of large-scale repositories, such as open data repositories or
data lakes, which host large amounts of unstructured and heterogeneous data, making it hard
to obtain useful insights from it without a previous data preparation process. [3, 4].

Automating these kind of tasks in such complex environments by taking advantage of the power
offered by emerging techniques such as Artificial Intelligence (AI) can be a good opportunity
to ease, fasten and improve those arduous processes. This would give the benefit of spending
more time in focusing on solving specific data science problems and offer better solutions at the
end.

This thesis focuses on profit from arising Deep Learning (DL) models called Graph Neural
Networks (GNNs) to help carrying out data discovery tasks proposing self-regulating method-
ologies. The asset of using those models relies on the ability they have to exploit further aspects
than the ones we could exploit using other Machine Learning (ML) or DL approaches, such as
connectivity and topology. As an added value, in the data discovery context GNNs have not yet
been delved into as they are still a very novel AI-research topic that requires further exploration
for fully being aware of their rich potential.

The project is specifically centred in Open Data Discovery for the city of Barcelona, as it takes
part of a bigger project for the city council: An Automatic Data Discovery Approach to Enhance
Barcelona’s Data Ecosystem carried out by the Database Technologies and Information Management
Group (DTIM), a research group in Universitat Politècnica de Catalunya (UPC).

1.2 Data Discovery

We define as data discovery (also called dataset discovery by some authors[5]) the process of
navigating numerous data sources in order to find relevant datasets as well as the relationships
among those. Data discovery takes part of data integrationwhich along data cleaning constitute
the most tedious, cumbersome and confusing data science tasks. Moreover, data integration is
deemed to be one of the hardComputer Science unresolved problems as it encompasses volume,
velocity, variety and veracity of data. Not only integrating known data hinders getting insights
and making analysis, but to that is added a more substantial problemwhich is finding the right
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data in a large and heterogeneous environment to solve a data science problem [6]. This is the
heart of data discovery.

Data analytics is becoming increasingly valuable for business operations throughout all indus-
tries as extracting and analyzing KPIs or organization metrics allows the companies to gain
insights into their capabilities to optimize their general performance. In business analytics data
discovery is also defined as: "The collection and analysis of data from various sources to gain insight
from hidden patterns and trends. Through the data discovery process, data is gathered, combined, and
analyzed in a sequence of steps. The goal is to make messy and scattered data clean, understandable, and
user-friendly." [7]. That is why we say that data discovery requires skills in understanding data
relationships and data modeling as well as in using data analysis and guided advanced analyt-
ics functions as its ultimate goal is to boost a dataset with information previously unknown to
the user [5].

The greater part of data discovery, focuses on tabular data, which is data structured into equally-
dimensional rows containing the same attributes providing values to those rows. This is because
it frames the main form of datasets in both enterprises and the web, often found under CSV
formats, spreadsheets, database relations and web tables1.

There are a lot of tasks constituting data discovery, but the main are:

• Finding similar datasets to a given one, defining ways to measure their similarity.

• Finding unionable and duplicates of datasets to augment them with additional attributes
that furnish extra information.

• Finding joinable datasets to cross data to expand it with new an interesting related topics.

The tasks above are presented in decreasing complexity. In this thesis we will attack the very
first one. Its difficulty relies on the definition or the decision of the similarity metric used to
compare datasets. Sometimes similarity between datasets can be determined by its labels, if
they are specified, or by their category, if they belong to a class of any kind, but other times
it is very hard to establish a measure that is able to capture the resemblance between tables.
The second and third ones, finding unions, duplicates and joins go a step further in terms of
difficulty as they demand special treatments to capture the right associations between chunks
of data. Something that can hinder the complexity of the tasks is changing their granularity.
Indeed, we can perform data discovery at two different levels: we can do it at dataset level or at
attribute level. Both of those modalities have a handful techniques and approaches. The most
common are:

• Comparison by value: approach that compares exact values. It is characterised by the use
of auxiliary data structures, which are helper data structures to solve a given problem,
such as dictionaries, lists, inverted indexes, queues, and more, to minimize the lookup
cost.

1In the context of this thesis we will work only with CSV formats as it is the only format in which tabular data is
provided by Open Data BCN repository.
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• Comparison by hash: approach that relies on the fact that applications frequently read
or write data that is identical to already existing data [8]. It uses hash functions to map
variable length inputs to fixed length outputs and then compare them to see if they are
similar. This technique also employs index structures for efficient threshold index.

• Comparison by profile: based on the meta-feature extraction of datasets (or attributes) to
form profile tables called profiles, that will be compared to apprise similarities or shared
information between them.

Search accuracy

Exact. . . . . . . . . . . . . . . . . . . . . . . . . .Approximate
Comp. by value
[9] [10] [11]

Comp. by hash
[12] [13] [14] [15]

Comp. by profile
[16] [17] [18]

Expensive. . . . . . . . . . . . . . . . . . . . . . . . . .Efficient

Algorithimc complexity

Table 1: Overview of approaches by technique. These are further arranged according to the kind of search and their
algorithmic complexity. The table is extracted from [19].

The first two approaches have some disadvantages that the last one does not have. One of them
is that in big data the use of index structures demands a high amount of computing resources
so that we can maintain them properly. The other drawback is that given that the similarity
measure employed is either containment2 or Jaccard distance3, precision is highly affected since
they produce a large number of false positives [19].

Contrarily, methodologies based on profiles comparison remain unaffected by the liabilities
mentioned above. Moreover, not using data values directly but a summary formed by their
meta-features shrinks the amount of data to deal with, diminishing the complexity of the prob-
lem and in consequence improving the efficiency of the solution. Due to all of those benefits,
this approach is highly used when wanting to introduce ML in data discovery[19]. Indeed, us-
ing profiles enhances the use of models that can learn from them to predict similarities, unions
or joins. Although all of these benefits appear to be appealing, there also are some drawbacks
when using profile-based methods. Experimentally we can observe a large gap in the trade-
off regarding the quality of the results, in terms of predictive performance, obtained with this
approach compared to hash or value comparison methods. Which is why we aim to explore
advanced techniques that take benefit of the natural graph-structure and the interrelationships
between datasets and attributeswhich could help on finding newways to improve profile-based
approaches by keeping its scalability advantage and trying to improve its predictive perfor-
mance.

2The containment similarity measures similarity between finite sample sets, and is defined as the size of the
intersection of the sets divided by the size of one of them: containment_similarity(A,B) = |A∩B|

|A|
3The Jaccard coefficient measures similarity between finite sample sets, and is defined as the size of the intersec-

tion divided by the size of the union of the sample sets: Jaccard_distance(A,B) = |A∩B|
|A∪B|
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Overall, in data lake settings4, profile-based methods are clearly the way to go [20]. Those
methods also carry some challenges such as how to create the profiles of the datasets, or their
attributes, in a way that they are easy to compute and compare while still being representative
enough to ensure a good learning approach on them to obtain scores of accuracy and precision
that could be comparable to the ones obtained with non-scalable techniques.

1.3 Open Data Discovery

1.3.1 Open Data

Open data is defined as data that is publicly accessible for all to use, republish and build-on,
with no limitations imposed by copyright or any control mechanisms. This description is based
on three key concepts which explain why Open Data is so strong: i) Availability and Access, ii)
Re-use and Redistribution, and finally iii) Universal Participation [21].

While the principles underlying open data exists and has been well-established for a long time,
the concept of open data is relatively new, having gained traction with the advent of the internet
and World Wide Web, as well as the introduction of open-data government initiatives. In fact,
Open Government Data (OGD) is probably one of the most important forms of open data. It is
spreading in governments all over the world because it helps making their data more complete,
primary, and timely [22]. It is a concept that encourages openness, accountability, and value
development by rendering government data accessible to everyone. Large amounts of data and
documents are generated and commissioned by public institutions. By making their datasets
available those institutions become more transparent and accountable to citizens.

Many countries have add up to this initiative by opening portals of open data managed by their
city councils. Examples of that are: Canadian Open Portal5, Berlin Open Data6, Data GO JP7,
Open Data BCN8, Paris Data9, and others.

Something we can notice about those kind of portals is that:

• Their datasets are always categorized in similar topics forming classes of labeled datasets.

• The datasets contained in each of the class may follow the same schema: same columns
and dimensions.

• The structure of a given dataset is very provider-dependant, it changes depending on from
where or whom it was obtained, creating an heterogeneous repository.

• Data is denormalized, meaning that it does not implicitly contain relations among tables
using primary and foreign keys. They have to be related explicitly.

4set of centralized repositories containing vast amounts of rawdata (either structured or unstructured), described
by metadata, organized into identifiable data sets, and available on demand

5https://open.canada.ca/en/open-data
6https://daten.berlin.de/
7https://www.data.go.jp/?lang=en
8https://opendata-ajuntament.barcelona.cat/es/
9https://opendata.paris.fr/pages/home/
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Figure 1: Example of data distribution of the Data Europa EU portal

Although this is an increasing movement, for now, open data remains an exception. Encour-
aging open data initiatives, a foundation called Open Data Barometer10 measures how govern-
ments are publishing and using open data for accountability, innovation and social impact. It
aims to uncover the true prevalence and impact of open data initiatives around the world by
measuring readiness, implementation and impact of the data stated as "open" by the countries.

1.3.2 Data Discovery in Open Data

Initiatives like open data encourage the shareability of data coming frommany different sources
and in consequencewe notice a growth in its diversity, generating repositories of heterogeneous
data. We may think of variety as a positive aspect because it allows an increase in the amount
of knowledge and information in our data, but if open repositories are not maintained and their
data is not well integrated they can become very clutter and turn into data swamps11 loosing all
its interest. Efforts to support genuine openness often include specialized teams who manually
collect or analyse data from tens or hundreds of sources and laboriously edit, assemble, classify
and label it, among others, to generate different categories or topics.

Taking into account the importance of open data, particularly OGDs, it is key to provide tools
to handle properly the data integration step. This is where data discovery plays a very impor-
tant role and why it is crucial to automate it by introducing AI rather than letting those tasks
be solved manually. Scientists are aware of this, and hence, there are many initiatives working
on data discovery for open data portals/repositories. For example, in [22] Renée J. Miller et al.
propose different approaches to performdata discovery, specifically finding joinable and union-
able datasets, on open data. They experiment with the Canadian Open Portal and present ideas
based on LSH, search engines and connectivity graphs. Nonetheless, it leaves some problems
open, remarking that data discovery is not an easy task. At the end, they give table join and
table union search solutions that provide interactive search speed over massive collections of

10https://opendatabarometer.org/?_year=2017&indicator=ODB
11A data swamp is an unstructured, ungoverned, and out of control data lake where due to a lack of process,

standards and governance, data is hard to find, hard to use and is consumed out of context.
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attributes with heavily skewed cardinality distributions. Through examples, they also highlight
the power of search solutions making open data more transparent and usable.

Nevertheless, one of the drawbacks of using LSH methods is that it is not a scalable approach
and, for growing repositories such as open portals, this can become a limited solution. We
state, that for data discovery in open data the most suitable approach would be the one based
on profiles comparisons.

1.4 Use case: Open Data Discovery in Barcelona

1.4.1 Open Data BCN and Barcelona’s Data Ecosystem

The city of Barcelona has its own open data portal called Open Data BCN. Open Data BCNwas
born in 2010 and is managed by the Barcelona’s city council, more specifically the Department
of Statistics and Data Dissemination of the Municipal Data Office. This platform has as goal to
provide open and accurate data related to Barcelona’s citizens and infrastructures. It currently
has approximately 490 datasets categorized in different thematic areas as shown in Figure 2.

The amount of datasets in each category is not balanced, being city and services the onewithmost
datasets (around 160) and economy and business the one with less data (around 20 datasets).
Exploring the classes and the type of data contained in each, we can see that for some cases we
havemultiple instances of a same dataset but for different years, type of vehicles, buildings, etc.,
which makes us think that these have been generated slicing a multi-dimensional dataset, and
in consequence they share the same attribute structure.

Figure 2: Thematic areas in the dataset catalogue of Open Data BCN

In Open Data BCN, data are displayed in many file formats such as: CSV, DGN, DWG, SHP,
KMZ, WMS, JSON, WMTS, XML, RDF, among others, being the CSV the most frequent.

The Barcelona’s Data Ecosystem is also formed by other open data portals such as: TourismData
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System12, Institut d’Estadística de Catalunya13, Àrea Metropolitana de Catalunya14, Real-time
Bicing data15, BIOCOMSC COVID-19 reports16, Meteocat REST API17, among others.

There also are data sources ownedby third-party organizations that demand subscriptionmech-
anism in order to have access to their data. The type of data produced by these platforms is cru-
cial for studying population and their behaviour. There are data providers that span the entire
scope of data relating to Barcelona’s urban challenges, such as: tourism, food supply, popula-
tion, well-being, mobility and housing and basic services. These kind of data has harder access
as organizations keep them behind pay-walls.

One of the limitations that the Barcelona’s Ecosystem has is that it is somehow composed by in-
dependent sources of datamaking integration a non-trivial process. Those data sources become
isolated silos with unlinked data generating a vertical view. Whereas addressing Barcelona’s
urban challenges intelligently would require having an horizontal view, which is achieved by
finding, contextualizing and crossing data.

1.4.2 Problem Formalization

This thesis focuses on solving the similarity task of data discovery, using tabular data (CSV
format), specifically in the Open Data BCN context. To formalize our problem we define the
following concepts:

Profiles. A profile P for a dataset Dn, reffered as P (Dn) is a set of both numeric and nominal
meta-featuresm1, ...,mm. Eachmi is a statistic about the content of an attribute of Dn.

Similarity. Let A = {A1, . . . , Ak} be a set of thematic areas, and D = {D1, . . . , Dm} a set of
datasets. Each Di belongs to a thematic area Ai (denoted t(Dn) = Ai). We say two datasets
Di, Dj are similar if t(Di) = t(Dj).

Similarity function. LetD = {D1, . . . , Dm} be an open repository composed by tabular datasets.
We define a function F (P (Di), P (Dj)), such that for a pair of profiles P (Di), P (Dj) it outputs
true if t(Di) = t(Dj) or false otherwise.

In other words, two datasets share the same thematic area, and hence, are similar. The prob-
lem of finding similarities among datasets will be reduced to predict their thematic area to see
whether they belong to the same or not. Hence, given a new unlabeled dataset what we want
is to predict its thematic area to know its similarity with other datasets of the repository.

The rest of the thesis is devoted to present our approach of the similarity function F using a
GNN model to predict similarities among datasets of the Barcelona Open repository.

12https://barcelona.tourism-data-system.cat/
13https://www.idescat.cat/emex/?id=080193
14https://www.amb.cat/s/web/area-metropolitana/dades-obertes.html
15https://www.bicing.barcelona/dades-bicing
16https://biocomsc.upc.edu/en/covid-19
17https://apidocs.meteocat.gencat.cat/
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1.5 Graph Neural Networks for Open Data Discovery in Barcelona

1.5.1 Background

In the last decade, neural network models have been developed successfully for structured data
such as text, images, audios or videos. The connection structure between layers makes neu-
ral networks suitable for processing signals in tensor forms where the tensor elements are ar-
ranged in a meaningful order. This fixed input order is fundamental for neural networks to
extract higher-level features [23]. Nevertheless, in certain cases data can be presented under
complex relational forms that lack a tensor representation with fixed ordering. An example is
graph-structured data. Graphs are universal data structures made up of nodes and edges that
can represent complex relational data. Additional challenges arrive with these kind of struc-
tures making traditional deep learning limited to handle complex relational data. For example,
convolutions, which are typical operations of networks, cannot be explicitly extended to irreg-
ular graph domains. These challenges, sparked the development of Geometric Deep Learning
(GDL) research, which aims to apply deep learning techniques to non-Euclidean data and since
graphs are so common in real-world implementations, there has been a surge of interest in ap-
plying learning methods to them [24].

In the past few years, Graph Neural Networks (GNNs) have emerged as an effective class of
models for learning embeddings of nodes. GNNs are based on a recursive neighborhood ag-
gregation (ormessage passing) scheme, inwhich each node aggregates the feature vectors of its
neighbors to compute its ownnew feature vector [25]. These representation learning techniques
learn a mapping that embeds nodes, or even entire graphs, as points in a low-dimensional vec-
tor space Rd. The objective is to optimize this mapping such that geometric relationships in the
embedding space match the original graph’s structure. The learnt embeddings can be utilized
as feature inputs for downstreamML tasks after the embedding space has been optimized (i.e.
schema matching or entity alignment) [26].

1.5.2 Proposal and Contributions

Data integration tasks such as data discovery can be vastly enhanced by the use of arising deep
learning models based on graphs. Indeed, when we need to go beyond attribute name compar-
ison, graph data structures can help in catching data distributions and their relationships. This
is possible thanks to the flexibility and interoperability of the graph data model, where instead
of storing all instances of a dataset we can store succinct and informative summaries of them.

This is why, in order to efficiently and effectively address large-scale data discovery, we pro-
pose to introduce GNN models to solve profile-based approaches for the similarity task at
dataset level. We would represent the different elements of the Open Data BCN repository us-
ing graphs, where the nodes would denote the datasets with arbitrary complex meta-features.
We would call their data profile as the node embeddings, and the edges would denote simi-
larities between the aforementioned datasets. Using the proposed graph representation of the
input data, we can learn node embeddings, and performmatching operations in the embedded
space. In order to perform comparisons for the matching tasks, we must obtain a convenient
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representation that is able to capture both, structural and semantic information of the nodes in
the graph. For all the reasons stated above, we aim to explore the Graph Convolutional Net-
work (GCN) approach, to generate a vectorized representation of the nodes (embeddings) in
the graph.

Particularly, wemake hypotheses summarized in the following research questions that the thesis
will address:

• RQ1: Can Graph Neural Network-based techniques be used for data discovery in Open
Data BCN repository?

• RQ2: Can we notice an improvement in the performance (in terms of accuracy) of GNN
approaches in front of more classical data discovery methodologies?

To approach these research questions we will work on both a GNNmodel and more traditional
ML and DL techniques.

1.5.3 Novelty of the Proposal

In this proposal we advocate for a novel GNN-based approach for data discovery on large-scale
repositories of heterogeneous, independently created datasets. Ourwork ismotivated by (i) the
poor predictive performance of current profile-based solutions, and (ii) the inability to scale-
up of hash-based approaches, as well as their low precision, which is undesirable for large-scale
scenarios. There are other works proposing to learn embeddings from graph representations
[27, 28, 29, 30], or directly from the columns of tabular datasets. However, these leverage in-
stance data from the datasets and will thus fail at large-scale data lakes such as Barcelona’s. To
the best of our knowledge, the proposal is unique as it combines computation of large volumes
of data while retaining high predictive quality.
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2 Preliminaries

2.1 Classification Predictive Modeling

In machine and deep learning, classification refers to a predictive modeling problem where
a class label is predicted for a given example of input data. Commonly classification models
estimate a continuous value as the probability of a given example belonging to each output
class. The probabilities reflect the likelihood or confidence that a given example belongs to each
class. By choosing the class label with the highest probability, an expected probability may be
translated into a class value. In order to validate the classification capacity of the model there
are many available metrics (i.e. accuracy, precision, recall, F-score).

There are different types of classification tasks:

• Binary Classification: It consists in assigning an element into a set of two classes using
a classification rule or a classifier. Typically, binary classification tasks involve one class
that is the normal state and another class that is the abnormal state. Commonly, binary
classifiers are modeled by predicting a Bernoulli probability distribution for each data
instance. The higher outcome of probability of each class will be the one assigned to the
element. For example, classifying whether a new is real or fake is a Binary Classification
problem.

• Multi-Class Classification: It generalizes Binary Classification to problems where there
exist multiple options of class membership. In these problems, the output is a discrete
probability distribution over the set of possible classes. As in Binary classification, we
consider a unique class membership for each observation. For example, the classification
of facial expressions from images can define a multi-class classification problem since a
face could either be sad, happy, angry, surprised or other.

• Multi-Label Classification: Compared to classes, labels are not considered unique anno-
tations for input observations. In this way, label classification can tag observations with
different number of annotations. For instance, object detection from images is a multi-
label classification problem since an image could contain only a dog, or could contain
both a dog and a cat, or a dog, a cat and a person.

Inmachine learning, some algorithms that are typically used for solving classification problems
are: Logistic Regression (LR) [31], Decision Trees (DT) [32], Support Vector Machines (SVMs) [33],
k-Nearest Neighbours (k-NN) [34]. In these cases, an important part of the performance of the
models depends on the observation representations. Depending on how the observations are
encoded, these can belong to dimensional spaces where it can both be easier or more difficult
to classify in. It is a common challenge in machine learning to perform accurate feature engi-
neering so that the classification framework is suitable. Moreover, feature engineering can be
complicated with tabular data but even more with more complex data structures like images or
text. For this reason, machine learning extends to deep learning by using sophisticated artificial
neural network architectures. Neural Networks are complex and robust architectures adaptable
to awide range of domains. The later is possible sinceNeural Networks carry an embedded rep-
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resentation learning system that allows them to learn useful feature representations from raw
data in an autonomous way. However, they demand larger quantities of data, which is not ac-
tually a severe problem nowadays. With all this, different configurations of Neural Networks
have succeeded in solving classification problems (amongmany others) in domains as complex
as images, videos and text.

2.2 Graph Neural Networks (GNNs)

With the usage of deep learning architectures the AI community has solved problems in do-
mains that traditional ML could not tackle. Either image-based (i.e. image classification, object
segmentation, video trajectory tracking), text-based (i.e. text semantic recognition, question
answering) or voice-based (i.e. speech understanding or generation) problems cannot be ap-
proached with ML because they are not based on input tabular data. In this way, Neural Net-
works are well-suited to processing data in tensor forms, with the tensor components ordered
in a meaningful order, thanks to the connection structure between layers. In fact, computer
vision and Natural Language Processing are two fields of study that have experienced revolu-
tionary results through DL (i.e. Recurrent Neural Networks (RNN) and Convolutional Neural
Networks(CNN)). Even though images, text or audio signals propose more challenging set-
ups than tabular data for autonomously learning patterns, in many settings data can have even
more complex structures that lack a tensor representation with fixed ordering and can not be
tackled with standard NNs. An example are graphs, which do not have sequential nor grid-
like representations and do not provide an embedded spatial locality property or a fixed node
ordering and hence can not be tackled with standard NNs. For those structures we use Graph
Neural Network (GNN) approaches.

2.2.1 Graphs and Graph embeddings

Formally, we define a graph as a pairG = (V, E)whereV = v1, . . . , v|V| is the vertex or node set and
E = e1, . . . , e|E| is the set of edges that connects them, where each edge ek ∈ E represents a pair of
nodes (vi, vj)with vi, vj ∈ V . We say a graph isweighted if there exists a function that assigns a
weight to an edge between a pair of nodes: w : (vi, vj)→ wij . Contrarily, we say that the graph is
unweighted. We define a directed graph as a graph in which the order of the node-pair (vi, vj)
given by an edge ek is not permutable, as (vj , vi) may not belong to E . On the other hand, we
say a graph is undirected if the fact that (vi, vj) ∈ E implies that (vj , vi) ∈ E . Then for an edge
ek with (vi, vj) and an edge el with (vj , vi) we have that ek = el and that the relations between
nodes are symmetric. The definitions are taken and adapted from [24]. We can represent a
graph G = (V, E) with an Adjacency Matrix A ∈ M|V|x|V| whose elements indicate whether
pairs of vertices are adjacent (they define an edge) or not. We assume the matrix binary, with
an arbitrary element from A, aij = 1 meaning that the pair (vi, vj) ∈ E and aij = 0 otherwise.
We also define theDegree Matrix D ∈M|V|x|V| as a diagonal matrix containing the number of
edges attached to a node. Hence, the count of edges containing vi is stored in the i-th item of
the diagonal. Additionally, we define the neighbourhood of an arbitrary node vi, N (vi) as the
set of the nodes vj such that there exists an edge (vj , vi) ∈ E .
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Recently in DL there has been an emerging interest in learning from graphs since there exist
large amounts of data that are encoded in this format, such as social networks, biological struc-
tures like proteins and molecules, among others. That is why Graph Representation Learning
(GRL) methods, which aim at dealing with these kind of data, have gained popularity in the
last decade. As other typical NNs approaches, GRL learns from low-dimensional vector repre-
sentations of the graphs called graph embeddings or network embeddings [27, 24]. The goal
of converting graph attributes to vectors is to make graph data useful as inputs for DL mod-
els such as NNs, which have been shown to operate well with tensor data. Node embeddings
encode nodes so that similarity in the embedding space approximates similarity in the graph.

Formally, given a graph G = (V, E) represented with an adjacency matrix A ∈ M|V|x|V|, we
define low-dimensional vector representations {Zi}i∈V for nodes vi ∈ V in the graph called
graph embeddings, such that graph properties are preserved [24]. For instance, if two nodes
have similar connections in the original graph, their learned vector representations should be
close. We denote as Z ∈ R|V |×d the node embedding matrix.

2.2.2 Neural Message Passing

The major common approach for tackling graphs with Neural Networks is with message pass-
ing, which tries to generalize the convolution operation present in classical DL approaches to
the graph format. Message passing works over the key idea that the feature information of the
node is passed through the structure of the graph and updated to the node that receives it. We
define the states of the node vi at a specific time t: hit as the embedded information of this node
at time t. Message passing has the following steps:

• Fetch the current (t− 1) neighbour states of a node vi: hjt−1, ∀vj ∈ N (vi).

• Prepare the messages the node will receive from its neighbours: f(hjt−1), ∀vj ∈ N (vi).

• Summarize/Aggregate the information received by the node obtaining the new node state
for vi: hit.

In the message passing framework, the step of information update happens at the same time
for all the nodes of the network. The preparation and aggregation processes are shared among
all nodes. Besides, the number of update steps to perform is a user-defined hyper-parameter.
Another particularity of message passing is that what we call the node receptive field of a node,
which is the set of nodes passing a message to a specific node, increases at each step with the
node neighbourhood.

2.2.3 Graph Neural Networks (GNNs) and Graph Convolutional Neural Networks (GC-
NNs)

Any GNN can be understood over the idea of neural message passing. In the definition of
a generic GNN we define hi0 as the initial features of node vi and hiT its embedding after T
updates. Then the general update formula of a node is:
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hit = σ

Uhit−1 +W
∑

v∈N (i)

Ekh
j
t−1


Where the matrices U , W , and Ek are the GNN trainable weights. U is learnt such that the
important information of the node embedding in the previous update hit−1 is preserved. W
is learnt such that the valuable information in the nodes vj ∈ N (i) is accordingly passed to
the node vi (N (vi) being the neighbourhood of node vi). Then Ek defines the way the edge
attributes influence the information passed from neighbouring nodes vj ∈ N (vi) to vi. Finally,
σ(x) is a non-linear activation function that enables the GNN to estimate complex functions.
With all this, we can feed the final embeddings of the nodes to a suitable loss function for the
given task and update the GNN weights to minimize the loss (i.e. with Stochastic Gradient
Descent).

A popular and more specific approach to define a GNN is the Graph Convolutional Neural
Network (GCNN) defined as:

hit = σ

 ∑
vj∈N (i)

Wth
j
t−1

deg(i)

 (1)

Where we extend the convolution operation to graphs by learning a shared weight matrix W
that effectively transforms and aggregates the information between neighbouring nodes. The
matrix form of Equation 1 is the following.

H i
t = σ

(
D−

1
2AD−

1
2Ht−1Wt

)
(2)

Where matrices A and D are the adjacency and degree matrices respectively and Ht−1 stores
the node embeddings of all the nodes in the previous update.

The matricesA andD are usually modified to include self-loops. These are edges that are added
from each node to itself. In this way, we open a channel for nodes to maintain a degree of
information from their own embedding in the last update.

2.2.4 Learning Tasks on Graphs (Applications)

The objective of GNN in a graph is to learn meaningful node embeddings that encode the node
features in a meaningful way. Once we have done this, we can use that graph model for many
different applications. In this section we provide a brief overview of the most important and
well-studied tasks we can solve on graph data. We take the examples from [35].

- Node Classification:

In node classification, the goal is to predict the label or the class associated to the nodes v ∈ V
when only the true labels of a specific set of nodes are given, which are used as the training
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set. Node classification has become through the years the most popular ML task on graph data.
Some examples are: classifying the function of proteins in the interactome [36] and classifying
the topic of documents based on hyperlinks or citation graphs [37]. Node classification is useful
for inferring information about a node based on its relationships with other nodes in the graph.

Figure 3: Example of node classification. The GNN classifies the nodes that did not belong to any class.

- Link Prediction:

Sometimes we are missing the information about relationships between nodes in the graph and
wewould need an approach to infer those edges. This is the task that link prediction doeswhich
besides node classification, is also one of the most popular ML tasks with graph data. Formally,
given a set of nodes V and an incomplete set of edges between those nodes Etrain ⊂ E , which is
used as training set, the goal is to infer the missing edges E \ Etrain. The approach can also be
modified to remove edges by setting a threshold on the probability score given to an edge. Some
examples are: recommending content to users in social platforms [38] or inferring new facts in
a relational database [39]. The complexity of this task is dependant on the type of graph data
that we are dealing with. If, for instance, the graphs have multi-labeled edges, the difficulty of
detecting new edges on this graph increases.

Figure 4: Example of link prediction. The GNN finds the new edges in red and removes the edges represented in
dotted lines.

- Graph Classification:

In graph classification the goal is to make predictions on the type or class of each of the graphs
within a multiple graph dataset. Given a set of graphs G = {g1, g2, . . . , gn} and a set of classes
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C = {c1, c2, . . . , cm}wewant to assign a class ci to each graph ofG. See as examples: a regression
model that can predict whether a molecule is toxic or soluble [40], or a classification model to
detect if a computer program is malicious [41].

Figure 5: Example of graph classification. The GNN assigns a class to each of the graphs

- Community Detection:

In a graph, a community is defined when nodes are linked between themmore densely than in
other parts of the graph. The objective of community detection is given a graph G = (V, E), to
infer its existing community structures. For example, uncovering fraudulent groups of users in
financial transaction networks [42].

Figure 6: Example of community detection. The GNN finds communities within a graph.
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3 Data Collection and Preparation

Any data-related journey needs to start with the acquisition and preparation of the data to be
analyzed. Before starting, we need to ask ourselves questions such as, "where do I collect the
data from?", "what kind of data do I need" and "what kind of collection tools or channels are avail-
able?". There are many types of data collection, for example: surveys, records, clinical studies
or forms. Data can be obtained either from a primary source, (collected by yourself through
various means) or a secondary source (government data sets or online repositories).

In this thesis, the focus is on solving a data discovery task in the Open Data BCN repository,
which will be the source from where the data will be collected.

Figure 7: Overview of the Data Collection and Preparation processes

3.1 Data Collection

The very first part of this process is to be able to obtain the datasets from the Open Data BCN
repository efficiently. As mentioned in Section 1.4, data is distributed among 5 thematic areas
and multiple sub-thematic categories and it is saved under different formats. For our scenario,
we will only focus on the five principal thematic areas, denoting them as classes or categories
and on tabular data with the .csv extension. The reason why we are not considering the sub-
thematic areas is because there are not enough representations of each, so it is an impossible
task to implement a model that can differentiate them and even less classify the datasets into
those sub-areas.

In the main page of the Barcelona’s council website, we can access the different thematic areas
easily. We show the main page layout in Figure 8.
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Figure 8: Open Data BCN main page

Once having selected the desired thematic area we access another page of the website that con-
tains links redirecting to the pages in which the datasets are stored under different formats. In
Figures 9 and 10 we can see how the Open Data BCN stores the datasets in the aforementioned
links.

Figure 9: Example of the Open Data BCN distribution for territory thematic area
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Figure 10: Example of the download site of a specific dataset in Open Data BCN

To obtain all the datasets of this repository manually would mean to access approximately 490
links and download their .csv extension files one by one, whichwould be very time consuming.

3.1.1 Scraper

Most of the time online repositories do not have the option to download their datasets at once, or
even less to add the labels of the categories when getting the datasets. This is the case of Open
Data BCN, which does not provide an efficient or practical way to extract all its datasets. In
order to collect the data, a scraper script, 1.scraper.py 18 was developed using python libraries
bs4, BeautifulSoup19 and urlib.request, urlopen20.

The scraper works as follows: For each of the categories it scraps the pages containing down-
load links, identifying the .csv file and downloading it into a folder destined to this specific
class. The name given to the dataset is the name of the title of the download link, so we can be
able to find the dataset in the website if needed. For example, in Figure 10 the .csv would be
downloaded into a folder named Territory, by the name scalators in the city of barcelona.csv.

After running the scraper, we obtain the following 5 folders containing the raw datasets fetched
directly from the website:

• 1. Administration: 77 datasets.

• 2. City and Services: 97 datasets.

• 3. Economy and Business: 15 datasets.

• 4. Population: 90 datasets.

• 5. Territory: 54 datasets.

18https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/1.scraper.py
19https://www.crummy.com/software/BeautifulSoup/bs4/doc/
20https://docs.python.org/3/library/urllib.request.html
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The next step is to prepare the data, cleaning those datasets and format them if needed.

3.2 Data Preparation

3.2.1 Data Cleaning

The first step of data cleaning is to add the label of the class in each of the datasets name as
we will need to put all datasets in the same folder when profiling the data, but still be able
to determine each of their class. The script is 2.rename_datasets.py 21 and simply adds the
number of the class at the beggining of the dataset name. For example, following the example
of Figure 10, the renamed dataset would be 4_scalators in the city of barcelona.csv. Once all the
datasets are renamed they are moved into a new folder containing all the datasets.

The second step is to clean the column names of the datasets as there are characters that are not
supported by the profiling tool thatweuse for data profiling. The script 3.clean_datasets.py22
removes those characters and also replaceswhite-spaces from the dataset titlewith underscores.

3.2.2 Data Profiling: Meta-Feature Extraction

For profile-based approaches of data discovery we need to collect different profiling metadata
from the dataset. In this case, we collect meta-features from the attributes of each dataset us-
ing a system that supports data discovery over data lakes relying on attribute profiles called
NextiaJD23 [43]. This system is build on top of Apache Spark and provides succinct represen-
tations that capture the underlying characteristics of the schemata and data values of datasets,
which can be efficiently extracted in a parallel and distributed fashion. Despite being a profile-
based approach, NextiaJD presents a similar predictive performance to that of hash-based so-
lutions, yet better adapted for large-scale scenarios, while benefiting from linear scalability.

Nevertheless, one of NextiaJD limitations is that it only extracts meta-features from nominal
attributes. In order to have a complete profile including both nominal and numeric attributes of
the datasets, we extract metadata of the numeric columns by using the python pandas function
pd.DataFrame.describe() that generates descriptive statistics of the attributes.

Meta-feature Description
count The number of rows of the dataset
mean Mean value of the numeric attribute
std The standard deviation of the numeric attribute
min The minimum value of the numeric attribute
25% Percentile P25 of the numeric attribute
50% Percentile P50 of the numeric attribute
75% Percentile P75 of the numeric attribute
max Maximum value of the numeric attribute

Table 2: Meta-features extracted with pd.DataFrame.describe() method for numeric attributes

21https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/2.rename_datasets.py
22https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/3.clean_datasets.py
23https://www.essi.upc.edu/~snadal/nextiajd.html
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The meta-features of the nominal attributes that we can extract with NextiaJD are the depicted
in Table 3. On the other hand, the set of numeric meta-features extracted by using python are
depicted in Table 2.

Category Meta-feature Description Normalized
Cardinality Number of distinct values within an attribute Yes
Uniqueness Measures if the attribute contains unique values No
Incompleteness Measures the number of missing values NoCardinalities
Entropy Measures de variety of an attribute Yes
Average frequency The average value of the frequency distribution count Yes
Min frequency The minimum value of the frequency distribution count Yes
Max frequency The maximum value of the frequency distribution count Yes
SD frequency The standard deviation of the frequency distribution count Yes
Octiles The octiles (quantiles) of the frequency distribution in percentages No
Min perc frequency The minimum value of the frequency distribution in percentages No
Max perc frequency The maximum value of the frequency distribution in percentages No
SD perc frequency The standard deviation of the frequency distribution in percentages No
Constancy Frequency of the most frequent value divided by number of rows No
Frequent words The 10 most frequent words No

Value
distribution

Soundex The 10 most frequent words in soundex representation No
Data type The data type of the attribute (i.e. numeric,

alphanumeric, alphabetic, nonAlphanumeric, datetime) No

Specific type The specific type of the attribute (i.e. phone, email, url, ip,
username or phrases) No

Percentage data type The percentage for each data type detected in the data values No
Percentage specific type The percentage for each specific type detected in the data values No
Longest string The number of characters in the longest string Yes
Shortest string The number of characters in the shortest value in the attribute Yes
Average string Average length of the string in term of characters Yes
Number of words The number of words in the attribute Yes
Average words The average words in the attribute Yes
Min words The minimum words in the attribute Yes
Max words The maximum words in the attribute Yes

Syntactic

SD words The standard deviation in the attribute Yes
Best containment The containment score assuming all distinct values are covered No
Flipped containment Containment assuming all distinct values are covered divided

by max cardinality NoPair
metadata Name distance Measures the difference of two attribute names using

Levenshtein distance No

Table 3: Meta-features composing profiles offered by NextiaJD

For NextiaJD to compute all the profiles of the set of datasets a .csv file needs to be created
having as rows each of the datasets and as columns: the filename, the delimiter, if it is multi-
line, the extension of the file, the file size, a bool ignoreTrailing and the source (path were the
dataset is saved). The script 4.create_information_csv.py24 iterates over the datasets and in-
serts a row for each with the mentioned columns. Once this is done, we can run the scala
(5.profiling.scala25) script that computes NextiaJD’s profiles. The script also drops the
meta-features returning non-numerical or non-categorical values because those will not be use-
ful when using the data for modeling (FrequentWords, FrequentWordsInSoundex, firstWord,
lastWord).

At the end, for each dataset we obtain a nominal profile of dimensions: n x 45, where n is

24https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/4.create_information_csv.py
25https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/5.profiling.scala
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the number of nominal attributes of the dataset and 45 corresponds to the 43 meta-features
extracted by NextiaJD that we selected plus a column for the dataset name and another for
each of the attributes names. Likewise, numeric profiles are computed by running the script
6.numeric_profiling.py26, obtaining files of size m x 11, where m is the number of numeric
attributes of the dataset and 11 corresponds to the 9 meta-features we extract plus two columns
for the dataset and the attributes names.

3.2.3 Data Preparation as Input for Models

All the processes described in this subsection can be found at 7.create_input_models.py27. In
order to use the profiles as the representation of the datasets to train our models we need to
finish cleaning them and aggregate them obtaining a vector for each of the profiles to form the
model embeddings. The aggregation step is crucial for two reasons: To have embeddings with
the same dimension for all the datasets, and to convert the profiles extracted from attribute-level
to dataset-level as we are trying to find similarities between tables and not attributes.

Figure 11: Overview of the Data Preparation as input for the models

The first step is to select the profile attributes that will be used to train the model. As Neural
Networks and some ML models can not handle nominal or categorical attributes we apply one-
hot-encoding transformations to categorical variables (data_type and specific_type). This step
modifies the dimensions of each nominal profile to n x 62 as we replaced 2 categorical variables
for 19 dummy variables, denoting each of their categories which we obtained when applying the
one-hot-encoding method.

Then, we unify the nominal and the numeric profiles, forming a single profile for each data
set, by performing a left join on those two csv files with as key the dataset and the attribute
names. We also replace all the missing values by 0 which does not affect the models predictions

26https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/6.numeric_profiling.py
27https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/7.create_input_models.py

26

https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/6.numeric_profiling.py
https://github.com/dtim-upc/GCNN-Open-Data-BCN/blob/main/Scripts/7.create_input_models.py


negatively because in this context a missing value means that the attribute was empty which
can be replaced by having a 0 instead. The left join allows us to create profiles for a dataset
even when this one does not have numerical attributes. An inner join would make us loose the
profile of the dataset whenever this one would not have either numerical or nominal attributes.
On the other hand, a right join would make some of the profiles very sparse, as for those which
would not have nominal attributes, 43 columns would be filled with zero values. At the end,
we drop the column containing the attribute name as this one will not be relevant for the next
steps.

At the same time as we merge the profiles we also aggregate them. The aggregation method
consist in computing the mean value and the standard deviation of each of the profile columns
for a particular dataset. In other words, we group the profile by their dataset name using as
aggregation functions the mean and the standard deviation. Hence, each dataset profile will
be a row of twice as many columns as it had before the aggregation step. The aggregation step
returns a single csv file of dimensions 319 x 140, where 319 is the number of datasets remaining
after all the previous processes (those which have nominal attributes) and 140 is the number of
meta-features remaining after the aggregation step plus a column containing the dataset name
and another column containing the number of the class membership of the dataset which we
call the ground-truth. In Figure 12 we can see the first rows of the profiles file obtained after all
these steps.

Figure 12: First columns of the aggregated profiles file

Finally, we need to split our aggregated profiles file, which will be used as input for the models,
into training and test sets. For that we keep 80% of the rows to form the training set and we
leave 20% for the testing part. It is important to state that the class-balance that we originally
had for each of the categories was respected when forming the train and test sets. As models do
not support non-numeric attributes we drop the column of the dataset name and we generate a
dictionary stored in a JSON file, called Map of datasets containing the information of which row
contains which profile. The dictionary has as key the number of the row (starting with a 0 for
the first profile row) and as value the name of the dataset contained by the row. For example
in Figure 12 in the dictionary we would have the pairs: (0, 1_Accions formatives adreçades al
personal municipal de la ciutat de Barcelona.csv), (1, 1_Adreces per secció censal de la ciutat
de Barcelona.csv), and so on.
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4 OverviewofClassificationApproaches Proposed forBarcelonaOpen
Data Discovery

In order to answer the research questions formulated in Section 1.5.2, we need to develop clas-
sification approaches using traditional ML and DL techniques that will serve as baselines to
compare with the GNN approach to evaluate its performance.

In this section, all the datasets have been normalized bymean and standard deviation using the
sklearn.preprocessing.StandardScaler() before feeding the models. Also, all the choices of
the hyper-parameters of the different models have been made maximizing the accuracy metric,
which for classification problems is simply the rate of correct classifications.

4.1 Classification using traditional ML

The similarity data discovery task we are trying to solve is reduced to categorizing the datasets
with their class membership, hence, we face a classification problem. In Machine Learning,
models like Classification Trees, Support Vector Machine’s (SVMs) and Logistic Regression
(LR) are arguably the most popular approaches for classification problems. These traditional
models learn in a supervised way due to the availability of class labels.

4.1.1 Logistic Regression (LR)

Logistic regression is a statistical model that in its basic form uses a logistic function28 to model
a binary dependent variable, although it can be adapted for non-binary dependent variables in
order to solve multi-class classification problems like in our case.

The model used is the LogisticRegression provided by sklearn.linear_model. Around 20
different configurations of this model were tried out by changing its hyper-parameter values29.
The best set of hyper-parameters chosen for this model, after a comparison-search using accu-
racy metric as the goodness of fit, are:

• penalty= l2. The penalty is used to specify the normused in the penalization of themodel.

• C= 0.15. This coefficient corresponds to the inverse of the regularization strength. Smaller
values specify stronger regularization.

• solver: newton-cg. This hyper-parameter designes the algorithm to use in the optimization
problem.

• max_iter = 1000. Which is the maximum number of iterations taken for the solver to con-
verge.

• multi_class = multinomial. Specifies that the loss minimised is the multinomial loss fit
across the entire probability distribution.

28It is a common S-shaped curve (sigmoid curve). See: https://en.wikipedia.org/wiki/Logistic_function
29All possible hyper-parameters can be found here: https://scikit-learn.org/stable/modules/generated/

sklearn.linear_model.LogisticRegression.html
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• All other hyper-parameters are set to the default value.

4.1.2 Random Forest (RF)

A random forest is a meta estimator that fits a number of decision tree classifiers on various
sub-samples of the dataset and uses averaging to improve the predictive accuracy and control
over-fitting. When dealingwith a classification problem, it operates by constructing amultitude
of decision trees at training time and outputting the class that was assigned in more instances.

The model used is the RandomForestClassifier from the sklearn.ensemble. Around 25 dif-
ferent configurations were tried out for this model by changing the hyper-parameter values30
of the model. The best hyper-parameter set found is the following:

• max_depth: 10. Sets the maximum depth of the trees.

• n_estimators: 100. Which determines the number of trees in the forest.

• max_features: sqrt. Sets the rule to apply to the number of features to consider when look-
ing for the best flip. If sqrt, thenmax_features = sqrt(n_features).

• random_state: 0. This parameter controls the randomness of the bootstrapping of the sam-
ples used when building the trees.

• All other hyper-parameters are set to default value.

4.1.3 Suport Vector Machines (SVM’s)

Support vector machines are a set of supervised learning methods used for classification, re-
gression and outliers detection. As we are dealing with a classification problem, the SVM to
use is a Support Vector Classifier (SVC). The objective of an SVC is to fit to the data provided,
returning a "best fit" hyperplane that divides, or categorizes it. After getting the hyperplane,
some features can be fed to the classifier to see what the predicted class is.

The model used is SVC from sklearn.svm python library. Around 15 different configurations
of hyper-parameters31 were tried out for this model and the best hyper-parameters fitting the
model to our data are:

• C: 150. Designing the regularization parameter, i.e. the strength of the regularization is
inversely proportional to this parameter C.

• decision_function_shape: ovo. Multi-class strategy for the decision function of classification.

• shrinking: False. Sets whether to use the shrinking heuristic or not.

30All possible hyper-parameters can be found here: http://scikit-learn.org/stable/modules/generated/
sklearn.ensemble.RandomForestClassifier.html

31All possible hyper-parameters can be found here: https://scikit-learn.org/stable/modules/generated/
sklearn.svm.SVC.html
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• probability: True. Whether to enable probability estimates and it internally uses 5-fold
cross-validation.

• All other hyper-parameters are set to default value.

4.2 Classification using Neural Networks (NN’s)

Another possibility to approach a multi-class classification problem is using Deep Learning. In
this case, we will model a simple neural network called Multi-Layer Perceptron (MLP). MLP
is a supervised learning algorithm that given a set of features and a target, can learn a non-
linear function approximator for either classification or regression. There are at least three node
levels in it: an input layer, a hidden layer, and an output layer. Each node, with the exception
of the input nodes, is a neuron with a nonlinear activation function. For training, it employs
backpropagation, a supervised learning approach.

4.2.1 Multi-Layer Perceptron (MLP)

For this method we use the MLPClassifier offered by the sklearn.neural_network python
library. After around 25 different model configurations changing the hyper-parameter values32,
we chose the following set of hyper-parameters, which are also depicted in Figure 13, as the best
possible configuration based on the accuracy metric:

Figure 13: Schema of MLP-1 model architecture

32All possible hyper-parameters can be found here: https://scikit-learn.org/stable/modules/generated/
sklearn.neural_network.MLPClassifier.html
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• hidden_layer_sizes: 45. Representing the number of neurons in the hidden layer.

• activation: tanh. Designing the activation function used for the hidden layer. In this case,
it is the hyperbolic tangent function.

• alpha: 0.01. The L2 penalty parameter (regularization term).

• random_state: 2. Integer set for reproducible results across multiple function calls.

• All other hyper-parameters are set to default value.
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5 Overview of the Link Prediction - GCNN Approach Proposed for
Barcelona Open Data Discovery

This approach is modeled using the python library Pytorch Geometric. As in Section 4, data
was normalizedusing the sklearn.preprocessing.StandardScaler() before feeding theGraph
Neural Network.

5.1 Choice of Link Prediction

As seen in Section 2.2.4, there are many different tasks we can solve with a GNN. In the context
of this thesis and following the definition of the problem of finding similar datasets among
the Open Data BCN repository (Section 1.4.2), we need to find the proper way to map the
similarity task to a task that can be solved within a graph. Hence, we need to define nodes,
node embeddings and edges in a way that it is possible to model a GCNN to predict similarities
among datasets by finding out which datasets share the same class. We decide to represent the
datasets with nodes and the profiles extracted from them as node embeddings. As for what
concerns the edges, we need to find a criterion to link the datasets in a meaningful way. For
that, we define an edge between two nodes as an indicator of those two nodes being similar, and
hence, belonging to the same class. Therefore, finding similarities among new datasets of the
repositorywouldmean to find new edges between the nodes representing the new datasets and
the nodes we already have in the graph. This is defining a link prediction task. Choosing this
approach, we leverage themessage passing frameworkwhich takes into account the information
of the neighbouring nodes to influence each of the graph nodes. In this way, we enable the
GCNN to learn node features that encode the different properties of each class. The latter is
achieved by using both the node attributes and edge structure information to construct the node
feature representation. Contrarily, if we wanted to use a node classification framework for this
problem, we would not have a consistent criterion to link the nodes and therefore we would
not be able to learn node embeddings that shared their properties among the other nodes that
belong to the same class.

5.2 Input Graph Representation

As mentioned above we represent the Open Data BCN repository as a graph by codifying the
datasets as nodes, the profiles as node embeddings and the class memberships as edges. The
idea is to transform amulti-class classification problem as we solved in Section 4 into a link pre-
diction task using a GCNN.With this goal wemodel the problem as a GCNN receiving as input
the graph from which we want to find similarities and predicting the similarities between the
nodes by finding edges and their corresponding probability (we decide later on which thresh-
old to use on the probability value returned by the model in order to predict whether it is high
enough or not to consider the edge valid). As each edgedetermines the fact of twonodes sharing
the same class, we can model a GCNN to understand the relations between datasets leveraging
the message passing principle.

For that, we need a graph to train the model and another graph, which will be an extension of
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the training graph, to predict links for each of the new nodes that will enter the repository.

5.2.1 Input Graph for Training

In this modeling the input graph that the GCNN receives for training is formed by as many
fully-connected components as classes we have in the conventional classification problem. In
the schema depicted in Figure 14 we see a small example of the input graph modeled for our
problem, where each class is represented by a different color.

Figure 14: Example of input graph for training step GCNN - Link prediction

As input, the model needs to receive the information to create the graph. What we provide to
the model is:

• a list with the profiles ordered by the node tag (being this one the integer assigned during
the data preparation process in the mapping step).

• a list of all existing edges in the input graph (if a pair (node_0, node_1) appears in the list
of edges, it means that there exist an edge between node_0 and node_1).

The input graph of this training step is made taking only the datasets of the Open Data BCN
repositories belonging to the train set that we created in Section 3.2.3. To provide only one graph
to the model for the training step is enough because link prediction approaches use a train-test
split of the edges of one graph in order to be trained. They train themselves by masking sets of
edges and trying to predict them in multiple iterations.

5.2.2 Input Graph for Testing

Once the model is trained for the graph representing the entire training set of the Open Data
BCN repository, we need to create another graph including the testing datasets for the model
to predict new edges for them.
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The idea is to pass to the model a new graph including all the datasets of which we already
know the class (the ones used in the train step) and an additional test dataset for which we
want to predict the class. The test step will be performed in as many iterations as datasets we
have in the test set. The known datasets will be exactly codified as in Section 5.2.1 and for the
test datasets we try two different approaches.

Approach 1: Model adds edges. The test dataset is codified as a disconnected node with its
profile as embedding (see Figure 15 (a)). The model predicts the edges between this node and
the rest of the graph, finding similarities between them. Then we define a metric that com-
putes the class of the test node taking into account the class of the nodes it linked to, and their
corresponding probabilities.

Approach 2: Model removes edges. The test dataset is codified as a node, with its profile as
embedding, which is connected to all the other nodes of the graph (see Figure 15 (b)). The
model needs to "disconnect" the test node of the nodes that aren’t similar to the dataset (we
understand as "disconnect" to not predict the edges having a probability lower than a given
threshold). Then we define a metric that computes the class of the test node taking into account
the class of the nodes it is still linked to, and the corresponding probabilities.

(a) Input Graph Test, Approach 1 (b) Input Graph Test, Approach 2

Figure 15: Examples of input graph for test step of GCNN Link prediction. The test node is represented as a grey
node because its class is unknown. On the right, the test node is unlinked from the other components of the graph.
On the left, the test node is linked to all the other nodes of the graph.

5.3 Model Architecture

The structure of the GCNN architecture for this approach is depicted in Figure 16. It is formed
by three graph convolutional layers with ReLU activation functions and dropout layers in be-
tween. After the output of the last convolutional layer, a softmax layer is added in order to
normalize the output of the network to a probability distribution. The layout of the model pre-
sented above is achieved after trying out a large amount of different configurations and keeping
the one obtaining best results (in terms of loss and accuracy).

A decoder transforms themodel output into a scorewhich is a probability, thanks to the softmax
layer, associated to each pair of nodes in the graph. Then, another decoder (called decoder_all)
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transforms the probabilities into an adjacency matrix, based on a probability threshold (if the
probability of the pair of nodes returned by the model is greater or equal than the threshold,
then in the adjacency matrix the edge will be present, otherwise, we won’t consider it). We also
define a function obtain_probs that returns for a pair of nodes the probability predicted by the
model so we can use it later on.

Figure 16: GCNNmodel architecture

More specifically, the hyper-parameters of the GCNN giving the best results are the following:

• Number and sizes of layers: Three layers of sizes (138x256), (256x256), (256x138).

• Drop out factor: 0.05. During training, probability of randomly set to zero some of the
elements of the input tensor.

• Activation function: ReLU. Activation function used between layers. Decides, whether a
neuron should be activated or not by using the ReLU function (piecewise linear function
that will output the input directly if it is positive, otherwise, it will output zero: y =

max(0, x)).

• Optimizer: Adam. Optimization algorithm used to change the attributes of the neural
network such as weights and learning rate to reduce the losses.

• Learning rate: 0.01. Controls how much to change the model in response to the estimated
error each time the model weights are updated.

• Epochs: 40. Number of times that the learning algorithm will work through the entire
training dataset.

Moreover, as mentioned before, the model outputs probabilities and not a binary decision for
whether twonodes are linked or not, hence, wedefine aprobability threshold in the decoder_all
as a supplementary hyper-parameter. This threshold is set to 0.5, meaning that if the probability
of connection between two nodes is greater than 0.5, the model predicts an edge between those
two nodes.

The loss function minimized by the model is the binary_cross_entropy implemented in the
pytorch’s functional package. It is a function that measures the binary cross entropy between
the target and the output probabilities. The binary cross entropy evaluates each of the predicted
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probabilities against the actual class output, which can be 0 or 1. This function penalizes the
probabilities based on their deviation from the expected value. It follows the bellow equation:

Binary_Cross_Entropy = −(ylog(p) + (1− y)log(1− p))

where:

• y is the binary indicator (0 or 1) of whether a pair of nodes has an edge or not

• p is the predicted probability for a pair of nodes to have an edge or not.

5.4 Link prediction to Classification

Asmentioned in the previous section, we obtain as output of themodel after the decoding steps:
an edge-adjacency matrix and the corresponding probabilities of each of the edges defined in
the matrix. Nevertheless, what we are trying to solve is a classification problem, so we need to
adapt this output so that we can obtain the class assigned to each node.

To do so, we need to take into account both,

• the number of edges to a node having a specific class and

• the probabilities of each of those edges.

Hence, we will define a function that, given the edges of a node and its probabilities, returns
the class of this node.

5.4.1 Class Selector Function

Before defining the class selector function we need to define other functions that will be needed
for its construction.

Let G = (V, E) be a graph with V : v1, . . . , vr nodes and E : e1, . . . , es edges. Let C : {c1, . . . , cm}
be the set of possible classes that a node of the graph can belong to.

We take an arbitrary node vi. Let be Ei : ei1 , ei2 , . . . , ein the set of edges of the node vi linking
with nodes that belong to the class cl, with their corresponding probabilities Pi : pi1 , pi2 , . . . , pin
and t the threshold probability defined in order for the model to consider an edge between two
nodes.

- Definition 1. We define a function that returns a discretization set of the probability set Pi
with as many levels as desired (n_levels sets the number of levels we want), as:

discretize(Pi, n_levels)→ {1, 1−
1− t

n_levels , 1− 2 · (1− t)
n_levels , . . . , t}

which can also be written as n_levels intervals as follows:

I0 =
[
1, 1− 1−t

n_levels
]
,
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I1 =
(
1− 1−t

n_levels , 1− 2 · (1−t)
n_levels

]
,

. . .

In_levels−1 =
(
1− (n_levels− 1) · (1−t)

n_levels , t
]

Note: It is important that the intervals are defined in decreasing order forming a totally-ordered
set: I0 > I1 > · · · > In_levels−1.

- Example 1. In our practical case, we determined t = 0.5 and n_levels = 5 obtaining:

discretize(Pi, 5) = {1, 0.9, 0.8, 0.7, 0.6, 0.5}, because 1−t
n_levels = 1−0.5

5 = 0.1. And hence, our 5
intervals are: I0 = [1, 0.9], I1 = (0.9, 0.8], I2 = (0.8, 0.7], I3 = (0.7, 0.6], I4 = (0.6, 0.5].

-Definition 2. Let p ∈ [1, t] be a probability andD be adiscretization setD = {I0, I1, . . . , In_levels−1}
we define idx_interval(p,D) as the function returning the index of the interval of D where p
belongs:

idx_interval(p,D)→ k, if p ∈ Ik

- Definition 3. For a node vi of a given graph G and a specific discretization setD that has been
associeted to categorize the probabilities of the edges of this graph, we define the weight of the
class cl as:

Weight_class(cl, vi) =
n∑

j=1

(
1−

idx_interval(pij , D)

n_levels

)
· pij , ∀eij ∈ cl

where: eij ∈ cl stands for the edge eij connecting the node vi to a node belonging to the class cl.

- Definition 4. For a given graph G, we define the counter_class(G, cl) function as the function
that returns the amount of nodes of the graph belonging to a given class cl:

counter_class(G, cl)→ |cl|G .

where |cl|G is the cardinal of the class cl in G.

- Definition 5 (Class_Selector). For a given node vi of a graph G for which we want to pre-
dict the class, we define the Class_Selector function as the function that returns the class that
maximizes the normalization of theWeight_class function for this given node.

Class_Selector(vi) = argmax
cl∈C

(
Weight_class(cl, vi)
counter_class((G, cl)

)

Wenormalizewith the counter_class(G, .) because themaximumvalue that theWeight_class(., .)
can return is the same as nodes of the class we have in the graph. This happens when the node
is connected to all the nodes belonging to the class with probability equal to 1.

Let’s see an example of the Class_Selector function to clarify the concepts exposed above.
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- Example 2. We have a graph G(V, E) which is an outcome of the GCNN link-prediction
model. The graph has |V| = 14 with undirected edges and 3 different classes each node can
belong to: corange, cpurple or cblue. The number of nodes belonging to each class is: |corange| = 5,
|cpurple| = 4 and |cblue| = 4. The classification set defined for this example (and for the whole
thesis) is the one depicted in the Example 1: D = {1, 0.9, 0.8, 0.7, 0.6, 0.5} = {I0 = [1, 0.9], I1 =

(0.9, 0.8], I2 = (0.8, 0.7], I3 = (0.7, 0.6], I4 = (0.6, 0.5]}, and hence the probability threshold
t = 0.5 and n_levels = 5. There is a node that needs to be classified in one of the 3 possi-
ble classes and that has been linked by the model to some other nodes with the corresponding
probabilities. The example is depicted in Figure 17. For simplicity, only the edges connecting
the node we want to classify are shown.

Figure 17: Graph representing the Example 2. It simulates the outcome of a GCNN for the testing phase in which we
want to predict the class of the white node. Each edge has a corresponding probability, if there is no edge it means
that its associated probability was lower than the threshold t and hence, the edge could not be considered as valid.

To determine the class of the node in the center (v13) we apply the Class_Selector function to
that node. We start computing theWeight_class(., .) for node v13 and for each of the possible
classes:

• For class cpurple we obtain:

Weight_class(cpurple, v13) =
(
1− idx_interval(0.51, D)

n_levels

)
· 0.51

= (1− 4

5
) · 0.51

= 0.102
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• In the same way, for class corange we have:

Weight_class(corange, v13) =
(
1− idx_interval(0.67, D)

n_levels

)
· 0.67+

+

(
1− idx_interval(0.91, D)

n_levels

)
· 0.91+

+

(
1− idx_interval(0.52, D)

n_levels

)
· 0.52+

+

(
1− idx_interval(0.78, D)

n_levels

)
· 0.78

= (1− 3

5
) · 0.67 + (1− 0

5
) · 0.91 + (1− 4

5
) · 0.52+

+ (1− 2

5
) · 0.78

= 1.75

• Analogously, for class cblue we obtain:

Weight_class(cblue, v13) = (1− 0

5
) · 0.95 + (1− 1

5
) · 0.87 + (1− 1

5
) · 0.81

= 2.294

Next we need to normalize those weights with the cardinals of each class. In this case:

Weight_class(corange, v13)
|corange|

=
1.75

5
= 0.35

Weight_class(cpurple, v13)
|cpurple|

=
0.102

4
= 0.0255

Weight_class(cblue, v13)
|cblue|

=
2.294

4
= 0.5735

Hence, the Class_Selector(v13) = cblue.
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6 Results and Discussion

6.1 Baseline methods Results and Evaluation

6.1.1 Train and Test Accuracy

To evaluate the models developed in Section 4 we show a table with the accuracy metrics ob-
tained for the bestmodels of each kind. The train and test sets are the ones that were determined
in Section 3.2.3, and hence, are the same for each of the models that we want to evaluate.

Model Hyper-parameters Train Accuracy Test Accuracy

LR
C = 0.15, max_iter = 1000,
penalty = l2, solver = newton-cg,
multi-class = multinomial

82.35% 73.44%

RF max_depth = 10, n_estimators = 100,
random_state = 0, max_features = sqrt 100% 87.50%

SVM
decision_function_shape = ovo,
C = 150, kernel = linear,
shrinking = False, probability = True

98.82% 71.88%

MLP
max_iter = 1000, hidden_layer_sizes = 45,
random_state = 2, activation = tanh,
alpha = 0.01

98.43% 76.56%

Table 4: Results of accuracy metric for both train and test set of the models defined in section 4.

Aswe can see in Table 4, themodel offering higher performances in terms of accuracy is without
any doubt the Random Forest, achieving a score of 100% of accuracy for the train set and 87.5%
for the test set. Although the results are pretty good, we can state a slight over-fit in themodel, as
the train accuracy is significantly above the test accuracy. In fact, we can see this happening for
all of themodels. An over-fittedmodel is a statistical model that contains more parameters than
can be justified by the data. Because the criterion for picking themodel differs from the criterion
for judging themodel’s appropriateness, there is a risk of over-fitting. For example, amodelmay
be chosen based on how well it performs on a set of training data, but its appropriateness may
be evaluated by howwell it performs on unknown data. When amodel is over-fittedwe say that
it is beginning to "memorize" training data instead of "learning" to generalize from a trend. In
our case, what causes the over-fitting is the fact of not having enough data to train the models,
and hence, they may be starting to memorize the few instances of data they got and failing
generalizing. Nevertheless, being a 5-class classification problem, the test results obtained for
all of the models are still high and we can say that the models are learning.

6.1.2 Confusion Matrix

In order to see the classification performances for each of the classes we computed the confusion
matrices of all the models so we could analyse them. A confusion matrix is a special table
arrangement that permits visualization of the performance of an algorithm. The examples in
an actual class are represented by the rows of the matrix, whereas the instances in a predicted
class are represented by the columns.
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- Logistic Regression:

(a) LR Confusion Matrix (b) LR Normalized Confusion Matrix

Figure 18: Confusion matrices computed with the predictions made by the Logistic Regression model for the Test
set.

- Random Forest:

(a) RF Confusion Matrix (b) RF Normalized Confusion Matrix

Figure 19: Confusion matrices computed with the predictions made by the Random Forest model for the Test set.

- Support Vector Machines:

(a) SVMs Confusion Matrix (b) SVMs Normalized Confusion Matrix

Figure 20: Confusion matrices computed with the predictions made by the SVMs model for the Test set.
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- Multi-Layer Perceptron:

(a)MLP Confusion Matrix (b) MLP Normalized Confusion Matrix

Figure 21: Confusion matrices computed with the predictions made by the Multi-Layer Perceptron model for the
Test set.

As we can see, all the models have difficulties predicting correctly the samples belonging to
the classes: Economy and Business and Territory, which as we stated in section 3.1.1 are the ones
having less datasets. On the other hand, the classes obtaining the highest accuracy performance
are City and Services and Population, obtaining 100% of accuracy in multiple occasions. Those
classes are the ones which are the most represented in the Open Data BCN repositories and it is
a good thing that the models know how to classify them correctly. In the future we should add
in the train set more representations of the other classes if we want a model that is no biased
towards any category.

6.2 GCNN approach Results and Evaluation

6.2.1 Results Link Prediction

As explained in Section 5 before tackling the classification problem we model a GCNN that
is capable of predicting edges between nodes of a graph. Hence, the first step to validate the
approach is to evaluate the link prediction model for the graph representing the Open Data
BCN repository (the train datasets only).

Epoch Loss Validation Accuracy Test Accuracy
1 0.6931 0.5 0.5
3 0.6681 0.8900 0.8959
5 0.555 0.9450 0.9451
15 0.5228 0.9936 0.9968
31 0.5181 1.0 1.0

Table 5: Results of the GCNN model as a Link Prediction approach (before transforming it into a Classification
approach). We show only the epochs providing results significantly different from its previous epoch.

As the Table 5 shows, the model has learnt to predict all the edges in the graph with a perfect
score of accuracy. In Figure 22 we can see both input and output graphs of the model.
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Figure 22: Comparison between the training input graph passed to the GCNN model against the output obtained
after the training step. The graphs are displayed randomly, which is why the two graphs look different, but in reality
they are the same. The exact same edges are predicted obtaining 100% of accuracy. Each connected component
represents a class.

6.2.2 Results Classification

The next step is to transform the adjacency-matrix obtained as output of the GCNNmodel into
predictions of classes for each node. We do that using the Class_Selector(.) function defined
in Section 5.4.1.

Train Accuracy Test Accuracy
Approach 1 100% 60.94%
Approach 2 100% 6.25%

Table 6: Results of the GCNN model as a Classification problem. These are obtained after applying the
Class_Selector(.) function. In the approach 1, the model adds edges to the test nodes and in approach 2 the model
removes edges of the test nodes.

The results obtained by the Approach 2 are extremely bad, proving that this approach is clearly
not the way to go. Approach 1, although being over-fitted, offers a better performance. Nev-
ertheless, the test accuracy obtained is significantly lower than both the train accuracy and the
test accuracy obtained by the methods in 6.1.1.

Figure 23: Comparison between the input graph of the GCNNmodel (approach 1) for a specific test dataset against
the output graph obtained from the model. The test dataset is represented as the red node. The node was linked
to all the nodes (76 nodes) of a class (class 2) which turned out to be its true class (The normalized Weight_Class

computed was 0.987).
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Figure 24: Comparison between the input graph of the GCNNmodel (approach 2) for a specific test dataset against
the output graph obtained from the model. The test dataset is represented as the red node. The model linked it
to all the nodes of a class (class 3), but this class is not the true class of the node (the true class is 2). The GCNN
miss-classified this test node and the The normalizedWeight_Class obtained was 0.9656.

In order to analyse with more precision the output obtained by the model in both approaches
we compute the confusion matrices.

(a) Approach 1 Confusion Matrix (b) Approach 1 Normalized Confusion Matrix

Figure 25: Confusion matrices computed with the predictions made by the GCNN model for the Test set with the
approach 1 as input graph.

(a) Approach 2 Confusion Matrix (b) Approach 2 Normalized Confusion Matrix

Figure 26: Confusion matrices computed with the predictions made by the GCNN model for the Test set with the
approach 2 as input graph.
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In Figure 25 we can see that for approach 1 there is a class that the model has learnt to predict
with perfect score: the Population class. It also classifies Administration and Services class with a
high score of accuracy. Conversely, the model has difficulties classifying samples belonging to
Territory and Economy and Business categories. These results were expected as those two classes
are the ones having the less representation in the train set and in the OpenData BCN repository.

On the other hand, in Figure 26 we notice that the model links all the test nodes but one, to the
Economy and Business category. Thus makes us think that linking the test node to all the other
nodes so that the model could only keep the edges going to/from nodes with its true class is
not a good method.

6.3 Discussion

The results of the models presented both in Sections 6.1 and 6.2 are good but they could have
been better if we had not encountered some limiting problems.

One of the problems faced involves imbalance classes. In Sections 6.1 and 6.2, we notice that the
classes themodel encountersmore difficulties to classify are the oneswith less representation in
the Barcelona’s repository, showing that the unbalancing of the classes is shrinking the model’s
accuracy performances. This is an inconvenient that is hard to avoid in real life, because in most
data repositories there are no rules about the amount of datasets in each category, and most
of the time those will be different. In our case, we knew from the beginning that making in
sort that the model could classify correctly the Economy and Business thematic area having only
15 available datasets would be an almost impossible task. We could have considered to apply
oversampling methods to our profile dataset, but when constructing and trying out the ML
models in section 4, we tried a very similar approach using the class_weight33 hyper-parameter
provided by those models, and the results obtained were actually worse because the accuracy
decreased.

Another limitation comes with the subjectivity of the thematic areas. The dataset categoriza-
tion in the Open Data BCN repository is a manual task made by different people which decide,
sort of subjectively, where to classify the datasets. Hence, there are no specific rules determin-
ing whether a dataset should belong to a class or another, and some datasets could have been
classified elsewhere if someone different had had to do the task. This adds complexity to the
classification problem as it introduces a certain randomness in the dataset categorization.

Furthermore, an additional constraint is added when aggregating the profiles. Although this
step is compulsory because we need to obtain profiles at a dataset level and not at an attribute
level, it makes us loose a lot of information that affects negatively on the models performances.
We had to decide which aggregation technique to use, and we chose to aggregate the data in a
Gaussian form by keeping the mean and standard deviation values of the profile meta-features.

33We can tweak the existing training procedure to accommodate for the classes skewed distribution. This is
achieved by giving different weights to both the majority and minority classes using the class_weight hyper-
parameter during the training phase.
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As a possible future work, we could study if other more complex aggregation techniques (i.e.
Principal Components (PCA)) could have provided better results. Another possible future
work is to analyse whether all the meta-features extracted from the datasets that form the pro-
files are indeed useful or meaningful for the models to learn how to identify classes. This can
be done with feature selection techniques such as Linear Discriminant Analysis (LDA) in order
to reduce the profile sizes by only keeping the most significant features.

Finally, the major limitation, specially for the DL approaches, is the lack of available data in the
repository. To train themodels we only had a dataset of 254 profiles, which is a very low amount
of data for the model to learn how the data behaves instead of "memorizing" it.

6.3.1 Research Questions

At the beginning of this thesis, two research questions were formulated. With the results ob-
tained we can argue and answer them.

• RQ1: Can Graph Neural Network-based techniques be used for data discovery in Open
Data BCN repository?

As for what has been approached in this thesis, which is the similarity task for data discovery:
yes, GNN-based techniques can be used for data discovery in Open Data BCN repository, al-
though, the approach presented in this thesis has not turned out to be very high performing.
To sustain this answer we provide the following observations.

The link prediction GCNN model provided in this thesis (detailed architecture in Section 5),
has shown an overall good behaviour regarding the classification task it was designed to solve,
achieving 100% of accuracy in training and 60.94% in test, which for a 5-class classification prob-
lem is considerably good.

One of the reasons explaining why the model does not achieve very good test results is that
the way the GCNN is designed, we are asking the model to predict links of a node that it has
never seen (which is known as inductive link prediction [44]). Whereas in typical link prediction
approaches, the model predicts new edges in the same graph it has learnt from in the training
phase (this is known as transductive link prediction). To understand the limitation caused by this
fact we need to analysewhat is going on behind themessage passing algorithm implemented by
the model. In our approach, we obtain a perfect edge prediction in the training stage meaning
that we learn a meaningful weight matrixW following notation from Equation 2. This means
that after some iterations we learn W such that node features are encoded and mapped to a
dimensional spacewhere it is easy to determinewhether a pair of nodes contains an edge or not.
Following Equation 2,W operates on the adjacency and degree matrices A and D respectively.
In our case, when we add a new node to the graph (representing a new dataset from Open
Data BCN) to predict its edges, we modify both A and D matrices to include this node which
is only linked to itself. In order to find edges for the new node, we forward its initial features
(the actual profile of the dataset) to the GCNN defined by the learnt W and aim to obtain
a meaningful node embedding in the dimensional space where it is easy to determine what
edges should be created from it. However, sinceW operates on A and D and the new node is
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not connected to any other node, theweightmatrix only influences the self-loop introducedwith
the new node obtaining a poor representation of the node embedding that we later compare to
the ones obtained in the training phase. On the other hand, if the node from which we want
to predict was linked to the right nodes of the graph (following a transductive methodology),
the representation we would obtain of the node embedding would be comparable to the ones
we obtained in the train phase. Consequently, test result would be more similar to the ones
obtained in train. We hypothesise that using an inductive-based approach would lead to better
fit of the problem [45, 44].

Still, the fact that we achieve a 60.94% accuracy in the test set with the aforementioned limita-
tion indicates that a considerable amount of the valuable information to determine whether an
edge should be created for a given node relies in the node attributes. Then, the lower perfor-
mance achieved in the test set in comparison with the one obtained in the train one is due to the
unknown edge structure of the new node.

Also, the approach proposedmay not be that suitable to solve the similarity task of data discov-
ery, but the pipeline provided can be useful to tackle other data discovery tasks such as finding
unions or joins. In this thesis, we wanted to approach the "easiest" data discovery task because
it was our first experience with graph neural networks, which is whywe started with a problem
that only required comparisons and classifications at a dataset level. Nonetheless, with some
perspective and experience, we realise that working at an attribute level would have helped us
to avoid the aggregation problem and would have allow us to work with more data. Also, we
could have modeled the input graph from which the model learns in a more sophisticated way
leveraging more on the perks of using graph-structured data.

• RQ2: Can we notice an improvement in the performance (in terms of accuracy) of GNN
approaches in front of more classical data discovery methodologies?

As for what has been approached in this thesis, which is the similarity task for data discov-
ery: no, we did not obtain better results in the GCNN approach than in any of the other more
traditional ML or DL classification approaches that we set as baselines.

The best results obtained are those provided by the Random Forest model, achieving a train
accuracy of 100% and a test accuracy of 87.5%. In the GCNN approach we get 100% of accuracy
in training and 60.94% in test. In Tables 4 and 6 we can see that in fact, GCNN’s are providing
good train results, but its test accuracy diminishes considerably. This is probably due to the
inductive link prediction problem we stated above. If we had been able to implement the ap-
proach in a way that the graph could have learnt properly how to predict edges in an inductive
way, the results would likely be improved.

We think, that for this specific task of finding similarities using graph-based deep learningmod-
els is not appropriate as with much simpler ML models we obtain more satisfying results. For
what we have seen, it is not worth introducing deep learning to solve the classification task
for the Open Data BCN repository, as the Random Forest approach provides very good perfor-
mances.
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7 Related Work

In the field of deep learning, graph neural networks are receiving lots of interest recently [46,
25, 47]. These models are showing high capabilities for learning valuable representations from
graphs, which are a source of data that is becoming more and more popular every day. Graphs
are complex data structures rich in relation information that had hardly been tackled with deep
learning. So far, graph neural networks have been applied to recommender systems [48], op-
timization frameworks [49], study of molecular dynamics [50] and many others. Among all
the problems that can be solved with graph neural networks, in this work we focus in link pre-
diction. When tackling link prediction in attributed graphs, neural networks can use both the
node attributes and the graph edge structure to add potentially new edges. The standard and
most common formulation of link prediction is the transductive one [51, 52]. In such framework,
graph neural networks predicts new edges between nodes that already have connections with
other nodes in the graph. However, many applications require to tackle inductive link prediction,
where the nodes we are interested in finding edges are unlinked from the graph fromwhich the
model learns the edge structure [44]. For instance, in a social network we can leverage graph
neural networks to predict new friendship connections for a given user taking into account its
existing connections and its profile (attributes), which defines a transductive link prediction
problem. However, if we wanted to recommend friendship connections to a new user who just
registered we would not have information of any existing connections and therefore we could
not exploit any learnt edge structure. For overcoming such limitation, Hao et.al.[44] implement
two parallel encoders in a single graph neural networks together with an alignment system to
rely on attribute information or edge structure information when one of the two is missing. An-
other very recent paper about inductive link prediction tackles this problem by proposing an
efficient way to link the isolated nodes to the rest of the graph by using a K-Nearest Neighbours
(KNN) algorithm to transform the inductive problem to a transducting one [45].

Also, in this thesis we used a profiling tool provided by NextiaJD system, but their proposal is
much more than simply a profiling tool. In [43] they tackle a data discovery task: the problem
of discovering joinable datasets at scale. They use profiles to approach the problem in order to
avoid unscalable solutions offered by techniques based on index structures like comparison by
hash or by value techniques. They also leverage on Spark framework, which offers a distributed
system to extract profiles efficiently. They also define a novel notion of join quality, relying on
the containment and cardinality proportion, which is capable to detect 5 different quality levels
(None, poor, moderate, good and high). NextiaJD uses a predictive model based on a random
forest classifier to efficiently rank candidate pairs of joinable attributes using the metric they
defined. They run the model over distance vectors obtained by comparing each meta-feature
of a normalization of the profiles with min-max and Z-score techniques. In the experiments
presented we can see that NextiaJD obtains similar predictive performance than other hash-
based methods with a lower amount of false positives and moreover it is able to scale-up to
larger volumes of data thanks to the use of Apache parquet formats.
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8 Conclusions and Future Work

In this thesis we tackle the similarity task of data discovery in the Open Data BCN repository,
which we formalized as classifying its datasets in five thematic areas. To this end, we hypothe-
sized that representing the repository as a graph and using graph-based learning models such
as graph neural networks, would be useful to exploit connections between similar datasets pro-
viding better results than more traditional methodologies. To validate our hypothesis we pro-
vided a Graph Convolutional Neural Network approach solving a link prediction task, that we
later mapped into classification, and compared it with other ML and DL baseline methods. The
results obtained by our approach are good, proving that it is possible to tackle data discovery
tasks with graph-based models, but have not been able to overcome the baseline approaches.
Nonetheless, some future work could be able to improve the results obtained by the GCNN
making it more likely to outperform some of the baseline models presented. As discussed in
Section 6.3.1, in the prediction phase the model is used to predict connections to nodes which
are completely isolated from the other nodes of the graph, which is known as inductive link pre-
diction. However, the model was trained to solve transductive link prediction tasks, where the
nodes fromwhich we predict new links are already linked to the graph. To overcome this issue,
we should consider implementing one of the state of the art solutions proposed in [44, 45]. This
way, the model would be able to find more suitable links for the disconnected nodes and the
accuracy would increase.

Although the approach we provided did not turn out to be the best way to find similarities in
the Open Data BCN repository, we developed a fully fledged pipeline to solve data discovery
tasks in a non-structured and heterogeneous environment, which can be used to solve tasks
such as finding joins or unions. Hence, in the context of the project for the city council (i.e.,
An Automatic Data Discovery Approach to Enhance Barcelona’s Data Ecosystem), the methodology
presented in this thesis can be used to approach the aforementioned taskswhich aremuchmore
difficult to solve with traditional ML or DL models. The pipeline can also be more useful in the
future when the repository will host more public data, as another limitation we encountered
was the number of data available to train the models.

As stated in Section 1.1, data integration tasks are often considered the most burdening aspect
of data science. Throughout this thesis we had to engage a large data preparation and data
cleaning process which consumed a noteworthy amount of our time. It turns out that dealing
with Open repositories is not as comfortable as one could think as it is extremely time consum-
ing to find a way to extract the data from it. In this thesis, to overcome this situation, we have
developed a scraper which succeeded at efficiently downloading and tagging all datasets from
Barcelona’s open data website. Hence, as an added value to the project, we render the scraper
and the datasets we obtained with it, publishing them in the git repository of the project for all
users interested in working with data from Open Data BCN’s portal.
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Github Repository
All the code generated throughout this thesis can be found at:
https://github.com/dtim-upc/GCNN-Open-Data-BCN/. The repository is divided in 4 main folders.

Data

This folder contains the datasets extracted from the Open Data BCN portal after the cleaning step of
Section 3.2.1. For storage reasons, Git does not allow to upload files heavier than 25MB, which is why,
a few datasets could not be uploaded. The datasets are separated in folders denoting thematic areas
exactly in the same way as we can find them in Barcelona’s website.

Scripts

This folder contains the scripts we mentioned in Section 3. We have the following:

• 1.scraper.py: Extracts datasets from the Open Data BCN’s website.
• 2.rename_datasets.py: Renames datasets to include their class labels.
• 3.clean_datasets.py: Cleans the datasets so they are compatible with the pofiling tool.
• 4.create_information_csv.py: Create a file with necessary information about the datasets in order

to create their profiles.
• 5.profiling.scala: Creates profiles of the nominal attributes of the datasets.
• 6.numeric_profiling.py: Creates profiles of the numeric attributes of the datasets.
• 7.create_input_models.py: Prepares training and tests sets and a map of the edges we need to

create the input graph for the GCNNmethod.

Input for Models

This folder hosts the files returned by the code 7.create_input_models.py, which are the ones required to
train and test the models. It contains:

• agg_profiles_train.csv & agg_profiles_test.csv: Profiles of the datasets used to train and test the
models respectively.

• map_datasets_train.JSON & map_datasets_test.JSON: Dictionary to identify which profile corre-
sponds to which dataset in both the train and the test files.

• map_of_edges_train.JSON: Adjacency matrix of the train set to construct the input graph for the
GCNNmodel.

Models

This folder contains the python notebook hosting the models implemented in Sections 4 and 5. When
running them you can obtain the results shown in 6.

• Simpler_models_class_prediction.ipynb: Contains all models from Section 4.
• GCNN_Class_Prediction.ipynb: Contains the GCNN approach explained in Section 5. There is

also the finalmodel chosenwhichprovides the results of Section 6.2: model_class_prediction_final.pt
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