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Résumé

L’émergence des données issues du web et de ses corollaires entraine une révolution digitale qui
touche tous les aspects d’'une entreprise. L’évolution de ces données en termes de volume, de var-
iété et de vélocité implique la nécessité d’intégrer dans les systémes existants des services axés sur
le Big Data. Impactés par cette révolution, les systémes Business Intelligence & Analytics (BI&A),
qui visent a supporter la prise de décision grace a l'extraction des données pertinentes a partir des
bases de données de I'entreprise, nécessitent d’étre revus. En effet, a ’éere du Big Data, les bases
de données NoSQL sont devenues omniprésentes en tant que systemes hautement extensibles et sans
schéma pour stocker des données volumineuses ayant une variété et une vélocité importantes. Bien
que les systémes NoSQL sont largement utilisés aujourd’hui, leur exploitation reste limitée dans le
contexte de la BI&A qui demeure, pendant de longues années, liée essentiellement aux systemes de
gestion de bases de données conventionnels telles que les bases de données relationnelles. En fait, des
les premiers jours de I’entreposage des données, le modele relationnel a été fondamental dans la quéte
de la cohérence et de la qualité des données analytiques dans les systemes BI&A.

Afin d’améliorer les performances, le modele NoSQL offre une grande variété structurelle et une flexi-
bilité accrue de schémas ; mais il a abandonné les regles phares définissant les données relationnelles, a
savoir, la définition préalable d’un schéma et la définition des contraintes d’intégrité. Par conséquent,

I’exploitation des données sans schéma, et souvent sans contraintes d’intégrité pour la prise de dé-
cision nécessite de revoir toutes les phases de I'architecture BI& A, notamment le processus Extract-
Transform-Load (ETL) afin de pouvoir gérer le volume, la variété et la vélocité des données issues des

systemes NoSQL, tels que les systemes orientés documents.

Dans ce contexte, ’objectif principal de cette these est d’explorer comment extraire, transformer et
charger les bases de données orientées documents pour des fins décisionnelles 7 et comment préparer

ces données variées et volumineuses pour répondre aux besoins des décideurs 7
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RESUME

Pour ce faire, dans un premier temps, nous avons mené une étude approfondie de la littérature
sur ces problématiques. Cette revue nous a conduits a introduire une nouvelle approche de Business
Intelligence & Analytics permettant d’extraire, transformer et de charger a la demande les données
requises pour la prise de décision a partir de bases de données orientées documents. Nous nous
concentrons sur ’ETL & la demande ou, contrairement aux travaux existants, nous considérons la
dispersion des données sur deux ou plusieurs collections. En effet, il est courant que les données
indispensables pour la prise de décision soient stockées dans des collections différentes. Dans ce cas,
le probleme qui se pose est comment joindre plusieurs collections en ’absence d’un schéma et des
contraintes d’intégrité définis au préalable ? Assurer cette tadche manuellement s’avere laborieux,

couteux et infaisable dans les ensembles de données a grande échelle.

Ainsi, dans un second temps, nous étudions le probleme de la découverte automatique des attributs
clés qui serviront & la jointure de collections. Nous proposons un algorithme qui vise a détecter
automatiquement les identifiants et les références composés et non composés a partir de plusieurs
sources de données orientées documents. L’approche est basée sur des caractéristiques et des regles
d’élagage qui visent a définir les identifiants candidats. Afin de détecter les pairs (identifiant, référence)
entre chaque deux collections, nous avons adopté la technique de plongement de graphe : node2vec,

qui offre des avantages significatifs grace aux similarités syntaxiques et sémantiques.

Afin de valider notre approche, nous avons développé un prototype qui met en oeuvre les deux
niveaux : (i) détection des identifiants candidats ; et (ii) identification des paires candidates des
attributs clés. L’étude expérimentale est basée sur deux benchmarks : TPC—HE] et TPC-EE] et deux
sources de données réelles : Twitter |DiScala and Abadi, [2016] et Musicians Fj Les résultats obtenus

montrent la faisabilité et la pertinence de notre approche en termes de précision et de cohérence.

Mots-clés : Business Intelligence & Analytics, ETL, Base de données orientées documents, Décou-

verte d’identifiants, Découverte de références

"https://github.com/souibguimanel/TPCHjson
*https://github.com/souibguimanel/TPCEjson
Shttps://www.wikidata.org/wiki/Wikidata:Main_Page
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Abstract

In today’s world, data play a valuable role in organizations. Most notably, the volume and variety
of the gathered data have expanded dramatically leading to a digital revolution that affects all aspects
of a company. The evolution of these data explains the need to integrate big data techniques, analytics,
and operations into existing systems. Impacted by this revolution, Business Intelligence & Analytics
systems (BI&A), which aims to bolster decision-making by extracting pertinent data to gain insights

of significant worth, likewise need to be reviewed.

In fact, in the big data era, NoSQL stores have become ever-present as a highly expandable and
schema-free system that can better handle the volume, variety, and velocity of data. Although NoSQL
systems are broadly used today, BI&A wields conventional database management systems such as
relational databases. In fact, from the earliest days of data warehousing, the qualities of the relational

model have been highly valued in the quest for data consistency and quality in BI&A.

To enhance performance, the NoSQL model offers a large structural variety and increased flexibility
of schemata. But, it abandons the key rules defining relational data, namely predefined schema, and

predefined integrity constraints.

Therefore, exploiting schema-free data for decision-making is challenging since it requires review-
ing all the BI&A phases, particularly the Extract-Transform-Load (ETL) process, to fit the volume,

variety, and velocity of NoSQL data like document stores data.

In this context, the main goal of this thesis is to explore how to extract, transform, and load
document stores for decision-making? and how to prepare these data to fit the decision-makers’

requirements?

For this, we start by conducting an in-depth literature review regarding these issues. Then, based on

the underlined limits of these works, we introduce a new BI&A approach that extracts, transforms, and
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loads on-demand the required data (on-demand ETL), for decision-making based on document stores.
We particularly focus on the on-demand ETL where, unlike existing works, we consider the dispersion
of data over two or more collections. Indeed, it is common for relevant data, used in decision-making,
to be stored in different collections. This calls into question how to join dispersed data across several
collections in the absence of integrity constraints that are not defined beforehand? A document may
have hundreds of fields. Hence, fetchig join fields manually is time and effort-consuming and infeasible
in large-scale datasets.

Thus, in a second step, we study the problem of automatic discovery of key fields that will be used
to join collections. We propose an algorithm that aims to automatically detect both composite and
non-composite identifiers and references on several document stores. The approach is based on scoring
features and pruning rules to discover actual candidate identifiers from many initial ones efficiently.
To find candidate pairs (identifier, reference) between several document stores, we put into practice
node2vec as a graph embedding technique, which yields significant advantages while using syntactic
and semantic similarity measures.

To validate our proposal, we have developed a prototype that implements the two phases of our
approach: (i) candidate identifiers discovery for each collection; and (7i) identification of candidate
pairs of key fields (identifier and reference) for every two collections. We base our experimental
study on two benchmarks: TPC—HE-] and TPC—Eﬂ and two real-world datasets: Twitter [DiScala and
Abadi, [2016] and Musiciansﬂ The obtained results demonstrate the feasibility and the relevance of

our approach in terms of precision and accuracy.

Keywords: Business Intelligence & Analytics, ETL, Document stores, Identifiers discovery, Refer-

ences discovery

“TPC-H: https://github.com/souibguimanel/TPCHjson
Shttps://github.com/souibguimanel/TPCEjson
Shttps://www.wikidata.org/wiki/Wikidata:Main_Page
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Synthese en francais de la these

L’informatique décisionnelle (Business Intelligence & Analytics, i.e., BI&A) désigne les applications
et les pratiques permettant d’analyser I'information et d’améliorer la prise de décision .
Dans une architecture BI&A, comme le montre la figure 1, les données sont extraites a partir de sources
hétérogenes, de différents types et formats, pour étre transformées et chargées dans un Entrepot de
Données (ED) par le biais de processus ETL (Extract-Transform-Load). Les processus ETL ont trois
fonctions principales : (i) extraction des données a partir des sources; (74) transformation des données
(nettoyage, agrégation, conversion, etc.) pour qu'elles puissent étre stockées sous le format ou la
structure appropriés favorisant les analyses OLAP ; et (iii) chargement de I’ensemble des données
résultant dans le systeme cible, typiquement, un ED. Les analyses s’appuient ensuite sur des requétes

OLAP et des outils de visualisation dédiés & la prise de décision.

Sources hétérogenes Entrepot de données Magasins Reporting

o 4@@ me s

1 -
= Analyse

Figure 1: Architecture du systeme Business Intelligence & Analytics

Avec la transformation digitale et ’avenement des big data, les architectures BI&A subissent une
évolution majeure. En effet, les données a analyser étant caractérisées par une Variété, une Vélocité
et un Volume importants (3V), elles sont stockées dans des bases de données (BD) adaptées telles que

les BD NoSQL qui s’averent de plus en plus utilisées. Ces BD, qui offrent une flexibilité de schéma,
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regroupent quatre familles : clé/valeur, orientées colonnes, orientées documents et orientées graphes.

Afin d’exploiter ces BD pour la prise de décision, il est indispensable de fournir une architecture
BI&A adaptée et évolutive. La phase de 'ETL étant 'une des phases les plus complexes et les
plus cotiteuses, et dont dépend fortement la réussite d’un projet BI&A [Souibgui et al., 2019, il est
nécessaire de proposer une approche qui tient compte a la fois de la nature des sources de données
et des besoins décisionnels afin d’exploiter de maniere efficace et performante plusieurs sources de

données variées telles que les BD NoSQL.

Pendant de longues années, les systemes BI&A utilisent essentiellement les BD relationnelles [Ram
et al., 2016]. En effet, deés les premiers jours de 'entreposage des données, le modele relationnel a été

fondamental dans la quéte de la cohérence et de la qualité des données analytiques.

Avec 'avénement des big data, depuis plus d’une décennie, les BD NoSQL sont devenues couram-
ment utilisées pour stocker des données volumineuses, variées et ayant une vélocité importante. La
question qui s’est rapidement posée dans ce contexte, est de savoir comment les BD NoSQL se
rapportent-elles a I'informatique décisionnelle et comment exploiter ces données variées et volumineuses
pour la prise de décision ? Exploiter des données sans schéma défini au préalable, et souvent sans
contraintes d’intégrité, pour la prise de décision nécessite de revoir toutes les phases de I’architecture
BI&A, en particulier les processus ETL [Theodorou et al., 2017]. Nous nous intéressons particuliere-
ment au modele orienté document qui s’avere de plus en plus utilisé dans le monde industriel |Gartner|
2017|, par exemple, le systéeme MongoDB a dépassé les 26.2%|j de taux d’utilisation dans les entreprises
en 2021. Pour ce faire, il est indispensable de fournir une approche BI&A dédiée, capable d’extraire,

de transformer et de charger des données variées et hétérogenes.

Voici en substance les questions de recherche auxquelles nous nous intéressons dans ce travail :

e Comment exploiter plusieurs sources de données orientées documents pour des fins décision-

nelles ?

L’idée est de revoir toutes les phases de ’architecture BI&A, en particulier le processus ETL,
pour fournir des solutions capables d’exploiter des sources de données orientées documents pour
la prise de décision. Il est essentiel de fournir une approche BI&A dédiée qui part de sources de

données orientées documents, extrait, transforme et charge les données dans ’ED, et fournit les

"https://towardsdatascience.com/top-10-databases-to-use-in-2021-d7e6a85402ba
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moyens nécessaires aux décideurs pour analyser facilement ces données.

e Comment extraire transformer et charger des données dispersées sur plusieurs sources orientées

documents ?

L’idée est de revoir le processus ETL afin de fournir de nouvelles solutions dédiées a des sources
orientées documents et hétérogenes. En effet, dans une approche BI&A, on est souvent amené
a utiliser plusieurs sources et plusieurs “tables” de la méme source. Ainsi, le principal défi lors
de l'utilisation de sources de données sans schéma consiste & extraire des données dispersées sur
plusieurs collections. Ce défi conduit & une question cruciale : comment détecter les attributs
clés de jointure dans des sources de données en ’absence de schéma défini au préalable et de

contraintes d’intégrité 7

Pour répondre & ces questions, nous avons mené une étude bibliographique approfondie (Section ).
Dans la Section , nous avons proposé une nouvelle approche BI&A qui vise a extraire tansformer et
charger des sources de données orientés documents. La Section présente notre solution pour détecter
les paires d’attributs clés en vue de faire la jointure de deux BD orientées documents. Afin de valider
nos contributions, nous avons développé un prototype que nous décrivons dans la Section . Nous

présentons un bilan sur nos contributions et une esquisse de nos travaux futurs dans la Section .

Notre objectif étant d’extraire, de transformer et de charger des BD NoSQL pour la prise de dé-
cision, nous présentons dans cette section les travaux existants dans la littérature autour de cette
problématique. Nous nous intéressons particulierement aux travaux qui ont traité le probleme de
I’ETL en se concentrant sur la jointure. Nous présentons également les travaux qui ont proposé des

contributions pour I'analyse OLAP de ces BD.

Peu de travaux ont abordé le probleme de 'ETL dans le contexte des BD NoSQL, en particulier
les BD orientées documents [Asanka) [2015] [Yangui et al., [2017]. Dans [Mallek et al., 2018], les auteurs
ont proposé un outil, appelé BigDimETL, traitant le processus ETL dans le contexte de BD NoSQL.
Les données sont extraites a partir des BD orientées documents pour étre transformées en BD ori-
entées colonnes afin d’appliquer les techniques de partitionnement. L’approche vise a augmenter la
performance en parallélisant le traitement des opérations de sélection, projection et jointure. Il est

a noter que dans la littérature, de nombreux travaux se sont intéressés au probleme d’extraction de
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schéma des BD orientées documents. Etant une étape indispensable dans un processus ETL, nous
étudions ces différentes contributions. Ainsi, Klettke et al. [Klettke et al., 2015] ont proposé une méth-
ode d’extraction d’un schéma d’une collection de documents JSON représenté sous forme d’un graphe.
D’autre part, Gallinucci et al. |Gallinucci et al., [2018] ont étendu le cadre d’extraction de schéma d’'une
collection de documents JSON, en utilisant des techniques de profilage de schémas afin d’expliquer la

variété des structures des documents JSON en utilisant un arbre décisionnel.

Bien que de nombreux auteurs ont procédé a 'extraction de schémas, ce probleme est encore in-
suffisamment exploré. L’inconvénient majeur réside dans le fait que ces approches ne couvrent pas
la recherche des types réels cachés des attributs lors de I'extraction de schémas. Cette étape s’avére
indispensable pour la manipulation et I'interrogation de ces BD. Cependant, pour détecter les paires
d’identifiant et de référence correctement, il est nécessaire de l'enrichir par 'identification des types
cachés des attributs, faute de quoi des résultats faux positifs seront obtenus.

D’autre part, méme si la plupart de ces travaux s’est concentrée sur la premiere phase du processus
ETL, c’est a dire la phase d’extraction de données ou la phase d’extraction de schémas, les contri-
butions dans la phase de transformation restent encore limitées et nécessitent plus d’efforts. Dans
la suite, nous étudions en particulier les travaux mettant ’accent sur 'opération de jointure dans le

contexte des bases de données NoSQL.

Dans [Celesti et al., [2019], les auteurs ont discuté I'impact de I'exécution de 'opération de jointure
entre deux collections de documents JSON. Ils ont proposé un algorithme qui effectue la jointure sur
deux collections stockées dans MongoDB. L’algorithme nécessite d’avoir les deux clés de jointure en
entrée. De plus, comme la jointure est une opération obligatoire pour interroger les BD orientées
documents, nous avons également étudié les approches dédiées a l'interrogation [Kondylakis et al.|
2019, Mami et al., 2019, Pokorny, 2020]. Toutes ces contributions reposent sur ’hypothese que les clés
de jointure sont connues & avance. A notre connaissance, aucun travail antérieur n’a proposé une
méthode pour détecter automatiquement la paire de clés de jointure dans deux sources NoSQL, c’est-
a-dire trouver les deux identifiants et leurs références respectives. Par conséquent, il est intéressant
d’examiner les recherches antérieures menées dans le contexte des BD relationnelles [Wu et al., 2019].

Dans un travail récent, Jiang et Naumann [Jiang and Naumann, 2020| ont proposé une approche pour
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découvrir automatiquement les clés primaires et les clés étrangeres pour une base de données relation-
nelle. L’approche est basée sur les dépendances fonctionnelles, & savoir la Combinaison de Colonnes
Unique et les Dépendances d’Inclusion. Les deux types de dépendances ont été utilisés pour, respec-
tivement, détecter les clés primaires et les clés étrangeres dans les bases de données relationnelles.
Dans le contexte des BD orientées documents, un identifiant n’a pas exactement les mémes caractéris-
tiques que la clé primaire dans les BD relationnelles. En fait, une Combinaison de Colonnes Unique
est 'ensemble des attributs dont la projection ne contient que des valeurs uniques et non nulles, alors
que dans les BD orientées documents, le schéma n’est pas rigide. Les attributs peuvent étre absents
dans certains documents ou peuvent avoir des valeurs nulles.

Ainsi pour résoudre le probleme de détection des identifiants et leurs références partant de sources de
données orientées documents, il faut trouver d’autres alternatives adaptées a la nature sans schémas
de ces BD. En effet, méme si le probleme de la détection des clés primaires et des clés étrangeres
dans les bases de données relationnelles est un probleme connu et que des solutions dédiées ont été
proposées dans la littérature |[Jiang and Naumann)| 2020], le probléme de la détection automatique des
identifiants et des références dans les BD orientées documents reste un défi auquel aucune contribution

préalable n’a été faite.

OLAP est largement utilisé comme une approche d’analyse de données structurées pour faciliter
la prise de décision. Avec la diffusion des BD NoSQL, contenant des données semi-structurées, il
devient nécessaire de trouver des solutions permettant I’analyse multidimensionnelle (OLAP) sur des
BD NoSQL. Les auteurs dans [Chouder et al., |2019] ont proposé une approche, qui s’integre dans le
contexte de self-service BI. Elle consiste a extraire le schéma d’une collection de documents JSON. Un
schéma multidimensionnel initial est généré pour permettre a I'utilisateur de formuler sa requéte. La
validation de la requéte se base sur la recherche des dépendances fonctionnelles approximatives. Au
fur et & mesure qu'une dépendance fonctionnelle est trouvée, le schéma multidimensionnel est raffiné
pour ajouter les niveaux de hiérarchies. La requéte validée est traduite en langage natif du systéme
MongoDB pour répondre aux analyses OLAP. Il est de méme pour les approches dans [Francia et al.|
2020, |Gallinucci et al., [2018], qui permettent 'application OLAP directement sur une collection de
documents JSON. Elles different de 'approche de [Chouder et al., 2019] par le fait de chercher toutes

les dépendances fonctionnelles, qui sont représentées sous forme d’un graphe au lieu de les chercher a
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la demande.

Bien qu’il existe de nombreuses études, elles ne peuvent étre considérées comme concluantes. En
effet, les travaux existants qui ont traité de I’analyse OLAP sur les bases de données orientées docu-
ments, n’ont considéré qu'une seule collection. Cependant, dans le cadre de BI&A, les données sont
souvent éparpillées sur plusieurs collections. A notre connaissance, il n’existe pas une approche globale
de BI&A qui part de sources NoSQL, avec une multitude de sources hétérogenes et dispersées, et qui

permet la création d’un entrepot de données jusqu’a arriver aux analyses OLAP.

Dans un premier, nous proposons dans cette thése une approche permettant d’extraire, transformer
et charger les données dispersées sur plusieurs sources orientées documents. Etant donné que ce type
de sources de données est extrémement volumineux et évolutif, notre approche est pilotée a la fois par

les sources de données et les besoins des utilisateurs finaux. Elle opére en deux étapes principales:

1. Etape 1: OnDemand ETL : extraire, transformer et charger des BD orientées documents a la
demande. Cette étape vise a récupérer des données pertinentes et nécessaires pour répondre aux

besoins d’analyse en deux phases :

e Phase 1 : Fatraction de schémas : les BD orientées documents ont une structure vari-
able et dynamique. Cette variété est explicitée par la présence ou 'absence de certains
attributs avec une variété de types. Par conséquent, inférer le schéma de chaque collection
devient primordial pour I'intégration de données. Cette étape consiste a extraire ”a froid” le
schéma plat pour chaque collection de documents. Le schéma plat représente un ensemble
d’attributs avec leurs types, e.g., JSONArray, Object, Integer, etc. Chaque attribut est ex-
primé sous forme de son chemin d’acces a partir de la racine. Comme un type simple d’'un
attribut donné peut étre caché sous un autre type simple, nous proposons une méthode qui
vise & vérifier le type réel caché de chaque attribut pour détecter de tels cas. Par exemple,
si les valeurs d’un attribut donné sont de type Float (exemple : 5.02), alors qu’elles sont
représentées entre guillemets : 75.02”, dans ce cas, le type réel doit étre Float au lieu de
String.

Le nombre de schémas globaux (m schémas plats) extraits & partir des sources est inférieur

ou égal au nombre initial des collections, a savoir n collections.
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e Phase 2 : Intégration de schémas et de données : cette étape permet d’extraire ”a chaud”
les données requises par les besoins d’analyse. Pour identifier I’ensemble de collections
contenant les données pertinentes, cette phase consiste a faire un alignement entre les sché-
mas et les attributs multidimensionnels exprimant le besoin du décideur. En effet, chaque
attribut multidimensionnel peut se trouver dans une ou plusieurs collections, et comme
il existe une myriade de collections, il serait cotiteux de chercher les attributs d’analyse
en parcourant la liste complete des données dans chaque collection. Ainsi, faire recours a
I’extraction de schémas est indispensable pour relever les défis posés par la nécessité du
passage a I’échelle. L’extraction des données pertinentes nécessite souvent d’accéder a plus
qu'une collection de documents. Cet acces multiple exige de trouver les clés pour effectuer
une jointure. Dans notre contribution, nous nous concentrons principalement sur la jointure
car c’est une opération complexe & assurer, alors qu’aucune définition préalable des paires

de clés de jointure n’a été faite.

2. Etape 2 : Analyse OLAP : a cause de I'explosion des données NoSQL qui sont caractérisées par
la flexibilité de schéma, et la complexité d’intégration, I’objectif de cette phase est de garantir
une analyse OLAP adaptée au contexte des BD NoSQL, particulierement aux BD orientées
documents, pour garantir des réponses aux attentes des décideurs en temps opportun. Nous

notons que cette phase ne fait pas partie du cadre de cette these.

Nous avons ensuite étudier le probleme de détection des paires d’identifiant et de référence can-
didates. Notre objectif est de détecter les paires (identifiant, référence) entre chaque deux collections
de documents JSON. Comme le montre la figure [2, cette phase opere en deux étapes principales : (i)

détection des identifiants candidats ; et (%i) identification des paires candidates des attributs clés.

Dans la premiere étape de détection des identifiants candidats, nous identifions une premiere liste
d’identifiants candidats pour chaque collection. La recherche se limite aux attributs de types simples,
fréquents et de valeurs uniques. Puisque, un identifiant ne peut pas étre de type JSONObject ou
JSONArray, nous avons limité la recherche uniquement aux attributs simples. En outre, en raison de la
flexibilité du schéma, les documents d’une méme collection peuvent présenter une variété structurelle.

Certains attributs peuvent étre présents dans un document et absents dans les autres. Ainsi, nous
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Figure 2: Architecture de la phase de détection des paires candidates des identifiants et des références

classons les attributs en fréquents et non fréquents. Pour trouver les identifiants candidats, nous
considérons uniquement les attributs fréquents. Ensuite, dans la liste des attributs fréquents ayant

des types simples, nous cherchons les attributs a valeurs uniques.

Ensuite, nous associons un score pour chaque attribut de la liste obtenue. Pour calculer le score,

nous avons utilisé un ensemble de caractéristiques. Dans le contexte des BD relationnelles, plusieurs

caractéristiques ont été proposées dans la littérature pour identifier les clés primaires [Jiang and Nau-

2020]. Nous adaptons ces caractéristiques aux BD orientées documents et nous avons introduit

de nouvelles caractéristiques. Ces caractéristiques sont définies comme suit :

e Cardinalité : en pratique, les concepteurs de schémas montrent une tendance a utiliser moins

d’attributs pour la définition de I'identifiant : moins d’attributs permettent une meilleure com-

1

TDd] ot I Dc est un identifiant

préhension et maintenabilité. La fonction du score est définie par

candidat.

e Suffixe/préfixe de nom : les identifiants sont généralement identifiés par leur suffixe/préfixe de

noms. Nous considérons cette liste des suffixes/préfixes possibles pour les identifiants : ”id”,

. P izSuf fiz(ID
"key”, "nr”, "no”, "pk”, "num” et “code”. La fonction du score est définie par Z refiz G‘gﬁx( C)a

ou prefizSuf fix(IDc) compte le nombre d’attributs dans I'Dc dont le nom contient I'un des

préfixes/suffixes mentionnés ci-dessus.
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e Longueur de la valeur : les attributs qui sont utilisés comme identifiants sont supposés avoir

une longueur de valeur courte, car généralement ils sont des identifiants non sémantiques. La

L ol
maz(l,LengthMaz(f;)—n)

fonction du score est définie par

— LengthMazx(f;) est la longueur moyenne des valeurs les plus longues associées aux attributs
- |[IDc|
de IDc. Cette fonction est définie par LengthMax(f;) = 175 ; LengthMazx(f;).

— n est le parametre utilisé pour pénaliser les valeurs longues.

e Profondeur : Les identifiants ont souvent une profondeur faible. En fait, des attributs imbriqués

ont moins de chance d’étre un identifiant pour toute la collection. Nous définissons la fonction
|IDc|

du score comme suit : 5 21 dpn(ryT1)s O fi € IDe.
1=

e Type de données : Dans la pratique, un attribut est susceptible d’étre un identifiant si son type
|IDc|

de données est Integer ou String. La fonction est définie par \T%Jcl( > type(f;)) ou type(f;) est
=1

une fonction binaire qui renvoie un si 'attribut a un type String ou Integer ou zero dans le cas

contraire.

Apres avoir associé un score a chaque identifiant candidat et vu que la liste initiale est large, nous la

filtrons en utilisant une technique d’élagage appelée Cliff [Jiang and Naumann| 2020).

L’objectif de la deuxiéme étape est de trouver les paires (identifiant, référence) entre chaque deux
collections, en se basant sur l’ensemble des identifiants candidats fournis par la phase précédente.
Etant donné deux collections, nous cherchons les paires candidates dans les deux sens : (i) pour
chaque identifiant IDc(Cy) de la premiere collection Cp, nous cherchons la référence la plus similaire,
si elle existe, dans la liste des attributs F(C2) = fi,..., f, de la deuxieme collection C5 ; et (i) pour
chaque identifiant IDc(C3) de la deuxieme collection Cs, nous cherchons la référence la plus similaire,
si elle existe, dans la liste des attributs F(Cy) = fi,..., fn de la premiere collection Cj.

Le degré de similarité dépend des valeurs des propriétés communes entre un identifiant et sa référence.
Afin d’examiner ces similitudes, nous modélisons la relation entre IDc(C;) et F(C;) = f1,..., fn sous

forme de graphe.

Les techniques basées sur les graphes sont devenues omniprésentes car elles sont essentielles pour
Pextraction des connaissances |Cui et all [2019]. Cependant, les graphes avec leur représentation

traditionnelle ne permettent pas de tirer pleinement parti des approches et des techniques existantes de
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I’apprentissage automatique. De nos jours, il y a eu un intérét considérable pour le graph embedding qui
vise & associer a chaque sommet du graphe une représentation vectorielle [Cai et al., 2018]. Récemment,
plusieurs techniques de graph embedding ont été proposées tel que I'algorithme node2vec |[Grover and
Leskovec, 2016]. Nous utilisons ce dernier qui effectue une représentation locale du voisinage des
sommets d'un graphe. Le graphe que nous avons défini est simpl hétérogénelﬂ non orienté et non

pondéré. Nous le notons par G(V,E) ou :

o V= {IDc(C;),F(C;), PV} : I'ensemble des sommets qui sont de trois types :

— IDc(C;) : un identifiant candidat de la collection C;
— F(Cj) : 'ensemble des attributs de la collection C;

— PV : I’ensemble des propriétés communes entre les identifiants et les références. Par exemple

Integer est une valeur de la propriété type de données.

e F :I’ensemble des arétes représentant les relations entre les sommets. Une aréte peut étre établie
entre (1) un sommet d’'un identifiant IDc(C;) et un sommet d’une référence candidate de F(C;)
s’il existe une similarité syntaxique ou sémantique ; et (%) un attribut dans {IDc(C;), F(C;)} et

une valeur de propriété.

Nous proposons un ensemble de régles pour identifier les propriétés liées aux identifiants et références :

e Compatibilité des types de données : 'identifiant, et sa référence doivent avoir le méme type ou
des types compatibles. Par exemple, si nous avons un identifiant de type String et une référence
avec un type Integer, et ils ne sont pas convertibles, cette paire ne sera pas considérée comme

candidate dans ce cas.

e Similarité syntaxique : nous utilisons la mesure de similarité syntaxique Fuzzy-Token |[Wang
et al., [2011]. La similarité combine & la fois la similarité basée sur les tokens et la similarité des
chaines de caracteres. Pour utiliser cette fonction de similarité, les chaines d’entrée n, et ny sont
divisées en tokens. Nous considérons les deux cas pour la division : (i) avoir un délimiteur, par

7N

exemple, 77 et / ou une lettre majuscule; (7i) les chaines sont attachées sans délimiteur, par

exemple "LINESTATUS”.

8sans aréte multiple
Yavec des sommets de différents types
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e Similarité sémantique : 'utilisation de la similarité syntaxique uniquement ne suffit pas pour
couvrir tout les cas possibles, par exemple "Customer” et "Client”. Par conséquent, nous pro-
posons une étape pour mesurer de la similarité sémantique. Pour ce faire, nous utilisons la base

de données lexicale Wordnet.

Comme preuve de concept de notre approche, nous avons développé des prototypes java des
phases principales de notre approche afin d’expérimenter nos contributions. Ces prototypes fournissent
I’ensemble des mécanismes permettant de: (i) extraire le schéma d’une collection de documents JSON
contenant la liste des attributs avec leurs types ; et (i7) détecter les paires candidates d’attributs clés
de jointure (identifiant, référence) qui sont relatives a chaque deux collections de documents JSON.
Notre étude expérimentale est basée sur deux benchmarks (TPC-H et TPC-E) et deux sources de

données réelles (Twitter et Musicians).

Les expérimentations que nous avons menées visent & valider notre approche, en termes de perti-
nence des résultats. La validation de approche implique les deux niveaux : (i) détection des identi-
fiants candidats ; et (7i) identification des paires candidates des attributs clés. Pour chaque niveau,
nous avons utilisé quatre métriques : precision, recall, accuracy et percentage decrease. Les résultats
de I’évaluation de notre approche donnent un apergu de la faisabilité de la détection des attributs
clés de jointure dans les bases de données orientées documents contenant des données dispersées sur

plusieurs collections.

Les travaux présentés dans ce mémoire de these se situent dans le contexte de l'informatique
décisionnelle avec I'objectif d’exploiter des données sans schéma et dispersées sur plusieurs sources
NoSQL pour la prise de décision.

Nous avons présenté une nouvelle approche qui vise a extraire, transformer et charger des sources de
données NoSQL & la demande. Cette approche est hybride qui prend en compte a la fois la nature sans
schéma, des sources de données et les besoins décisionnels afin d’explorer plusieurs bases de données
NoSQL de maniere efficace. Nous nous sommes concentrés, en particulier, sur les bases de données
orientées documents et avons abordé 'impact de la nature sans schéma et de ’hétérogénéité de ces
données. Contrairement aux travaux existants, notre approche ne se limite pas a une seule collection,

car nous considérons la dispersion des données sur plusieurs collections.
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Dans les systemes décisionnelles, I’extraction de données pertinentes qui répondent aux exigences
du décideur nécessite souvent d’accéder a plusieurs collections de documents JSON. Cet acces multiple
augmente la complexité puisqu’il nécessite de trouver les attributs de liaison "pivot”. Par conséquent,
nous étudions le probleme de la découverte automatique des attributs de jointure. Nous proposons
un algorithme qui vise & détecter automatiquement a la fois les identifiants et les références a partir
de plusieurs bases de données orientées documents. Notre approche met en évidence trois étapes
principales : (i) Extraction de schémas ; (ii) La découverte d’identifiants candidats ; et (%iz) Identifier
les paires (identifiant, référence) candidates. L’approche est basée sur des caractéristiques et des regles
fondées sur les similarités syntaxique et sémantique pour trouver les identifiants candidats (identifiant,

référence) entre chaque deux collections.

Les résultats des recherches que nous avons menées pourraient étre utiles pour :

e Les systemes Business Intelligence & Analytics en particulier les processus ETL traitant des
bases de données orientées documents : aujourd’hui, I’exploitation des données NoSQL pour des
fins analytiques manque de maturité, de tracabilité et de gestion des métadonnées. Dans le cadre
de la BI&A, les données sont souvent éparpillées sur plusieurs collections de documents. Par
conséquent, ’extraction des données pertinentes qui correspondent aux besoins des décideurs
nécessite souvent d’accéder a plusieurs sources de données, d’ou l'utilisation de 'opération de
jointure. En effet, les outils ETL open source et commerciaux offrent des composants de jointure.
Cependant, il appartient a I'utilisateur de choisir les clés avant d’appliquer la jointure. Dans un
contexte NoSQL, un document peut avoir des centaines d’attributs ce qui rend difficile, voire

infaisable I'identification manuelle de I'identifiant d’une collection.

e Interrogation des données : la jointure est une opération primordiale pour l'interrogation des
données. Par conséquent, il est obligatoire d’avoir les clés de jointure au préalable. A titre
d’exemple, MongoDB utilise le MQL (MongoDB Query Language) pour interroger les données
stockées dans des bases de données orientées documents. Les développeurs confirment que les
opérations de jointure entre collections sont essentielles [Celesti et al., |2019]. La communauté
open source de MongoDB a récemment introduit I'opérateur $lookup en version 3.2. Cet opéra-
teur effectue une jointure entre deux collections en utilisant un localField et un foreignField

spécifiés par 1'utilisateur.
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e Conception de bases données : identifier les interrelations dans les bases de données héritées
nécessite certainement la découverte de clés de jointure. Méme si ’absence de schéma rigide
caractérise les bases de données NoSQL, les développeurs devraient également avoir une vue
d’ensemble des données et prendre les mesures et décisions appropriées pendant le processus de
conception de 'application. Ces décisions peuvent avoir un effet significatif sur l'efficacité de

I'application et la lisibilité du code [Mior and Salem, 2018].

Les travaux menés dans cette these peuvent étre poursuivis dans différentes directions :

e En premier lieu, nous avons l'intention d’étudier I'impact du rafraichissement incrémental des
données [Qu and DeBloch, [2017] et comment planifier en conséquence le processus de découverte
des identifiants et des références dans les bases de données orientées documents (cf. Chapitre 4).
Dans notre approche, la découverte des identifiants et des références est traitée lorsque 1'utilisateur
est hors ligne (traitement & froid). Si de nouvelles modifications sont produites au sein d’une ou
plusieurs collections qui sont déja traitées, le processus est relancé afin d’identifier les nouveaux
identifiants et références, s’ils en existent. Le traitement étant effectué ”a froid”, la difficulté de
ce processus n’impacte pas l'utilisateur ; néanmoins, nous considérons le traitement ”a chaud”
comme 'un de nos objectifs futurs.

En second lieu, nous envisageons d’intégrer notre approche en tant que composant dans un outil

ETL commercial, par exemple, Talend Big Data et Talend Data Integration.

e En ce qui concerne notre approche globale (cf. Chapitre [3), en premier lieu, nous envisageons
de l'enrichir en y intégrant une phase de modélisation multidimensionnelle basée sur plusieurs
collections. Depuis plusieurs décennies, OLAP est largement utilisé comme approche d’analyse de
données pour aider a la prise de décision sur des données structurées. Avec 'utilisation répandue
des bases de données NoSQL contenant des données semi-structurées, il est également de plus
en plus nécessaire d’appliquer OLAP sur ces bases de données, afin d’aider les utilisateurs, qui
ne sont pas experts, a prendre de meilleures décisions. Les travaux existants se concentrent sur
Iextraction d’un schéma multidimensionnel & partir d’une seule collection |[Chouder et al., 2019,
Gallinucci et al., 2019], alors que dans BI&A, la récupération des données pertinentes nécessite
souvent d’accéder a plus d’une collection de documents JSON.

En second lieu, nous avons l'intention d’étendre notre approche pour supporter des modeles
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de sources de données NoSQL supplémentaires puisque notre objectif ultime est de fournir une

approche BI&A dédiée a NoSQL.
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1.1. CONTEXT

1.1 Context

In today’s world, data play a valuable role in organizations. Most notably, the volume and va-
riety of gathered data have expanded dramatically. Analyzing these data aids in gaining insights of
significant worth that bolster decision-making. This is ensured through Business Intelligence & Ana-
lytics (BI&A) systems. The term Business Intelligence & Analytics refers to a wide range of applica-
tions and technologies that collect, manage, and analyze data to assist the end-user in making better

decisions [Watson, [2009).

In traditional BI&A architecture, data are extracted from heterogeneous sources of different types
and formats. These scattered data are transformed using the Extract-Transform-Load (ETL) process.
The latter performs three basic functions: (i) data extraction from data sources; (ii) data transforma-
tion where the data are converted and structured for decision-making (e.g., data cleansing, aggregation,
reformatting, matching, etc.); and (%ii) the resulting dataset is loaded into the target system, typically
a Data Warehouse (DW) [Kimball and Ross, [2002, [Vassiliadis, [2009].

With the emergence of big data, data management systems based on non-relational models such
as key-value, column-oriented, document-oriented, and graph-oriented are widely accepted as efficient
systems to store NoSQL data. In fact, NoSQL adopt a schemaless representation: the schema is
flexible, and is not predefined with upfront constraints. NoSQL data models offer greater flexibility
over data types and heterogeneity consisting in schema variants and different possible structures |Rizzi,
2022, [TruicA et al., 2021]. However, in operational applications, the absence of unique schema grants

flexibility but adds complexity to analytical applications |Golfarelli and Rizzi, 2018].

Data analytics are gaining increasing attention in BI&A solutions that become data-driven rather
than business and intuition driven [McAfee and Brynjolfsson, [2012]. Without delving into these data,
bias and false assumptions may lead to poor decision-making. Consequently, there is an obvious
need to be able to cope with high technology standards to face big data-specific complexity (Volume,
Variety, Velocity, etc.) [Bizer et al.| 2011, (Chen et al., 2012].

Exploiting NoSQL data for decision-making lacks maturity, governance, traceability, and metadata
management. Therefore, it is essential to provide a dedicated comprehensive BI&A approach that
starts from NoSQL sources, extracts, transforms, and loads the data into the DW, and provides the

means required for decision-makers to analyze this data quickly. Other issues related to data arise, such
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1.2. BACKGROUND

as data quality, data understanding, and availability |[Kim et al., 2018, Thota, 2017|. These problems
related to data will generate performance degradation going against the expected reactiveness. Indeed,
proceeding as in traditional BI solutions by loading all the data before analysis is rather unfeasible
as data is leading to performance degradation. Moreover, data evolve and are highly heterogeneous.
This means that some of the data may be useless or irrelevant to the analysis needs. Based on the
above observations, an ETL framework needs to be on-demand regarding the data streams it has to

consider |[Baldacci et al., [2017].

1.2 Background

This section presents the key concepts that form the Business Intelligence foundation. To begin
with, we define Business Intelligence & Analytics with an overview of its typical architecture, detailing
the main parts, mainly the data sources, the ETL process, the Data Warehouse, and the OLAP

analysis phase. Secondly, we present the basic concepts related to big data and NoSQL stores.

1.2.1 Business Intelligence & Analytics

Business Intelligence & Analytics is defined as ”a broad category of applications, technologies,
and processes for gathering, storing, accessing, and analyzing data to help business users make better
decisions” [Watson) [2009]. As depicted in Figure BI&A systems use data gathered from company
internal operational databases and external data. These data are transformed and integrated before
being loaded into the Data Warehouse. The relevant data for the decision-making process are collected

from data sources using the ETL process |Vassiliadis, [2009].

Data Sources

Data sources are heterogeneous at different levels, including data type, format, syntactic, and
semantic aspects. Data can be ambiguous and of poor quality due to missing values, high data
redundancy, and lack of truthfulness.

The sources from which data are extracted, transformed, and loaded into the Data Warehouse can be:

e Internal: data are generated by the company, namely transactional databases about sales, human
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Figure 1.1: Business Intelligence & Analytics system architecture

resources, etc.

e External: data are generated from outside the company, namely websites, sensors, emails, etc.

ETL Process

The ETL process is the core stage in a BI&A architecture. It is a three-fold process that performs

these basic functions in data movement:

e Extract: before moving data to a new destination, it is mandatory to retrieve these data from

data sources that are typically heterogeneous.

e Transform: this step deals with data structuring and formatting. Data are converted to be stored
in the proper format or structure for querying and analysis (e.g., data cleansing, reformatting,

matching, standardizing, aggregation, etc.)

e Load: the transformed data are loaded into the target system, typically a Data Warehouse.

Many reasons stand behind the need for the data integration phase within the decision system: (i)

heterogeneous formats; (ii) data formats can be difficult to be interpreted or ambiguous; (iii) legacy
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1.2. BACKGROUND

systems using obsolete databases, and (iv) data source’s structure is changing over time |Bodziony
et al., 2022, Theodorou et al., [2016]. All these features of data sources make data quality uncertain.
A variety of studies were conducted to identify different quality issues within the data integration
process. Most of these studies agree that data quality faces numerous challenges [Batini et al., 2009}
Warth et all 2011]. Indeed, ETL is a crucial part of the data warehousing process where most data
cleansing and curation are carried out. Hence, we propose a classification of typical data quality issues
according to ETL stages, i.e., extract, transform and load. As depicted in Table each one of these
stages is prone to different quality problems at both schema and instance levels.

Even if many efforts have been made to deal with data quality issues in the traditional ETL process,
there are still many new challenges to overcome. Indeed, extending existing ETL solutions is very
important to cope with the volume, variety, and velocity of nowadays data.

A global analysis of the quality defects observed at the instance level in Table shows that most
of the problems have solutions at the schema level in traditional relational databases through, for
example, constraints definition. The defects at the schema, level also show the importance of a schema

vision over the data to firstly help to identify the defects and secondly to solve them.

43



1.2. BACKGROUND

‘(ssou
-oja[dwoout 10a11puy “o°1) 9epdn se Yons suoreiado vyep A pasned son[eA JUISSIU
pue ‘(ssouajorduwoour 30011 o'1) (L1007 |'T® 0 Suex| [F10g |ySulg pue ()| Lydume
Io [[u oq 03 Ieadde poy ouo ur eye( :s0dA) 0m) OJUI POYISSR[O IR SON[RA SUISSIJ

Son[eA SUISSIJ

‘[110¢| 18 30 Suex] piooez
SUIISIXO UR S PI OWRS o) SUIARY PIODdI B SUIISSUL UM SOIIJUD JO SIOIFUO0D

ol St QOS@OSQSU JO TLIOY Jojouy :Sol}Ijuo JULI9HIP O} Mﬂihwwwh IogIjuapl ouwreg e

(T08L-857-(212)
10 TORL-8GH-¢1¢-T+) Ioqunu suoyd [euorjeIL)UI 10 ‘(TOYL-8GH '8'0) Ioquinu
ouoyd (8207 :JRULIOJ JUSISHIP Ul UYILIM 9 URD Jdqunu suoyd e ‘9our)sur Joq
"[8T0g| | T 10 dIuuer) uea| saL1jus 91edI[dND 0} PR [[B URD SAUIRU SUIILIM JO SAeM
JUSIOYIP pue sSulffodsstur ‘qor} U] “AJJUSIOPIP Poassoldxo oIe jer) SULId) SRS
SUTRIUOD SPIOIAI ‘DSkD SIYY U]  :AJIJUS SUWeS ) 0} SULLIDJOI SIOYIIUOPI JUSIOPI(]

ruoryeor[dnp jo sad4£) om) ysmSumsip op\ *[g107| ‘weres pue sorej

aoue)suy
-nog]| eyep owIes oY) 9IRYS A[JUSLIOADRUI JRY) SPIOIAI OM) SURIUL SPI0dal ayedridn g sp102a1 a3eordn(g
SN ‘92007 D ‘UOIBUIYSCA\ ‘AN PAY UISUOISIA\ (T uyor ,=owreu :ojdurexy
‘(€107 F'Te 10 eULIRQQA(]] 9IMNLI})R SUO Ul poIdjue senjea o[dimy SOM[eA POpPPoqUIN
VSN woo rewdpplooiuyor, ewoayos e noyjm 90Inog :g ojdurexy
'SSeIPpPY 10} Spuels  ppy,
pue suwre)N ISII I0J SPuRIS N, :JURIYIUSIS J0U dIe SouWRU SoINqu)yy T ojdurexy
10007/ ‘o pue wyry (€10g ‘T8 1° RULIRGGA(]] UOIIIUYSP [9AS] RWLYDS }09)Iodu] USISOp BWOYDS 100]
(8992 T.=NSS
‘Quep, =owreu) =g Iowojsnd ‘(,£997T,.=NSS ‘ OUOf,—ouWlelu) =T ISWO0ISND Io(
-nu NSS owes o} SUIARY SIDWOISNO OMJ, :UOIJR[OIA sseusnbrun jo ordurexy
‘(ssouonbrun ‘sjure1)suod AJ11809UI [RIJUSIOJOI pUR Aoy SHUIBIJISUOD —— q
*89) oseqriep 9Y) UI 19SRIRD IO RIRD USAIS ® JO ADUSISISUOD S} SUYP Je) S9Ny AJLIS0IUl JO odUssqe IO Yoer]
uorydriosa(q we[qoIg

sworqoxd Ayrenb eyep T1H Jo sodurexy :1°T o[qR],

44



1.2. BACKGROUND

"AY[IqReDRI) PUR ADUI)SISUOD ISTIOYDIRAN ©IR(T O} SUIDSHR JNOYIIM
Se3URYD SeINLIY)R SUOISUSWIIP 91} 199]Jal 0 [RIIILID ST ] |10 [SUIS pue [[15)| Uorn
-e1odo 9jepdn pue prO[ AI9A9 I99JR RIRP JO SUIUOISIOA 0 NP dSNOYDIRA\ RIR(] S} Ul
RYRP [ROILIO)SIY PUR JUDLIND [IOQ JORI} O} POsSn YSe)} © SI UOISUOWIp SULsueyd A[MO[S

UOISuoWIp SULdueyo A[Mmo[s
o3} Jo uoryejuowodwl SUOIA\

“BJRp
9enooeur Jo peaIds o1} UT S}[NSAI UOTPRUI)SIP JI9II0JUI ST} 0) dDINOS B)ep © SUI{UI]

eJep Jo Furddewr SUOIAN

/A T/0

30 ‘$90IN0S BIRP 0M] O} Ul A[IULIOPIP Pojuosoldol ST 9ingLIjje opuor) :g ojdurexy
(ALAL/pp/mu “+o°1) ouO

S[) @Y JO IR} WO JuaIPIp st (ALAL /wuwr/pp *o'1) yeuniof ayep youal :] ojdurexy
"[210g 'wereg pue soremog| sures oyj st odA) 9soym s9InqLI)

-Je JO suorjeIuaseIdal DIORIUAS JUSISHIP oIv 919V, '|L107 ~'T® 10 Sueg| asnoysrepy
9} JO ®JRP OU) SB JBULIO] OWES O} J0U OARY 9DINOS 9} WOIJ POASLIDI B)eD o[,

(syo1guod RINY
-ONI)G) ADUS)SISUOOUT XRIUAG

18107 ['Te 10 druuex) uea [000g ‘od pue wyey| [F10g [YSUIS
pue [[15)] UOT}IIZ0001 RWLTDS S9IMDal 0A0(R POUOIIUSUT S9DINOS Y[} JO UOTUN ST[) U}
‘(xog/10puar) *39) SoINqLIIJR SNOWAUOUAS OM] DART] JRY} SOOINOS BIRD OM] OARTY OM J]

SIOTHUO0D FUIUIR N

‘pIey owres oy} I0j sodA) eyep JULIYI(]
“RUIDYDS 08I} 91} PUR 92IN0S 9} UsamIdq sodL) vyep juaIojI(]

sodAy egep jo Ajorrep

9oue)su

BUIDYDS

uorpdridsa(

we[qoIg

€L

sworqoxd Ayrrenb eyep T H Jo seduwrexy :g°T o[qRL

45



1.2. BACKGROUND

Data Warehouse

Data Warehouses stand as the cornerstone of BI&A systems. Inmon [Inmon, |1992] defines the DW
as "a subject-oriented, integrated, time-variant, non-volatile collection of data in support of manage-

ment's decision-making process.”
Data Mart

A data mart is the access layer of the data warehouse environment that is used to get data out
to the users. The data mart is a subset of the data warehouse and is usually oriented to a specific

business line or team.
OLAP

OLAP(On-Line Analytical Processing) systems allow decision-makers to improve their management

by consulting and analyzing aggregated multidimensional data, i.e., Data cubes.
1.2.2 Big data and NoSQL Stores

The exponential growth of digital data brings up massive big data datasets [Dhaouadi et al.| 2022].
Processing these data in a reasonable amount of time using traditional methods is difficult or even
infeasible. Indeed, several basic rules are used to define big data and their characteristics in terms
of properties number called V’s. The number of V’s has evolved from 3 V’s in 2001 to 17 V’s in
2017 [Panimalar et al., [2017]. Each rule is defined by a set of properties characterizing big data.

e 3 V’s rule: this rule was initially introduced by Doug Laneﬁ] in 2001. In the description, Big
data refer to high volume, velocity and/or variety (3 V’s) of data resources that require cost-
effective, ingenious data processing to empower enhanced insights, decision-making and process

automation [Laney, 2001].

e 4 V’srule: the International Data Corporation (IDC) has described Big data as a new generation
of technologies and architectures, designed to economically extract value from very large volumes

of wide variety of data, by enabling high velocity capture, discovery and/or analysis |[Balti et al.,

2021} |Gantz and Reinsell [2011].

'Former Distinguished Vice President and Analyst with Gartner’s Chief Data Officer Research team [Laney, [2001]
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1.2. BACKGROUND

e 5 V’s rule: Two new V’s appeared in [Demchenko et al., 2013| where the new definition refers
to Big data as: "technologies aim to process high-volume, high-velocity, high-variety data (set-
s/assets) to extract intended data value and ensure high-veracity of original data and obtained
information that require cost-effective, innovative forms of data and information processing (an-

alytics) for enhanced insight, decision making, and processes control”.

The five Big data properties used in the above defined rules are as follows:

— Volume: refers to the tremendous amount of the generated data from different sources.

— Velocity: refers to the rate at which the massive volume of data is created, gathered, and

analyzed.

— Variety: refers to the variety of data formats that can be structured, semi-structured or

unstructured.
— Veracity: refers to the quality and credibility of the collected data.

— Value: refers to how useful is the gathered data for decision-making.

These characteristics of big data entail several strategic stakes:

e makes the best use of this valuable data to extract the foremost possible information for decision-

making.

e better managing the storage in databases to make them highly performant and easy to use.

Hence, to suit the data volume, velocity, and variety, NoSQL stores provide new cost-effective and

schema-free systems that are based on four families:

e Key-value oriented model: data are stored in the form of key/value pairs where each value is
associated with a unique key. Each key allows only strings, while its value can be String, JSON,
XML, etc. In general, key-value stores have no query language. It uses the put, get and delete

commands to store, retrieve and update data [Angadi et al., [2013].

e Column-oriented model: wide column data stores combine some features of relational databases
with the key-value model. Data are stored in column families as rows with several columns

connected with a row key. Rows can contain different columns which are the fundamental data
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Key Value
key Value
Key Value

Figure 1.2: Structure of the key-value model

structure unit. Each column holds three values: key name, timestamp, and value [Kuznetsov

land Poskonin, 2014]. Unlike relational databases where the schema is fixed, the columns in rows

can be deleted or added at will.

Column 1 Column 2 Column 3
Row key value value value

timestamp timestamp timestamp

Column 2
Row key value

timestamp

Column 1 Column 4

value value
timestamp timestamp

Figure 1.3: A column family in a column-oriented database

e Graph-oriented model: data are organized into entities and relationships. The entity is repre-
sented as a node. A relationship between two nodes is represented as an edge. This model is
dedicated to storing and querying tightly connected data. Graph databases are advantageous for
use cases where links between data must be created and easily queried such as recommendation

engines, social networking, and fraud detection.

e Document-oriented model: document stores are an evolution of key-value stores where values
are no longer opaque to the system: they are generally stored in JSON-like document format

with a mandatory unique identifier. Data are organized into collections of documents where
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Edge \

N Node 3
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Figure 1.4: Structure of the graph-oriented model

each document contains a set of key-value pairs. Document stores generally allow the definition

(

{_id: value,
field 1: value,
field 2: [
{ field 3: value,
field 4: value,
field 5: value

H

- J

Figure 1.5: Structure of the document-oriented model

\

of indexes on document fields. This comes with much richer querying capabilities than key-
value stores. Like other NoSQL models, documents have a flexible schema, which is not defined
beforehand, thereby allowing fast storage and retrieval of vast collections of documents. Within
the same collection, documents can be of different structures. This model is increasingly used in
the industrial world. For instance, the SGBD MongoDB has exceeded 26.2% as a rate of use in
companies in 202

’https://towardsdatascience.com/top-10-databases—to-use-in-2021-d7e6a85402ba
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1.3. CHALLENGES AND RESEARCH QUESTIONS

1.3 Challenges and Research Questions

For more than a decade, NoSQL datastore became commonly used to store big data. These systems
are schema-free and built upon distributed systems, making them easy to scale and shard. They provide
data storage and retrieval methods that differ from relational databases. Better performance scaling
and no requirement for a unique schema are among the potential advantages of NoSQL stores [Rizzi,
2022|. However, in the rush to solve the challenges of big data and large numbers of concurrent users,
NoSQL abandoned some of the core features of relational databases, which make them highly scalable
and easy to use Abdelhédi et al. [2021], Mali et al.| [2020]. Unlike relational databases, the NoSQL
model is designed to eschew constraints and schemas: adopt a schemaless representation where the
schema is not fixed beforehand and without integrity constraints. However, the schemaless nature
adds complexity to data integration and analytical application as it amplifies quality problems within

these databases.

Although the use of NoSQL systems is widely accepted today, Business Intelligence & Analytics
wields relational data sources [Ram et al., 2016]. In fact, from the earliest days of data warehousing,
the qualities of the relational model have been highly valued in the quest for data consistency and

quality that are ensured through the structured and rigid data model.

The accuracy and relevance of Business Intelligence & Analytics rely on bringing high data quality

to the data warehouse from both internal and external sources using the ETL process. The latter
is complex and time-consuming as it manages data with heterogeneous content and diverse quality
problems. Ensuring data quality requires tracking quality defects along the ETL process. Authors
in |LaValle et al., 2011] conducted a study based on 3000 business executives and managers. This
survey showed that 50% of the respondents consider improving data management and BI&A as their
priorities. It also revealed that 20% of them cited concerns with data quality as a primary obstacle to
BI&A systems.
Data analytics has been used for many years to support business decision-making. Several studies up-
hold that poor data quality has direct and indirect impacts on the underlying business decisions |[Batini
et al., 2009, Warth et al., 2011]. According to Redman [Redman, 1998], at least three proprietary stud-
ies have provided estimates of poor data quality costs between 8 and 12% of the revenue range.

The problem of quality in the ETL process still requires a lot of effort, mainly if the BI&A system is
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based on non-relational data sources as NoSQL databases [Abdelhédi et al., [2017|. Today, data man-
agement systems based on non relational models as key-value, column-oriented, document-oriented,
and graph-oriented, which adopt a schemaless representation are widely accepted as efficient systems
to store data. Therefore, exploiting varied and voluminous data for decision-making without a previ-
ously defined schema and often without integrity constraints requires reviewing all the phases of the
BI&A architecture, particularly the ETL process [Theodorou et al., [2017]. There has been a growing
interest in volume and velocity, however, handling variety issues are similarly important and needs
more efforts in ETL over NoSQL stores. It is essential to provide a dedicated BI&A capable of ex-
tracting, transforming, and loading heterogeneous data as document stores, the ones in which we are
particularly interested in our work. Therefore, we are particularly interested in the document-oriented

model.

Our research questions are as follows:

e How to leverage multiple document stores for decision-making?
Today, exploiting NoSQL document stores for decision-making lacks maturity, traceability, and
metadata management. Therefore, the idea is to review all the phases of the BI&A architecture,
particularly the ETL process, to provide solutions capable of exploiting document stores for
decision-making. It is essential to provide a dedicated comprehensive BI&A approach that starts
from document stores, extracts, transforms, and loads the data into the DW, and provides the

means required for decision-makers to easily analyze this data.

e How to extract, transform and load scattered data over multiple document stores?
In a BI&A architecture, the main challenge when dealing with schemaless data, as document
stores, is extracting data that is dispersed across multiple document stores. This challenge
leads to the question of how to identify joinable fields from several collections without integrity
constraints. In fact, fetching relevant data that meet the decision-makers requirements often
needs to access more than one document store. While joining tables in relational data sources
is straightforwardly owed to the availability of a precise join key, in document stores, collections
are a long way away from having defined join keys because of the absence of integrity constraints.
So, identifying the ”joinable” fields to stick to two document stores is a tricky challenge. Despite

its importance, no previous work has paid close attention to detecting join key pairs in NoSQL
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stores, particularly in document-oriented stores.

1.4 Contributions

To answer the research questions mentioned above, we provide the following contributions:

e In a first step, we introduce a global BI&A approach that aims to extract, transform, and load
document stores in an on-demand fashion. This approach is hybrid as it considers both data
sources’ schemaless nature and analytical needs to explore several document stores efficiently.
Unlike existing works, our approach is not limited to one collection, as we consider the dispersion

of data across several collections.

e Secondly, we shed light on the ETL process, where dealing with the extraction of dispersed data
across several document stores, which did not have integrity constraints, constitutes a challenge.
Thus, we study the problem of discovering join fields to automatically detect both identifiers and
references on several document stores. The modus operandi of our approach underscores three
core stages: (i) schema extraction; (i) discovery of candidate identifiers; and (iii) identifying
candidate pairs of identifier and reference fields. We use scoring features and pruning rules to
discover actual candidate identifiers from many initial ones efficiently. To find candidate pairs
between several document stores, we put into practice nodeZvec as a graph embedding technique,
which yields significant advantages while using syntactic and semantic similarity measures for

pruning pointless candidates.

e To validate our contributions, we have developed a prototype to support the main phases of
our approach. The validation comprises both levels: (i) candidate identifiers discovery for each
collection; and (%) identification of candidate pairs of key fields (identifier and reference) for
every two collections. We base our experimental study on two benchmarks: TPC-H and TPC-
E, and two real-world datasets: Twitter and Musicians. We report the results that show the

feasibility of our approach and discuss the challenges to be addressed in our future work.
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Conference on Research Challenges in Information Science RCIS 2020: 556-561 [Souibgui et al.|
2020] (Rank B).

e Manel Souibgui, Faten Atigui, Sadok Ben Yahia, Samira Si-Said Cherfi: TRIS-DS: A New Ap-
proach for Identifiers and References Discovery in Document Stores, in: Proceedings of the 54th
Hawaii International Conference on System Sciences HICSS 2021: 1-10 [Souibgui et al., 2021]
(Rank A).

e Manel Souibgui, Faten Atigui, Sadok Ben Yahia, Samira Si-Said Cherfi: An embedding driven
approach to automatically detect identifiers and references in document stores. Data & Knowl-
edge Engineering Journal DKE 2022, Volume 139, 102003 [Souibgui et al., [2022] ( Quartile: Q2,
Impact Factor: 1.99)

1.6 Dissertation Outline

This thesis is organized as follows:

Chapter [2scrutinizes the related literature. We survey existing works that paid attention to how
to exploit NoSQL stores for decision-making? and how to prepare these data to fit the analysis
requirements? Hence, we identify three major streams of approaches: (i) the first one dealt with
the ETL process over NoSQL stores; (i) the second one treated the schema matching issues;

and (4i) the third stream of approaches have tackled the OLAP analysis over document stores.
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Chapter [3| presents an overview of our approach that aims to extract, transform and load NoSQL
data sources, particularly document stores, on-demand. Then, we introduce the general archi-
tecture of the global approach with the different BI&A phases. This approach is hybrid as it
considers both data sources’ schemaless nature and decision-makers needs to explore several doc-
ument stores efficiently. We mainly focus on the ETL phase starting from document-oriented
sources, as ETL is one of the most complex phases, on which strongly depends the success of

the BI&A project.

Chapter [4] details our main contribution IRIS-DS to automatically discover identifiers and refer-
ences in document stores as a fundamental step to prepare the ETL process. The works presented

in this chapter represent a crucial component in the overall architecture presented in Chapter

Chapter reports our experimental findings. The validation of our contributions comprises
both levels: (i) candidate identifiers discovery for each collection; and (i) identification of
candidate pairs of key fields (identifier and reference) for every two collections. In this chapter,
we, firstly, describe the data collection and preparation. We base our experimental study on
two benchmarks: TPC-H and TPC-E, and two real-world datasets: Twitter and Musicians.
Then, we describe the evaluation protocol, and report the experimental results, which prove the

worthiness of our contributions.

The dissertation concludes by summarizing our contributions and sketching possible future directions.
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2.1. INTRODUCTION

2.1 Introduction

In this chapter, we survey existing works that paid attention to how to exploit NoSQL stores for
decision-making and how to prepare these data to fit the analysis requirements. We identify several
major streams of approaches. Firstly, in Section we reviewed the approaches that dealt with
NoSQL data integration, including ETL process over NoSQL stores and NoSQL schema extraction.
Indeed, the main challenge when dealing with schemaless data is extracting data that is dispersed
across multiple NoSQL stores. This challenge leads to the question of how to identify joinable fields
from several collections without integrity constraints. Thus, we, secondly, present the approaches
that dealt with the problem of joining dispersed data across NoSQL stores, joinable table discovery
in tabular data (cf., Section , and the approaches that have treated the ontology and the schema
matching issues (cf., Section . Furthermore, in Section we review the approaches that tackled

the OLAP analysis over NoSQL stores in the context of self-service Business Intelligence.

2.2 NoSQL Data Integration

In this Section, we, firstly, scrutinize the works regarding the ETL process over NoSQL stores.
Since NoSQL stores are schema-free, we, additionally, scrutinize the related works that have proposed
approaches to extract the schema from these sources. Finally, we present the works addressing the

problem of joining dispersed data across several NoSQL stores.

2.2.1 ETL over NoSQL Stores

Few researchers have addressed the problem of ETL in the context of NoSQL stores [Dumin Sahiet,
2015, Yangui et al.l [2017]. Most of the existing works have proposed contributions to improve the
performance of the ETL process. As the problem of performance is not the core of our work, we

present, in this section, four representative works.

In [Ali, 2018], the authors conducted a thorough investigation of the existing methodologies for
designing, developing, and optimizing ETL workflows in a big data context. They highlight that there
is a very limited support for semi-structured and unstructured data, nevertheless, the variety of data
formats is expanding rapidly. Designing ETL process for big data is challenging since typical ETL

operators are not adequate for handling large amounts of data. For this, the authors proposed a
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theoretical ETL framework that allows the developer to expand the functionality of an ETL tool with

new kinds of cleaning operators, as outlier detection or de-duplication, to fit these data.

In [Mehmood and Anees, 2022], the authors proposed a real-time ETL architecture for unstructured
data. The main goal is to accelerate stream-disk joins, which almost require frequent disk access, during
the transformation phase in the ETL process. Thus, they attempt to overcome the problems of disk
overhead and stream data loss. In distributed disk-data, they perform stream-disk join by combining
data from stream and disk data based using a common attribute that is defined by the user.

In [Mallek et al. [2020], the authors proposed a tool called BigDimETL, that extracts, transforms, and
load NoSQL stores. This tool aims to minimize ETL time consuming by parallelizing the treatment
of select, project, and join operations. The authors point out that document stores as JSON, have a
complex structure to be handled in the ETL process. Hence, they convert the input data extracted
from a document store into a column-oriented model in order to apply partitioning techniques.

In [Kathiravelu et al.| 2018], the authors proposed a hybrid ETL approach that combines eager and
lazy ETL. Eager ETL is the traditional ETL process, whereas lazy ETL processes data only when
necessary. The approach aims to reduce the execution time for repetitive scientific research queries by

putting away the previously integrated and loaded data into an integrated data repository.

In the literature review presented in [Petricioli et al., 2021|, the authors underlined that some
glaring issues regarding NoSQL technologies used in the decision support systems still require more
effort. They draw attention to the fact that nowadays, NoSQL technologies have problems, particu-
larly, with join operation and aggregate functions due to the schemaless nature of NoSQL stores. The
users frequently have to write their own custom programs to be able to perform the ETL process on

a NoSQL store.

Most of the present studies on ETL over NoSQL stores have focused on volume and velocity, but

handling variety issues are similarly important and needs more efforts.

2.2.2 Schema Extraction

The schema extraction aims to find a list of document fields with their types |[Abdelhédi et al.|
2021]. Most new data models undertake a schemaless representation which does not imply that these

data are stored without a schema. Alternatively, the schema is a soft concept where instances in the

o7



2.2.  NOSQL DATA INTEGRATION

same data store referring to the same concept might be stored using distinct schemas to match specific
characteristics of each instance |Gallinucci et al., [2018]. In fact, when accessing NoSQL data through
a written program, it is critical to have a solid understanding of its structure, or schema. Since it is a

crucial step in an ETL process dealing with document stores, we have studied these contributions.

The authors in [Klettke et al., 2015] have proposed a method to extract the global schema of a
collection of JSON documents using a graph representation. The nodes represent JSON fields, nested
objects, or arrays while the edges reflect the JSON documents’ hierarchical structure. Since NoSQL
systems do not check any structural constraints, the approach reveals structural data outliers using

similarity measures to capture the degree of heterogeneity of JSON data.

In [Wang et al.,2015|, the authors have proposed a schema management framework to extract dis-
tinct schemas in a collection. To have one single view of collection data, they offer a new concept called
skeleton used as a relaxed form of the schema. The approach supports queries by allowing developers
to find a suitable collection to persist a new document. In the same direction, the authors in [lzquierdo
and Cabot|, [2016] have proposed a tool called JSONDiscoverer that aims to represent implicit struc-
tures of a given set of JSON documents as a UML class diagram. This step is followed by an advanced
discovery that infers the global schema of a set of JSON documents. Baazizi et al. [Baazizi et al.,
2019|] were interested in schema inference of massive JSON datasets. The approach aims to infer the
structural features of JSON data that describe JSON objects and arrays, and consider nested values
and optional keys. The distinguishing feature of their approach is that it is parametric and allows the
user to specify the degree of preciseness and conciseness of the inferred schema. Besides, Gallinucci et
al. [Gallinucci et al., [2018] have extended the schema extraction level of a JSON documents’ collection
with schema profiling techniques to capture the hidden rules explaining schema variants. These rules
are represented using a decision tree as a schema profile. The proposed algorithm implements a divisive
approach to deliver accurate and succinct schema profiles. It combines value-based and schema-based

criteria to better capture the rules underlining the use of different schemas within a collection.

Although many authors have conducted schema extraction, this problem is still insufficiently ex-
plored. The major disadvantage of the existing approaches is that they do not explore how to find
the hidden type of each field while extracting the schema. In fact, the types are identified in a naive

way according to the representation of the value. For example, if values are of numeric type, and
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represented as a string, the real type will not be noticed. On the other hand, most of the above ap-
proaches have focused on the first phase of the ETL process, i.e., the extraction phase, here, extracting

document schema. Contributions in the transformation phase remain limited and require more effort.

2.2.3 Joining Dispersed Data Across Several NoSQL Stores

In this section, we present the works that have addressed the issue of joining dispersed data across
NoSQL stores. In [Celesti et al.,|2019], the authors discussed the impact of performing the join opera-
tion in document stores. They underline that some operations, which are trivial in relational databases
management systems, may become more complex in NoSQL management systems, particularly the
join operation, which is not explicitly available in NoSQL stores. The approach provides an algorithm
to perform, at the application layer, an inner-join operation on two collections, which is experimented
with MongoDB, a document-oriented database management system. However, the algorithm requires

to be fueled with join keys, which are generally not indicated in document stores.

Besides, since the join is mandatory for querying tasks, we have also studied the dedicated querying
approaches. In [Mami et al., [2019], the authors proposed Squerall, a framework that enables query-
ing heterogeneous data on the fly without prior data transformation. Squerall supports MongoDB
(document-oriented system) and Cassandra (column-oriented system). In addition, the framework

allows the user to declare modifications for altering join keys during query time to make data joinable.

Authors in [Kondylakis et al., 2019] have proposed a data management solution allowing joins
over NoSQL Cassandra databases where the primary keys are considered as partition keys. They
offer an implementation of query execution and optimization module to find optimal join algorithms
using basic heuristics.  The approach proposed in [He et al., |2015] inputs two sets of values from
join columns and produces a predicted join relationship using an extensive table corpus. They em-
ploy statistical co-occurrence to quantify semantic correlation at the row and column levels. However,
when working on a spreadsheet with several tables, it is up to the user to select two join columns from

two distinct tables. In fact, they just know the tables but not the precise columns that got to be joined.

The previous works have all addressed the problem of joining NoSQL stores. All of them rely

on a strong assumption: having the join keys beforehand. It is worth mentioning that, in NoSQL
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stores, no prior works have proposed a method to find the pair of join keys, i.e., both identifiers and
their respective references. Hence, it would benefit from examining prior research carried out within a
relational database context, particularly the contributions that aim to detect primary keys and foreign

keys in relational databases and joinable table discovery as presented in the following section

2.3 Data Discovery

Data discovery is the process of exploring data to automatically detect similar, unionable, or
joinable attributes among heterogeneous datasets. We review the related works that have tackled
these issues. We distinguish two main streams. The first one is related to primary key and foreign
key discovery in relational databases. The second stream of approaches has treated the problem of

joinable table discovery.

2.3.1 Primary Key and Foreign Key Discovery in Relational Databases

This subsection presents the contributions that have dealt with detecting primary keys and for-
eign keys in relational databases. Many efforts were made, particularly, for foreign keys detection
[Chen et al., 2014, Memari et al., 2015, Wu et al., |2019, |Zhang et al., |2010]. Here, we present three

representative works among them.

In [Chen et al., 2014], the purpose of the proposed approach is to automatically discover a set of
foreign keys connecting a given fact and dimension tables. The foreign key relationships are discovered
in PowerPivot. The latter is an Excel add-in that can be used to generate pivot tables from different
datasets, perform data analysis, and build data models. The approach is based on a set of pruning

rules to filter out candidates, and a scoring function based on a string similarity.

In [Memari et al.| |2015], the proposed approach aims to profile unary and multicolumn foreign
keys from incomplete data. It proposes three different algorithms according to the ways of handling
the occurrences of null values: full, simple, and partial semantics that depends on whether the foreign

key columns match all values in the referenced tuple.

In [Wu et al., 2019], Wu et al. have proposed a hybrid-machine framework to detect foreign keys
on web tables. Due to the poor quality of web tables, which can contain noisy data, the authors

underline that discovering foreign keys required human intervention. Their approach is based on two
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phases. They, firstly, find candidate foreign keys using the proposed algorithm. Secondly, the candi-
dates are validated using crowdsourcing. Crowdsourcing is the process of gathering work, information,

or views from a large group of people who submit their opinions via social media or mobile applications.

The previous works have proposed approaches to profile foreign keys in relational databases and

web tables. However, we note that all of them assume the presence of already known primary keys.

On the other hand, quite freshly, Jiang and Naumann [Jiang and Naumann, 2020] have proposed
an approach to automatically discover both primary keys and foreign keys in a relational database.
The approach is based on the functional dependencies that describe the characteristics of a table or
relationships between tables, namely unique column combinations and inclusion dependencies. Both
dependencies have been used to detect primary keys and foreign keys. A unique column combination
is a set of attributes whose projection contains only the column combinations having unique and non-
null values. Their work is based on the set of inclusion dependencies given as input. However, this
assumption couldn’t pertain to the context of document stores. Even if this previous work |Jiang and
Naumann, 2020] is the closest one to our problem, we cannot apply it out of the context of relational
databases. Thus, it is essential to rethink the problem using alternative methods adapted to document

stores’ schemaless nature.

2.3.2 Joinable Table Discovery

In [Bogatu et al., [2020], the authors proposed an approach that aims to detect if attribute values
coming from different sources belong to the same domain. Based on this, whether the sources are
candidates to be joined or unioned to populate a target is decided. In [Zhu et al., [2019], given a table
and one join column, the authors aim to find joinable tables in data lakes by formulating the problem
as an overlap set similarity search. Finding a joining table is based on a given join column regardless
of whether it is a primary/foreign key. Additionally, their approach is based solely on values, which is
unhandy in a NoSQL context. Indeed, they ignore numeric values since they create casual joins that
are not meaningful. However, numeric values are very important to discover identifiers and references
in document stores in our work.

Similarly, in [Fernandez et al.| [2018], Fernandez et al. propose an approach that aims to find objects
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that are semantically related. However, to identify semantic links, their approach requires domain-

specific knowledge encoded in an ontology, which is not always available.

These works aim to identify relatedness between tables when explicit relationships are missing.
The relatedness can be for joinability or unionability. In addition, they search for significant datasets
to populate a target table given a set of tables. The results generated by these approaches are in
the form of similar tables or similar attributes regardless of whether among these attributes there are
primary /foreign keys or not. However, our objective is to determine identifiers and references among
several attributes that can be similar between the two collections. On the other hand, even if these
works are interesting, they are dedicated to tabular data. Hence, it is not suitable for schemaless
or schema variant data stores as in document stores where we have different levels of object nesting,
null and missing values. Besides, by and large, these approaches are based solely on values, which is
unhandy in a NoSQL context.

To look for a more practical solution to this problem, we have investigated, in the remainder, the works
regarding ontology and schema matching that could be a suitable way to avoid the use of inclusion

dependencies.

2.4 Ontology and Schema Matching Approaches

A schema refers to a structure of metadata presenting a blueprint of how the data is stored and
accessed by applications [Aumueller et al., 2005]. Schema and ontology matching is a crucial task in
the schema integration process since it aims to identify semantic correspondences between metadata,
thereby reducing manual treatment. In this section, we report our review findings that we broadly

classified as follows: document stores matching, ontology alignment, and graph embedding.

2.4.1 Document Stores Matching

Schema matching aims to identify correspondences between the elements of heterogeneous schemas.
These elements are semantically related [Bellahsene et al., [2011]. In the literature, approaches are
broadly classified into three categories: (i) schema-based approaches: consider only schema informa-

tion; (4i) instance-based approaches: rely on data to retrieve relevant insights that can boost the
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schema matching results; and (%ii) hybrid approaches: combine several matching techniques. Most of
these approaches rely on manual human intervention. Furthermore, few researchers have considered
schema matching for document stores [Blaselbauer and Josko, 2020].

In [Waghray, 2020], the author presents an empirical study on matching JSON files using existing
tools. This study aims to survey and evaluate the state of the art to check whether existing data
integration approaches and tools can handle the JSON format. The conducted study demonstrates
that these tools do not readily bear JSON and that additional effort is needed to understand the
underlying issues properly and develop systems that natively support JSON. The second step consists
in cleansing data where the user chooses a column.

In [Knoblock and Szekely, 2015], the author proposed a semi-automatic approach, called Karma, for
the semantic schema mapping starting from heterogeneous sources, including JSON. To resolve the
data format problem, Karma starts by converting all the data formats into a nested relational data
model using existing methods. Then, the user chooses a column to transform by giving examples
of data transformation for particular rows. The system learns the transformation and applies it to
the rest of the data. For example, the user inputs the first name and the last name in the correct
order: {Kerry James, Marshall } instead of { Marshall, Kerry James}. Then, the system learns the
transformation made to apply it to the rest of the data. To cope with various data formats, the user
models each dataset as a semantic description using a domain ontology to be then represented by
Karma in a common schema, which can be in RDF or CSV format. However, the data integration
using a semantic mapping method is limited to the cultural heritage domain. Moreover, it requires
an expert user to model the input datasets using a domain ontology.

Similarly, authors in [Blaselbauer and Josko, 2020] proposed an approach to match multiple hetero-
geneous JSON schemas using linguistic, semantic, and instance-based techniques. This is done in the

same collection of documents, where the documents’ attributes are related to the same concepts.

Schema matching is typically performed using techniques attempting to approximate the meaning
encoded in the schema. On the other hand, ontology matching systems use the knowledge explicitly

ciphered in ontologies [Shvaiko and Euzenat, |2005].
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2.4.2 Ontology Alignment

Ontologies encode the concepts and properties of a subject area and the relationships between them.
Ontology alignment is the process of finding correspondences between concepts in ontologies [Shvaiko
and Euzenat, 2013]. Roughly speaking, it aims at identifying semantic similarities between concepts.
Several ontology alignment systems are proposed in the literature.

The Alignment API, proposed in [David et al., [2011], aims to represent correspondences between two
given ontologies. It performs the Cartesian product of possible pairs of entities related to two OWIH
schemas. In addition, each pair of entities is associated with a similarity measure.

Authors in [Kachroudi et al., |2018] proposed Kepler, an ontology alignment system which addresses
the key challenges related to heterogeneous ontologies in the semantic web. the system is designed to
compute alignments in a multilingual context using a translator.

Authors in [Djeddi et al., 2018] proposed a matching algorithm called eXtended mapping (XMap)
dealing with large-scale ontology matching. The application of the XMap algorithm requires an RDFE]
ontology format. The algorithm is based on string, linguistic and structural similarity measures.

On the other hand, the alignment procedure proposed in the AML [Faria et al., 2018| tool is essentially
based on the lexical and structural aspects. Indeed, it uses four sources of background knowledge, which

are limited to the medical field.

A wealthy number of works proposed semantic matching. They used either a field descrip-
tion |Zhang et al., [2021] or an external domain knowledge encoded in knowledge graphs, ontologies,
thesauri, or pre-trained word embedding on corpora. However, these approaches can not be applied
when such knowledge is unavailable for the considered dataset. Therefore, recent works opt for em-
bedding techniques to capture semantic similarities without the need for an external domain-specific

knowledge.

2.4.3 Graph Embedding

Graph embedding is a technique that converts graph nodes into a low-dimensional vector. The

embedding encapsulates the graph topology by preserving the neighborhood similarity between nodes

"Web Ontology Language
2Resource Description Framework
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in the embedded space [Cai et al., 2018|. Recently, various graph embedding techniques have been
proposed. Adopting one of these techniques depends on the problem settings and the type of the graph
embedding input, i.e., homogeneous graph, heterogeneous graph, or graph with auxiliary information

and knowledge.

In [Koutras et al., |2020] authors propose a schema matching approach to generate column simi-
larities based on graph embedding in relational databases. REMA creates an undirected graph using
columns and values as nodes connected with edges that reflect the input table. However, the embedding

is based on instances, which are unhandy in a NoSQL context.

In [Azmy et al. 2019], authors investigate the problem of entities matching across knowledge
graphs. They used graph embedding to benefit from the RDF model’s graph nature. Using the
graph embedding for learning representations with RDF2VEC carries out entity matching with higher
accuracy. The authors outline that resolving ambiguous entities can not be worked out by NLP
techniques grounded on a text since the source entities and target entities are syntactically the same.
Therefore the disambiguation process is performed through graph embedding, which explores the
context of entities.

Another advantage of using embedding, which is highlighted by the node2vec technique, is that it
detects similarities without a requirement for external knowledge, and it can be based on graphs
containing heterogeneous nodes. Using a traditional matching technique does not take advantage of
all accessible features, e.g., throwing away data types while processing attributes and using the names

of the attributes solely.

To investigate how to exploit NoSQL stores for analytical purposes, we have also scrutinized, in

the remainder, the related approaches that aim to enable OLAP analysis over document stores.

2.5 OLAP Analysis over Document Stores

Online analytical processing (OLAP) is widely used as a structured data analysis approach ded-
icated to decision-making. With the diffusion of NoSQL stores, a great effort should be devoted
to finding solutions for OLAP analysis on NoSQL stores, particularly on document-oriented ones.
However, to the best of our knowledge, few works have tried to find solutions for OLAP analysis

on document stores. In [Hamadou et al., 2019|, the authors proposed a preliminary approach that
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performs OLAP queries across heterogeneous data models, i.e., relational, document-oriented, and
column-oriented, using a dataspace layer on top of the underlying databases. The dataspace is a set
of features. Each feature is a representation of a set of attributes modeling semantically the same
concept. However, authors assume that the SameAs or foreign key relationships between attributes
are already known and that all keys are not composite. They provide an execution plan for a given
query launched on different databases. Then, the query defined on the dataspace will be translated

into a set of queries to be performed on separate databases.

Chouder et al. [Chouder et al., [2019] have proposed an approach to enable OLAP on document
stores in the context of self-service BI. This approach extracts the global schema of one collection of
nested JSON documents and generates a multidimensional draft schema. To build the multidimen-
sional schema, the dimensions and measures are first identified among the set of fields contained in
the JSON collection. Then, the decision-maker can define his query, which is validated by mining
approximate functional dependencies. Once a functional dependency is found, the multidimensional
schema is refined to add multidimensional hierarchies. Finally, the validated query is translated into

the native language of MongoDB.

Similarly, the approach proposed in [Gallinucci et al., |2018] enables OLAP directly on a JSON
collection. But, unlike [Chouder et al., 2019] where the research for functional dependencies is done
on-demand, this approach looks for all the approximate functional dependencies. Given a collection,
the approach consists in integrating the distinct local schemas extracted from documents to propose
a global schema. Then, it provides a multidimensional view of the global schema. The identifica-
tion of different hierarchies is based on approximate functional dependencies.Most stages require user

interaction.

These approaches focus on querying a single collection of JSON documents and do not address the

problem of integrating several collections.

2.6 Discussion

Our goal is to extract, transform, and load data, which is scattered over several document stores,
to be queried for decision-making. In our literature study, we reviewed the approaches that propose

solutions for the ETL process over NoSQL stores. The majority of prior research that has been carried
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out in a big data context, has focused on volume and velocity, nevertheless addressing variety issues
is similarly crucial in tackling several real-world problems.

On the other hand, even though many authors have conducted schema extraction, this problem remains
under-explored. They extract the set of document fields with their types. The types are identified in
a naive way according to the representation of the value. For example, if values are of numeric type,
and represented as a string, the real type will not be noticed. This can have major consequences in a
BI system because the measures that can be analyzed are often numeric, and an important measure
for the decision-maker can be missed. Besides, identifying the hidden types is extremely important in

determining the identifier candidates.

Hence, the major downside of these approaches is that they do not try to find the hidden type of
each field while extracting the schema. It would be of special interest to infer the real types of values
since it is very important in data discovery and data integration.

Moreover, although most of the above approaches have only focused on the first phase of the ETL
process, i.e., the extraction phase or extracting documents schemata, contributions in the transforma-
tion phase remain briefly addressed in the literature and require more effort. Some key questions and
notions are still not discussed. In fact, we investigate the focus on the problem of joining scattered
data in the context of NoSQL stores. Indeed, even if the problem of the detection of primary keys and
foreign keys in relational databases is a known problem and dedicated solutions have been proposed in
the literature, the issue of automatic detection of identifiers and references in document stores remains
a challenge to which no previous contribution has been made.

Additional studies to understand more completely the above-mentioned concerns are required. There-
fore, we have also investigated other data discovery methods that seek to identify joinable or unionable
tables. These works attempt to find relatedness between tables when explicit relationships are lacking.
The relatedness may be for joinability or unionability. In other words, given a set of tables, they look
for meaningful datasets to populate a target table. These approaches generate results in the form of
similar tables or similar attributes regardless of whether there are primary/foreign keys among these
features or not. Additionally, though these works are interesting, they are devoted to tabular data.
As a result, it is not appropriate for schema variant data stores as document stores, where we have
different levels of object nesting, null and missing values. Furthermore, these approaches are generally

based solely on values which is unhandy in a NoSQL context.
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On the other hand, we have reviewed works on ontology and schema matching. In order to deeply
study the advantages and disadvantages of ontology-based approaches and investigate how to exploit
them for the matching of NoSQL data sources, we have explored the different ontology alignment
systems presented in Subsection [2.4.2. For this, we propose assimilating document stores schemas
alignment problem to an ontology alignment problem. We consider JSON as a document-oriented
format and Ontology Web Language as the ontology format. As a first step, we transform a JSON
schema into an OWL format. Then, we align two OWL schemas that we have created starting from
two initial schemas of JSON collections. The result given by Kepler [Kachroudi et al., [2018] is not
following our goal. This is mainly due to the fact that this algorithm prioritizes the topological aspects
more than the terminological and syntactic ones. As for the AML tool, presented in |Faria et al., 2018§],
it relies on four sources of background knowledge that are restricted to the medical area. Additionally,
the obtained alignment results from the algorithm, proposed in [Djeddi et al., 2018], are incomplete
since it aligns the classes without considering object properties. Therefore, if objects nested in a
JSON document are transformed into ontology properties to guarantee the topological aspect of the

document-oriented model, they will not be considered when applying the proposed algorithm.

The formal semantics is more grounded in ontologies than in document stores since ontologies rep-
resent the meaning rather than the data. The ontology alignment process is challenging, particularly
when the ontologies are retrieved from heterogeneous sources leading to inherent differences. Nearly
all of the alignment techniques rely on string-based similarities, which cannot handle the vocabulary
mismatch issue. Therefore, finding out the suitable similarity measures and how to viably combine
them to be used in alignment solutions is still a challenge [Nkisi-Orji et al., |2018].

On the other hand, since a large number of works call for external domain knowledge, which is al-
most unavailable, current researches opt for embedding techniques to capture semantic similarities
without the need for external domain-specific knowledge. Embedding techniques are very interesting
to explore, nevertheless, the existent works that used embedding for semantic matching are based on

instances, which is impractical in a NoSQL context.

On the other hand, existing works that have dealt with the document stores OLAP analysis focus
on querying a single collection of JSON documents and do not address the problem of integrating

several collections. Besides, as document stores are characterized by their volume and variety, it is
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important to provide an on-demand ETL that extracts solely the data that meet the decision-makers’
requirements. On-demand approaches are worth interest and are not yet used for the ETL in the
context of document stores |[Baldacci et al., 2017, Yang et al., 2015]. To the best of our knowledge, no
prior works have proposed a BI&A approach based on the on-demand methodology that starts from
schema extraction of document stores (with a multitude of varied and dispersed data over more than

one collection), performs ETL operations, and reaches OLAP analysis.

2.7 Conclusion

In this chapter, we have carried out a literature review of the related works regarding our objective:
extracting, transforming, and loading NoSQL stores for decision-making, and preparing these data to
fit the decision-makers’ requirements. We identify several key lines of approaches dealing with: (i)
ETL process over NoSQL stores; (i) problem of joining dispersed data across NoSQL stores and
tabular data in the absence of integrity constraints; (iii) ontology and the schema matching issues;

and (ii7) OLAP analysis over NoSQL stores in the context of the self-service Business Intelligence.

In the next chapter, we present our global BI&A approach to extract, transform and load scattered

data across document stores.
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3.1. INTRODUCTION

3.1 Introduction

While NoSQL databases are extensively used nowadays, BI&A has traditionally been associated
with relational systems since they have been highly esteemed for data quality and consistency. Leverag-
ing NoSQL stores for decision-making lacks maturity, traceability, and metadata management. Thus,
to cope with the volume, variety, and velocity of these data, it is essential to review all the phases
of the BI&A architecture, particularly the ETL process, to provide solutions capable of exploiting

NoSQL stores for decision-making.

For this, we introduce a new comprehensive approach that aims to extract, transform, and load
document stores on-demand (on-demand ETL). This approach is hybrid as it considers both data
sources schemaless nature and analytical needs in order to explore several document stores in an
efficient way. Over the last few years, on-demand ETL has changed the way data analytics and
business intelligence are performed. Instead of extracting, transforming, and loading data in bulk,

on-demand ETL processes data as needed. The main characteristics of an on-demand ETL are that:

e ETL processes are not processed until the data is required for a query.

e only the data required to execute the query is targeted by the ETL processes.

By incorporating the on-demand ETL, a BI&A architecture is thus underpinned by real-world

business requirements.

In this chapter, we particularly focus on the ETL phase starting from document-oriented sources,
as ETL is one of the most complex phases, on which strongly depends the success of the BI&A project
Theodorou et al. [2017].

Worthy of mention is that we introduce a global BI&A architecture where our contributions are
focused on the ETL process. Thus, the OLAP phase is outside the scope of this thesis. Specifically,

the distinguishing features of our approach are as follows:

e To the best of our knowledge, there does not exist a global BI&A approach dedicated to NoSQL
data sources that extracts, transforms, and loads the required data on-demand for decision-

making.
e Here, we focus on document stores, and unlike existing works, our approach is not limited to one
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collection, as we consider the dispersion of data across several collections.

The remainder of this chapter is organized as follows: in Section we recall the basic concepts
related to document stores. In Section we give an overview of our approach. In Sections |3.4
and we present the core stages of our approach. To roll out and validate our approach before
implementation, we propose, in Section a case study based on the TPC-H benchmark. Finally,

Section [3.8] draws the conclusion.

3.2 Preliminaries

Document stores, aka document-oriented databases, are one of the four families of NoSQL stores.
A document (cf., Definition [1)) is the basic concept of document stores. A document has a schemaless
nature: it does not have up-front constraints or a strictly predefined schema. For instance, some
attributes in documents can be missed entirely, have null values, or have different data types.
To elucidate the basic concepts, we briefly present, in Table the terminology related to document

stores and their associated concepts in relational databases.

JavaScript Object Notation (J SONED is currently the most commonly adopted format that we will
use in the remainder. As shown in Figure [3.1] syntactically, keys and values are separated by colons,
while commas separate key-value pairs. Objects and arrays can be embedded inside a document.
Objects use curly braces symbols and contain an unordered set of key-value pairs, while arrays use

square bracket symbols and include an ordered collection of values.

Definition 1 (Document and Collection) A document d is an object. Each object contains an unordered
set of key-value pairs (keys are also called names [Chouder et al., |2019]); a key is a string, while a
value can be a primitive value (i.e., Number, String, or Boolean), an object, an array of values, or

null. A collection C' is an array of documents.

"https://wuw.json.org
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"PS_PARTKEY": 155190,

"PS_AVAILQTY": 6157,

"PS_SUPPLYCOST": 19.17,

"PS_SUPP": [

{

"S_SUPPKEY": 7706,
"S_NAME": "Supplier#000007706",
"S_ADDRESS": "BlHqGiS9fTWbGpeI",
"S_NATIONKEY": 19

Figure 3.1: Example of JSON document

Table 3.1: Main terminology of document stores and its equivalent in relational databases

Document stores Relational databases
database/document stores database

collection table

document row

field column

object id surrogate key

3.3 Overview of our Approach

We introduce a new approach that aims to extract, transform, and load several document stores
in an on-demand fashion and provide dedicated solutions for decision-making. It considers both data

sources’ schemaless nature and analytical needs to explore several document stores efficiently.

As shown in Figure our approach operates in two main stages: (i) on-demand ETL where ETL
operations are only performed on the pertinent data that meets the decision-maker requirements; and

(11) OLAP analysis of this data (This stage is out of the scope of this thesis).

In our work, a first objective is to consider a document-oriented data model taking into account
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&

Decision-maker

Data sources LIM
Collection 1

On-Demand ETL

7

1] |Te
JSON 1. Schema extraction Data Warehouse
@ v {
. ® {3
Collection n %2 Identifiers and Sl soN
—> references discovery
Jo N
JSON
Offline processing Onlme processing

Figure 3.2: Our approach general architecture as a glance

schema variety. We consider scattered data over several collections. Since in documents it is common

to nest one object into another object [2020], we regard the different cases of nesting objects:

e The document-related objects are represented separately from the original document (i.e., in

another collection) and are referenced using identifiers.

e All the document-related objects are nested in the original document with different nesting

depths.

Starting from dispersed data across several document stores, our approach is built upon two main

stages:

e Stage 1: On-demand ETL aims to extract, transform and load only, the relevant data for each

specific analysis. It operates in three phases as follows:

— Phase 1: Schema extraction: extracts the schema of each collection, in order to deal with the
schemaless and variety nature of document stores. This phase is automated and processed

when the user is offline.

— Phase 2: Identifiers and references discovery: fetching relevant data often needs to access

more than one collection of JSON documents. This multiple access requires finding the
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”pivot” connecting fields to perform a join operation. The latter is a complex operation to
ensure, while no prior definition of join keys. While joining tables in relational data sources
is assured by dint of a precise join key, in document stores, collections are unlikely to have
an exact join key due to the absence of integrity constraints. So, identifying key fields that
are necessary for joining two collections is a real challenge that we detail separately in the
next chapter (cf., Chapter . This phase is automated and processed when the user is

offline.

— Phase 3: Schema and data integration: starting from several collections, this phase aims

to:

x perform a mapping between the decision-maker requirements and collections schemas.
x perform ETL operations.

% create the DW which is a collection of JSON documents.

It is worth mentioning that this phase is processed when the user is online, since it requires

interaction with him, as depicted in Figure (3.2

e Stage 2: OLAP analysis: the aim of this stage is to ensure an OLAP analysis adapted to
document stores. The main difference with respect to other approaches is that OLAP analysis

can be performed on several collections which is very important in BI&A applications.

In the remainder, we present the core stage of our approach, which is divided into two phases: (i)

schema extraction of document stores; and (i) schema and data integration.

3.4 Schema Extraction

Document stores have a dynamic schema, mainly evident through the presence or absence of
specific fields with various types. Although this schemaless nature guarantees some perks, the lack
of schema information makes data processing complex and difficult. Hence, it is critical to extract
the exact schema of each collection in order to perform the data integration successfully. For this, we
propose extracting a flat document schema (cf., Definition [2) and the schema of each collection (cf.,

Definition |3|) focusing on inferring real types.
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3.4. SCHEMA EXTRACTION

Definition 2 (Document flat schema) A list of fields with their associated types. Let Sp= {(p,t);/1 <
i < k} be the schema associated to a JSON document D. It consists of k pairs (p,t), such that:

p: the field path from the document root. It is the unique identifier of each field.

t: the field type. Since a field can have different types from one document to another, we consider

the most frequent type.

Example 1 Figure depicts a JSON document on the left and shows its associated flat schema on

the right, where $ symbol represents the document root.

{
" EZ‘E\CEE(E;Y " 12?;30’ [$.PS_SUPPLYCOST, Double]

- ’ [S.PS_AVAILQTY, Integer]
"PS_SUPPLYCOST": 19.17, [S.PS_SUPP, JSONArray]
"PS_SUPP": [ Schema | [$.PS_SUPP[0].S_NATIONKEY, Integer]

{ —> | [$.PS_SUPP[0].S_NAME, String]

"S_SUPPKEY": 7706, extraction | [$.PS_SUPP[0].S_ADDRESS, String]
"S_NAME": "Supplier#000007706", [$.PS_SUPP[0].S_SUPPKEY, Integer]
"S_ADDRESS": "BLlHqGiSOfTWbGpel”, [3.PS_PARTKEY, Integer]
"S_NATIONKEY": 19

}

]
}

Figure 3.3: Example of document flat schema generation

Definition 3 (Collection schema) the schema of a collection C' is S(C) = Ué‘:l Sp;, where Sp, s the
flat schema associated with a JSON document D; that belongs to the collection C and | denoting the

number of distinct documents schemas that exist in a collection C.

Similarly to data, the quality of the extracted schema influences the data integration process and
therefore leads to inaccurate analysis. It is important to overhaul the extracted schemas from document

stores.
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As mentioned in the related work, we report several methods in the literature to address the
schema extraction issue. The proposed solutions generate a schema as a set of document fields with
their associated types. Oddly, the types are not thoroughly described. As far as we know, no previous
work has provided a schema that yields the real hidden type for document fields. Since we can hide
a real primitive type under another primitive type, we propose a new method that aims to check the
type of each field to detect such cases. This method avoids misleading results generated by a wrong
data type. For instance, if the values of a given field f; are of Float type, e.g., 19.17 (cf., Example7
while they are represented between quotes: 719.17”, in this case, the real type must be Float instead
of String.

Checking the actual type requires access to the values, making it awkward to use in a NoSQL context
as the volume of data is important. We thus suggest using the random sampling technique (cf.,
Definition . The latter is an unbiased form to collect a subset of data using randomness [Nguyen
et al.l 2020]. Hence, given a sample of values of a field f; belonging to a collection C, we check the
actual type using a set of regular expressions. For instance, in order to check if the type is really
String, Float, or Date, we have used these regular expressions; The above list of regular expressions

can be extended and completed gradually.
e check if the type is String: ”. x [a — zA — Z].%”
e check if the type is Float: "[—+]?[0 — 9] = \\.?7[0 — 9]+
e check if the type is Date :
- "M/dd/yyyy”
- 7dd.M.yyyy”
- "M /dd/yyyy hh : mm : ss a”
- 7dd.M.yyyy hh : mm : ss a”
— 7dd.M M M .yyyy”

- dd — MMM — yyyy”’

- "yyyy — dd — M”

Definition 4 (Simple Random Sampling) Simple random sampling is one of the most widely used cat-

egory of probability sampling techniques in the statistic literature [Zhao et al., |2018]. Each item in
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3.5. SCHEMA AND DATA INTEGRATION

the underlying population has an equal probability of being selected in an unbiased fashion. Random

numbers are generated in order to select items to constitute the random sample.

Identifying the hidden types is extremely important in determining the identifier candidates, as

detailed in the next chapter (cf., Chapter .

3.5 Schema and Data Integration

This phase aims to ensure the mapping between decision-maker requirements (cf., Definition
and collections schemas, to perform ETL operations and, to create the DW which is a collection of

JSON documents.

3.5.1 Mapping

The goal of this step is to ensure the mapping between collections schemas and the decision-maker
requirements so as to unveil the collections of interest, which meet the decision-maker requirements

and will be included as input in the rest of the phases.

Definition 5 (Decision-maker requirements) decision-maker requirements are expressed as a multidi-
mensional schema. The latter involves the subject of analysis, which is described by numerical at-
tributes called measures (cf., Definition @) and the azxes of analysis called dimensions (cf., Defini-
tion [6) [Thenmozhi and Vivekanandan), [2012]. A multidimensional schema, denoted with MS, is a
triple MS = (D, M, f) where:

o D ={d;,1 <i<l}: afinite set of dimensions d;. Each dimension is associated to a finite set

of hierarchy levels h;(d;).
o M ={(m,o0,a);,1 <=1i < n}: the set of measures to be analysed, where:

m: label of the measure to be analysed.

o

0 — {C’omputation formula,
0, otherwise

a: aggregation operator associated with each measure m; (SUM, AVG, COUNT, etc.).
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3.5. SCHEMA AND DATA INTEGRATION

e f: a function that associates each measure to a finite set of grouping fields, such that f : M — G

where G is a set of grouping fields.

Definition 6 (Dimension) A dimension is a qualitative value representing an aze of analysis. It is used

to categorize and reveal details in data, e.g., region and date.

Definition 7 (Measure) A measure is a quantitative value that can be aggregated against dimensions,

e.g., turnover.

Example 2 A decision-maker intends to analyze the order revenue measure according to product type

and order year. The multidimensional schema is MS = (D, M, f) where:

e D ={product type, date={month, year}}
o M ={mj = (revenue, [price * quantity], SUM)}
e f(my)= {year, product type}

Definition 8 (Mapping) given the multidimensional schema and the set of collections schemas, a map-

ping is defined by the function: ¢ : {G,M} — S
z > p(z)

where:

e {G, M} is a finite set of multidimensional attributes, i.e., dimensions and measures.

e S is a a finite set of collections’ schemas.

This phase is semi-automatic since it requires interaction with the decision-maker. In fact, a
multidimensional attribute can be found in more than one collection. In this case, the decision-maker

has to validate manually the mapping proposed by the system.

3.5.2 Performing ETL Operations

ETL is a crucial part of the BI&A chain where most of the data curation is carried out. The
latter is made up of a set of operations [Atigui et al., 2012]. Hence, we present an extensible list of

ETL operations that we have adapted to document stores. As shown in Table we introduce a
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formalization for each operation and a notation assigned to each one. For each ETL operation, we
provide an example of its counterpart in the Talend Big Data (TBD) tool. The latter is a free and
open source tool. It offers a development environment dealing with a variety of big data sources and
targets. We note that, unfortunately, commercial ETL tools, almost provide the same components
for different data sources format since they transform the data source format to a flat representation.
For instance, Talend offers almost the same ETL components in different products as Talend Data

Integration and Talend Big Data.

After pinpointing the collections that meet the decision-maker requirement, the first operation is
to join these collections based on the detected identifiers and references. Thus, we obtain a single col-
lection where relevant data are centralized in one document store, which represent the data warehouse

after performing other ETL operations.

81



3.5. SCHEMA AND DATA INTEGRATION

'SUOI}O9[[00 OM} WIOIJ BIRP SUIGUIOD 0} sojnquijye urol ayj A[renuew joo[es 04 Iosn oy3 o3 dn st 41 ‘eje Si1g puoleg, Ul

"o pue

Ip 0} pojRIDOSS® A[oA1}09dSal somfes oY) oIe anna
‘anppa’Ip aroym {anjpatn = anpa’In} se TYOns ﬁmmﬁvﬁ
+(1,P)V} = p ozoym “p syuowmoop jo Aerre ue st .7,
‘utol ) pue ) oY) JO UOIFID[[00 SUNSOI 9} ) -
gy pue

LD suonod[oo oY) yuIl jey) v pue ' sppy Loy oY)
yoreas 0} poardde uonpouny :(v‘tn) = (39 ‘In)fayy -
‘5P quewmoop

oy ut papnpur sired (enfea ‘pey) jo 18I oYy (Sp)V -
‘ATearyoadsar ‘&) pue

) SUOI}99[[09 9} 03 SUIFUO[D(] SIUSUWINIOP :, %b ‘P
:930UAP oM ‘) pUR T,) SUOIJID[[0D OM] UIAIY)

"SpPeY 10w

~deA) gy (7' 10)q 1) IO 9UO UO PaseQ SUOIJID[[0D OM]) TWOIJ BIRP SUIQUIO.) urop
%O pue
) SUOI309[[02 97} 03 SUISUO[eq SIUSWNIOP )} JO SUOTY

~deA[) o x 1D -euIquIod o[qissod [[e SUIUIRIUOD UOIIDA[[0D B WINIY jonpoad uerseyre))
"4 RLIDILID USAIS ® [DJReW

MOYINNLY (D)0 e} ) UOT}OR[[0D © UM SHUSUINOOP JO JOSUNIS © J09[0G RCEIR |
"SoNTRA IIRYY YIM “f ‘T Sploy UAIS oy} A[uo

SPIPTANOS[IORIIX ) ()Y a1mboe 07 ) UOIIDA[0D 97} JO SHUBWNIOP 1) SUOTe S 199fo1g
") UOI}D9[[0D & WOIJ PIPONIISUOD IR

ndurg qoSuoN} ()Y —=1H yery sired anjea-£oy SUIUTRIUOD &) UOIID[[0D B WINIIY Jaddeap, /mndug

syuaul

-odwio) ejeq 3Jig
pusfey, jo sojdurexy

uorye)oN

uonydrrose(

suoryerodo TI.H

$9103S juowNOOp 10J suoryerodo I UTW 9YJ, :g'¢ 9[qe],

82



3.5. SCHEMA AND DATA INTEGRATION

‘SUOI109[[0D OM} WOIJ BJRP SUIqUIOD 09 sojnqrijje urol ayy A[enuew 300[0s 09 Iosn oy3 o3 dn st 31 ‘eje( Sig puelel, u .

(@)% yeurI0] UOAILS

«de (2)ef < (a)1f Ioyjoue 0} (a)If jeurio] onfea Py HLAUO)) UOISISATIOD JeULIO]

‘od £y uoryerado orjoUI)LIR ST) SI 7 SIYM
‘(- teu Tu) 0 uoryerado orjowutjre ue Jurd[d uoIs
«deg (ftuttu)tg <= {0 tutu} -de Aq {‘Cu‘lu} speY [eILIDWNU 1IDAUO)) ~I9AUOD  DIJOUIILIY

sduryjes ur-ymq Jut

-STL eWOYDS oY} MPH (D) —=Hd ") UOI}IS[[0D B Ul P[OY JUOTWINOOP B dWRUOY aureuayy

s8ur}jes ur-jIng sut ") UOI}09[[0D ®
-STL RUWIOYDS O} IPH (D)> 7 UM P[oY JUSWINDOP ' I0J oN[eA JNeJop 10§ anfeA Jnejop e 19§

MOY)e3I33 V)

(5 (*)%)bby

‘uorjouny oyeseIsse iy -

‘pojesardse oq [[Im 1RYY) PRy 4 -

‘sonpea Surdnois

103 posn sppy jo pes e H{u=> > 1/} =p -
s

9j0Udp 9A\ SP[PY JUSWINIOP dI0W IO dUO UO
poseq syuewnoop o[dinut woij spey dnoix)

uorye3e133y

syuau
-odwo)y eyeq 3Sig
puare], jo sojdurexgy

uorye)oN

uorydrrose(

suoryerodo TI.H

83



3.6. OLAP ANALYSIS

3.6 OLAP Analysis

For decades, OLAP has been widely utilized as a data analysis approach to bear decision-making on
structured data within an organization. With the widespread adoption of NoSQL databases that store
semi-structured data, there is an increasing need for making OLAP operational on document stores, so
that even inexperienced users can gain knowledge and can use a NoSQL-based data warehouse. The
decision-maker expresses OLAP queries that are then translated into a document store native query
language. In fact, even if data are stored and extracted from document stores, the data processing is

kept transparent for the end user.
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3.7 Case study

In this section, our objective is to study the feasibility of our approach. We present a case of
study based on JSON collections. We roll out the approach using Talend Open Studio for Big Data
to perform ETL operations, and MongoDB to store JSON collections.

3.7.1 Data Sources

Figure shows three JSON collections, i.e, LineItemPS, Orders_customer and CountryRe-
gion that are based on the TPC— benchmark. This benchmark consists of relational sources that
we have transformed into JSON collectionsﬂ In order to have different storage models, we have denor-
malised (i) the LineItem collection by embedding documents from the PartSupp and the Supplier
collections; (7i) the Orders collection by embedding documents from the Customer collection ; and
(17i) the Country collection by embedding documents from the Region collection. For the sake of
legibility, we have presented an excerpt of one document from each collection. The used collections of

JSON documents are stored on MongoDB as a document-oriented DBMS.

3.7.2 Decision-maker Requirements

Based on this benchmark, our basic scenario is an on-demand ETL, which starts by extracting
the schema for each collection as an upfront processing. Secondly, we start from the decision-maker

requirements expressed as a multidimensional schema MS = (D, M, f) where:

o D ={date={year}, nation={n_name}}

o M ={m; = (profit, [(Lextendedprice*(1 - Ldiscount)) - (ps_supplycost * L_quantity)], SUM)}

e f(my)= {year, nation}

The above multidimensional schema is defined based on the query Q9 proposed in the TPC-H
benchmark. This query identifies the profit made on a particular parts line, categorized by supplier

nation and year. The functional query definition as described in the TPC-H documentation is repre-

sented in Listing The decision-maker intends to analyse the profit measure according to the order

2Decision support benchmark: http://www.tpc.org/tpch/
3https://github.com/souibguimanel/TPC-H_JSON/
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year and supplier nation. The profit is defined as the sum of [(1_extendedprice * (1 - 1_discount))

- (ps_supplycost * 1_quantity)].

select nation ,
o_year ,
sum (amount) as sum-_profit
from (
select n_name as nation ,
extract (year from o_orderdate) as o_year,
l_extendedprice * (1 — l_discount) — ps_supplycost x l_quantity as
amount

from part
supplier ,
lineitem ,
partsupp,
orders ,
nation
where s_suppkey = l_suppkey and
ps_suppkey = l_suppkey and
ps_partkey = l_partkey and
p_-partkey = l_partkey and
o_orderkey = l_orderkey and
s_nationkey = n_nationkey
) as profit

group by
nation
o_year
order by
nation ,
o_year desc;

7

Listing 3.1: TPC-H: Q9 Query

select supp-nation ,
cust_nation ,
l_year , sum(volume) as revenue
from
(select nl.n_name as supp-nation,
n2.n_name as cust_nation ,
extract (year from l_shipdate) as l_year, l_extendedprice * (1 —
l_discount) as volume
from supplier ,
lineitem ,
orders ,
customer ,
nation nl,
nation n2
where s_suppkey = l_suppkey
and o_orderkey = l_orderkey
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and c_custkey = o_custkey
and s_nationkey = nl.n_nationkey
and c_nationkey = n2.n_nationkey
and ((nl.n_name = ’[NATION1]’
and n2.n_name = ’[NATION2] )
or (nl.n_name = ’[NATION2]’
and n2.n_name = ’[NATIONI1] "))
and l_shipdate between date ’1995—01—01’ and date ’1996—12—317) as
shipping

group by supp_nation
cust_nation ,
l_year

order by supp-nation ,
cust_nation ,
l_year;

Listing 3.2: TPC-H: Q7 Query

3.7.3 Mapping and ETL Operations

To extract pertinent data that meet the decision-maker requirements, we perform a mapping step
in order to identify collections of interest, namely LineItem_PS, CountryRegion, and Orders. Each
multidimensional attribute is associated to the collection to which it belongs. For instance, the multi-
dimensional attribute n_name belongs to the CountryRegion collection, while o_orderdate belongs to
the Orders_customer collection. The fields that are required to compute the profit measure belong to
the LineItem_PS collection. Therefore, a join operation should be performed, in order to combine data
from the above-mentioned collections. For example, a join operation should be performed between
LineItem_PS and CountryRegion collections. To illustrate the operations presented in Table
we propose a simplified ETL workflow designed using Talend Open Studio for Big Dataﬁ (TBD) as

depicted in Figure |3.5]

4 Talend Big Data is a free and open source tool. It offers a development environment dealing with a variety of big
data sources and targets.
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(
1
"profit": “16369.593”,
“N NAME": “UNITED STATES”,
"year": 1996

}:

{
"profit": “28626.195”,

“N_NAME": “JORDAN”,
"year": 1996

}7

{
"profit": “1744.25”,

“N NAME": “FRANCE”,
"year": 1993
}7

{
"profit": “25667.375”,

“N_NAME": “UNITED KINGDOM”,
"year": 1993

5o

Figure 3.6: The ETL workflow result

3.7.4 Accuracy and Completeness Evaluation

The final result of the workflow presented in Figure is expressed in JSON format containing
the analysis requirements: year, nation and the profit measure, i.e., Sum (amount). We study the
feasibility of our approach by ensuring that the collected data return a correct result during the

querying process compared to the relational databases result.

To do so, we have considered separately the Q7 and Q9 TPC-H queries as decision-maker require-
ments. According to each query, we have performed the different phases of our approach to extract
relevant data that will be stored in a JSON collection. To execute the queries on the collections

containing relevant data, we have translated them into the MongoDB query language as shown in
Table [3.3]

To check the accuracy and completeness of the obtained results, we execute the queries and compare

each query result obtained from our approach against the result obtained when we execute the same
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query on the TPC-H relational sources using MySQ The comparison between the two results proves

both accuracy and completeness of the result generated by our approach as shown in Table

San open source relational database management system
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3.7.5 Summary of Existing Tools

In the case of study, we have used a set of components provided by the Talend Big Data tool to
create the ETL workflow. Unfortunately, most of these components rely on manual human interven-
tion. For the tMap component, it is up to the user to select manually the join attributes to combine
data from two collections, since TBD does not propose neither a syntactic matching nor a semantic
matching between two given data sources. Indeed, the variety, schemaless nature, and the absence
of integrity constraints problems are not considered in TBD. Besides, regardless of the nature of the
data source, TBD provides a flat representation of the schema, which does not assist the user to easily
explore NoSQL stores.

On the other hand, the data preparation phase is provided by some data quality and data profiling
tools as Talend Data Qualityﬁ (TDQ). Thus, we conduct a set of experiments on TDQ to evaluate
their assistance to quality [Souibgui et al., 2019]. The tool generates statistics about data sources
and creates matching analysis, especially, dedicated to analyze duplicates. Since the elimination of
duplicate records requires similarity detection, TDQ creates a matching analysis, which is based solely
on syntactic similarities. Whereas, addressing semantic similarity is very important to conduct a more
precise matching analysis. Hence, commercial data profiling tools and data integration tools, do not
consider semantic similarity, so they are unreliable to suggest join keys or even matching attributes,

especially when the data are varied and dispersed.

3.8 Conclusion

In this chapter, we presented the different phases of our BI&A approach that extracts, transforms
and loads the required data for decision-making (on-demand ETL) from document stores. We focus
on the on-demand ETL stage where, unlike existing works, we consider the dispersion of data over
two or more collections. We have presented a case of study, based on JSON collections, which shows

the feasibility of our approach.

Fetching relevant data that meet the decision-makers requirements often needs to access more than
one document store. While joining tables in relational data sources is straightforwardly owed to the

availability of a precise join key and integrity constraints, in document stores, collections are a long

San open source profiling tool
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way away from having an exact join key because of the absence of integrity constraints. So, identifying
the ”joinable” fields to stick to two document stores is a tricky challenge. Despite its importance, no
previous work has paid close heed to automatically detect join key pairs in the context of NoSQL stores,

particularly in document-oriented stores. We address this issue in the next chapter (cf., Chapter {4).
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Chapter 4

IRIS-DS: Automatic Detection of Identifiers
and References in Document Stores
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4.1. INTRODUCTION

4.1 Introduction

In Chapter 3] we have proposed a hybrid BI&A approach that considers both schemaless data
sources and analytical needs to explore several document stores efficiently. Carrying out primary ETL
operations, especially how to correctly join two different document stores, i.e., collections, still being

a challenge |Celesti et al., [2019, |[Souibgui et al., 2019].

Fetching relevant data that meet the decision-maker’s requirements often needs to access more
than one document store. While joining tables in relational data sources is straightforwardly owed to
the availability of a precise join key, in document stores, collections are a long way away from having
the same join key because of the absence of integrity constraints. So, identifying the ”joinable” fields

to stick to two document stores is a tricky challenge.

For this, in this chapter, we introduce IRIS-DS (Identifiers and References DIScovery in Document
Stores), a new approach that aims to automatically discover the pairs of join keys (identifier, reference)

starting from more than two document stores.

The chapter’s outline is as follows: in Section [4.2] we present a motivating example that emphasises
the main challenges. In Section we introduce the core stages of our approach. In Section and
Section we detail each stage. Then, in Section we explain the overall algorithm. Finally, in

Section [4.7] we present a case study of our approach.

4.2 Motivating Example

Here, we present a motivating example that smoothly sheds light on the significant challenges of
detecting the join keys in the context of document stores. We consider n collections denoted C', . .., Cy,
that store two main topics, to wit orders made on marketplaces like Amazon and Cdiscount, and
deliveries insured by brands like Bosch and Moulinex. For the sake of simplicity, Figure shows
two collections, Cy for orders and Cy for deliveries. Suppose that we are interested in analyzing
the deliveries’ delay, called DD. We need to compute the delay as the difference between the actual
delivery date versus the expected one. C] contains all the orders made on Amazon marketplace and

C5 contains the deliveries done by the Bosch brand to different marketplaces.

As DD = deliveryDate — expDeliveryDate where deliveryDate € C; and expDeliveryDate € Cj,
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C1: Amazon’s orders
u[{"orderID": "Amazon Moulinex1",
\ "orderDate": "01-12-2015",
"expDeliveryDate": "01-20-2015",
"product": [

{"p_num": 392,
"p name": "Kettle",
"quantity": 6},
{"dimensions": [17.4, 174, 22.1]}]},
» {"orderID": "Amazon Boschl",
"deliveryDate": "02-05-2016",
"product": [
{"p num": 123,
"p name": "Meat grinder"},
{"p_num": 456,
"p_name": "Blender",
. "quantity": 10}],
« "orderDate": "02-01-2016"},
* {"orderID": null,
"deliveryDate": "10-17-2019",
"orderDate": "10-13-2019",
"product": [
{"p_num": 123,
"p_name": "Meat grinder",
"quantity": 7},
{"p_num": 456,
, "p_name": "Blender",
¢ "quantity": 12}]},
* {"orderDate": "05-15-2019",

document 1

_.document2

_document3

fr.. "deliveryDate": "06-01-2019",
QCE-‘ "product": [

3 {"p_num": 456,

% "p_name": "Blender",

"quantity": 10}]}]

C2: Bosch brand’s deliveries
« [{"deliveryID": 1,
i "orderCode": "Amazon Boschl",
"deliveryDate": "02-10-2016",
"region": "USA",
"ware": [

{"num": 123,

"name": "Meat grinder"}

{"num": 456,

"name": "Blender",

"quantity": 10}]},
" {"deliveryID": 2,
i "orderCode": "eBay Boschl",
"deliveryDate": "17/04/2018",
"region": " Europe",
"ware": [

{"num": 398,

"name": "Drill",

i "quantity": 4}]},
» {"deliveryID": 3,

...document1

_..document2

o "orderCode": "Cdiscount Boschl",
E "deliveryDate": "11-20-2019",
g; “Ware":
8 {"num": 367,
© "name": "Adapter",
]

"quantity": 5}]}]

Figure 4.1: An excerpt of two collections
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it is of paramount importance to correctly join C7 and Cs in order to compute the DD metric. The key
fields that join Cy and Cy are orderID as an identifier in C; and orderCode as a reference in Cs. If we
use existing algorithms dedicated to relational databases in order to automatically detect join keys, it
would be unfitting. In fact, the orderID in C has a null value in the third document and is absent in
the fourth one. Additionally, the set of orderCode values:  {Amazon_Boschl, eBay_Boschl, Cdis-
count_Bosch1} is not included in the set of orderID values: {Amazon_Moulinexl, Amazon_Boschi,

Amazon_KenWood1}.

By and large, document stores have different aspects of heterogeneity that could be:

e Intra-document: the variety is mainly related to heterogeneous structures within a document.
For instance, a JSON array can hold objects with different fields. As shown in Figure
(document 1 of C7), the product field is a JSON array that contains different objects in terms
of fields number and types. The first object comprises three fields, while the second contains an

array of simple values (i.e., [17.4, 17.4, 22.1]).

e Inter-documents: the variety is mainly related to documents in different fields. Fields can be
present in some documents and absent in others. For instance, the product field in the first
document of C'; does not contain the same fields as in the second document. Moreover, fields do

not have the same order (e.g., orderDate), which is an intrinsic characteristic of an object.

e Inter-collections: the variety lies in having different schemas with different knowledge domains.

In document stores, joining two collections is a thriving challenge because of their clueless schema-
less nature. In fact, (i) unlike the primary key which is unique and not null, identifier as all the other
fields, can be missing in some documents or can, normally and not exceptionally, have null values; (i)
document stores do not have "precise” join keys beforehand due to the absence of integrity constraints;
and (7ii) unlike a relational database, reference values are not included in the identifiers’ values, so it is

impossible to use the inclusion dependencies in order to automatically detect identifiers and references.
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4.3 Overview of our Approach

We summarize our approach in Figure where we present the sequential order of the three stages.

The primary input is the heterogeneous collections on which the IRIS-DS is processed. Collections are

document stores in JSON format. The output of the IRIS-DS is a set of candidate pairs of identifiers

and references. The core stages of our approach are:

e schemas extraction

e discovery of candidate identifiers

e identifying candidate pairs of key fields

7 innut )
Input

I

{2
5[]

JSON

~Collection i
Collection

m
Js
JSON

"

1. Schemas extraction

2. Candidate 3. Candidate
Identifiers Discovery Pairs Discovery

Figure 4.2: Our approach overview

4.4 Discovery of Candidate Identifiers

Qutput
Candidate Pairs of

Identifier and Reference

In this stage, we restrict our focus on the discovery of candidate identifiers on which depends

the identification of the pairs (identifier, reference) afterwards. Hence, this stage aims to start with

identifying an initial list of candidate identifiers for each collection and come out with a refined list

after the scoring and the pruning phases.

4.4.1 Identifying the Initial List of Candidate Identifiers

Let us consider a collection C, and its schema S(C) = T, U Ts, where T, is the set of fields with

complex types (JSON object or JSON array) and T the ones with simple types (primitive types).
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Since an identifier can not, probably, be a JSON object nor a JSON array, then we limited the
search space of candidate identifiers to the ones having simple types ( Ts). In JSON format, each
element in an array can be of three types: objects (set of key-value pairs), arrays, and/or simple values
(Integer, String, Boolean, etc.). Since we are looking for candidate identifiers, we are interested in
JSON elements represented as key-value pairs, whether nested in objects or arrays. For instance, in
document 1 of Cy (cf., Figure , product is an array of objects (complex structure), we consider its
nested key-value pairs, whereas “dimensions” is an array of simple values that can not be a candidate

identifier, so they are not considered.

Moreover, due to schema flexibility, documents within the same collection may present some struc-
tural variety. Some fields are not present in all documents or may have null values. Thus, we classify
fields in T, as being required (F) or optional (F,) (cf., Definition [9). We limited the search space of
candidate identifiers to the required fields within F,.. Then, within F,., we look for single fields and
combinations of fields having unique values. Throughout this chapter, we use the acronym I Dc to refer
to a candidate identifier(cf., Definition which can be constituted of one or more fields. We note
that we regard only minimal unique fields’ combinations. To put it another way, let Comb = {fi ... f,}
be a combination of fields. Comb is considered as a minimal unique combination if Vf; € Comb is not
unique. The generation of these combinations is done steadily. Firstly, we look for the I D¢ made up
of single fields. Secondly, we generate combinations of two fields from the remaining list of non-unique

fields that are frequent and of simple types. We repeat the same step for the triad combinations.

Checking unique values brings us back to evoke the problems related to duplicate detection in case
of missing values. To better understand this point, consider for example two instances’ values of a
composite identifier: (717, ”2”) and (71”7, "null”). This case calls into question some past assumptions:
(i) assume that the two instances’ values are identical; or (i) assume that the two instances’ values

are different. Multiple strategies have also been proposed to deal with missing values.

By and large, an identifier must be unique and not null [Pejcoch, 2014]. However, owing to schema
flexibility, any field in each collection can be missing in some documents or have null values. Thus, we
apply the uniqueness checking only to required fields (cf., Definition @ If the field is required (with
a high frequency of appearance with values different from null and missing), we verify the uniqueness
constraint. The latter is verified based on non-null values [Berti—Equille et al., 2019]. If so, the field is

retained as a candidate identifier, and its score is computed in the following stage.
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Definition 9 (Required Field) A field f; is required whenever its frequency is greater than or equal to
a threshold . The frequency is computed as freq(f;) = Mg—cjl [Chouder et al., |2019], where |k,| is the
number of documents in which the key in the given field is not missing and has a not null value, and

|D¢| stands for the total number of documents within the collection C.

Definition 10 (Candidate Identifier) Given a collection C, a candidate identifier (IDc) is one or more

fields that are of simple types, required, and form a minimal combination of unique values.

4.4.2 Scoring Candidate Identifiers

In the context of relational sources, we explored several primary key features in the literature |[Jiang
and Naumann, 2020, Papenbrock and Naumann, |2017] to distinguish valid primary keys from spurious
ones. We reuse some of these features that we have adapted to the context of document stores in our
proposal, and we introduce extra features: depth, data type, and name prefix. We describe these

features in the following.

e Cardinality: in practice, schema designers show a tendency to use fewer fields for the identifier

definition: fewer fields enable better understandability and maintainability. The score function

. 1
is defined as [TDd-

e Name prefix/suffix: identifiers are generally identified by their field name prefix/suffix. We

nsider is ssible names’ prefixes/suffix r identifiers as: i nr”’, "n
consider the list of possible names’ prefixes/suffixes for identifiers as: ”id”, "key”, "nr”, "no”, "pk”,

"num”, and "code”. We define the score function as 2r¢/ W‘T%JQ ‘ix(IDC), where prefizSuf fix(IDc)

counts the number of fields in the I D¢ whose name contains one of the prefixes/suffixes mentioned

above.

e Depth: identifiers often have a shallow depth. In fact, nested fields has a lower chance to be an
|IDc|

1
1 depth(fi)+1

tdentifier for the entire collection. We define the score function as i Iécl( ), where

fi € IDc.

1=

e Data type: hands-on hints show that a field is likely to be an identifier whenever its data type

is Integer or String.

|[IDc|
We define the data type score as ﬁ( Z;l type(f;)) where type(f;) is a binary function that

returns one if the field f; has a String or an Integer type or zero otherwise.
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4.4. DISCOVERY OF CANDIDATE IDENTIFIERS

e Value length: fields that are used as identifiers are supposed to have a short value length, as they

1
max(1,LengthMazx(f;)—n)’

are typically non-semantic identifiers. The score function is defined as

where

— LengthMax(f;) is the average length of the longest values associated to the IDc fields.

[IDc|
This function is defined as LengthMazx(f;) = |I/13c| S>> LengthMax(f;).
i=1

— n is a parameter used to penalize long values.

Value length is a value-based feature, making it cumbersome to use in a NoSQL context. To

take advantage of this critical feature, we use the random sampling technique as reported earlier

(cf., Subsection [3.4)).

We use these features to score each candidate identifier related to each collection. We use the

overall average of the computed scores for the total score.
4.4.3 Pruning Candidate Identifiers

Expectedly, the set of the initial candidate identifiers is very large. Filtering techniques are essential
to get rid of irrelevant candidate identifiers. For this, for each collection, we score each candidate
identifier using the above-described features. In our approach, we use the Cliff technique |Jiang and
Naumann, [2020] (cf., Deﬁnition. As described in Example the set of candidate identifiers is split
into two parts: (i) Upper: it contains the candidates before the Cliff; and (ii) Lower: it contains the
remaining candidates. Since the candidates that appear in the Upper part do have the highest scores,
we prune the candidates belonging to the Lower part. We note that in case of multiple instances of

Cliff, we retain all candidates before the last Cliff (cf., Definition .

Definition 11 (Cliff [Jiang and Naumann, 2020]) Given S = {S1,S2,...,Sn}, the sorted score list of
candidate identifiers belonging to one collection, and their corresponding score difference list, SD =
{SD;,SDs,...,SD,_1}, where a score difference is defined as SD; = S;—S; 1 of each pair of adjacent
candidates, the Cliff is the pair of adjacent candidates S; and S;+1 having the largest SD score.

Definition 12 (Multiple instances of the Cliff ) Given SD = {SD1,SDs,...,SD,_1} the set of score
differences where SD; is the largest score difference. YSD; € SD, if 3SD; | SD; = SD; such that
j # i then we prune the lower part of SDy, where
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k;:{“ Si < 5 (4.1)

7, otherwise

Example 3 As depicted in Figure[.5, we suppose having a list S of candidate identifiers’ scores, which
are decreasingly sorted as follows: S = {1.0,0.6,0.58,0.39,0.23,0.1}. We generate the score difference
list SD = {0.4,0.02,0.19,0.16,0.13}. The CUiff is the largest score difference value in SD, i.e., 0.4.
The green and the pink squares, shown in Figure[{.3, respectively illustrate, the Upper and the Lower

parts.

Score
1 S1

\ CIiff
0.8

0.6 2 _s3

0.4 !

S5
0.2
Se6

0 Rank
6

Figure 4.3: Example of the Cliff method applied to the ranked scores of candidate identifiers

The pruning phase is dedicated to refining the initial list of candidate identifiers for each collection.

Furthermore, the refined list identifies candidate pairs of key fields as detailed in the remainder.

4.5 Identifying Candidate Pairs of Identifiers and References

This stage aims to constitute the pairs of identifier and reference fields related to every two
document stores. Given two collections, we search the candidate pairs in both directions. Roughly
speaking, we firstly find for each candidate identifier I Dc(Ch) of the first collection C the most similar
candidate reference, if it exists, from the set of fields F'(Cy) = fi,..., fn of the second collection Cs.
Secondly, we find for each IDc(C9) the most similar candidate reference, if it exists, from F(C7) =

fi,.-., fn. We filter the obtained candidate pairs afterward.
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The degree of similarity depends on the shared properties’ values between an identifier and its
reference. In order to inspect these similarities, we model the relation between IDc(C;) and F(C;) =
fi,.-., fn as a graph.

Graph-based techniques are becoming ubiquitous since they are essential to yield new insights into
data. However, graphs with their traditional representation do not allow entirely take benefit from

the existing machine learning approaches and techniques [Cui et al., [2019].

In recent years, there has been considerable interest in graph embedding that aims to convert graph
nodes into a lower-dimensional space in which the neighborhood similarity between nodes is preserved
in the embedded space [Cai et al., 2018]. To this end, using embedding and vector spaces offers a
richer toolset and machine learning approaches. Our objective aligns with the graph embedding goal,

particularly the node embedding one.

Hence, we uptake a graph embedding technique, called node2vec |Grover and Leskovec, 2016]. The
latter learns feature representations for the nodes across a graph for different machine learning tasks.
Node2vec explores network neighborhood. It designs a flexible neighborhood sampling, called a random
walk, by interpolating between Breadth-first and Depth-first sampling strategies. This algorithm is of
quadratic complexity.

The graph we defined is simple (do not allow multiple edges), heterogeneous (with nodes of different

types), undirected and unweighted.

We denoted it as G(V, E) where:

o V= {IDc(C;),F(C;), PV}: the set of vertices (aka nodes) with three types, where

— IDc¢(C;): a candidate identifier of the collection Cj.
— F(Cj): the set of fields of the collection Cj.

— PV: the set of properties’ values related to both identifiers annode2d references, e.g., String

is a value of the data type property.

e FE: the set of edges that link and define the present relationships between nodes. An edge can

be established between:

— a node of an identifier /D¢(C;) and a node of a candidate reference from F(Cj) if this pair

has a syntactic or semantic similarity greater than a threshold.
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— a field in {IDc(C;), F(Cj)} and a property value.

Example 4 Figure [4.4] shows an ezample of the input graph where the blue nodes represent the fields
belonging to both collections CountryRegion and Orders_customer and the green modes represent
their properties’ values. The candidate identifier of the collection CountryRegion is CountryKey. The
colored edge linking the two nodes CountryKey and NationKey shows the existence of a syntactic or
semantic relationship between the two nodes. We note that for simplicity, we use only a simple label

for each node, whereas in the schema, each field is identified by its full path from the document root.

w@er CoufyRbgion
o @K As O_OATE o RITY I

O_OKEY
Orde @ omer C@Y

(o] OR.TAT
iCU g

o_ OR IORITY

®

_ JS

Figure 4.4: Example of the input graph for node2vec

We propose a set of rules to identify the properties related to identifiers and references:

e Rule 1: Compatibility of data type: the identifier and its reference must have the same type
or compatible types. For example, if we have an identifier with a String type and a reference
with an Integer type, and they are not convertible, this pair will not be considered in this case.
Our approach covers all possible combinations of primitive types, e.g., (String, String), (String,
Double), (Integer, Double), (Short, Double). As mentioned earlier in the global schema extraction
stage, since an actual primitive type can be hidden under another primitive type, we check the

type of each field pair to detect such cases.
e Rule 2: Syntactic similarity-based pruning: in many instances, fields’ names are not randomly
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assigned for better understanding. Hence, taking into account the similarity between the fields’
names of each pair could be a kick-off beacon. To this end, we use a syntactic similarity measure,
and we opt for the Fuzzy-Token similarity since it is the most suitable for our case [Wang et al.,
2011]. Thus, the similarity combines both token-based similarity and string similarity. To use

this similarity function, the input strings s; and so are tokenized. We consider both cases

” "

for the tokenization: (i) having a delimiter, e.g., and/or uppercase letter; (ii) strings are

attached without a delimiter, e.g., "LINESTATUS”. The function is defined as syntac(si, s2) =

|T10oTo|

AE G AE where s is the reference name and ss is either the identifier name or the
g

collection name of that identifier. Then, we retain the maximum value obtained between the two
similarity measures. We note that s; and sy are amended compared to |Jiang and Naumann,
QOQO]E. In addition, 77 and 75 are the tokens’ sets related to s; and so respectively and o
is the edit distance threshold used to penalize lower similarities. To compute this similarity,
a weighted bigraph should be constructed using 77 and 75. The weight, i.e., edit distance
measure, is assigned to each edge. Then, we keep only the edges with a weight larger than o.
The fuzzy overlap, denoted by |Th N ,T%|, is used to define the maximum weight matching of
the constructed graph. Note that if |T1| or |T5| are more significant than one, we filter them
from the set of possible suffixes or prefixes such as "key” and ”id.” For instance, by considering
the two fields "CountryKey” and "CustomerKey,” the syntactic similarity measure may rise due
to the common suffix "Key,” which becomes misleading to get the correct result and enhance
the probability of getting false-positive results. On the other hand, the case of fields ”"Id” and
"Userld” reveals the necessity to keep T and 75 without the filtering step.

Rule 3: Semantic similarity based pruning: Using only the syntactic similarity between two fields
is not sufficient to cover all cases, e.g., customer and client. It indeed leads to generating
some false-positive and false-negative results. To this end, we propose a filtering step based on
semantic similarity. To do so, we use the Wup semantic similarity measure (cf., Definition ,
which is based on the lexical database WordNe Like the syntactic measure, we use tokenization

to divide the attached words into meaningful separated words. Given two fields f; and fs,

n [Jiang and Naumann, 2020|, the authors have concatenated the table name for both primary key and foreign key

presented in an inclusion dependency. However, it remains unclear to concatenate table names for both of them because,
generally, the foreign key is likely to be similar to the name of the referenced table, but the inverse rarely happens.
’https://wordnet.princeton.edu/
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we split each of them into a set of tokens, 77 and T, respectively. We consider f; and fo
semantically similar if exists at least a semantic similarity between elements of a pair (¢1,t2),
where t; € {T1 \ SP} and t2 € {T>\ SP}. We denote with SP the set of possible suffixes or
prefixes such as "key” and ”id”. Likewise the syntactic similarity, we deal differently with a unary

set of tokens (7} or T») by considering all of the tokens without a filtering step.

Definition 13 (Wup similarity [Pedersen et al., 2004, Wu and Palmer, 1994]) Wup is a path-based

semantic similarity. Given two concepts, it finds the path length to root from the Least Common

Subsumer (LCS), the most specific concept they share as an ancestor. The Wup similarity is

computed as follows: simyyy, = Zizfgfggﬁfi;%’(%))) where depth(C') is the depth of the concept

in the WordNet hierarchy.

Based on the rules defined above, we define the properties that concern both identifiers and refer-

ences, namely: collection name, data type, IsSyntacticallySimilar, and IsSemanticallySimilar.

4.6 The IRIS-DS Algorithm

/ Candidate Pairs Discovery \

v
node2vec

Input graph Embedding

= o .
Input Candidate Identifiers Discovery) —
(Collection T

Output
Candidate pairs of
identifier and reference
{<idy, ref}>, ..., <id, ref, )}

Schema
Extraction

% 8
So

N /

Figure 4.5: TRIS-DS general architecture

Figure shows the overall process of our proposed algorithm IRIS-DS. Starting from several

collections, it firstly extracts the collections’ schemas. Secondly, it discovers the initial set of candidate
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4.6. THE IRIS-DS ALGORITHM

identifiers that will be refined after the scoring and the pruning steps.

Then, it performs a graph embedding technique to track down the set of candidate pairs of identifier

and reference.

The pseudo-code is sketched in Algorithm [1 which in turn invokes various methods that are
detailed separately.
In line A;.Lo, i.e., Algorithm (L] Line 2, we start with the extraction of collections’ global schemas.
In line A;.L3, we search candidate identifiers from the set of fields presented in collections’ global

schemas. This step is explained separately in Algorithm

In line Ay.L4, the list of collections’ pairs, denoted as L, is generated using the Cartesian product
while keeping only pairs with different elements, i.e., each collection pair (C'P) is defined as CP =
(Cs, Cj) where C;#C;. The cardinality of L is defined as |L| = w, where |C| is the number of

distinct collections.

Algorithm 1 IRIS-DS
Input: Collections C
Output: Pairs of candidate identifier and reference for each collections’ pair I Rcand
LCP, + @, LCPy + 0
SG¢ + GenerateCollectionsSchemas(C)
SearchCandidatelDs(C, SG¢)
L + GetListOfCollectionsPairs()
foreach CP=(C;,C;) in L do > |L| = w
if GetID(C;) # () then
‘ LCP; < discoverPairs(C;, C;)
end
if GetID(C;) # () then
‘ LCPy  discoverPairs(Cj, C;)
end
IRcand <« filter(LC Py, LCPy)
Store(Ci, Cj, IRccmd) D> Store: store the IRcand for each collection pair

end
return IRcand

The idea is to iterate over L to find the set of pairs of candidate join keys (identifier, reference),
if they exist, between every two collections (lines A;.L5_14). We consider both directions: a field in
C; can refer to another field in C; (lines A;.Ls_g) or vice versa (lines A1.Lg_11). The pairs discovery

assured in line Ay.L7 and line A;.L1g are detailed in Algorithm [3] where the loop from line As.Lq to
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Algorithm 2 SearchCandidateIDs()

Input: Collections C, Collections schemas SG¢
Output: Initial list of candidate identifiers 1L
I+ 0, R+0,U+0,IDs+ 0, L+ 0
foreach C' in C do

I < GetFieldsWithSimpleTypes(SGe)

R + GetRequiredFields(I)

U «+ GetUnique(R)

S < Score(U)

IDs + Clif f(S)

L+ LUIDs

© o NS O AR W N =

end
10 return L

line As.Lq4 iterates over the list of identifiers of the current collection C;, which are generated with

GetlD(Ci).

In line As.Ls, we start by creating the input graph G for the embedding. Building the graph has
a linear time complexity O(n) as execution time depends on the size of the collection schema. The
properties values are among the constituting nodes of the input graph. We detail the extraction of
the properties values in Algorithm [4| In lines As.Ls_5, we apply the nodeZvec algorithm, and we
generate the model after learning feature representations for the nodes across the graph. The loop in
lines As.Lg_10, iterates over the field(s) of an identifier and search the most similar field(s) that will

be considered as a candidate reference.

In Algorithm [4] based on the rules mentioned above, we search the properties’ values related to an
identifier of the first collection and the set of fields of the second collection. In line A4.L3, we find the
data type of the field f. In line A4.L5, we check if the current field and the identifier have a syntactic
similarity measure equal to or greater than a given threshold. If they are syntactically similar, we
assign to f the name of the identifier as a property value. In this way, an edge will be established
between the identifier’s node and the field’s node. Similarly, we verify the semantic similarity between

the identifier and the current field.
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Algorithm 3 discoverPairs()

Input: Collection Cj, collection Cj
Output: list of candidate pairs where the identifiers in C; and reference in C; LC'P

foreach IDc in GetID(C;) do
PV <« GetPV(IDc) U GetPV(GetFieldS(SG(Cj))) > PV: properties values
G < CreateGraphFor Embedding(IDc, GetFields(SG(C})), PV) > G: input graph for node2vec
n <— node2vec(G)
model LearnEmbeddz’ng(n) > Learning node representations R <— 0
foreach part in IDc do
if model.GetSimilar(part) # () then
‘ R < R U model.GetSimilar(part) D> list of the most similar fields to IDc
end
end
if |IDc| = |R| then
‘ LCP + LCPU (ID¢, R) > LCP: list of candidate pairs
end
end
return LCP

Algorithm 4 GetPV()

Input: List of fields L, candidate identifier IDc, collections’ names CN(L) and CN(IDc)

Output: properties values PV

PV + {CN(L), CN(IDC)} D> add collections’ names as properties values

foreach f in L do

t < dataType(f) > get the data type of the field f according to Rule 1

PVf — PVf Ut

if CheckSyntacticSimilarity()= true then PV; < PVy U IDc > check if the field f is
syntactically similar to IDc

else PV; < PVy Unull

if CheckSemanticSimilarity()= true then PVy < PV; UIDc

else PV; < PVy Unull

PV < PV UPVy

end

return PV

4.7 Case Study

Figure shows two JSON collections, i.e., Orders_customer and CountryRegion, that are
based on the TPC—HE] benchmark. This benchmark comprises relational sources that we have trans-

formed into JSON collections{ﬂ For readability, we only present an excerpt of one document from

3Decision support benchmark: http://www.tpc.org/tpch/
4 https://github.com/souibguimanel/TPCHjson
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each collection. Based on this benchmark, our basic scenario is to perform a join operation between
Orders_customer and CountryRegion. In doing so, we should perform identifiers and references

discovery between the two aforementioned collections.

i
"0_ORDERKEY™: "5",
"O_ORDERSTATUS": "F",
"O_TOTALPRICE": "144659.20",
"O_ORDERDATE": "1994-07-307,
"0_ORDERPRIORITY": "5-LOW",
"O_CLERK": "Clerk#000000925",
"O_SHIPPRIORITY™: "0",
"0_COMMENT": "guickly bold ",
"CUSTOMER™ |
“CUSTKEY": "44485",
"NAME": "Customer#000044485", "COUNTRYKEY": 2,
"ADDRESS": "hlyAS0JVqUOQfBOb", “N_NAME™: "BRAZIL’,
"NATIONKEY™ "20", "N_COMMENT": null,
“PHONE": "30-452-969-2072", "Region™: {
“"ACCTBAL"™ "4543.02", "REGIONKEY™: 1,
"MKTSEGMENT": "FURNITURE", "NAME": "AMERICA”",
"COMMENT™: "ng excuses cajole along the silent,” "COMMENT?: "hs use”

Figure 4.6: Sample JSON documents of the TPC-H benchmark

Figure shows two JSON collections, i.e., Orders_customer and CountryRegion, that are
based on the TPC— benchmark. This benchmark comprises relational sources that we have trans-
formed into JSON collectionsﬁ For readability, we only present an excerpt of one document from
each collection. Based on this benchmark, our basic scenario is to perform a join operation between
Orders_customer and CountryRegion. In doing so, we should perform identifiers and references dis-
covery between the two aforementioned collections. We start by identifying an initial list of candidate
identifiers for each collection. Then, we present the obtained candidate identifiers for each collection
in the second column of Table We note that we present a field using its path from the document
root, where $§ symbol represents the document root. For each candidate identifier, we compute its
score based on the features described above. To prune irrelevant candidates for each collection, we
search the cliff value after ranking the scores. We split the candidate identifiers into Upper and Lower

parts. The Upper part of the collection CountryRegion contains [$.COUNTRYKEY], and the Upper part

Decision support benchmark: http://www.tpc.org/tpch/
6 https://github.com/souibguimanel/TPCHjson
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of the collection Orders_customer contains [$.0_ORDERKEY] and [$.customer.CUSTKEY]. The remaining

candidate identifiers related to each collection are pruned since they are in the Lower part.

Table 4.1: Initial list of candidate identifiers with their scores

Collection Candidate identifiers Score
CountryRegion [$.COUNTRYKEY] 1.00
[$.N_NAME] 0.63
[$.0_ORDERKEY] 1.00
[$.Customers.CUSTKEY] 0.90
[$.0_CLERK, $.customer.NATIONKEY] 0.75
[$.customer .MKTSEGMENT, $.customer.NATIONKEY] 0.70
[$.0_ORDERSTATUS, $.customer.NATIONKEY, $.0_ORDERPRIORITY] 0.70
[$.0_ORDERSTATUS, $.0_CLERK] 0.70
[$.0_TOTALPRICE] 0.60
Orders_customer [$.0_COMMENT] 060
- [$.Customers.PHONE] 0.52
[$.customer.NAME] 0.52
[$.0_CLERK, $.0_ORDERPRIORITY] 0.52
[$.customer.ACCTBAL] 0.50
[$.0_ORDERDATE] 0.50
[$.customer.COMMENT] 0.50
[$.customer.ADDRESS] 0.50
[$.customer.MKTSEGMENT, $.0_CLERK] 0.49

We start by preparing the graph embedding input. As shown in Figure we create three graphs:

e (51: presents the relationships between the candidate identifier [$.COUNTRYKEY] with the differ-

ent fields of the collection Orders_customer.

e (39: presents the relationships between [$.0_ORDERKEY] with the different fields of the collection

CountryRegion.

e (73: presents the relationships between [$.customer.CUSTKEY] with the different fields of the

collection CountryRegion.

The green nodes denote the candidate identifiers the first collection. The blue nodes indicate the

fields of the second collection that can contain the candidate reference. Finally, the nodes of properties’

values are presented with a pink color. The red edge in G; marks the existence of a semantic similarity

between the two fields [$.customer .NATIONKEY] and [$.COUNTRYKEY].
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Figure 4.7: Node2vec input

To establish the relationships between nodes in each graph, we identify the values of the properties:
collection name, data type, syntactic similarity measure, and semantic similarity measure. Since the
two last properties require pairs of fields, we create pairs using the Cartesian product between a
candidate identifier of the first collection and the group of fields of the second collection. Then, we

compute the syntactic and semantic similarity measures for each pair.

The pair with a similarity measure greater than a threshold will have an edge between their

representing nodes in the graph.

Each graph obtained in the previous step is taken as an input of the node2vec algorith to
seek the key pairs based on the candidate identifiers. By performing the node2vec algorithm, we
get the most similar fields for each identifier with the corresponding probabilities, which approximate
the similarities between nodes. Regarding probabilities values, we keep the highest ones to identify

the candidate pairs of key fields. We hosted the python code samples that are used in this step in a

"https://snap.stanford.edu/node2vec/
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GitHub repositoryf’] As a result, we obtain [$.customer.NATIONKEY] as the most similar field to the

candidate identifier [$.COUNTRYKEY] with a probability measure in the region of 0.994.

4.8 Conclusion

Document stores have a variable schema, where fields can be missing in some documents or have
null values. Because of the lack of integrity constraints and inclusion dependencies, a document store
is a long way away from having an exact join key. In the literature, existing works have provided
dedicated solutions to relational databases. For NoSQL data stores, current contributions rely on a
strong assumption: having the join key pairs beforehand. We seldom know the pair of identifiers and
references in document stores.

To this end, we have proposed a new approach for identifiers and references’ discovery based on several
document stores. We have introduced the IRIS-DS algorithm that discovers identifier candidates
for each collection, and then identifies the candidate pairs of identifier and reference for every two

collections. The sighting features of our approach are:

e to the best of our knowledge, no former approach has been dedicated to joining keys discovery

in the context of document stores. We consider both composite and non-composite join keys.

e we adapt existing features, which identify candidate identifiers, to the context of document stores

and introduce new ones.

e to detect the candidate pairs of identifier and reference, we uptake a graph embedding technique,

called node2vec [Grover and Leskovec, 2016|, which yields significant advantages.

e unlike existing works, we use both syntactic and semantic similarity measures for pruning point-

less candidates.

Shttps://github.com/souibguimanel/Get_similarities_node2vec
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5.1. INTRODUCTION

5.1 Introduction

This chapter reports our experimental findings regarding discovering identifiers and references in
document stores. As proof of concept of our approach, we have implemented java prototypes to support
the main phases in order to validate and evaluate the relevance of our approach. We, firstly, present
the technical architecture of our prototype in Section[5.2] Secondly, we describe the data collection and
preparation in Section We base our experimental study on two benchmarks and two real-world
datasets. In Section we describe the evaluation protocol, and finally, we discuss the experimental

results in Section [5.51

5.2 Technical Architecture of our Prototype

As proof of the concept of our approach, we have developed a prototype to support the main phases
and tested them under macOS High Sierra machine, Processor Intel Core i5, 2.7 GHz, and 8 GB of
DDR3 RAM. As shown in Figure our prototype is implemented in java 8 using the integrated
development environment Eclipse Java EE. We store the used collections of JSON documents on
MongoDB as a document-oriented DBMS. To access the document stores, we use the MongoDB java
driver. The latter establishes a connection with the MongoDB database by creating a MongoClient.
The rest of the java code implements the core stages of our approach, namely document stores schema
extraction, discovery of candidate identifiers for each collection in the MongoDB database, and creation
of the graph that will be used as an input of the graph embedding algorithm. The creation of the
graph requires computing syntactic and semantic similarities. Since, we use a token-based syntactic
similarity, we use the python Wordninja librarylﬂ to split the attached words into tokens. As for the
semantic similarity, we use the WS4J API to exploit the large lexical database WordNet in java.
Finally, to discover candidate pairs of identifiers and references, we use node2vec as a graph embedding
algorithm. This algorithm is implemented in python 3 and available on GitHub. We ran this algorithm
on Google Cola which provides free access to computer resources such as GPUs, making it suitable

for machine learning and data analysis.

"https://pypi.org/project/wordninja/
“https://colab.research.google.com/
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5.3. DATA COLLECTION AND PREPARATION

5.3 Data Collection and Preparation
We base our experimental study on two benchmarks and two real-world datasets:

e TPC-H: a benchmark for decision support systems. It represents the activity of any industry

that manages, sells or distributes a product worldwide.

e TPC-E: a benchmark offering a set of flat files that models a brokerage firm with customers who

start transactions concerning trades, account inquiries, and market research.

e Twitter: these datasets, which comprise users and their related tweets, are scraped from Twitter’s
API. We consider two collections: Tweets and Users. Each document of the Tweets collection
contains nested objects such as the coordinates object that gives the geographic location. These
datasets are initially in JSON format. They are heterogeneous in terms of schema variety,

different nesting levels (i.e., field depth), missing values, different types, etc.

e Musicians: are datasets extracted from Wikidataf’] a real-world data source. These datasets
are implemented in Valentine [Koutras et al. 2021] where the authors proposed a well-thought-
out dataset creation process that is tailored to the scope of matching techniques. The datasets
represent data about American singers. It contains around 11k tabular data that we converted
into JSON documents. To resemble a real-life scenario, authors in [Koutras et al., 2021] have
varied the names of the attributes in the source and the target sources included in Valentine. In
addition, they provide with the source and the target dataset a JSON file containing the possible

matching that we use as ground truth to check the accuracy of our results as shown in Figure

Collections within considered datasets contain fields having distinct maximal depth values. For
example, as shown in Table the maximal depth in the Twitter datasets is three, whereas, in the
TPC-H datasets, the maximal depth is two.

The idea is to start from sources for which we know the various links (identifier, reference) to
verify the accuracy and consistency of the results generated by our algorithm. Thus, we used the two

benchmarks TPC-H and TPC-E to compare the result obtained with those of the gold standard.

3 https://www.wikidata.org/wiki/Wikidata:Main_Page
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{
"matches": [
{
"source”: "MusiciansSource”,
"source_attribute": "musician”,
"target”: "MusiciansTarget”,
"target_attribute": "musicianiD"
3
]
}

Figure 5.2: Example of a ground truth file for the Musicians datasets

Table 5.1: Minimal and maximal depth within the considered datasets

Datasets | Minimal depth | Maximal depth
TPC-H 1 2
TPC-E 1 3
Twitter 1 3

Musicians 1 1

Since our approach deals with document stores, we carried out a data preparation phase to use
the two benchmarks TPC-H and TPC-E, in our experimental process as input to our prototype. We
have implemented a transformation phase to convert their generated flat files to JSON ones. We
consider each record in the flat file as a document in the JSON collection. We perform the data
preparation stage regarding the document-oriented model features, e.g., randomly assigning null or
missing values. Furthermore, to have different storage models, we have denormalized data in both
benchmarks: (i) TPC-H, we have denormalized the Orders collection by embedding documents from
Customer. Similarly, we have denormalised the Nation collection by embedding documents from
Region; and (i) TPC-E, we have denormalized the Trade collection by embedding documents from
TradeType. Similarly, we have denormalized CustomerAccounts by embedding documents from both
Address and Customer collections. This is done by replacing each foreign key with its full object. We

host the generated data in a GitHub repositorie*{’| to make them openly available.

4 https://github.com/souibguimanel/TPCHjson
5 https://github.com/souibguimanel/TPCEjson
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5.4. EVALUATION PROTOCOL

5.4 Evaluation Protocol

The experiments we conduct aim to validate our approach in terms of result relevance. The
approach validation comprises both levels: (i) candidate identifiers discovery for each collection; and
(#1) identification of candidate pairs of key fields (identifier and reference) for every two collections.

To this end, for each level, we use four metrics:

e precision: the fraction of the predicted true identifier /pairs among the predicted identifiers /pairs.

e recall: the fraction of the predicted true identifier /pairs among identifiers/pairs of the gold

standard.
e accuracy: the number of correct results returned by our algorithm.

e percentage decrease: rate the reduction of the number of candidates that will be proposed to

the end-user. This metric aims to assess the relevance of the cliff technique, which prunes poor

(Original Number—NewNumber) £ 100.

candidate identifiers. This metric is computed as OriginalNumber

We distinguish two cases to compute the percentage decrease:

— Discovery of candidate identifiers for each collection:
* original number: the schema size of the given collection.
x new number: the number of the detected candidate identifiers.

— Identification of candidate pairs of key fields (identifier and reference) for every two collec-

tions:

x original number: given two collection schemas, the original number is the sum of the
cardinality of the Cartesian product between the candidate identifiers IDc(Cy) of the
first collection and the set of fields of the second collection F'(C2) = fi,..., fn and the
cardinality of the Cartesian product between IDc(Cs) and F(C1) = fi,..., fm.

+x new number: the number of the discovered pairs of identifier and reference.

5.5 Experimental Results

As shown in Tables and we compare the output sets of both candidate identifiers and

candidate pairs (reference, identifier) with the gold standard of the Twitter collections, Musicians
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collections, TPC-H benchmark, and TPC-E benchmark, and we report the precision, recall, accuracy,
and the percentage decrease. The results show that our approach reaches a high precision and accu-
racy without diminishing the recall. Furthermore, the percentage decrease metric yields increasingly
excellent results by reducing the number of candidates proposed to the end user.

We note that in Table our algorithm shows a decrease in the precision to 0.25 when detecting the
identifier in the Financial collection. This decrease is because of several non-composite unique fields,
which generate false-positive results. However, this error accounts for only a tiny portion of the used

collections, and fortunately, the percentage decrease is still high.

Although our approach is dedicated to heterogeneous document stores (consisting of diverse data
contents), we have also used the two Musicians datasets as part of our experimental study, which

encompasses homogeneous data devoted to evaluating matching techniques.
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Figure 5.3: Impact of the dataset size: Orders collection

We carry out further tests that corroborated the correlation between the collection size and the
values of the evaluation metrics. To gauge this effect, we have varied the Orders collection size,
as shown in Figure [5.3] The result demonstrates that the more we increase the collection size, the
better precision, recall, accuracy, and percentage decrease. The number of fields with unique values
increases if we reduce the number of documents in the same collection. Although the precision often
decreases when using a collection with few documents, the percentage decrease remains significantly

high, reflecting the reduction of the final number of candidates proposed to the end user.

On the other hand, since we introduced new features to discover candidate identifiers, we perform
additional tests to emphasize the importance of these features. For instance, the depth feature is
intrinsic to document stores since collections’ fields have different depths due to the embedding of
objects inside documents. Thus, as shown in Table by omitting this feature while computing
the score for the CustomersAccounts collection, we realize the remarkable decrease in the precision,
accuracy, and percentage decrease. Similarly, we remark a significant difference between their absence
and presence for the data type and field name prefix features while computing scores and discovering

candidate identifiers.
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Table 5.3: Importance of the depth feature: CustomersAccounts collection

Precision Recall Accuracy Percentage decrease
Without depth 0.05 1 0.51 48.57
With depth 1 1 1 97.14
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Table 5.5: Comparison of IRIS-DS with HoPF algorithm [Jiang and Naumann, [2020| applied on the
TPC-H and the TPC-E benchmarks

Identifier (Reference, Identifier)

Algorithm | Precision | Recall | Precision Recall

HoPF 1 1 0.88 0.88

TPC-H 115 DS 1 1 1 1
HoPF 0.80 0.80 0.72 0.91

TPC-E RisDs 0.85 1 1 1

Since our approach considers several collections, we apply key pair discovery to every two col-
lections. Indeed, there is at least one pair of collections that are not joinable, so they did not have
a relationship (reference, identifier). Our approach can handle such cases. In fact, as depicted in
Table the pairs’ discovery performed between the collections’ pairs (i) Supplier and Order; (ii)
AccountPermission and Holding; and (%) Financial and CustomersAccounts returns no join key pairs.
This implies that the precision and recall are N/A, i.e., Not Applicable because the number of true-
positive values is null. For example, this might occur where the gold standard does not contain join key
fields, and our algorithm returns no pairs correctly. We note that the parameter settings (dimensions
and walk-length) of the node2vec algorithm that we used in our tests gives a greater result when they

are set to respectively 10 and 30.

Since we are the first to propose an approach for identifier and reference discovery in document
stores, we compare our algorithm against the most recent work [Jiang and Naumann, 2020] proposed
in the context of relational databases, as shown in Table Our approach and the HoPF approach
share the same objectives: joining multiple sources without having the join keys beforehand. Our
approach treats document stores, while the HoPF approach [Jiang and Naumann, 2020] is applied to
relational databases. Relational databases have functional dependencies: (i) the primary key values
are unique and not null; (ii) the foreign key values are included in the primary key values. However,
document stores miss all these features. Roughly speaking, unlike the HoPF approach, we can not ap-
ply functional dependencies in the context of document stores. Hence, we have undergone a rethinking
of the problem by using alternative methods adapted to document stores’ schemaless nature, namely,

adapting existing features and providing new features and pruning rules.

The results of our approach evaluation prove the viability of detecting automatically identifiers
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and references pairs in document stores with dispersed data across many collections.

5.6 Conclusion

In this chapter, the experiments we conducted aim to validate our approach, in terms of result
relevance. The approach validation involves both levels: (i) candidate identifiers discovery for each
collection; and (ii) identification of candidate pairs of key fields (identifier and reference) for every
two collections. For each level, we have used four metrics: precision, recall, accuracy, and percentage
decrease. Outcomes from our approach’s evaluation give insight into the feasibility of detecting join
key fields in document stores containing scattered data over several collections. The carried-out exper-
iments on the TPC-H and the TPC-E benchmarks, and the Twitter and Musicians datasets underscore

that our approach fulfills the accuracy of the generated results.
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Thesis summary

In this thesis work, we contribute to the field of Business Intelligence & Analytics, intending to
exploit schema-free data scattered over several document stores for analytical purposes. There are

three challenges for which we proposed a novel approach to deal with:

1. schemaless data sources that have to be extracted and transformed to fit decisions needs;
2. data sources that are numerous, scattered, and not known in advance by decision-makers;

3. The lack of integration among these heterogeneous data sources as they are usually produced by

independent producers.

To deal with the two first points, we have introduced a new approach that aims to extract, trans-
form, and load NoSQL data sources in an on-demand fashion. This approach is hybrid as it considers
both data sources’ schemaless nature and analytical needs to explore several NoSQL stores efficiently.
We first start with schema extraction from the sources. We focused, particularly, on document stores
and addressed the impact of the schemaless nature and heterogeneity within these data. Notably,
unlike existing works, our approach is not limited to one collection, as we consider the dispersion of

data across several collections.

Indeed, in Business Intelligence & Analytics, fetching relevant data that meet the decision-maker
requirement often needs to access more than one data source. This implies facing mainly two major
difficulties. The first is related to independence between production context and usage context of
data. The consequence is an absence of complete match between the decision makers’ needs and the
data used. To avoid loading unnecessary data for the envisaged analyses, our approach proposes to
reduce the loaded data by mapping the multidimensional attributes reflecting the decision makers’
needs and the collections schemas. The second difficulty is related to the evolution of data sources. As
it is crucial for analysis to be up-to-date regarding the data sources it is necessary to offer an approach

allowing the revision of the aligned schema on-demand.

To deal with the lack of integration of data sources, our approach proposes to join sources by helping
to discover the connecting fields. Unlike commercial tools and existing approaches that propose to
perform the join on attributes manually using the key fields proposed by the analyst, our approach is

based on an automatic algorithm that we have developed.
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Hence, we study the problem of discovering join fields automatically. We propose an algorithm that
aims to automatically detect both identifiers and references on several document stores. The modus
operandi of our approach underscores three core stages: (i) global schema extraction; (i) discovery
of candidate identifiers; and (i) identifying candidate pairs of identifier and reference fields. We
use scoring features and pruning rules to discover actual candidate identifiers from many initial ones
efficiently. To find candidate pairs between several document stores, we put into practice node2vec as
a graph embedding technique, which yields significant advantages while using syntactic and semantic

similarity measures for pruning pointless candidates.

We claim that our findings might be useful for:

e Business Intelligence & Analytics systems, particularly ETL processes dealing with document
stores: today, exploiting NoSQL data for analytical purposes lacks maturity, traceability, and
metadata management. In the context of BI&A, data are often scattered over distinct sources
and several collections of documents. Hence, fetching relevant data that fits the decision-maker’s

needs often require access to several document stores, thence needs to use the join operation.

Moreover, open-source and commercial ETL tools offer to join components. However, it is up
to the user to choose the join keys before applying the join operation. In a NoSQL context, a
document may have hundreds of fields, making it tricky to fetch the identifier of a given collection

manually.

e Querying tasks: The join is mandatory for querying tasks. Hence, it is compulsory to have the
join keys beforehand. For instance, MongoDB uses the MQL (MongoDB Query Language) to
query stored data in document databases using different operators. Furthermore, since developers
know well that joining operations among collections is essential |[Celesti et al., |[2019], MongoDB,
an open-source community, has recently introduced the $lookup operator in version 3.2. This
operator performs a left join between two collections using a localField and a foreignField must

be specified by the user.

e Database design: identifying the interrelationships in legacy databases certainly requires the
discovery of join keys. Even though the lack of a rigid schema characterizes NoSQL frameworks,
developers would also need to overview the data and take appropriate steps and decisions during

the application design process. These decisions can have a significant effect on application
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efficiency and readability of the code [Mior and Salem, 2018].

Future directions

Some headings are still worth exploring in our work:

e Regarding our contribution in chapter 4] we intend to study the impact of the data incremental
refresh [Qu and Deflloch, 2017] and how to schedule the process of identifiers and references
discovery in document stores accordingly. In our approach, the discovery of identifiers and
references is processed when the user is offline. If new changes are produced within one or
more collections that have already been processed, the process is relaunched again in order to
identify the new identifiers and references, which can remain the same. As the processing is
done offline, the laboriousness of this process does not impact the user; nevertheless, we consider
online processing one of our future goals.

Secondly, we intend to integrate our approach as an ETL component into a commercial ETL

tool, e.g., Talend Big Data and Talend Data Integration.

e In the long run, we plan to enrich our global approach, described in chapter |3}, by incorporating a
multidimensional modeling phase based on several document stores. For several decades, OLAP
has been widely utilized as a data analysis approach to help decision-making on structured
data. With the widespread use of NoSQL databases containing semi-structured data, there is
an increasing need for supporting OLAP on document stores as well, to help non-expert users
gain insights and make better decisions. Current works focus on extracting a multidimensional
schema from a single collection |[Chouder et al., 2019, |Gallinucci et al., 2019], whereas in BI&A
fetching relevant data, often needs to access more than one collection of JSON documents.
Secondly, we intend to extend our approach to support additional NoSQL data models since our

ultimate aim is to provide a NoSQL-dedicated BI&A approach.
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ETL over Document Stores

Résumé : L’exploitation des bases de données orientées documents, qui sont sans schéma,
et souvent sans contraintes d’intégrité, pour la prise de décision nécessite de revoir toutes
les phases de ’architecture Business Intelligence, particulierement le processus ETL afin de
pouvoir gérer le volume, la variété et la vélocité de ces données. L’étude de la littérature nous a
conduits a introduire une nouvelle approche permettant d’extraire, transformer et de charger a
la demande les données requises pour I’analyse OLAP en considérant la dispersion des données
sur plusieurs sources orientées documents. Afin d’extraire plusieurs sources, nous proposons
une approche qui vise a détecter automatiquement les identifiants et les références composés
et non composés a partir de plusieurs sources orientées documents. Notre approche est basée
sur des caractéristiques et des regles d’élagage qui permettent de détecter les identifiants
candidats et les paires candidates (identifiant, référence) entre chaque deux collections. Pour
illustrer notre étude, nous présentons les résultats expérimentaux qui montrent la pertinence
de notre approche et nous discutons les défis a relever dans nos travaux futurs.

Mots clés : Business Intelligence & Analytics, ETL, Base de données orientées docu-
ments, Découverte d’identifiants, Découverte des références

Abstract: Exploiting schema-free data for decision-making is challenging since it requires
reviewing all the Business Intelligence phases, particularly the ETL process, to fit big data
sources as document stores. After conducting a literature review regarding these issues,
we introduce a new Business Intelligence approach that extracts, transforms, and loads the
required data for OLAP analysis (on-demand ETL) from document stores. Secondly, as our
goal is to extract disparate data, we study the problem of discovering join fields automatically.
We introduce a new approach that aims to automatically detect identifiers and references
on several document stores. The approach is based on scoring features and pruning rules to
discover true candidate identifiers and candidate pairs (identifier, reference) between several
document stores. To illustrate our study, we report our experimental findings that show
encouraging results and we identify and discuss the challenges to be addressed in our future
research.

Keywords: Business Intelligence & Analytics, ETL, Document stores, Identifiers discov-
ery, References discovery
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