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Who I Am?

• PhD In 2015-2020

• Assistant Prof in Estonia (Data 
Management) 2019-2021

• Maître de conférencés at INSA 2021-
now

• Member of LIRIS Lab 

Riccardo Tommasini - riccardo.tommasini@insa-lyon.fr - @rictomm 2

http://rictomm.me


What do I Do?

Stream Processing

• real-'me data analy'cs

• 'me-series analysis

• con'nuous data integra'on 
(hiring interns and PhD 
Students)

Graph Processing

• Graph Databases

• Incremental Graph Query 
Processing

• Graph repair and consistency

PS: Also working on Internet 
Memes at h6ps://
meme4.science
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Course Intro

• Lectures

• Part of the MCQ

• TP

• Planning to record 45/60 min videos to 
watch before TD

• in-class Project sec6ons (TP) in 
November

 

• Infos:
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Project Theme

You will have to implement a data pipeline using Apache Airflow combining 
different databases (using) all orchestrated using docker (compose).

Pipeline covers all the steps of the data lifecycle (will see today)

Checklist for the pipeline will be published soon.

 - Internet Memes 
 - Environmental Impact of Energy Sources
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Quote

“A scien)st can discover a new star, but he 
cannot make one. 

He would have to ask an engineer to do it 
for him.”

— Gordon Lindsay Glegg
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Data Science is...01

...refining crude oil

01 Source
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Data Engineering is...

...build the refinery.
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Roles in a Data Science Project02

02 h%p://emanueledellavalle.org/slides/dspm/ds4biz.html#25 
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Roles in a Data Science Project02

02 h%p://emanueledellavalle.org/slides/dspm/ds4biz.html#25 
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Data Engineer!
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The Data Engineer

A dedicated specialist that maintain data available and usable by others (Data 
Scien8sts).03

Data engineers set up and operate the organiza1on’s data infrastructure 
preparing it for further analysis by data analysts and scien1sts.03

Data engineering field could be thought of as a superset of business 
intelligence and data warehousing that brings more elements from so7ware 
engineering.04 

04 Source: The Rise of Data Engineer

03 What is Data Engineering

Riccardo Tommasini - riccardo.tommasini@insa-lyon.fr - @rictomm 13

https://www.freecodecamp.org/news/the-rise-of-the-data-engineer-91be18f1e603/
https://medium.com/datadriveninvestor/what-is-data-engineering-explaining-the-data-pipeline-data-warehouse-and-data-engineer-role-1a4b182e0d16
http://rictomm.me


Data Engineering

Data engineering is a set of opera.ons aimed at crea.ng interfaces 
and mechanisms for the flow and access of informa.on03.

03 What is Data Engineering
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Ne#lix's Perspec.ve05

05 Ne&lix Innova/on
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Data Bricks
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Google's Two-Cents

Riccardo Tommasini - riccardo.tommasini@insa-lyon.fr - @rictomm 19

http://rictomm.me


The Knowledge Scien/st06

06 The Manifesto
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Philosophy of (Data) Science07

07 Data as Fact
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What is Data?
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Oxford Dic+onary

Data [uncountable, plural] facts or informa/on, especially when 
examined and used to find out things or to make decisions. 08

08 Def
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Wikipedia

Data (treated as singular, plural, or as a mass noun) is any sequence 
of one or more symbols given meaning by specific act(s) of 
interpreta;on 09

09 Data in Compu.ng)
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DIKW Pyramid
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Graph View
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Data about data
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Data Seman)cs
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Big Data
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Challenges 014

014 Lanely, 2001
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Paradigm Shi+
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© 2014 IBM Corporation11

Paradigm shifts enabled by big data
Leverage more of the data being captured

TRADITIONAL APPROACH BIG DATA APPROACH

Analyze small subsets 
of information

Analyze 
all information

Analyzed
information

All available 
information

All available 
information
analyzed
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© 2014 IBM Corporation12

Paradigm shifts enabled by big data
Reduce effort required to leverage data

TRADITIONAL APPROACH BIG DATA APPROACH

Carefully cleanse information 
before any analysis

Analyze information as is, 
cleanse as needed

Small 
amount of 
carefully 

organized 
information

Large 
amount of 

messy 
information
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© 2014 IBM Corporation13

Paradigm shifts enabled by big data
Data leads the way²and sometimes correlations are good enough

TRADITIONAL APPROACH BIG DATA APPROACH

Start with hypothesis and
test against selected data

Explore all data and
identify correlations

Hypothesis Question

DataAnswer

Data Exploration

CorrelationInsight
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© 2014 IBM Corporation14

Paradigm shifts enabled by big data
Leverage data as it is captured

TRADITIONAL APPROACH BIG DATA APPROACH

Analyze data after iW¶V been 
processed and landed in a warehouse 

or mart 

Analyze data in motion aV iW¶V 
generated, in real-time

Repository InsightAnalysisData

Data

Insight

Analysis
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New Roles

In the context of Big Data, a data engineer must focus on distributed systems, and programming languages such as Java and Scala.

Data Scientist Data Engineer

Profession

Data Journey Master Class
Tartu, Estonia / November 19, 2020

Chief Data Officer

Data Product Manager

Data Steward Data Architect

Database Administrator

ML-Ops Engineer

Machine Learning Expert

Data Analyst

Data Consultant

VP of Data 
Governance and 
Jupyter Lab 

Data Wrangler
Data and Analytics Manager

Senior Data Engineer

Data Modeller

Data Designer

Big Data Architect

Researcher

Quantum Developer
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New Tasks

Since data lake are taking data from a wide range of systems, data 
can be in structured or unstructured formats, and usually not 
clean, e.g., with missing fields, mismatched data types, and other 
data-related issues.

Therefore data engineers are challenged with the task of wrangling, 
cleansing, and integra4ng data.
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New Systems source1

source1 h*ps://www.saagie.com/blog/our-extended-big-data-ai-recap/
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Where is Data?

Riccardo Tommasini - riccardo.tommasini@insa-lyon.fr - @rictomm 40

http://rictomm.me


Data on the Inside vs 
Data on the Outside pt

pt Data on the Outside vs Data on the Inside Pat Helland, CIDR 2005
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The Outside (WEB)

Interna'onal ecosystem of applica'ons and 
services that allows us to search, aggregate, 
combine, transform, replicate, cache, and 
archive the informa'on that underpins society. 

The Web is the result of millions of simple, 
small-scale interac6ons between agents and 
resources that use the founding technologies of 
HTTP and URI. 121

The Web is a set of widely commodi3sed 
servers, proxies, caches, and content delivery 
networks [an engineers]

121 Architecture of the World Wide Web, Volume One
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Resources

Resources are the fundamental building blocks

Anything we can expose, i.e., documents, images, videos, audio, 
devices, people, things…

We can represent them by abstrac/ng the useful informa/on and 
iden/fying using a Uniform Resource Iden/fier (URI)

Riccardo Tommasini - riccardo.tommasini@insa-lyon.fr - @rictomm 43

http://rictomm.me


URIs

URL format (RFC 2396):
scheme:[//[user:password@]host[:port]][/]path[?query][#fragment]

E.G.:
git@github.com:nodejs/node.git
mongodb://root:pass@localhost:27017/TestDB?opAons?replicaSet=test
hDp://example.com
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Representa)on

Access to a resource is mediated by a representa2on

This separa*on is convenient to promote loose-coupling between 
server (producers) and client (consumers)

Mul$ple Views and Content Nego$a$on are the basis for 
interoperability
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Protocols: HTTP

• GET 

• Uniform Interface 

• read-only opera7on 

• idempotent

• POST 

• like a resource upload 

• idempotent

• DELETE 

• remove resources 

• idempotent

• HEAD 

• HEAD is like GET except it returns only a 
response code 

• PUT 
the only non-idempotent and unsafe opera?on 
is allowed to modify the service in a unique way 

• OPTIONS is used to request informa?on about 
the communica?on op?ons of the resource
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Databases Management 
System

A database is an organised collec-on of 
structured informa-on, or data, typically 
stored electronically in a computer system

Several kind of DBSMs exist. We will 
survey some of them. It is interes<ng to 
know that Edgar F. Codd defined 12+1 
rules that make a DBMS rela<onal link
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Rela%onal DBMS

• It must be rela-onal as a database and 
as a management system

• All data should be in table form

• All data should be accessible without 
ambiguity
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Beyond Rela+onal (No Only SQL)

Google, Amazon, Facebook, and DARPA 
all recognised that when you scale 

systems large enough, you can never put 
enough iron in one place to get the job 

done (and you wouldn’t want to, to 
prevent a single point of failure). 

Once you accept that you have a 
distributed system, you need to give up 

consistency or availability, which the 
fundamental transacFonality of tradiFonal 

RDBMSs cannot abide.
 --Cedric Beust
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The Reasons Behind

• Queryability: need for specialised query opera3ons that are not 
well supported by the rela3onal model

• Schemaless: desire for a more dynamic and expressive data 
model than rela3onal

• Flexibility: need to accomodate the "schema on read" 
phylosophy
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Object-Rela+onal Mismatch

Most applica+on development today is done in object-oriented 
programming languages

An awkward transla+on layer is required between the objects in 
the applica4on code and the database model of tables, rows, and 
columns

Object-rela+onal mapping (ORM) frameworks like Hibernate try to 
mild the mismatch, but they can’t completely hide the differences
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NoSQL Familty
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History of Data Models5

5 by Ilya Katsov
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Data Warehouse: A Tradi1onal Approach:

A data warehouse is a copy of transac3on data specifically 
structured for query and analysis. — Ralph Kimball

A data warehouse is a subject-oriented, integrated, 5me-variant 
and non-vola5le collec5on of data in support of management’s 

decision making process.-- Bill Inmon

03 What is Data Engineering
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Data Warehouse vs Data Bases

Surprisingly, Data Warehouse isn’t a regular database. 

• A database normalizes data 
separa2ng them into tables 
and avoiding redundancies 

• It supports arbitrary workload 
and complex queries 

• do not store mul2ple versions 
of data 

• a Data Warehouse uses few 
tables to improve performance 
and analy9c.

• a Data Warehouse allows 
simple queries 

• supports versioning for 
complex analysis
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Data Lake

A Data lake is a vast pool of raw data (i.e., data as they are na8vely, 
unprocessed). A data lake stands out for its high agility as it isn’t 
limited to a warehouse’s fixed configura8on03.

03 What is Data Engineering
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Full Inforgraphic
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Data Lake vs Data Warehouse

 

• Structured Data

• Schema On Write

• Data Pipelines: Extract-
Transform-Load

• Processing Model: Batch

• Unstructured Data

• Schema on Read

• Data Pipelines: Extract-
Load-Transform

• Processing Model: Streaming
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Data Lifecycledl1

dl1 Curtesy of Herminio Velazquez
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Produce

Data Journey Master Class
Tartu, Estonia / November 19, 2020

Data Journey

Transport

Store

Organize

Clean

Protect
Experiment

Deduce

Monetize

Cure Navigate

Gain

Differentiate

Live

Compute

Learn

Preserve

Productize
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A 30000% view

• Data Collec+on 

• Data Wrangling

• Data Shaping

• Data Cleansing

• Data Augmen+ng

• Data Analysis
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Data Collec*on

• We call Data Collec,on (aka 

Acquisi,on) the process of finding and 

accessing new data sources

• Happens outside the data warehouse/

lake and may involve different 

organiza,ons

• Not to be confused with synonimns/

Data Inges,on, which is the process of 

filling our Data Warehouse/Lake with 

new data
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Data Collec*on Examples

• Reading Files

• Data Crawling

• Accessing Databases

• Calling Web API

• Consuming WebSockets
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Not to be confused with Data Inges4on

• Maintaining a Distributed File System

• Using a Distributed Message Queue

• Using a Publishing Subscribe System
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Data Source Selec,on Criteria

• Credibility

• Completeness

• Accurateness

• Verifiability

• Currency

• Accessibility

• Compliance

• Cost

• Legal issues

• Security

• Storage

• Provenance
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Data Wrangling

The process of transforming “raw” data into data that can be 
analyzed to generate valid ac:onable insights

Data scien*sts spend more *me preparing data than analyzing 
them.
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Isn’t data science sexy?
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Data Wrangling: an Itera.ve process

• Understand

• Explore

• Transform

• Augment

• Visualize
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Data Processing

Pre

• Data Cleansing

• Data Integra/on

• Data Reduc/on

Post

• Data Tranforma,on

• Data Increase

• Data Visualiza,on
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Data Cleansing

Data cleansing or ** data scrubbing** is 
the act of detec-ng and correc-ng (or 
removing corrupt or inaccurate records) 
from a dataset.

The term refers to iden.fying incomplete, 
incorrect, inaccurate, par.al or irrelevant 
parts of the data and then replacing, 
modifying, filling in or dele.ng this dirty 
data. 
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Why is Data “Dirty” ?

• Dummy Values
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Why is Data “Dirty” ?

• Dummy Values

• Absence of Data
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Why is Data “Dirty” ?

• Dummy Values

• Absence of Data

• Cryp6c Data
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Why is Data “Dirty” ?

• Dummy Values

• Absence of Data

• Cryp6c Data

• Contradic6ng Data
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Why is Data “Dirty” ?

• Dummy Values

• Absence of Data

• Cryp6c Data

• Contradic6ng Data

• Shared Field Usage

• Inappropriate Use of Fields

• Viola6on of Business Rules

• Non-Unique Iden6fiers
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Data Integra*on

Data integra*on systems aims at providing a uniform access to a 
set of heterogeneous data sources. 

Data integra*on systems aims at bridging the heterogeneity 
between the sources and produce a uniform query interface.

Riccardo Tommasini - riccardo.tommasini@insa-lyon.fr - @rictomm 76

Data%20Integration.md
http://rictomm.me


Why data needs to be integrated?

Data sources can differ on the data model (rela3onal, hierarchical, 
semi-structured), on the schema level, or on the query-processing 
capabili3es.

In a data integra+on architecture, these sources are queried by 
using a global schema, also called mediated schema, which provides 
a virtual view of the underlying sources.
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Data integra*on strategies

Mappings are func.ons that link each 
source schema to the ICM.

They are also expressed using formal 
languages, and implemented into so6ware 
(wrappers), which contains the data access 
logic.

Two main strategies:
 - Global As View (GAV): The ICM is 
expressed in terms for the data source 
schemas
 - Local As View (LAV): The ICM is expressed 
independently for the data source schemas
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Data Transforma,on

Data Transforma,on refers to the process changing the shape of 
the data, typically for migra4ng data from one data system to 
another

Data transforma+on is the process of conver.ng data from one 
format or structure into another format or structure. It is a 
fundamental aspect of most data integra.on and data management 
tasks such as data wrangling, data warehousing, data integra.on 
and applica.on integra.on.
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Why we need Data Transforma2on

Different analy,cal tasks (e.g., queries) result either simpler to write 
or more efficient to run once executed within highly specialized 
systems.

Data transforma+on is o-en used to reshape data into forms that 
are more convenient.
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Strategies for Data Transforma0on

• Batch

• Streaming 
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Data Reduc*on

Obtain a reduced representa/on of the 
data set that is much smaller in volume 
but yet produces the same (or almost the 
same) analy/cal results
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Why data reduc,on?

A database/data warehouse may store terabytes of data. 

• Datasets do not fit in memory

• Complex data analysis may take a very long 7me to run 

• Data can be overwhelming to interpret
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Data reduc*on strategies (1/2)

• Numerosity reduc/on (some simply call 
it: Data Reduc/on) 

• Regression 

• Histograms, clustering, sampling 

• Data cube aggrega/on
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Data reduc*on strategies (2/2)

• Dimensionality reduc2on, e.g., remove 
unimportant a8ributes 

• Wavelet transforms 

• Principal Components Analysis (PCA) 

• Feature subset selec2on, feature 
crea2on 
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Data Summariza+on and Visualiza+on

Data Summariza+on refers to the process of aggrega-ng data to 
reach an higher level of abstrac-on. 

In prac(ce, it is a form of data reduc(on, which requires pre-
analysis.

Data Summariza+on* is %ghtly coupled with Data Visualiza+on, i.e., 
the process of represen%ng data in a form that is more easy to 
understand for the data scien%st. 
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source
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Data Increase (as opposite to Reduc2on)
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Why we need increase the amount of data?

Data analy(cs tasks are o/en data or knowledge intensive.

Data intensive analy,cal tasks require to increase the amount of 
available data, e.g., for boos,ng the model training

Knowledge intensive tasks require contextual domain knowledge 
to increase the accuracy of the result.
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Data Enrichment

Data enrichment refers to the process of 
appending or otherwise enhancing 
collected data with relevant context 
obtained from addi6onal sources.
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Data Agumenta+on

Data agumenta*on in data analysis are 
techniques used to increase the amount of 
data by adding slightly modified copies of 
already exis8ng data or newly created 
synthe8c data from exis8ng data.
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Strategies for Data Transforma0on

• Batch

• Streaming 
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Moving Data (AKA 
Implement the 

Lifecycle)
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Data Pipeline

A data pipeline is a set of data processing 
elements connected in series, where the 
output of one element is the input of the 
next one. 

Data pipelines are used to shape, organises, 
and moves data to a des2na2on for storage, 
insights, and analysis.

Modern data pipeline generalise the no0on 
of ETL (extract, transform, load) to include 
data inges0on, integra0on, and movement 
across any cloud architecture and add 
addi0onal layers of resiliency against failure.
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Data pipelines Then

The concept of a pipeline began from the 
good old Unix "Pipe" symbol (|). 

The output of one "process" (on le1 side 
of the pipe) to be given as "input" to 
another process (which was on the right 
side of the pipe).
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Elements of a Data Pipeline

Pipes are connectors which send data from one component (filter) to another.

Filters do actual data "processing" (transforma4on/cleansing/scrubbing/munging... whatever)

Input or Source is the actual data source (database output/text file/SQL resultset/raw text)

Output or Sink is the final output at the end of this chain.

The elements of a pipeline are o0en executed in parallel or in 5me-sliced fashion; in that case, some amount of buffer storage is o0en inserted between elements.

Riccardo Tommasini - riccardo.tommasini@insa-lyon.fr - @rictomm 96

http://rictomm.me


Basic Opera+ons of Data Pipelines

• access informa-on of different data sources

• extract discrete data elements of the source data

• copy extracted data from a data source to 
another

• transform data 

• correct errors in data elements extracted from 
source data

• standardize data in data elements based on 
field type

• join or merge (in a rule-driven way) with other 
data sources
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Big Data Pipeline1

The big data world brings addi1onal 
challenges, i.e., volume, variety and 
velocity, which forced a paradigm shi; in 
data architectures.

1 henceforth referred as data pipelines only
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Concepts

Typically represented as Direct (Acyclic) 
Graphs (D(A)G)

Data pipelines open up the possibility of 
crea3ng "workflows" which can help 
reuse, modularize and componen3ze data 
flows. 
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Data pipeline components

• Storage and Inges-on Layers, e.g., HDFS

• Storage layers nowadays typically support polyglot persistence.

• Message Buses that help move chunks of data (someAmes at 
blazing speeds) from one system to another, e.g., KaFa, RabbitMQ, 
Kinesis

• SerializaAon Frameworks, e.g., Protocol Buffers, Avro,

• (Event Stream) Processing frameworks, e.g., KaFa Streams, Flink

• JVM Based

• SQL Based

• Workflow Management Tools that supervise the processes which 
run inside your data pipelines, e.g., Airflow, Luigi, Dagster

• "orchestraAng" systems

• "choreographing" systems

• Query layer, e.g., NoSQL Datamarts

• Analy-cs layer (out of scope)
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Implemen'ng Pipelines011

• SQL-centric Pipelines uses SQL dialects from Presto or Hive. Pipelines (ETLs) are 
defined in a declara>ve way, and almost everything centers around SQL and 
tables. 

• JVM-centric Pipelines uses languages like Java or Scala and o3en involves 
thinking data transforma8on in an impera8ve manner, e.g. in terms of key-value 
pairs. 

• Workflow Managers (API)

• Drag & Drop...

011 we are focusing on ETL
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Skill Set: SQL mastery03

If english is the language of business, SQL is the language of data. 

• SQL/DML/DDL primi-ves are simple enough that it should hold no secrets to a data 
engineer. Beyond the declara-ve nature of SQL, she/he should be able to read and

• understand database execu-on plans, and have an understanding of what
all the steps are, 

• understand how indices work, 

• understand the different join algorithms 

03 What is Data Engineering
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Skill Set: Data modeling03

For a data engineer, en-ty-rela-onship modeling should be a 
cogni-ve reflex, along with a clear understanding of normaliza-on, 
and have a sharp intui-on around denormaliza-on tradeoffs. 

The data engineer should be familiar with dimensional modeling 
and the related concepts and lexical field.

03 What is Data Engineering
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Engineers Shouldn’t (only) Write (SQL-based) ETL012

• Unless you need to process over many petabytes of data, or you are 
inges8ng hundreds of billions of events a day, most technologies 
have evolved to a point where they can trivially scale to your needs.

• Unless you need to push the boundaries of what these 
technologies are capable of, you probably don’t need a highly 
specialised team of dedicated engineers to build solu8ons on top of 
them. 

012 JeffMagnusson, 2016
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If Not (only) ETL, Then…What?013

Data Engineers are s,ll a cri,cal part of any high-func,oning data 
team.
- managing and op,mising core data infrastructure,
- building and maintaining custom inges,on pipelines,
- suppor,ng data team resources with design and performance 
op,misa,on, and
- building non-SQL transforma,on pipelines.

013 TristanHandy, 2019
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