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About this Talk 

You're already a Data Scientist, now go 
ask for a raise 
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About this Talk 

¨  What is Data Science?  

¨  How is it defined by different parties? 

¨  What do I need to know to be a Data Scientist? 



4 

Why?  

¨  Talks in 2015-2017, proposal of a course in our graduate 
program. 

¨  Read some books, watched some videos, started an online 
course. 

¨  How can I train Data Scientists? 

¤  Undergraduate/graduate level. 

¤  4-6 hours for short courses, 45-60 hours for the graduate program. 

¨  Am I a Data Scientist? 



The Hype 

You're already a Data Scientist, now go 
ask for a raise 
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Hype 

   

Harvard Business Review, https://hbr.org/2012/10/data-scientist-the-sexiest-job-of-the-21st-century  

Forbes, https://www.forbes.com/sites/emc/2014/06/26/the-hottest-jobs-in-it-training-tomorrows-data-
scientists/ 
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Hype 

By 2018, the United States will experience a shortage of 
190,000 skilled data scientists, and 1.5 million managers and 
analysts capable of reaping actionable insights from the big 
data deluge. 

 Susan Lund et al., “Game Changers: Five Opportunities for US Growth and Renewal,” McKinsey 
Global Institute Report, July 2013. http://www.mckinsey.com/insights/americas/us_game_changers  

glassdoor.com 
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Hype 
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Hype 
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Hype 

Data science and machine learning are nothing new, but several high-level 
trends continue to push technologies into the spotlight and generate 
attention and enthusiasm: 

¨  Growing interest (and hype) around artificial intelligence (AI), fueled by 
vendor marketing combined with the understandable but erroneous 
conflation of AI with data science and machine learning. 

¨  The data science and machine-learning talent shortage, and efforts to 
combat it with education, upskilling and smarter tools using more 
automation. 

¨  Increases in computing power and availability of advanced system 
architectures... These advances have also fueled the hype and interest 
around deep learning. 

¨  The explosion in popularity of open-source tools and libraries for data 
science and machine learning. The data science and machine-learning 
market is one of the most vibrant and collaborative technology market 
that strongly embraces open-source technologies. 

Gartner, “Hype Cycle for Data Science and Machine Learning, 2017”, https://www.gartner.com/doc/
reprints?id=1-4MLA3QU&ct=171220&st=sb 
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Hype? 

¨  Will the Real Data Scientists Please Stand Up? 

¨  Why most data scientists are frauds, according to a data 
scientist 

 

¨  The problem is the definition of Data Science and the role 
of the Data Scientist. 

https://www.kdnuggets.com/2015/05/data-science-
machine-learning-scientist-definition-jargon.html 

https://thenextweb.com/syndication/2017/12/28/data-
scientists-frauds-according-data-scientist/ 



What is Data Science? 

You're already a Data Scientist, now go 
ask for a raise 
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What is a data scientist? 14 definitions of a data scientist! 

¨  “A data analyst who lives in California” 

¨  …almost everyone who works with data in an organization… 

¨  …a rare hybrid, a computer scientist with the programming 
abilities to build software to scrape, combine, and manage 
data from a variety of sources and a statistician who knows 
how to derive insights from the information within… 

¨  …someone who can obtain, scrub, explore, model and 
interpret data, blending hacking, statistics and machine 
learning.  

http://bigdata-madesimple.com/what-is-a-data-scientist-14-definitions-of-a-data-scientist/ 
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Who are the Data Scientists? 

¨  Analyzing the Analyzers: 

¤  Someone who knows statistics, coding and visualization? 

¤  Someone with experience on how to extract information from data? 

¤  We need a more specific description (“doctor”, “athlete”, “data 
scientist” are too generic!) 

¤  Definition depends on the problem.  

¨  Interviews with 250 volunteers. 

Harris, Harlan, Sean Murphy, and Marck Vaisman. Analyzing the Analyzers: An Introspective Survey 
of Data Scientists and Their Work. O'Reilly Media, Inc., 2013. 
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Who are the Data Scientists? 
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Who are the Data Scientists? 

¨  Analyzing the Analyzers: evidence of the T-Shaped Data 
Scientist 

¨  Wide knowledge about the whole process, deep knowledge 
in a single aspect. 

¤  Better for task-oriented, interdisciplinary teams. 

¤  More efficient in their expertise area. 

¨  Other study indicates three categories: 

¤  Data Curation. 

¤  Analytics and visualization. 

¤  Networks and infrastructure. 

Jeffrey Stanton et al, Interdisciplinary Data Science Education,  
http://pubs.acs.org/doi/abs/10.1021/bk-2012-1110.ch006 
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T-Shaped Data Scientist 

Doing Data Science, Rachel Schutt and Cathy O’Neil, OReilly, 2014 
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Data Science Venn Diagram 

http://drewconway.com/zia/2013/3/26/the-data-science-venn-diagram 
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Data Science Process 

Doing Data Science, Rachel Schutt and Cathy O’Neil, OReilly, 2014 
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For our purposes… 

¨  …an academic data scientist is a scientist, 
trained in anything from social science to 
biology, who works with large amounts of 
data, and must grapple with computational 
problems posed by the structure, size, 
messiness, and the complexity and nature of 
the data, while simultaneously solving a 
real-world problem. 

Doing Data Science, Rachel Schutt and Cathy O’Neil, OReilly, 2014 



So you want to be a Data 
Scientist… 

You're already a Data Scientist, now go 
ask for a raise 
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Skills 

¨  List of useful things to learn that is…

¤  ...incomplete: new concepts, technologies, languages, appear all the 
time. 

¤  ...biased: everyone has some preferences. Keep a healthy, suspicious 
mind. Watch out for hype! 

¤  ...possibly redundant: some skills are interchangeable, try to be a 
data science polyglot (within reasonable limits). 

¤  ...individually impossible: “Rockstar Programmer”, “Rockstar 
SysAdmin”, “Rockstar Analyst”? 

¤  ...not all technical: we will deal with real world problems, must talk 
to real world people (scientists?). 
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Skill: Understand the Problem 
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Skill: Find, Collect, Organize Data 
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Detour: Big Data 

¨  What is Big Data? 

¨  Traditional definition: any dataset too large for… 

¤  ...simple analysis? 

¤  ...effective/efficient processing? 

¤  ...complete storage? 

¨  Measures in {Gb,Tb,Pb} may reflect the size of the data (and 
other interesting aspects of its collection) but may not be 
related with the problem at hand. 

Big Data Lessons from the Climate Science Community, Seth McGinnis, 2016 
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Back to Skills: Big Data 

Harris, Harlan, Sean Murphy, and Marck Vaisman. Analyzing the Analyzers: An Introspective Survey 
of Data Scientists and Their Work. O'Reilly Media, Inc., 2013. 
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NoSQL 
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Skill: Hacking 
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Skill: Hacking 

¨  Definition of hacker 

1.  one that hacks 

2.  a person who is inexperienced 
or unskilled at a particular  
activity – a tennis hacker 

3.  an expert at programming and solving problems with a computer 

4.  a person who illegally gains access to and sometimes tampers with 
information in a computer system 

¨  More than expertise in Excel, not as much expertise as full 
applications development. 

https://www.merriam-webster.com/dictionary/hacker 
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Skill: Hacking 

¨  Do we need to?  

¨  YES. 

¤  Coding may be needed even 
before getting the data. 

¤  Data processing using code is  
(long term) much easier  
to do than via menu/dialog interfaces. 

¤  Automation of tasks. 

¤  Reproducibility of the same task with different datasets. 

¤  Writing code that writes (simpler) code! 
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Skill: Hacking 

¨  This:   
 
 
 
 
 
 
 
 
 
 

¨  Or this:   
weka.classifiers.functions.MultilayerPerceptron -L 0.3 -M 0.2 -N 
500 -V 0 -S 0 -E 20 -H a 

Parameter selection dialog for Multilayer 
Perceptrons Neural Network in Weka 
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Skill: Hacking 

https://orange.biolab.si/ 
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Skill: Hacking Languages: Python 

¨  Pros:  

¤  General purpose language. 

¤  Easy to script. 

¤  Lots of libraries. 

¨  Cons: 

¤  Two main (sometimes incompatible) versions. 

¤  Many abandoned libraries. 

¤  There should be one – and preferably only one – obvious way to do it. 
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Skill: Hacking Languages: Python 

   

Joel Grus. Data Science from Scratch. O’Reilly, 2015  
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Skill: Hacking Languages: Python 

     

Joel Grus. Data Science from Scratch. O’Reilly, 2015  
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Skill: Hacking Languages: R 

¨  Pros:  

¤  Traditionally used by scientists. 

¤  Strong math/statistics support. 

¤  Many well-organized packages: CRAN. 

¨  Cons:  

¤  Steep learning curve. 

¤  Not everything works out of the box in every system. 
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Skill: Hacking Languages: R 

   

http://www.harding.edu/fmccown/r/ 
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Skill: Hacking Languages: R 

     

http://www.harding.edu/fmccown/r/ 
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Skill: Hacking Languages: Java 

¨  Pros:  

¤  General purpose language. 

¤  Mature. 

¨  Cons: 

¤  Prolix. 

¤  Many dependencies (for data science). 

¤  Right now, some fragmentation.  

¤  Not really a script language: hard to write quick hacks. 
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Skill: Hacking Languages: Java 

   

Reese, Richard. Java for Data Science. Packt Publishing, 2017 
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Skill: Hacking Languages: Julia 

¨  Pros:  

¤  Developed for numerical computing. 

¤  Can easily call C code. 

¨  Cons: 

¤  Still young. 

¤  Few DS packages and libraries. 

 

Voulgaris, Zacharias. Programming Languages for Data Science. O’Reilly, 2017 
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Skill: Hacking Languages: Scala 

¨  Pros:  

¤  Syntax similar to Java. 

¤  Growing interest in DS community. 

¨  Cons: 

¤  Still young. 

 

Voulgaris, Zacharias. Programming Languages for Data Science. O’Reilly, 2017 
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Skill: Exploratory Data Analysis 

¨  We have the data.  
Now what? 

¤  Do we know what we want 
to discover? 

¤  We need basic skills in  
statistics and data modeling.  

¨  Start exploring: Exploratory Data Analysis 

¤  Make different plots and charts to explore variables. 

¤  Get some basic statistics. 

¤  Evaluate the type of information we can extract from the data. 
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Skill: Exploratory Data Analysis 

¨  Basic statistics – avoid 
complex models (for the 
time being). 

¨  Basic plots that explore 
relations between the 
variables on the data. 

¨  Used to gain insight on the data and relations, may suggest 
which advanced analysis (e.g. machine learning) can be 
applied.  
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Skill: Exploratory Data Analysis 

¨  Quick example: Iris Dataset. 
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Skill: Analysis 
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Skill: Analysis 

¨  What can I learn from my  
data? 

¨  How can I describe  
interesting features of it? 

¨  Exploratory Data Analysis  
can give hints on the  
nature of the data and which knowledge it may contain. 

¨  Machine Learning and Data Mining can be used to create 
models that describe the data: even data we don’t have! 
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Skill: Analysis 

¨  Warnings: 

¤  Models may be more complex  
than suggested by EDA. 

¤  Many models, techniques,  
algorithms, implementations,  
parameters, etc. 

¤  Models should be  
interpretable! 

¤  Scalability may be an issue. 
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Skill: Communicate Results 
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Skill: Communicate Results 

¨  Online notebooks: Jupyter. 

¤  Allows creation of interactive  
notebooks in several  
languages. 

¨  Reproducible Research! 
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Jupyter 

http://nbviewer.jupyter.org/github/bokeh/bokeh-notebooks/blob/master/index.ipynb 
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Jupyter 

http://nbviewer.jupyter.org/github/bokeh/bokeh-notebooks/blob/master/index.ipynb 
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Skill: Understand (better) the problem 

¨  What data there ought to  
exist? 

¤  Data Product! 

¨  After the whole process,  
what data would be  
interesting to…

¤  Understand better the whole problem? 

¤  Add value to the existing data? 

¤  Allow the creation of new applications? 

These are the main objectives of a Data Scientist! 
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Let’s see one (or more) examples.. 

http://www.lac.inpe.br/~rafael.santos/r.html 

 



In conclusion… 

You're already a Data Scientist, now go 
ask for a raise 
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In conclusion… 

¨  Definition of Data Science is very subjective. 

¤  Hype is an issue! 

¨  If you’re already a scientist (students too!): 

¤  Learn how to hack (SQL, Python, R). 

¤  Learn and practice reproducibility. 

¤  Embrace EDA! 

¤  Organize your workflow.  
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In conclusion… 

¨  Hype is an issue!  Gartner, “5 Trends Emerge in the Gartner Hype Cycle 
for Emerging Technologies, 2018”, https://
www.gartner.com/smarterwithgartner/5-trends-emerge-
in-gartner-hype-cycle-for-emerging-technologies-2018/ 
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Oh No! 

   

Data Scientists Automated and Unemployed by 2025? 
https://www.kdnuggets.com/2015/05/data-scientists-
automated-2025.html 
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Shameless Advertising 

¨  Applied Computing Graduate Program at INPE: 

¤  http://www.inpe.br/pos_graduacao/cursos/cap/  

¨  Introduction to Data Science / Data Mining 

¤  http://www.lac.inpe.br/~rafael.santos/index.html  

¨  CAP’s Annual Workshop: 

¤  http://www.inpe.br/worcap/ 

¨  LABAC’s Annual Summer School: 

¤  http://www.inpe.br/elac2018/  

rafael.santos@inpe.br 



References 

You're already a Data Scientist, now go 
ask for a raise 
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Data Science at the Command Line

ISBN: 978-1-491-94785-2

US $39.99  CAN $41.99

“ The Unix philosophy 
of simple tools, each 
doing one job well, then 
cleverly piped together, 
is embodied by the 
command line. Jeroen 
expertly discusses how 
to bring that philosophy 
into your work in data 
science, illustrating how 
the command line is not 
only the world of file input/
output, but also the world 
of data manipulation, 
exploration, and even 
modeling.” —Chris H. Wiggins 
Associate Professor in the Department of 

Applied Physics and Applied Mathematics 
at Columbia University and Chief Data 

Scientist at The New York Times

“ This book explains how 
to integrate common 
data science tasks into 
a coherent workflow. It's 
not just about tactics for 
breaking down problems, 
it's also about strategies 
for assembling the pieces 
of the solution.”—John D. Cook 

mathematical consultant

Twitter: @oreillymedia
facebook.com/oreilly

This hands-on guide demonstrates how the flexibility of the command line 
can help you become a more efficient and productive data scientist. You’ll 
learn how to combine small, yet powerful, command-line tools to quickly 
obtain, scrub, explore, and model your data.

To get you started—whether you’re on Windows, OS X, or Linux—author 
Jeroen Janssens has developed the Data Science Toolbox, an easy-to-
install virtual environment packed with over 80 command-line tools.

Discover why the command line is an agile, scalable, and extensible 
technology. Even if you’re already comfortable processing data with, say, 
Python or R, you’ll greatly improve your data science workflow by also 
leveraging the power of the command line.

 ■ Obtain data from websites, APIs, databases, and spreadsheets
 ■ Perform scrub operations on text, CSV, HTML/XML, and JSON
 ■ Explore data, compute descriptive statistics, and create 

visualizations
 ■ Manage your data science workflow
 ■ Create reusable command-line tools from one-liners and 

existing Python or R code
 ■ Parallelize and distribute data-intensive pipelines
 ■ Model data with dimensionality reduction, clustering, 

regression, and classification algorithms

Jeroen Janssens, a Senior Data Scientist at YPlan in New York, specializes in 
machine learning, anomaly detection, and data visualization. He holds an MSc in 
Artificial Intelligence from Maastricht University and a PhD in Machine Learning 
from Tilburg University. Jeroen is passionate about building open source tools for 
data science.

Jeroen Janssens
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D
ata Science at the C

om
m

and Line
Janssens



64 

Referências 

Manas A. Pathak

Beginning 
Data Science 
with R



YOU'RE ALREADY A DATA SCIENTIST, 
NOW GO ASK FOR A RAISE 

Rafael Santos – rafael.santos@inpe.br   
www.lac.inpe.br/~rafael.santos/ 


