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Goals

Our goals for the class

® Provide a functional definition for data science
Explain where the field came from

Describe the key skills and tools

Demonstrate what data products are

Walk through the data science pipeline



Goals

Your goals for the class

® Be able to spot data science in the wild

Understand the data science pipeline

Thinks about your data strengths and growth areas
Consider what role data science could play in your work
Brainstorm potential data science projects






What is data science?

Thoughts?
Examples?



s it just rebranding?



New methods, old questions?



Old methods, new questions?



Something new?
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“Data science is the practice of transforming raw data into insights, products,

< 0
N
m Tl

and applications to empower data-driven decision making. It combines
proven, time-tested methods from fields including statistics, natural sciences,
computer science, operations research, and design in ways that are
particularly well-suited to the data age. These methods, which range from
data mining and visualization to predictive modeling, can scale from small to
large datasets and can handle structured data as well as unstructured data
like text and images.”

Jeff Chen, Chief Data Scientist
U.S. Department of Commerce



What does “data science” have
to do with “big data”?



Obama the warrior

T I] e Misgoverning Argentina

E cCOnom i S t The economic shift from West to East

Genetically modified crops blossom
The right to eat cats and dogs

The data deluge

AND HOW TO HANDLE IT: A 15-PAGE SPECIAL REPORT
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Velocity

Volume

Petabytes
« Records

- Transactions
< Tables, files

Batch «  Structured
« Real time «  Unstructured
+ Streaming « Semi-

structured

Variety

The three V’s of big data



Where does data science come from?



Hal Varian (2009)

“The sexy job in the next ten years will be statisticians... The ability
to take data—to be able to understand it, to process it, to extract
value from it, to visualize it, to communicate it—that’s going to be a
hugely important skill.”

Hal Varian on how the Web challenges managers
McKinsey Quarterly



http://www.mckinseyquarterly.com/Hal_Varian_on_how_the_Web_challenges_managers_2286
http://www.mckinseyquarterly.com/Hal_Varian_on_how_the_Web_challenges_managers_2286
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Steve Lohr, NYT (2009)

“The new breed of statisticians... use powerful computers and
sophisticated mathematical models to hunt for meaningful patterns
and insights in vast troves of data.”

For Today’s Graduate, Just One Word: Statistics



http://www.nytimes.com/2009/08/06/technology/06stats.html
http://www.nytimes.com/2009/08/06/technology/06stats.html

Mike Driscoll (2009)

“| believe that the folks to whom Hal Varian is referring are not
statisticians in the narrow sense, but rather people who possess
skills in three key, yet independent areas:

statistics, data munging, and data visualization.”

The Three Sexy Skills of Data Geeks
dataspora



http://www.dataspora.com/2009/05/sexy-data-geeks/
http://www.dataspora.com/2009/05/sexy-data-geeks/
http://www.dataspora.com/2009/05/sexy-data-geeks/
http://www.dataspora.com/2009/05/sexy-data-geeks/

Nathan Yau (2009)

“We're seeing data scientists - people who can do it all - emerge
from the rest of the pack.”

“Statisticians should know APls, databases, and how to scrape
data; designers should learn to do things
programmatically; and computer scientists should
know how to analyze and find meaning in data.”

VISUALIZE THIS

Rise of the Data Scientist 3“ s
FlowingData

LB


http://flowingdata.com/2009/06/04/rise-of-the-data-scientist/
http://flowingdata.com/2009/06/04/rise-of-the-data-scientist/
http://flowingdata.com/2009/06/04/rise-of-the-data-scientist/
http://flowingdata.com/2009/06/04/rise-of-the-data-scientist/

Ben Fry (2004)

Computational Information Design

MATHEMATICS, STATISTICE, IMNFOYIS

COMPUTER SCIEMCE AMND DATA MINING CRAPHIC DESIGHN AND HCI

acquire  parse filter mine represent refine interact

PhD Thesis
MIT Media Arts & Sciences



http://goog_2077707892
http://goog_2077707892
http://benfry.com/phd/
http://benfry.com/phd/
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Hilary Mason & Chris Wiggins (2010)

1. Obtain: pointing and clicking does not scale.

2. Scrub: the world is a messy place

3. Explore: You can see a lot by looking

4. Models: always bad, sometimes ugly

5. Interpret: “The purpose of computing is insight, not numbers.” (Hamming)

"Data science is clearly a blend of the hackers’ arts; statistics & machine learning;
expertise in mathematics & the domain of the data for the analysis to be
interpretable. It requires creative decisions & open-mindedness in a scientific
context."

A Taxonomy of Data Science
“Dataists”



http://www.dataists.com/2010/09/a-taxonomy-of-data-science/
http://www.dataists.com/2010/09/a-taxonomy-of-data-science/
http://www.dataists.com/2010/09/a-taxonomy-of-data-science/
http://www.dataists.com/2010/09/a-taxonomy-of-data-science/
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Mike Loukides (2010)

"Data science enables the creation of data products."

"Whether... data is search terms, voice samples, or product
reviews,... users are in a feedback loop in which they contribute to

the products they use. That's the beginning of What is

data science.” Data Science?
v

What is data science? : f' e

O'Reilly Radar % o



http://radar.oreilly.com/2010/06/what-is-data-science.html
http://radar.oreilly.com/2010/06/what-is-data-science.html
http://radar.oreilly.com/2010/06/what-is-data-science.html
http://radar.oreilly.com/2010/06/what-is-data-science.html
http://radar.oreilly.com/2010/06/what-is-data-science.html

A Melting Pot?
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John D. Cook (2011)

"Calling someone a jack of all trades could be a way of saying that you
don’t have a mental category to hold what they do."

"Take an expert programmer back in time 100 years. What are his skills?
Maybe he’s pretty good at math. He has good general problem solving
skills, especially logic. He has dabbled a little in linguistics, physics,
psychology, business, and art. He has an interesting assortment of
knowledge, but he’s not a master of any recognized trade."

Jack of all trades?
The Endeavour



http://www.johndcook.com/blog/2011/08/18/jack-of-all-trades/
http://www.johndcook.com/blog/2011/08/18/jack-of-all-trades/
http://www.johndcook.com/blog/2011/08/18/jack-of-all-trades/
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Venkatesh Rao (2011)

“I find myself feeling strangely uncomfortable when people call me a generalist and
imagine that to be a compliment... | just look like a generalist because my path happens
to cross many boundaries that are meaningful to others, but not to me.”

“[T]he primary real value of an extrinsically defined discipline... is predictable
boundedness. Mathematicians can trust that they won’t have to suddenly start dancing
halfway through their career to progress further.”

“You might wake up one fine day and realize that your life... actually adds up to expertise
in some domain you’d never identified with at all.”

The Calculus of Grit
ribbonfarm



http://www.ribbonfarm.com/2011/08/19/the-calculus-of-grit/
http://www.ribbonfarm.com/2011/08/19/the-calculus-of-grit/
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Drew Conway on Academia (2011)

"With respect to how academics have been impacted by data science, | think the
impact has mostly flowed in the other direction. One major component of data
science is the ability to extract insight from data using tools from math, statistics
and computer science. Most of this is informed by the work of academics, and not
the other way around."

"As so much more data gets pushed into the open, | believe basic data hacking skills
— scraping, cleaning, and visualization — will be prerequisites to any academic
research project."

Data science is a pipeline between academic disciplines
O'Reilly Radar



http://goog_915861167
http://goog_915861167
http://radar.oreilly.com/2011/08/data-science-social-science-academic.html
http://radar.oreilly.com/2011/08/data-science-social-science-academic.html
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Jeff Hammerbacher (2009)

"...on any given day, a team member could author a multistage
processing pipeline in Python, design a hypothesis test, perform a
regression analysis over data samples with R, design and implement
an algorithm for some data- intensive product or service —
in Hadoop, or communicate the results of our analyses AN
to other members of the organization."

%
Beautiful Data, O'Reilly Ve


http://oreilly.com/catalog/9780596157128
http://oreilly.com/catalog/9780596157128

A Practicality?



DJ Patil (2015)

“Back in 2008, Jeff [Hammerbacher] and | got together to talk
about our experiences building data teams at Facebook and
LinkedIn. We basically came up with the term ‘data scientist’
because HR was being a pain.”



"Data Science" = cooler "Analytics”?



ASA President Nancy Geller (2011)

"If the “S” word falls into disfavor and disuse, | fear our discipline will lose its identity and,
instead of a single discipline, Statistics will become subservient to data analysis, data
mining, bioinformatics, business analytics, etc."

"We need to tell people that Statisticians are the ones who make sense of the data deluge
occurring in science, engineering, and medicine; that Statistics provides methods for data

analysis in all fields, from art history to zoology; that it is exciting to be a Statistician in the
21st century because of the many challenges brought about by the data explosion in all of
these fields."

Don't Shun the 'S' Word
Amstat News



http://magazine.amstat.org/blog/2011/08/01/prescorneraug11/
http://magazine.amstat.org/blog/2011/08/01/prescorneraug11/
http://magazine.amstat.org/blog/2011/08/01/prescorneraug11/
http://magazine.amstat.org/blog/2011/08/01/prescorneraug11/
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INFORMS' Michael Gorman on "Analytics"

"...[T]here is not a big difference between analytics and OR/MS, but
a difference in their relative emphases. Both areas discuss the use or
application of advanced techniques by organizations. However, OR
clearly emphasizes the tools and techniques; analytics emphasizes
more the analytical process, the tool application and integration,
and their impact on organizational competitiveness and efficiency."

Analytics, OR and INFORMS — Where the three meet
Analytics Section Blog



http://www.informs.org/Community/Analytics/Analytics-Section-Blog
http://www.informs.org/Community/Analytics/Analytics-Section-Blog
http://www.informs.org/Community/Analytics/Analytics-Section-Blog
http://www.informs.org/Community/Analytics/Analytics-Section-Blog

Jeff Drazen - NEJM (2015)

“Ilwe worry] that a new class of research person will emerge—
people who had nothing to do with the design and execution of the
study but use another group’s data for their own ends, possibly
stealing from the research productivity planned by the data
gatherers, or even use the data to try to disprove what the original
investigators had posited. There is concern among some front-line
researchers that the system will be taken over by what some
researchers have characterized as ‘research parasites’ ”

Forbes, Data Scientists = Research Parasites?



http://www.forbes.com/sites/davidshaywitz/2016/01/21/data-scientists-research-parasites/#632b1d3a3d1c
http://www.forbes.com/sites/davidshaywitz/2016/01/21/data-scientists-research-parasites/#632b1d3a3d1c
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#lAmAResearchParasite. The best science is
done as in collaboration not in silos.
Data is a team sport.

@DJ44

Atul Butte @atulbuite

Wow! Editor-in-chief of @ScienceMagazine writes article titled
#lIAmAResearchParasite! buff.ly/21P6ktd
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Kirk Borne (2016)

“Fake data scientists are often experts in one particular discipline and insist
that their discipline is the one and only true data science. That belief
misses the point that data science refers to the application of the full
arsenal of scientific tools and techniques (mathematical, computational,
visual, analytic, statistical, experimental, problem definition, model-
building and validation, etc.) to derive discoveries, insights, and value from
data collections.”

20 Questions to Detect Fake Data Scientists (KDNuggets).



http://www.kdnuggets.com/2016/01/20-questions-to-detect-fake-data-scientists.html
http://www.kdnuggets.com/2016/01/20-questions-to-detect-fake-data-scientists.html

So, if there are “real” and “fake”
data scientists...
what are the key skills?



Thoughts?



Josh Wills X  +% Follow
@josh_wills

Data Scientist (n.): Person who is better at
statistics than any software engineer and
better at software engineering than any
statistician.

4 Reply ¢3 Retweet W Favoriited == More

st 406 sV DEFER

12:55 PM - 3 May 2012

https://twitter.com/josh_wills/status/198093512149958656



The Data Science Venn Diagram
Zero Intelligence Agents

Drew Conway (2010)


http://goog_2077707772
http://goog_2077707772
http://goog_2077707772
http://www.drewconway.com/zia/?p=2378
http://www.drewconway.com/zia/?p=2378
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“Science” vs. “Scientist”

The state or fact of knowing; knowledge or cognizance of something
specified or implied.

VS.

A person with expert knowledge of a science; a person using
scientific methods.



Survey Time!

Data Scientist Survey ®¢ Data

@ ¢ Community
What kind of Data Scientist are you? ®0 %4k DC

Data Scientist is a hot new term for people who apply advanced statistical, analytical, and machine learning tools to organizational
data, and particularly Big Data. But if there's one thing we've learned, it's that not all Data Scientists are alike. We come from
different backgrounds, we attack problems from a variety of angles, and we think of our own career paths taking differet routes.
Several DC-area Data Scientists conducted a survey in 2012, and found out a lot about the variation in people who could arguably be
identified by the term. Now, you can take advantage of their hard work and find out what sort of highly-in-demand, brilliant, dare-we-
say "sexy" Data Scientist you are!

Just take a few minutes to rank your skills and tell us how you view yourself. In exchange, we'll tell you more and describe how you
fit in! Advice provided is for entertainment value only!

Just in case you were wondering, we will **NEVER** publish or provide to any third party unaggregated responses or identifying
data.

Get Started

http://survey.datacommunitydc.org/



http://survey.datacommunitydc.org/
http://survey.datacommunitydc.org/
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You're a Duiz Enginzzr with top skills in Math/OR!

Skills T-Chart Self ID Chart
Programming Stats Math/OR Business  ML/Big Data
I Businessperson
Engineer

Researcher

Creative

(Me)
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The Variety of Data Scientists

Analyzing
the Analyzers

Businessperson, leader, entrepreneur

Artist, Jack of all Trades, Hacker

Engineer, Programmer

Scientist, Researcher, Statistician

Harlan D Harrts, Sean Pairok Murpin
B March Vadaman
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What tools do data scientists use?



What tools do data scientists use?
Suggestions?



Business Logic and Spreadsheet
Computation



Price: $139.99



Google docs

a

Price: $139.99



Price: $139.99



Mathematical and Scientific
Computation






MATLAB

Price: $8$

Beware of “Login Required”
to learn about individual
license pricing

=y | A fresh spprosch te techalcsl cosputing
1 |
| Version 8.8.0+1335217393. F912%
| Commit RLINSO7Sfal (2012-84-23 17:43:1Y)
|

r o= "Halle, werld!\a"

printfistr)

Hello, world!




MATLAB
Price: $55

Beware of “Login Required”
to learn about individual
license pricing

ello,

printf{str)
world!

an 0.0.0:1035217903, r9138
4t 0135078 0e2 (20L2-84-2) 17:43:13)




Statistical Modeling and Analysis



Price: Don’t even ask

STATA Dpata Analysis and Statistical Software

Price: A price quote is required

SPSS

STATISTICAL DATA AMAL VSIS

Price: $700 and up




THE POWER TO KNOW.,

Price: Don’t even ask

m Data Analysis and Statistical Software

Price: A price quote is required

SPSS

STATISTICAL DATA ANAL YSIS

Price: $700 and up
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Price: Don’t even ask

slla.la Data Analysis and Statistical Software

Price: A price quote is required

Price: $700 and up




Information and Knowledge
Sharing
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Databases



ORACLE
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ORACLE| MySQL.

PostgreSQL




ORACLE




Big Data and Distributed
Computation
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Infrastructure and Computing
Resources






amazon
webservices"

heroku
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Google Compute Engine
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But even with these tools,
you still need brains!
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Hypothesis Driven Development

Practicing Hypothesis-Driven Development is thinking about the development of
new ideas, products and services — even organizational change — as a series of
experiments to determine whether an expected outcome will be achieved. The
process is iterated upon until a desirable outcome is obtained or the idea is
determined to be not viable.

m Tl

We need to change our mindset to view our proposed solution to a problem
statement as a hypothesis, especially in new product or service development —
the market we are targeting, how a business model will work, how code will
execute and even how the customer will use it. We do not do projects anymore,
only experiments.

Barry O’'Reilly



http://barryoreilly.com/2013/10/21/how-to-implement-hypothesis-driven-development/
http://barryoreilly.com/2013/10/21/how-to-implement-hypothesis-driven-development/

H P!PO‘H"IOQEG Driven Development ThoughtWorks

We Believe That < ﬁ’ulg &QP abil H-7>

Will Resultin < THIS ovfcome>

We Will Know We Have Succeeded When
<ne See a measwrable Signal>
L
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Making data science work in an organization

1.

© N U AW

Product Ownership: A committed client-side domain expert.

Theory of Change: An idea of how a data science approach will improve
outcomes at a clearly defined decision point.

Delivery Strategy: Could be a recommendation engine, dashboard, new SOPs...
Domain Growth Potential: Highest in qualitative and social service fields.
Data Availability/Accessibility: Data must exist!

Data Alignment: Data must be appropriate to the hypothesis.

Signal Strength: Data must contain sufficient signal for accurate prediction.
Appeal: The innovation factor.



Brainstorm:
Where could data science
be used in your field?
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What news topics get published by NIST?

K-Means Clustering on news published on NIST's
newsfeed in 2014

Their website doesn’t indicate which subject area the
article is about, so our data is unlabeled

We know NIST publishes news on 15 subject areas,
so we know k=15

The goal is to find homogeneous clusters in your data,
where we try to minimize the amount of variation
within the cluster (Euclidean distance)

Each iteration slightly improves the clustering

Data Step 1 Iterat , Step 2a
- o .
Sk, A O A I
st ot -
oo “a e
o:“‘o .. . -nﬂ‘- . o -".g.:- e
.y AT
et oA R i
'.'QO Al . ".-o' et . '..nf et

Iteration 2, Step 2a



http://www.nist.gov/allnews.cfm?s=01-01-2014&e=12-31-2014
http://www.nist.gov/allnews.cfm?s=01-01-2014&e=12-31-2014
http://www.nist.gov/allnews.cfm?s=01-01-2014&e=12-31-2014

RCE
VICE

Clustering NIST headlines and description

Introduction:

In this workshop we show you an example of a workflow in data science from initial data ingestion, cleaning, modeling, and
ultimately clustering. In this example we scrape the news feed of of NIST. For those not in the know, NIST is the National Institute of
Standards and Technology. It is comprised of multiple research centers which include:

» Center for Nanoscale Science and Technology (CNST)

« Engineering Laboratory (EL)

« Information Technology Laboratory (ITL)

« NIST Center for Neutron Research (NCNR)

» Material Measurement Laboratory (MML)

« Physical Measurement Laboratory (PML) This makes it an easy target in topic modeling.

You can use also this guide to scrape other data from a webpage: http://docs.python-guide.org/en/latest/scenarios/scrape/

Import the necessary modules for the workshop.

» Ixml is a package for processing XML and HTML
= [f trouble installing on O8X, try running 'xcode-select --install'

» requests is a package for processing HTTP requests

» future to make a print function

» scikit-learn is a package with broad tool sets for machine learning
= TfidfVectorizer to vectorize raw documents into a TF-IDF matrix
» KMeans

https://github.com/StarCYing/open_data_day dc


https://github.com/StarCYing/open_data_day_dc
https://github.com/StarCYing/open_data_day_dc
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A data product is a product that is based on
the combination of data and algorithms.

Hilary Mason
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A data application acquires its value from
the data itself, and creates more data as
a result. It's not just an application with
data; it's a data product.

Mike Loukides
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Data products are self-adapting, broadly
applicable economic engines that derive
their value from data and generate more
data by influencing human behavior or by
making inferences or predictions upon new
data.

Benjamin Bengfort



What are some examples?
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How Data and a Good Algorithm Can
Help Predict Where Fires Will Start

The New York City Fire Department is using a tool called FireCast to
predict which buildings are most likely to have fires

FireCast 2.0 targets the most fire-prone buildings, many of which haven't been inspected in years. (©

Paul A. Souders/CORBIS) Data science for precision policy
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Netflix Challenge

Improve accuracy of predictions about how much someone is
going to enjoy a movie based on their movie preferences.
Netflix provided a large data set on how nearly half a million
people have rated about 18,000 movies.

Based on these ratings, you are asked to predict the ratings of
these users for movies in the set that they have not rated.
The first team to beat the accuracy of Netflix's proprietary
algorithm by a certain margin wins a prize of S1 million!
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Anand Rajaraman, Datawocky

“Team A came up with a very sophisticated algorithm using the
Netflix data. Team B used a very simple algorithm, but they
added in additional data beyond the Netflix set: information
about movie genres from the Internet Movie Database (IMDB).
Guess which team did better?”



( )SBWE%B&E
Anand Rajaraman, Datawocky

“Team A came up with a very sophisticated algorithm using the
Netflix data. Team B used a very simple algorithm, but they
added in additional data beyond the Netflix set: information
about movie genres from the Internet Movie Database (IMDB).
Guess which team did better?”

=> More data usually beats better algorithms



What is the data science pipeline?



Reporting and
Visualization

Data Munging and
Wrangling

Computation and
Analyses

Modeling and
Application
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Data Ingestion
Means
Source
Question
Size
Velocity

Reporting and
Visualization

Data Ingestion

Data Munging and
Wrangling

Modeling and
Application

Computation and
Analyses
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There is a world of data out there-
how to get it? Web crawlers, APIs,
Sensors? Python and other web
scripting languages are custom
made for this task.

The real question is how can we
deal with such a giant volume and
velocity of data?

Big Data and Data Science often
require ingestion specialists!




LERCE  Data Munging and Wrangling

Data Munging
and Wrangling

Data Ingestion

Warehouse

oo 5
T!'ansform Computation and
Filter Analyses
Aggregation

Training
Rl A
Visualization
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Warehousing the data means
storing the data in as raw a form as
possible.

Extract, transform, and load
operations move data to
operational storage locations.
Filtering, aggregation, normalization
and denormalization all ensure data
is in a form it can be computed on.
Annotated training sets must be
created for ML tasks.




COMMERCE Computation and Analyses

Data Munging and
Wrangling

Data Ingestion

Hypothesis
Design
Method
Time

Reporting and
Visualization

Modeling and
Application

Computation and

Analyses




4 ’COMMERCE
A DATA SERVICE

Hypothesis driven computation
includes design and development
of predictive models.

Many models have to be trained
or constrained into a
computational form like a Graph
database, and this is time
consuming.

Other data products like indices,
relations, classifications, and
clusters may be computed.

Hidden
Neurons

Output

Neuron 4 _/—




Data Ingestion ﬂ
Supervised

Unsupervised >
Regre_S_SIOn Computation and
Classification Analyses
Clustering

Etc...

Reporting and
Visualization

Modeling and
Application




Nearest Neighbors Linear SVM RBF SVM Decision Tree Random Forest AdaBoost Naive Bayes

Nearest Neighbors Decision Tree Random Forest AdaBoost Naive Bayes

Decision Tree Random Forest

Nearest Neighbors

AdaBoost

Supervised vs. unsupervised

Regression vs. classification

Clustering

Bayes, Logistic Regression, Decision Trees, KNN, etc



Data Ingestion Data Mungl_ng and
Wrangling

Crucial l

Active Learning >
Error Detection Computation and
Mashups Analyses
Value

Reporting and Modeling and
Visualization Application




4 ’COMMERCE
DATA SERVICE

Often overlooked, this part is
crucial, even if we have data
products.

Humans recognize patterns
better than machines. Human
feedback is crucial in Active
Learning and remodeling (error
detection).

Mashups and collaborations
generate more data- and
therefore more value!
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Where to go from here?
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. COMMERCE
DATA
USABILITY
PROJECT

With tens of thousands of datasets ranging from satellite
imagery to material standards to demographic surveys, the

CheCk out more Of our open Work at: | U.S. Department.of Commerce has long been in the business
. ope of Open Data. Through the Commerce Data Usability Project,
! httD//WWWCommerceEOV/datausablhtV go on a series of guided tours through the Commerce data

d lake and learn how you can leverage this free and open data
an ;
to unlock the possible.

https://github.com/CommerceDataService
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http://www.commerce.gov/datausability
http://www.commerce.gov/datausability
https://github.com/CommerceDataService
https://github.com/CommerceDataService

Special thanks to my teacher:

Benjamin Bengfort

PhD Candidate at the University of
Maryland; Data Scientist at District
Data Labs.

Twitter: twitter.com/bbengfort
LinkedIn: linkedin.com/in/bbengfort
Github: github.com/bbengfort
Email: bb830@georgetown.edu

(These are mostly his slides!)


https://www.twitter.com/bbengfort
https://www.linkedin.com/in/bbengfort
https://github.com/bbengfort
mailto:bb830@georgetown.edu

Q
=" stackoverflow

District Data Labs

Hands-on data science tutorials, lessons, and other awesome content.

@DistrictDatalab  Facebook

StackExchange B Ahve  DisriaDualabs RS

J!Lnuggets"“

illData Community DG

oursera

education for everyone




What is Data
Science?

Building Data
Science Teams

DJ Patil

Strata

The Evolution
of Data Products
i e

fea il 3 ¢
A comm @

{Doing Data
Science

O'REILLY" Canthy O %l & Rosohwy! Scbwany

Analyzing
the Analyzers

Agile Data 3

Science

Russel kurney

Python for
Data Analysis

O'REILLY

Practical Machine
Learning

Innovations in Recommendation

i:l |

Ted Durining
& Ellen Friedman




Resources

COMM
DATA S

ERCE
AT RVICE

| C

scikit-learn
. o algorithm cheat-sheet

classification =

E

NoT
WoRKING

MIT OpenCourseware
Machine Learning
Statistics

Probability

Linear Algebra
Algorithms
Optimization

An Introduction to Machine Learning with Python, District Data Labs Blog
Machine Learning map for scikit learn and in general

Binge watch machine learning

Introduction to Statistical Learning in R

dimensionality
reduction

O O O O O O



http://ocw.mit.edu/index.htm
http://ocw.mit.edu/index.htm
https://districtdatalabs.silvrback.com/an-introduction-to-machine-learning-with-python
https://districtdatalabs.silvrback.com/an-introduction-to-machine-learning-with-python
http://scikit-learn.org/stable/tutorial/machine_learning_map/
http://www.saedsayad.com/data_mining_map.htm
http://www.dataschool.io/15-hours-of-expert-machine-learning-videos/
http://www.dataschool.io/15-hours-of-expert-machine-learning-videos/
http://www-bcf.usc.edu/~gareth/ISL/
http://www-bcf.usc.edu/~gareth/ISL/

Find us at:

rbilbro@doc.gov and poberoi@doc.gov



mailto:rbilbro@doc.gov
mailto:poberoi@doc.gov
mailto:rbilbro@doc.gov

