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How we frame the discussion really matters!

https://twitter.com/drewconway/status/1010137695664951297



| wrote
this...
in 2015...

Data Sclence Declaration

— @RirkDBorne (January 12,2015)

“Now is the time to begin thinking of
Data Science as a profession not a job,

as a corporate culture not a corporate
agenda, as a strategy not a stratagem, as
a core competency not a course, and as
a way of doing things not a thing to do.”

http://rocketdatascience.org/
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From a talk
that | gave
in 2014...

(after 5 years
teaching Data
Mining at UMUC
Graduate School
and 7 years into our
Data Science B.S.
program at GMU)
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This is the CD Sea in KiImington;
(600,000 CDs ~ 300 TB).

“Big Data” are different!

We need more Data Scientists in order
to discover the unknown unknowns in

BIG DATA collections more efficiently
and more effectively.

1) Big Data in Education

Work with data in all learning settings:

* Data Science enables use and analysis of
data in inquiry-based classroom learning.

* Learning is enhanced when students
work with real data and information
(especially online data) that are related
to the topic (any topic) being studied.

* http://serc.carleton.edu/usingdata/

(“Using Data in the Classroom”)

2) An Education in Big Data

Students are specifically trained to:

* access & query big data repositories;

* conduct meaningful inquiries into data;

* mine, visualize, and analyze the data;

* make objective data-driven inferences,
discoveries, and decisions; and

* communicate “stories” through data.

3) Big Data for Education =
Learning Analytics




Still very
relevant
in 2019...
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Data Literacy i1s a way of thinking about
numbers and measurements of things ...
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Let us kickstart with a Statistics Quiz ...

e Suppose that a survey finds that 10% of people
believe that product X is bad for you.

e After a national advertising campaign to inform
society of the dangers of product X, another survey
is taken.

e The national media report the survey result:

* Following a national advertising campaign, the
number of people who now believe that product X
is bad for you has increased by 90%.

e Your question: What percentage of people now
believe that product X is bad for you?




What answer did you get ?




The right answer is ... not obvious!

If the news was unbiased, then the answer is probably 19%.

If the news was trying to scare you away from Product X, then
they may be misleading their listeners into thinking that the
correct answer is 100%, though the correct answer is still 19%.

Maybe the correct answer really is 100% (=10%+90%), but that
fact was stated in the news release.

Or maybe we should re-read the original statement...

e Following a national advertising campaign, the number
of people who now believe that product X is bad for you
has increased by 90%.




The right answer is ... not obvious!

e So maybe only 10 people (out of only 100 that were asked)
thought that the product was bad the first time, and then only
19 people (out of many thousands) thought that the product
was bad the second time ... therefore, it is true that 90% more
people now think that the product is bad, but the percentage
of the total population is actually extremely small ... maybe



The right answer is ... not obvious!
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Quote from H.G. Wells (1903; writer) ...

“Statistical thinking will one day be as
necessary for efficient citizenship as
the ability to read and write.”

Well, that day is here now!
Statistical & Data Literacy Matters!



Quote from somebody (?) ...

“It is now beyond any doubt that
cigarettes are the biggest cause
of statistics”
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Steps toward Data Literacy
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Humans are very curious creatures..
Ever since we first explored our world...
ut everything around us.

& I"P’liy» is;tl_\e‘ highest form of research. -

P " ~Albert Einstein :

https://twitter.com/i/web/status/891559806682583041



So, we have collected evidence (data) to answer our questions,

which leads to more questions, which leads to more data collection,

which leads to more questions, ..., which leads to

a little

https://www.linkedin.com/pulse/exponen

combinatorial
explosion

exponential
growth_

tial-growth-isnt-cool-combinatorial-tor-bair

Knowledge is about
connecting the dots.

@ KirkDBorne

y~ Xz x”NX

— Combinatorial Growth!

(all possible interconnections,
linkages, and interactions)

y ~ 2 N x (exponential growth)

y ~ 2 * x (linear growth)
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We are not talking only about this...

The unicorns of the
new data world...

Which makes them hard to find...

Applied Science
PP Business Analysis
Statistics, applied mat
) Data Analysis, Bl
Machine Learning

. Business/domain expertise
Tools: Python, R, S N P

ols: SQL, Excel, EDW

Data engineering
Database technologies
Computer ta pipeline engineering
Tools: Java, Scala, P ) istics and machine learning
ver large datasets
Tools: Hadoop, PIG, HIVE,
Cascading, SOLR, etc

Dafa Scie\entist Report 2018

"'\3\\' . D

Tl 1Ry 4:3 %> ¥ .
https://www.figure-eight.com/figure-eight-2018-data-scientist-report/ : ‘ s e na ecoonetis it ﬂ“&‘%

http://www.marketingdistillery.com/2014/11/29/is-data-science-a-buzzword-modern-data-scientist-defined/
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Data Literacy is most relevant...

...at the intersection of Domain Experts
and ML-trained Data Scientists!

Let’s get real

about this...

Machine
Learning

... says K.Borne
Data
Science

Substantive
Expertise

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



Data Literacy includes ...

“Data Literacy includes the ability to read,

work with, analyze, and argue with data.”

(Jordan Morrow, Qlik)
http://www.dataliteracynetwork.org/definitions.html
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Data Literacy in 2 parts:
Data Science and

http://www.kirkborne.net/cds151/

1) How to use data correctly

USE THE
CRS DATA—  THAT
BASE TO  DATA IS
SIZE THE  (JRONG.
MARKET.
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EXCELLENT. WE CAN
USE NON-LINEAR
MATH AND DATA
MINING TECHNOLOGY
TO OPTIMIZE OUR
RETAIL CHANNELS!

IF THAT'S THE
SAME THING AS
SPAM, WE'RE

HAVING A GOOD
MEETING HERE.

WE HAVE A GIGANTIC
DATABASE FULL OF
CUSTOMER BEHAVIOR
INFORMATION.

nited Feature Syndicate, Inc.
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http://dilbert.com/strip/2000-11-13
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Within any pile of big data, you can always find
correlations and patterns — but are these random, or
confessing some truth, or confirming some bias?

B . O




Statistical Fallacies can still appear

in Data Science in the era of Big Data

Correlation # Causation
Number of people who drowned by falling into a pool

correlates with
Films Nicolas Cage appeared in

2001 2002 2003 2004 2005 2006 2007 2008
140 drownings 6 films

120 drownings 4 films

100 drownings W/v 2 films

80 drownings
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2002 2003 2004 2005 2006 2007 2008

-8~ Nicholas Cage - Swimming pool drownings

http://tylervigen.com/spurious-correlations




Statistical Fallacies can still appear

in Data Science in the era of Big Data

Correlation # Causation
Worldwide non-commercial space launches

correlates with

Sociology doctorates awarded (US)

2004 2005 2006

—

700 Degrees awarded

650 Degrees awarded

600 Degrees awarded

550 Degrees awarded

>

(sN) papJeme saiesorpop A3ojo0nos

500 Degrees awarded
1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

-8~ Sociology doctorates awarded (US) - Worldwide non-commercial space launches

http://tylervigen.com/spurious-correlations




Statistical Fallacies can still appear
in Data Science in the era of Big Data

Correlation # Causation

T USED T THINK, | THEN T Took A | | Sounps Lk THE

CORRELATION IMPUED| | STATISTICS CLass. | | CLASS HELPED.

CAVUSATION. )

https://xkcd.com/552/



https://www.geckoboard.com/learn/data-literacy/statistical-fallacies/

DATA FALLACIES TO AVOID

N\ K
4
CHERRY PICKING DATA DREDGING SURVIVORSHIP BIAS

T ' In our rush to build and to
promote our models, we
EE =™ 2rc often too quick to

y overlook our own cognitive
Eeel biases and other data
o e fallacies:

REGRESSION FALLACY SIMPSON'S PARADOX

OVERFITTING DANGER OF SUMMARY METRICS
Only look met

GECKOBOARD 3 more at geckoboard.com/learn/data-literacy




Feature Selection and Model Bias:
choosmg features in the dark

1 I picked out two socks from my
g sock drawer this morning!

Tt was still dark, but that
| shouldn’t matter, right? After
all, they are the same size ...

\ The Era of Big Data represents
: the END OF DEMOGRAPHICS
i (i.e., our models should no
| longer be based on and biased
= by a limited selection of

{ attributes and features)

30



Feature Selection and Projection

Feature Selection is
important in order to
bad projection disambiguate different
classes.

More importantly,
Class Discovery
depends on choosing
the right projection and
selecting the right
ICEMIE




High-Variety Data can be a Bias-Buster.
Projection Matters! nttps://bit.ly/2CGHZIN «=>

THIS IS TRUTH

Source: http://www.transformativeinsights.co.nz/blog/new-perspective-on-con

fli

ct

Your chosen data
attributes represent
a low-dimension
projection of the full
truth — the feature
space (dimensions)
in which you explore
your data is a form
of cognitive bias —

... it matters!



The 5 important D’s of Data Variety:

Entity Disambiguation, Entity Deduplication, Discrimination between multiple
classes, Discovery of new classes, and Decreased model bias (underfitting).

The separation and discovery of
multiple classes improves when a
sufficient number of “correct” features
are available for exploration and testing.

33
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Using Data Science to Create Value
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Data are the fuel for insights that drive action...
From Data to Insights to Actionable Intelligence

R

Insights

L

Action!




The Real Power of A.l. — there is nothing “artificial” about it!

The New Alis better than Artificial Intelligence

Accelerated Applied

Actionable Assisted

Adaptable Augmented

Amplified Awesome




Insights Discovery

4 Types of Discovery from Data:

1) Class Discovery: Find the categories of objects
(population segments), events, and behaviors in
your data. + Learn the rules that constrain the
class boundaries (that uniquely distinguish them).

2)

(INSIGHT DISCOVERY) — Find trends,
patterns, and dependencies in data that reveal the
governing principles or behavioral patterns (the
object’s “DNA”).

3) Outlier / Anomaly / Novelty / Surprise Discovery:

Find the new, surprising, unexpected one-in-a-
[million / billion / trillion] object, event, or behavior.

4) Association (or Link) Discovery: (Graph and
Network Analytics) — Find both the usual and the
unusual (interesting) data associations / links /
connections across the entities in your domain.

38



Levels of Analytics Maturity
in Data-Driven Applications

1) Descriptive Analytics
— Hindsight (What happened?)

2) Diagnostic Analytics

— Oversight (real-time / What is
happening? Why did it happen?)

3) Predictive Analytics
— Foresight (What will happen?)

GEOSPATIAL HOTSPOTS

39



5 Levels of Analytics Maturity
in Data-Driven Applications

1) Descriptive Analytics
— Hindsight (What happened?)

2) Diagnostic Analytics

— Oversight (real-time / What is
happening? Why did it happen?)

3) Predictive Analytics
— Foresight (What will happen?)

GEOSPATIAL HOTSPOTS

4) Prescriptive Analytics

— Insight (How can we optimize what
happens?) (Follow the dots / connections in

5) Cognitive Analytics

— Right Sight (the 360 view , what is the right
question to ask for this set of data in this
context = Game of Jeopardy)

— Finds the right insight, the right action, the
right decision,... right now!

— Moves beyond simply providing answers, to
generating new questions and hypotheses.

40



Predictive vs Prescriptive:

What's the Difference?
“ - PRESCRIPTIVE

)

 PREDICTIVE

Find a function (i.e., the model) f(d,t) Find the conditions {d’} that will produce a
that predicts the value of some prescribed (desired, optimum) value y at a
predictive variable y = f(d,t) at a future future time t, using the previously learned
time t, given the set of conditions found conditional dependencies among the

in the training data {d}. variables in the predictive function f(d,t).

=> Given {d}, find y. => Giveny, find {d’}.




Predictive vs Prescriptive:

What's the Difference?

PREDICTIVE PRESCRIPTIVE

Find a function (i.e., the model) f(d,t) Find the conditions {d’} that will produce a
that predicts the value of some prescribed (desired, optimum) value y at a
predictive variable y = f(d,t) at a future future time t, using the previously learned
time t, given the set of conditions found conditional dependencies among the

in the training data {d}. variables in the predictive function f(d,t).

=> Given {d}, find y. => Givenyy, find {d’}.

“Study your past to know
your future”

42



Predictive vs Prescriptive:

What's the Difference?
PRESCRIPTIVE

Find a function (i.e., the model) f(d,t)
that predicts the value of some
predictive variable y = f(d,t) at a future
time t, given the set of conditions found
in the training data {d}.

=> Given {d}, findy.

“Study your past to know
your future”

Find the conditions {d’} that will produce a
prescribed (desired, optimum) value y at a
future time t, using the previously learned
conditional dependencies among the
variables in the predictive function f(d,t).

=> Given y, find {d’}.

“The future ain’t what it
used to be.”

EX]
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Data Storytelling :
tapping into the neuroscience of decision-making
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Data Storytelling

"No one ever made a decision because of a
number. They need a story."

Daniel Kahneman, Quoted in Vanity Fair article
"How Two Trailblazing Psychologists Turned the World of Decision Science Upside Down,"

{' What? \

Now
What? What?

“People will forget what you said,
people will forget what you did,
but people will never forget
how Yyou maole thew feel”

Maya Angelou

Data, | think, is one of the
most powerful mechanisms
for telling stories. | take a
huge pile of data and | try to
get it to tell stories.

Steven Levitt

Co-author of Freakonomics SISENSS

46



3 Data Short Stories:
the art & science of being data literate!

1) Personal What?
2) Civic { \

Now

" What? Wh ?
3) Commercial T



3 Data Short Stories:
the art & science of being data literate!
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We are ALL data generators!
Shouldn’t we all be value generators?

The most important “V” THE INTER[{E"D IS A LOT LIKE

of Big Data is Value! aiE ANGENTIEGYPT i ./

e
el P
".\

--..c = &‘l
. - - rs I
el M — 5 <2y =g
<7 ! w St I

PEOPLE,WRITE:F;,N WALLS
A'AND/WORSHIP.CATS® mi

https //knowyourmeme.com/photos/1119756-the- mternet



It’s a Digital World after all...
Data helps our world go around!

50



Engage students at the intersection of data and
their place of passion and personal interests!

R IBM Advanced Scout for NBA Coaches
Me in 1998 ... Information Flow

http://dssresources.com/cases/DSScatalog.htmI#ADSCOUT




3 Data Short Stories:
the art & science of being data literate!

What?
2) Civic { \

Now
What? What‘?

v



Zoom deeper into your Descriptive Data for
Predictive and Prescriptive Power Discovery...
And for Cognitive Question Discovery!

(from the Booz Allen “Field Guide to Data Science”)



“What is going on in that neighborhood
on Saturday evenings between 6pm and 8pm?”

GEOSPATIAL HOTSPOTS

TEMPORAL HOTSPOT
6 am 9am Noon 3pm épm  9pm

Daly Clty
Broadmoor

bam 9am Noon 3pm épm  9pm
Source: Booz Allen Hamilton

Source for graphic: https://www.boozallen.com/s/insight/publication/field-guide-to-data-science.html o



3 Data Short Stories:
the art & science of being data literate!
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Data Democratization = Get on board with it, now!
CEO declares, “There is no more front office and back office.”

Source for graphic: https://www.slideshare.net/DaanBolder/brainpeek-emotion-analytics-the-next-generation-usability-insights-82044491
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The Data Literati — Passionate Advocates
for the Use of Data

DATA ER.UI\eI:1aY,

http://www.boozallen.com/datascience @KirkDBorne




Data Literacy as a Passion:
Building a Workforce of Explorers — to explore vast and endless seas of data!

“If you want to build a ship,
don’t drum up people to
gather wood and don’t
assign them tasks and work,
but rather teach them to
yearn for the vast and

endless sea.”
- Antoine de Saint-Exupery

http://www.nytimes.com/2008/04/11/world/europe/11lexupery.html

https://www.pinterest.com/pin/377106168772298092/
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Come for the Data. Stay for thé S\-\ciencé!
Thank you!

Twitter: @KirkDBorne or Email: kirk.borne@gmail.com
Get slides here: [http://www.kirkborne.net/UMUC2019 ]

Booz | Allen | Hamilton http://www.boozallen.com/datascience
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