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Do you make decisions every day?



Do you make decisions every day?

Are you flooded with data?



Do you make decisions every day?
Are you flooded with data?

Are you using data to make decisions?



What is data science?
Why is it important?

How do | get started?












€he New ork Cimes

For Today’s Graduate, Just One Word: Statistics

Gardon Brown's pitch .
Th € . What went wrong at RBS | Frbahiod: AuOuat 6o ¥ TWITTER
E conomist Genetically modified crops blossom MOUNTAIN VIEW, Calif. — At Harvard, Carrie Grimes majored in [ uneon
The EU woos Russia anthropology and archaeology and ventured to places like Honduras, g couents
BRI L - Ther thio. Sl iid dogs where she studied Mayan settlement patterns by mapping where (58)
TR . ' qER artifacts were found. But she was drawn to what she calls “all the =] 's‘lkcl? INTO E-

computer and math stuff” that was part of the job.

The data deluge

AND HOW TO HANDLE IT: A 14-PAGE SPECIAL REPORT

Data Scientist:

The Sexiest Job of the 21st Century

hen Jonathan Goldman ar-
rived for work in June 2006
at LinkedIn, the business

networking site, the place still
felt like a start-up. The com-
pany had just under 8 million

accounts, and the number was
growing quickly as existing mem-
bers invited their friends and col-
leagues to join. Bul users weren’t
seeking out connections with the people who were already on the site
at the rate executives had expected. Something was apparently miss-
ing in the social experience. As one LinkedIn manager put it, “It was
like arriving at a conference reception and realizing you don’t know
anyone, So you just stand In the corner sipping your drink—and you
probably leave early”

Meet the people who

can coax treasure out of
messy, unstructured data.
by Thomas H. Davenport
and D.J. Patil

70 Harvard Business Review October 2012



Job Postings for Data Scientists

Data Scientist job openings at the world's top companies
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Source: Thinknum Job Listings



Top-paying Tech Skills

Apache Kafka

$134,557

A 5.5%

HANA

$134 462

A 949

Cloudera

$133,595

A 8.9%

MapReduce

$132,708

A 7.9%

Cassandra

5132497

A 5.7%

Chef

Service Orlented Architecture (SO&)

..5]-.‘31 lEE W wanaf eem s
5131 ??1
5131 556

1195%
illS%
175%

Armazon Redshift

$130,723

A 4500

PAAS

$ 130,669

A 5.3%

Deep Learning

$129,978

— MNJA

Elasticsearch

$129,938

A 4.8%

Zookeeper

5129295

5123833 |

A8

A 7.7%

Cvnamo DB

§129,255

A 2,90

Jetty
_HESQL
Redls

Contalners

$127,110

slrTar
$127441

SpringFramework | §1272% | A

.i 14,4%

‘. 43% TR

14:]%
115:]%
A 570G

Source: Dice Salary Survey 2019
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Overview

What Is Data Science?

Why [s It Important?

Building Intelligent Software
Improving Development Practices
How Do | Get Started?




What Is Data Science?









Knowledge Decision Action




What Is a Data Scientist?

Performs data science
More than a scientist

More than an analyst

More than a developer




Data Science Team



Data Science Team

DEY:

Engineer




Data Science Team

DEY:

Engineer




Data Science Team

DEY: DEYF:

Engineer Scientist




What skills are necessary?



Data Science Skills

Programming
Working with data
Descriptive statistics

Data visualization



Data Science Skills

Programming Statistical modeling
Working with data Handling Big Data
Descriptive statistics Machine learning

Data visualization Deploying to production



What tools are used?



Programming Languages

wn
@)
=

o)

Python

Bash

JavaScript

Java

Scala

Visual Basic/VBA
C++

Matlab

0% 10% 20% 30% 40% 50% 60% 70%
Share of Respondents

Source: O'Reilly 2017 Data Science Salary Survey



Relational Databases

MySQL

Microsoft SQL Server
PostgreSQL

Oracle

SQLlite

Teradata

IBM DB2

Netezza (IBM)
Vertica

SAP HANA

0% 5% 10% 15% 20% 25% 30%
Share of Respondents

Source: O'Reilly 2017 Data Science Salary Survey

35%

40%



Big Data Platforms

Spark

Hive

MongoDB
Amazon Redshift
Kafka

Pig

Redis

Zookeeper
Imapla

Hbase

3
X

5% 10% 15% 20%
Share of Respondents

Source: O'Reilly 2017 Data Science Salary Survey

25%

30%



Spreadsheets, Bl, Reporting

Excel

Power Bl
QlikView
BusinessObjects
PowerPivot
Cognos

Alteryx
Microstrategy

Adobe Analytics

Oracle BI

0% 10% 20% 30% 40% 50% 60% 70%
Share of Respondents

Source: O'Reilly 2017 Data Science Salary Survey



How is data science performed?



The Data Science Process

Data



The Data Science Process

Find a
question




The Data Science Process

Find a
question

Collect
the data




The Data Science Process

Find a
question

Collect
the data
Prepare
the data




The Data Science Process

Find.a

question

Collect
the data

Data

Create
a model

Prepare
the data




The Data Science Process

Find a
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Collect
the data

Data

Create
a model

Evaluate

Prepare
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The Data Science Process

Find a

question

Collect
the data

Deploy
the model

Data

Create
a model

Evaluate
the model

Prepare
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The Data Science Process

Find a
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Collect
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Deploy
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The Data Science Process

Find a
question

Explore
the data

Iterative process

Evaluate
the
model

Prepare
the data

Create

a model




The Data Science Process

Find a
question

Explore
the data

Iterative process
Non-sequential

Evaluate
the
model

Prepare
the data

Create

a model




The Data Science Process

Find a
question

Explore
the data

Iterative process
Non-sequential
Early termination Fvaluate

the
model

Prepare

the data

Create
a model




Data science is the discipline of
converting data into actionable insight




Why Is Data Science Important?



What's the problem?



























The Current State of Business

Don't understand customers Human biases
Lack of product-market fit Guesswork
Unused / low-value features Cost of labor

Missed market opportunities Human errors
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4% higher productivity
0% higher profits

Source: https://hbr.org/2012/10/big-data-the-management-revolution
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How does data science actually
help us build better software?




Two Main Approaches

Build Improve

intelligent
software

development
practices




Building Intelligent Software



Retail Analysis Sample &8 & Share Dashboard

Ask a question about the data on this dashboard

Total Stores This Year's Sales

This Year's Sales
BY CHAIM

Mew Stores Opened This Year

104

This Year's Sales, Last Year's Sales
BY FISCAL MOMTH

$22.05M

10

Sales Per 5q Ft. Total Sales Variance %, This Year's Sales
BY DISTRICT

@ This Year Sales @ Last Year Sales
54Am

53.5M

53M

52.5M

52M

51.5M
Jan Feb kar Apr May Jun Jul Aug

District @ FD-01 @ FD-02 @ FD-03 FOr-04 @ Ll -01 Li-02 @ Ll-03

514.50
L 51400
D’ —
'l
o L
= $13.50 -
m
(¥ 1]

513.00 I .
512,50 .

-108a -8% -65% A% -2% 0%

Total Sales Variance %



<) Internet Sales

Show me sales by gender and marital status.

"Show me sales by

Displaying sum of sales by gender and marital status g en d er an d Mma rlta |
"
Marital Status: Statu S.
‘ Married
’ Single
Male

Female

$0k $5k $10k $15k



Machine Learning
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Classification

............
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Regression

Clustering

Anomaly Detection
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Anticipatory Design

Create

Anticipate

Choices

Algorithm




Browse

Radio

YOUR LIBRARY

Your Daily Mix
Recently Played
Songs

Albums

Artists

Stations

Local Files
Videos

Podcasts

PLAYLISTS

Discover Weekly

o Closer

One Man Puppet Show
A Puppet Named Julio
This Will Destroy You

Explosions in the Sky

R Sy e VENAT R

(P New Playiist

Your Daily Mixes

Play the music you love, without the effort. Packed with your favorites and new discoveries.

BONOBO
BLACK SANDS

AT

Your
Daily Mix 1 Daily Mix 2 Daily Mix 3
Daily Mix 1 Daily Mix 2 Daily Mix 3
Bonobo, The Album Leaf, Thievery Epic45, Sigur Rés, mim and more Joey Fehrenbach, The Album Leaf,
Corporation and more MADE FOR RENZE1577 The Abbasi Brothers and more
MADE FOR RENZE1577 MADE FOR RENZE1577
7 > (27,

® renzels77 v/

See what your friends
are playing

C FIND FRIENDS )

= E [:])) —




Recommendations for you in Kindle Store

THEOREM
-
ﬁ;‘i’?%

Python for
Data Analysis

User Story
Mapping

Introduction
For Beginners

DAN MORRIS

et Patron
et Ecararry

e
Ao, Mty g

New for you See more

ASH MAU RYA

SCALING |

LEAN

JORDAN B PETERSON

AUTHOR OF T JLES FOR LIPE

MAPS OF MEANING

THE ARCHITECTURE OF BELIEF

READ BY THE AUTHOR

New & exclusive
products
prl:1_/egay launches !

Buy it again

ONOre |
)

chamomile
nights

caffeine free

herbal tea

STRATEGY

HOCKEV STICK

Rt end g

TO IMPROVE YOUR

60+ Lo Carn, Mgt Comaariafor Ay Ovrasion

The 5 E 1‘0\ S Y
Geometry 9323}. |
WC alth g;g?' DESSERTS

Al 3

How to shape a life of
money and meaning

BRIAN PORTNOY
o

Learning

Fundamentals

AN INTAODUCTION FOR BEGINKERS

Wk

e Choo Pan Cumu cham

Shop
innovative tech

exclusives
N

Gift Cards

>Shop now

Advertisement

Tap Below to Reorder

Your Dash Buttons Learn more

TAP HERE for info TAP HERE to buy

$108"

Buy now

See all your Dash Buttons

Prime Members
read free

prime reading
~—"



LOREM IPSUM

Q SsEARCH

MENU

#  Suspendisse
I Velit Sit Amet
% Pellentesque

<]

=

Volutpat
Pretium Nulla

Eget Turpis

PROJECTS

Nunc venenatis

Maecenas

Curabitur

Dashboard > Ornare Orci Velit

Consectetur Adipiscing

Donec sollicitudin, ipsum non

$1,310

Nunc et metus magna

Nullam Ac Leo Vitae

5000
4000
3000

2000

e

1000

JAN FEB

Lorem Ipsum

Nunc faucibus dignissim nibh

. Cras Pharetra

_

Aenean Porta

Donec sollicitudin, ipsum non

$24,815

Nunc et metus magna

1,283

Cursus Id Arcu Eget

MAR APRIL
Aliquam
Nunc faucibus dignissim nibh

Donec orci nulla

Lobortis non nisi quis

3,155

Cursus Id Arcu Eget

MAY

872

650

Aenean Porta

Donec sollicitudin, ipsum non

94.2%

Nunc et metus magna

JUN JULY

Phasellus Interdum

Dignissim nibh

Bibendum
|

Lorem Ipsum

Dolor Sit Amet

- Aenean Porta

Donec sollicitudin, ipsum non

Nunc et metus magna

‘ Integer

\ Nam ultrices

Phasellus vulputate

Vivamus

{ NULLAM SAPIEN )

on  Tue Wed Thu Fri Sat

20 21 22 23 24 25

27 28 29 30 31

Nunc Leo Tortor

Nunc faucibus dignissim nibh

Fels ligula rutrum orci 2016

Phasellus interdum ligula eget turpis

Sed id egestas 2016
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Improving Development Practices



Data-Driven Decision Making




Hypothesis-Driven Development




Hypothesis-Driven Development

Problem:
Too many software defects

3 @

a



Hypothesis-Driven Development

Problem:
Too many software defects

Hypothesis:
Pair programming will
reduce software defects

3 @

a



Hypothesis-Driven Development

Problem:
Too many software defects

Hypothesis:
Pair programming will
reduce software defects

3 @

Experiment:
Pair for 4 sprints
and track defects

a



Hypothesis-Driven Development

Problem:
Too many software defects

Hypothesis:
Pair programming will
reduce software defects

3 @

Experiment:
Pair for 4 sprints
and track defects

a

Level of Support:
20% decrease in defects



Hypothesis-Driven Development

Problem:
Too many software defects

Hypothesis:
Pair programming will
reduce software defects

3 @

Analysis:
Defects decreased
by 30% per sprint

Experiment:
Pair for 4 sprints
and track defects

a

Level of Support:
20% decrease in defects



Hypothesis-Driven Development

Problem:
Too many software defects

Hypothesis:
Pair programming will
reduce software defects

Analysis:
Defects decreased
by 30% per sprint

Experiment:
Pair for 4 sprints
and track defects

Decision:

Level of S t:
Continue pairing evel of Suppor

20% decrease in defects



Hypothesis Stories

<Hypothesis>

We assume that <hypothesis>
Will result in<outcome>

We will have succeeded when <measurable result>



Hypothesis Stories

Pair Programming Hypothesis

We assume that pair programming
Will result in less software defects

We will have succeeded when we have seen a 20%
or greater decrease in defects after 4 sprints.



Not all hypotheses are testable
or should be tested.
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Feature Toggles

New Feature Feature Toggles User Groups
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Feature Toggles

New Feature Feature Toggles User Groups
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DevOps Pipeline

Source .
-




DevOps Pipeline

Source .
-




Source: NDepend




Dd NDepend.All.vb - Microsoft Visual Studio
FILE EDIT VIEW PROJECT BUILD DEBUG

-0 |B-2RE|2-C | st

Code Metrics View + X

TEAM TOOLS TEST ARCHITECTURE  NDEPEND

'|F”=

RESHARPER ~ ANALYZE

DEVEXPRESS  WINDOW

-

% - | Level |Method - Size | # lines of code (LOC) |l P =" Color | Percentage Coverage
| 1

M| R

1210]dx3 13AI3S

[E] Fitin Window & x1 & [o" [t o 3 7]

X0q|00 |

Error List

Y ~ | 0 Show description of the method

% Context-Sensitive Help

0 Errors |

Descripti
ceenpron proportional to # lines of code (LOC) of the corresponding method.

The color of a rectangle depends on its method value for the metric Percentage
Coverage. Rectangles without such value remain gray.

Source: NDepend

In this Metric View, each rectangle represents a method. The area of a rectangle is

Min

Gradient
Beyond @

EmlE

Treemap helps see
patterns that would be hard
to spot with other ways

Introduction

Too Big - Too Complex

View Code Coverage

View Code Structure

Pinpoint Where Are Flaws

Quick Launch Pl = (| 0

! PATRICK SMACCHIA ~

Solution Explorer
o o-a| s -
Search Solution Explorer (Ctrl+$)

fa Solution 'NDepend.All.v6' (27 projects)

4 App

NDepend.Analysis

NDepend.API

NDepend.Console

NDepend.Core
NDepend.Platform.DotNet
NDepend.ReflectorAddin

NDepend.Ul
NDepend.VisualStudioExtension
NDepend.VisualStudioExtension.DotNeg
NDepend.VisualStudioExtension.Impl
NDepend.VisualStudioExtension.Install
VisualNDepend

Integration

Test

SUOIIEIIHIION

Vv vV VvV VvV VVVVVvVYVvY

Solution... RFLGLEIE

Properties Code Ana...




How maintainable is our code’?
How complex is our code?

How should we organize our code?



L‘le OI\/L7/ \/AL\o[ M€ ASURE. Me /T
OF Coche. QMALH’\/ WTFS/MWMT-C

A
R e
% -
I gl
W
II T
| \ ¥
co ocle Q"q’
e COc (7%
L)ITF :RW‘@W i i <
= 41
—. — Wrr
/,/
-

(¢) 2008 Focus Shift

Eodel code BAd codle.

Source: http://www.bernie-eng.com/blog/wp-content/uploads/2011/03/code.jpg



Source Control Metrics



Pull requests Issues Marketplace Explore

matthewrenze / matthewrenze.com @® Unwatch~ 3 % Unstar 3 Fork 2
Code Issues 0 Pull requests 0 Projects 0 Wiki lili Insights Settings
Pulse
4
Contributors 3
2
Community ]
Traffic 0 .
0716 0806 0827 0317 10/08 1029 115 1210 1231 0121 0211 03/04 0325 0415 0506 0527 0617 07/08
Commits
Code frequency 3
30
Dependency graph
25
Network
20
Forks
15
1
10
0.5
0 0 0 0 0
0.08 @ @

Sunday Maonday Tuesday Wednesday Thursday Friday Saturday



How often are we checking in code?
Which files are modified most frequently?

How is our code evolving over time?



Source: http://talkingincode.com/wp-content/uploads/2014/12/crapcode.png



Software Telemetry



M Visual Studio Online / Application Insights* Richard Davis | # @

OVERVIEW  AVAILABILTY  PERFORMANCE  USAGE  DIAGNOSTICS .
Add application @
Server Performance

Selacted date range Last 48 hours

ool

FF-Intranet-Test ~ Server Performance

Response time distribution
How many requests have high latency?

Response Time and Load vs. Dependencies

Do my dependencies and response times scale under load? ® Request Rate (rps)

@ Avg. Response Time (s)

3.00rps
30s
2.50ms 255 %
2.00rps 5
Ds 60%
1.50mps 1.5
40%
1.00rps 105
0.50rps 0.50s 20%
0.00rps - - — -— . v " " vy — - 0.0s i - - - - 0%
01/22 1:43PM 01/22 2:00PM 01/22 2:16PM 01/22 2:33°M 01/22 2:50PM 01/22 3:06PM <50ms 1-25s 5-15 2-35 >55
1.15ms| [12s Exceptions Rate
How many exceptions are thrown per second?
0.00rps - ———— J0.0s 0330
01/22 8:06PM 01723 10:00AM 01723 1153°M 0200
0.000 ~ - o o
01/22 2:00°M 01722 2:33PM 01/22 3:06PM
Resource Type Calls Weight Avg Reqs/Sec P CPU Network
@ (localdb)\v11.0|FabrikamFiber-Express Sql 2.58k 8672% 20ms 03932 How much CPU does my service consume? What is the network 1/O rate for my service?
® (localdb)\v11.0jmaster Sql 180 21% 68ms 0.0027 11.19% 449D
@ httpsy//deservices.visualstudio.com/ HTTP 300 11.18%  219ms 0.0045
0.00% s 0.000
01/22 2:33PM 01/22 2:33PM
Top 10 slowest requests by issue count Memory In Use Average Instance Count
Description Avg Max Last Date How much memory does my service use? How many instances does my service utilize?
MVC page : Home.ndex [28 270 ms] slow at FabrikamFiber.DAL DataServiceTicketRepositoryAllincluding() [.. 26.51s 2823s 2014/01/22 02:13:03 PM 129Gb 1.00
1.00Gb
MVC View rendering: Index [11.461 ms] slow at MVC View rendering: Index [11,461 ms] 1009s 11465 2014/01/22 01:32:04 PM __—/_\_
MVC page : Home.ndex [15,514 ms] slow at MVC page : Home.Index [15,514 ms] 1551s  1551s 2014/01/22 02:50:00 PM 0.000 01/22 2:33PM 0.00 01/22 2:330M



Which teatures are being used?
How long to complete a task?

s someone hacking into our system?
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DevOps Pipeline

Source .
-




DevOps Pipeline

Source .
-




How Do | Get Started?



What are t

a data-dri

ne Ingrec

ients of

Ven ente

prise’?



Technology
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What is the process of becoming
a data-driven enterprise?









1. Collect

Collect



1. Collect

Transactions

Logging
Digitization

Collect



1. Collect

Transactions
Logging
Digitization
Telemetry
Experiments
External data

Collect



2. Organize

Collect



2. Organize

Transform
Clean
Store

Collect




2. Organize

Transform

Clean

Store

Data ETL

Data Warehouse
Data Lake

Collect



3. Analyze

Collect



3. Analyze

Reports
Dashboards

KPl monitors m
Organize

Collect



3. Analyze

Reports

Dashboards

KPI monitors

Data mining
Descriptive analytics
Diagnostic analytics

Measure



4. Predict
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4. Predict

Prescriptive analytics .
Machine learning Organize

Collect



5. Automate




5. Automate

Artificial intelligence
Deep learning
Reinforcement learning










Advice for Success

Get buy-in from leadership
~ocus on low-hanging fruit
Don't silo data science teams

Democratize your data



Advice for Success

Get buy-in from leadership Embrace smart failure
~ocus on low-hanging fruit Focus on feedback

Don't silo data science teams Embed data collection
Democratize your data Avoid the Observer Effect



Conclusion



Where to Go Next?



Pluralsight Courses

Data Science: The Big Picture
Data Science with R

Exploratory Data Analysis with R
Data Visualization with R (3-part)
Deep Learning: The Big Picture

https://www.pluralsight.com/authors/matthew-renze
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News

2017-08-25 - Invitation to Speak at Devoxx Morocco DEVOX
MOROCCO

Very excited to announce that I've been invited to give a keynote in 7~

Casablanca at Devoxx Morocco in November. My keynote presentation will =

be on Artificial Intelligence. Q

2017-08-16 - Invitation to Speak at Microsoft Ignite

Matthew is a data science
September. This will be my first time speaking at Ignite. Talks will include . consultant, author for

I've been invited to speak at Microsoft Ignite in Orlando, Florida in

Pluralsight, international
public speaker, a Microsoft
MVP, ASPInsider, and open-
source software contributor.

both Data Science and Machine Learning with R.

2017-08-14 - Dev on Fire Interview

www.matthewrenze.com
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What data science is
Why it is important

How to get started






Are you prepared?
s your team prepared?

s your organization prepared?






Thank You!

Matthew Renze
Data Science Consultant
Renze Consulting

Twitter: @ matthewrenze
Email: info@matthewrenze.com
Website: www.matthewrenze.com



https://twitter.com/MatthewRenze
mailto:info@matthewrenze.com
http://www.matthewrenze.com/

