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Hello!

Txoog Bevroupnc

Data Scientist and
Game Designer @
Hattrick Ltd

You can find me at:

E] @tasosventouris n Tasos Ventouris



More About Me!

(2012) BSc Mathematics @ Math Auth
(2013) MSc Web Science @ Math Auth
(2013) COO @ Open Knowledge Greece
(2014) Mentor @ Open Knowledge Inter.
(2014) Data Scientist @ Hattrick

(2016) Found stackprime



The Data Science Handbook

T H E

DATA SCIENCE
HANDBOOK

ADVICE AND INSIGHTS FROM
25 AMAZING DATA SCIENTISTS
FOREWORD BY JAKE KLAMKA

D Patil, Hilary Mason, Pata Sk h, Riley Ni
George Roumeliotis, Kevin Novak, Jace Kohimeier, Chris Moody, Erich Owens, Luis Sanchez,

Eithon Cadag, Sean Gourley, Clare Corthell, Diane Wu, Joe Blitzstein, Josh Wills, Bradley Voytek,
Michalangelo D'Agestino, Mike Dewar, Kunal Punara, Wiliam Chen, John Foreman, Drew Conway
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Timeline

1960 - Computer Science = Data Science oo Peter Naur

1974 - MpwTN pop& O dnpooievon amno Peter Naur

1996 - ZUVEDPLO pE TLTAO “Data Science, classification, and related
methods”

1997 - O\ Lo ToV Jeff Wu pe TUTAO “Statistics = Data Science?”

2001 - William S. Cleveland xpnotpomnoinoe Tn Data Science w¢
XVEEXPTNTO O0po o€ XpOpo TNC “International Statistical Review”
2002 - Committee on Data for Science & Technology. Néo mepLodkod pe
T(TAO Data Science Journal

2003 - The Journal of Data Science an6 Columbia University

2008 - DJ Patil & Jeff Hammerbacher xpnotponoinoov Tov T(TAO
Data Scientist

2012 - ApBpo oo Harvard Business Review pe TLTAO “Data Scientist:
The Sexiest Job of the 21st Century”



Data Science

Bubble or not?



DATA

Data Scientist: The
Sexiest Job of the 21st
Century

by Thomas H. Davenport and D.J. Patil

FROM THE OCTOBER 2012 ISSUE

B [ 4 l,_P uH = $8.95
. v

SUMMARY SAVE SHARE COMMENT EXT SILE PRINT BUY COPIES

hen Jonathan Goldman arrived for work in June 2006 at LinkedIn,

the business networking site, the place still felt like a start-up. The

company had just under 8 million accounts, and the number was

growing quickly as existing members invited their friends and colleagues to join.




T THOUGHT [ HAD THE
SEXIEST W08 OF THE

2157 cennry!




¢¢

The creation of data products

*Data product = ‘Eva gpyaAegio TTou dnuioupyndnke pe N
xpnon 0edopEVwY Kal Bonddasl otn Awn atroPpAacewVv.
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Data Scientist

Mol VL TX XXPOXKTNPLOTLKX
TOU;



¢¢

Josh Wills ( )
Follow A%
@josh_wills

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

13
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A Data Scientist is a statistician
who lives in San Francisco &

14



A Data Scientist is a person who is able to...

15



A Data Scientist is a person who is able to...

run a regression

15



A Data Scientist is a person who is able to...

run a regression
write a sql query

15



A Data Scientist is a person who is able to...

run a regression
write a sql query
scrape a web site

15



A Data Scientist is a person who is able to...

run a regression
write a sql query
scrape a web site
design an experiment

15



A Data Scientist is a person who is able to...

run a regression
write a sql query
scrape a web site
design an experiment
factor matrices

15



A Data Scientist is a person who is able to...

run a regression
write a sql query
scrape a web site
design an experiment
factor matrices

use a data frame

15



A Data Scientist is a person who is able to...

run a regression

write a sql query
scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python
use mapreduce

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python

use mapreduce
build a dashboard

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python

use mapreduce
build a dashboard
clean up messy data

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python
use mapreduce

build a dashboard
clean up messy data
test a hypothesis

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python
use mapreduce

build a dashboard
clean up messy data
test a hypothesis
script a shell

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python
use mapreduce

build a dashboard
clean up messy data
test a hypothesis
script a shell

hack a p-value

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site
design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python
use mapreduce

build a dashboard
clean up messy data
test a hypothesis
script a shell

hack a p-value
machine-learn a model

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site

design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python
use mapreduce

build a dashboard

clean up messy data
test a hypothesis

script a shell

hack a p-value
machine-learn a model
talk to a business person

15



A Data Scientist is a person who is able to...

run a regression

write a sql query

scrape a web site

design an experiment
factor matrices

use a data frame
pretend to understand
deep learning

steal from the d3 gallery

argue r versus python
use mapreduce

build a dashboard

clean up messy data
test a hypothesis

script a shell

hack a p-value
machine-learn a model
talk to a business person

15



To JOoVOTIATI EVOC
Data Scientist

RPG character?
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To povormatt Tou Data Scientist

5. Text |linglM.P. ™Y

Clusrering

S
Perceptropg i e -

Linaar Regression .
Regression

Malrices & Linear Algebra Fundamentals ()
Hash Functions. Binary Tree, Cfn)

Relational Akge asics (@)

ss, Theta Jon (@)

AP Theorem (@)

abular .

Data Frames & Series () 0.
%
sharding (@) oy,

x

using ETL (@)

Sampling

Component ()

% Gocgle OpenRefine (@) Analysis I

® o 0 @it DaaSunvey (—

Extraction

Using
Mahout

Fl
< M

S
.-“‘? ."v @ sing NUTK

cumul DistFn {COF) () e
Random Variables (@) Reading CSV Data ()
yes Theorem (@) Reading Raw Data ()

a Matrice

Probability Theory (@) Subsetting Data (@)
Manlpulate ectors

Data Frames apid

Minee

nctions @) variablos

oue @ Explorato o

Muitidimensianal Data Mod

SPss

Descrigtive Statistics
(mean, metien, range, SO, Var)

@) s Dutzset
{UCI Repo)

@ tame & Data Node

@ sctup Hadoop (18M / Clouder
@ D:t4 Relication Principles
@ tors

@ Hadoop Components

@ "ap Reduce Fundamentals

Big Data

@ Dara Explovation in R (Hist, Baxplot etc)

@ Uni i & Multivariate

gram & Pie {Uni)

@ ree  Tree Map
10. Toolbox
@ scatter Plot (B7)

@ Linecl (8l) S w! Analysis Tool
@ spatial Chart
@ sunvey Plot @ R R-Studio, Ratle

o° (@ rime @ Wiz, Knime, RapidMine

® @ ocisonine

@ Hixdoop Dist of Choic

@ reuch, Talend. Scrapennik
akeeper @ Webscraper, Flume, Sqaop

Avro
o (@ 0, RWeka, NLTK

@ rHire

@ oais, ggplee2, Shiny

17



Use your brain to take decisions
Don’t use it to store info

18



Data Science
Process

Molx elvaiL TO BAMOTX;
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To 1997

Interpretation
/ Evaluation

Data Mining
Transformation ﬂ
Preprocessing I I I Information
==/~ Patterns
Selection e
== .
N » Transformed

D
v Preprocessed ata
s Data
- /'Target Data

Data

20



To 2000

(

<€

< A

\ ) Business

Understanding

Data Data 3 :
)Understandmg) Preparation ) Modeling ) Evaluation )Deployment

Identify project

objectives

Collect and review Select and cleanse Manipulate data and Evaluate model Apply conclusions
data data draw conclusions  and conclusions to business

21



Reality???
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Machine Learning
H cAANLWC unxovéC pkbnonc

23



Machine Learning family

Meaningful
Compression

Structure Image

. e Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai : Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
L ]
M ac h I n e Population

Growth
Prediction

Recommender Unsupervised SuperVISed

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation L e a r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks

24



Azure ML

https://studio.azureml.net



What is Azure Machine Learning?

One of the best tools to learn ML

Drag and drop

R, Python, SQL, Jupyter integration

No code (if you don’t want it)
Web Service (RESTful API)
Part of Azure Cloud

26



Azure ML Modules

Iris Two Class Data

T

Two-Class Logistic Regression v

Train Model

;n&n Split Data

~
—

| 8] Score Model

v

—

Evaluate Model

27



User interaction

[

& WA_Fn-UseC_-Telco-Custo... J

¥

Download

Visualize

Generate Data Access Code...

Open in a new Notebook

28



Dataset Preview

Churn Rate Telco » WA_Fn-UseC_-Telco-Customer-Churn.csv » dataset

rows columns

7043 21
customerlD gender  SeniorCitizen Partner  Dependents tenure PhoneService  MultipleLines  InternetSe

S i oo M b s LI I
;’,5:\),'% Female 0 Yes No 1 No ?e‘l’_v‘;::“ DSL
25N7‘5,-DE Male 0 No No 34 Yes No DSL
3QGPFY8i3K Male 0 No No 2 Yes No DSL
Z;’SE;W Male 0 No No 45 No ?e‘;v‘;lc‘:“e DSL
?-12(:2;I7TU Female 0 No No 2 Yes No Fiber opti
?:::;)gi(c Female 0 No No 8 Yes Yes Fiber opti
,1 ﬁiz,-,,, Male 0 No Yes 22 Yes Yes Fiber opti
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7043 21
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wr W M. M L e L . In
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Dataset Preview

Churn Rate Telco » WA_Fn-UseC_-Telco-Customer-Churn.csv » dataset

rows columns

7043 21
customerlD gender  SeniorCitizen Partner  Dependents tenure PhoneService  MultipleLines  InternetSe

oI | O | I I R | .| In
35:\),'% Female 0 Yes No 1 No i‘l’_v‘;:g"c DSL
251;3-[)}3 Male 0 No No 34 Yes No DSL
3Q6;3i3K Male 0 No No 2 Yes No DSL
Z:;%&:w Male 0 No No 45 No iﬁv‘i‘:"e DSL
?{2(:;17’1-'U Female 0O No No 2 Yes No Fiber opti
?:3[())31-@ Female 0 No No 8 Yes Yes Fiber opti
,1 iiz,-,,, Male 0 No Yes 22 Yes Yes Fiber opti
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Dataset Preview

PaymentMethod = MonthlyCharges [ =& FTAHE Ch '
I |, . [
Electronic 29.85 29.85 Nc
check

Mailed check  56.95 1889.5 Nc
Mailed check  53.85 108.15 Ye
Bank transfer ) 5 184075 Ne
(automatic)

Elecironic 707 151.65 Ye
check

Electronic 99.65 820.5 Ye
check

Credit card 89.1 1949.4 Ne

4 Visualizations

TotalCharges
Histogram

2600 -
2400 -
2200 -

@ ol D> DD I JRNING JENNG TN )
QY X »\S X x X X X X X
he $9e > fﬁoz '550 h.b& c;.]re 61\0 '\.Qz '\iﬁe %'_\e

TotalCharges
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Dataset Preview

j PaymentMethod MonthlyCharges =& FToEE Churn ‘ ‘ | 2
— 4 Statistics
I Luin, W Mean 2283 3001
Median 1397.475
Electronic Min 18.8
check 29.85 29.85 No Max 8684.8
Standard Deviation 2266.7714
Mailed check 56.95 1889.5 No Unique Values 6530
Missing Values 11
Mailed check 5385 108.15 Yes Feature Type Numeric Feature
Bank transfer » Visualizations
. 423 1840.75 No
(automatic)
Electronic 707 151.65 Yes
check




Dataset Preview

PaymentMethod  MonthlyCharges
I Lt

Electronic

check 29.85

Mailed check 56.95

Mailed check 53.85

Bank tra{xsfer 423
(automatic)

Electronic

check 707

otalCharg

29.85

1889.5

108.15

1840.75

151.65

Churn

No

No

Yes

No

Yes

>

4 Statistics
Mean 2283.3004
Median 1397.475
Min 18.8
Max 8684.8
Standard Deviation 2266.7714
Unique Values 6530
Missing Values 11

Feature Type

Numeric Feature

» Visualizations
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Data Transformation

32



Data Transformation

Filters (like median and moving average)
Manipulation (add/remove/edit/join data)
Sample/Partition/Split

Scale and Reduce (Normalize, PCA)

32



Missing Data

Draft saved at 12:06:12 4 Clean Missing Data

p Columns to be cleaned

% WA_Fn-UseC_-Telco-Custo... Selected columns:

® Column type: Numeric, All

\ Launch column selector ‘

% Edit Metadata v
Minimum missing value ra...
v Lo |
;-&l! Edit Metadata v
Maximum missing value r...
e B |
[gn Clean Missing Data J Replace using MICE
(1) (2) v Custom substitution value
\/ =/ Replace with mean

Replace with median

Replace with mode

Remove entire row

Remove entire column

Replace using Probabilistic PCA
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Draft saved at 12:06:12 4 Clean Missing Data

p Columns to be cleaned

% WA_Fn-UseC_-Telco-Custo... Select -
® Columh type: Numeric, All

\ Lau'nch column selector ]

% Edit Metadata v
Minimum missing value ra...
v Lo |
% Edit Metadata v o
Maximum missing value r...
e B |
[;-&l! Clean Missing Data J Replace using MICE
(1) (2) v Custom substitution value
=/ / Replace with mean

Replace with median

Replace with mode

Remove entire row

Remove entire column
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Missing Data

% WA_Fn-UseC_-Telco-Custo...

an Edit Metadata v
;-&l! Edit Metadata

Draft saved at 12:06:12

Jo

v

B Clean Missing Data
["‘“ @) )
\_/ —/

4 Clean Missing Data

Columns to be cleaned

Select
Columh type: Numeric, All

L .
’ Launch column selector ]

Minimum missing value ra...
Lo |

Maximum missing value r...

L |

Replace using MICE
v Custom substitution value
Replace with mean
Replace with mode
Remove entire row
Remove entire column
Replace using Probabilistic PCA

33



Who said anything about PCA?

Properties Project

4 Principal Component Analysis
Selected columns

Selected columns:
All columns
Exclude column names: Churn

Launch column selector

Number of dimensions to reduce to
5

¥  Normalize dense dataset to zero mean

Churn Coll Col2 Col3 Col4 Col5

II ,......|I| .|"|||||| ._.l"ll.. _..|I|"|l I|I||
No -30.114524 -26252327 -13.708871 -1.2272 0.131734
No -1890.149954  -28.87522 -33.194957 -0.027303 -0.109888
Yes -108.624725 -47016248 -24223736 0.007596  0.026025
No -1841.375793 -11.064167 -37.19584 -1.000805 -0.206422
Yes -152.266892 -61.998133 -31.166208 0.691678  0.834274
Yes -821.369645 -82.763106 -41.403142 223297 0.407882
No -1950.216186 -62.811068 -35.933343 1.388941 0.096455
No -302.22283 -21.135979 -18.480932 -1.283869 0.127006
Yes -3046.970944  -70.070366 -35254616 2.144601 -0.193108
No -3488.719888 -9.714618 -39.038345 -0.455416 -0.216679
No -587.952346 -36.834956  -26.713525 -0.171909 -1.112032
No -327.081096 -8.594353 -18.7961 2.372951 0.482018
No -5682.046789 -42.791289 -28.989216 1.617872  0.225253
Yes -5037.245107 -52244455 -30.015284 1.695195 1.1711
No -2686.977808 -73.381479 -37.10689 2.192411 -0.0909
No -7896.135576  -41.037799 -18.313305 2.017786  -1.204476
No -1023.513935 8.407268 -43.570055 2.160647  0.910689
No -7383.236219 -36.257137 -23291982 1.593812  0.046805
Yes -528.875633 -43075567 -27.043751 0.347563 -1.821551
No -1863.722043  -64.440662 -36463617 1.553473  0.647516
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Split Data

Draft saved at 12:09:35 4 Split Data
p Splitting mode
co-Custo... " Split Rows 4
- Fraction of rows in the firs...
:adata v 08
® Randomized split
=II Edit Metadata v Random seed
0
R Stratified split
% Clean Missing Data | True s
\ Stratification key column
- Selected columns:
gll Split Data Column names: Churn
(1) (2)

\_/ \_/ Launch column selector




Train Model

4 Two-Class Boosted Decision Tree

jo, Create trainer mode

& WA_Fn-UseC_-Telco-Custo... | Single Parameter

Lﬁ Maximum number of leaves per tree

% Edit Metadata v I 20

® Minimum number of samples per leaf node

[ 10
% Edit Metadata v
Learning rate
Rv [ 02
m . e
( Two-Class Boosted Decision... +/ ] win Clean Missing Data Number of trees constructed
(1) H [ 200
B . Random number seed
SEn Split Data v I
1 Allow unknown categorical levels
Train Model v START TIME 3/19/2018 1:14:27 PM
END TIME 3/19/2018 1:14:27 PM

ELAPSED TIME 0:00:00.000
Quick Help



Visualise the results

Statistics
#&h @ Contract Month-to-month

2 . PREDICATE Contract.Month-to-month £ 0.5
'IL SPUT GAIN 28876266

3 ﬁ;..& @ ItemetSenvic InternetService.Fiber optic
N PREDICATE InternetService Fiber optic < 0.5

A SPUTGAIN 0909322

4 44 A v
GAIN P-VALUE 0.000002
nure tere
5 <55 £145
T T tenure
/ \ PREDICATE tenure < 705
6 % TecrSuppartNo| ProneSenvice N TeralCharges teure SPUTGAIN 0425254
<0, 0.5 <1168 545
? 8 GAIN P-VALUE 0.00116
o
7 i
PaymertMethod | tenwre @ MorthiyCharges PaymenthMethod |
MontryCharges Cninesecurty. SerorCazen “‘wnp«m«. |
> diy w) L=
’ g @ ‘E oo @ ‘H @ @

~ OO
12_,?} O——0——0Q) [ = & D=
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ITUe rosiuve Kate

Evaluate Model

ROC PRECISION/RECALL LFT

10

09

08

0.7

06

0.5

04

03

0.2

01

0.0

True Positive

220

False Positive

155

Positive Label
Yes

0.0 0.1 0.2 03 04

False Negative
154

True Negative

880

Negative Label
No

Accuracy

0.781

Recall

0.588

Precision

0.587

F1 Score
0.587

Threshold *©

0.5

AUC
0.831
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Feature Importance

Feature Score
I h..
TotalCharges 0.046842
tenure 0.044713
Contract 0.02626
InternetService 0.014904
MonthlyCharges  0.012775
gender 0.011356
OnlineSecurity 0.007807
StreamingTV 0.006388
MultipleLines 0.005678
DeviceProtection  0.004968
PaperlessBilling 0.004968
OnlineBackup 0.003549
StreamingMovies  0.003549
Partner 0.002129
PaymentMethod 0.002129
customerID 0
Dependents 0
SeniorCitizen -0.00071
PhoneService -0.004258
TechSupport -0.007097
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Overfitting?

Fold Number Nsmber of examples i Model Accuracy  Precision  Recall F-Score AUC Average Log Training Log
fold Loss Loss

I | . [ [ T | . uhlh

0 563 FastTree (Boosted Trees) — g6aq66 0562014 0559211 0.561056 0.839192  0.534286 8.393712
Classification

1 563 FastTree (Boosted Trees) 14499 6 0576923 0.588235 0.845248 0.50832 5.930884
Classification

2 563 FastTree (Boosted Trees) 995919 570423 0.6 0584838 0.825926 0.566742 -2.887989
Classification

3 564 FastTree (Boosted Trees) 960504 0597315 0559748 0577922 0.824862  0.61291 -3.05289
Classification

4 563 FastTree (Boosted Trees)  jeces6 057764 0641379 0.607843 082267  0.604139 -5.900671
Classification

5 563 FastTree (Boosted Trees) 907513 693878 0596491 0.641509 0.821645  0.632643 3037724
Classification

6 564 FastTree (Boosted Trees) 01418 0641892 0616883 0.629139 0860722 051324 12.456428
Classification

7 564 FastTree (Boosted Trees)  oa6s06 0518519 0534351  0.526316 0806322 0.596914 -10.130905
Classification

8 563 FastTree (Boosted Trees) 704354 508639  0.582781 0.590604 0.813661 0.67963 -16.882113
Classification

9 564 FastTree (Boosted Trees) 091099 648438 0497006 0562712 0837252  0.576799 5057164
Classification

Mean 5634 FastTree (Boosted Trees) 005047 0600966 0576477 0587017 082975  0.582562 -1.00541
Classification

—— 5634 FastTree (Boosted Trees) 1509 0049781 0041509 0033712 001601 0054216 8.979025

Deviation Classification
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Fold Number :\lumberof examples in Model Accuracy  Precision  Recall F-Score AUC Average Log Training Log
old Loss Loss

I | . [ [ T | . uhlh

0 563 FastTree (Boosted Trees) — g6aq66 0562014 0559211 0.561056 0.839192  0.534286 8.393712
Classification

1 563 FastTree (Boosted Trees) 14499 6 0576923 0.588235 0.845248 0.50832 5.930884
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2 563 FastTree (Boosted Trees) 995919 570423 0.6 0584838 0.825926 0.566742 -2.887989
Classification

3 564 FastTree (Boosted Trees) 760504 0597315 0.559748  0.577922 0824862 0.61291 -3.05289
Classification

4 563 FastTree (Boosted Trees)  jeces6 057764 0641379 0.607843 082267  0.604139 -5.900671
Classification

5 563 FastTree (Boosted Trees) 907513 693878 0596491 0.641509 0.821645  0.632643 3037724
Classification

6 564 FastTree (Boosted Trees) 01418 0641892 0616883 0.629139 0860722 051324 12.456428
Classification

7 564 FastTree (Boosted Trees)  oa6s06 0518519 0534351  0.526316 0806322 0.596914 -10.130905
Classification

8 563 FastTree (Boosted Trees) 704354 508639  0.582781 0.590604 0.813661 0.67963 -16.882113
Classification

9 564 FastTree (Boosted Trees) 091099 648438 0497006 0562712 0837252  0.576799 5057164
Classification

Mean 5634 FastTree (Boosted Trees) 705047 0.600966 0.576477 0587017 082975  0.582562 -1.00541
Classification

——— 5634 FastTree (Boosted Trees) 1509 0049781 0041509 0033712 001601 0054216 8.979025

Deviation Classification
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Overfitting?

Fold Number ;\lumber of examples in Model Accuracy  Precision  Recall F-Score AUC Average Log Training Log
old Loss Loss

I | . [ [ T | . uhlh

0 563 FastTree (Boosted Trees) — g6aq66 0562014 0559211 0.561056 0.839192  0.534286 8.393712
Classification

1 563 FastTree (Boosted Trees) 14499 6 0576923 0.588235 0.845248 0.50832 5.930884
Classification

2 563 FastTree (Boosted Trees) 995919 570423 0.6 0584838 0.825926 0.566742 -2.887989
Classification

3 564 FastTree (Boosted Trees) 760504 0597315 0.559748  0.577922 0824862 0.61291 -3.05289
Classification

4 563 FastTree (Boosted Trees)  jeces6 057764 0641379 0.607843 082267  0.604139 -5.900671
Classification

5 563 FastTree (Boosted Trees) 907513 693878 0596491 0.641509 0.821645  0.632643 3037724
Classification

6 564 FastTree (Boosted Trees) 01418 0641892 0616883 0.629139 0860722 051324 12.456428
Classification

7 564 FastTree (Boosted Trees)  oa6s06 0518519 0534351  0.526316 0806322 0.596914 -10.130905
Classification

8 563 FastTree (Boosted Trees) 704354 508639  0.582781 0.590604 0.813661 0.67963 -16.882113
Classification

9 564 FastTree (Boosted Trees) 091099 648438 0497006 0562712 0837252  0.576799 5057164
Classification

Mean 5634 FastTree (Boosted Trees) 705047 0.600966 0.576477 0587017 082975  0.582562 -1.00541
Classification

——— 5634 FastTree (Boosted Trees) 1509 0049781 0041509 0033712 001601 0054216 8.979025

Deviation Classification

Min: -3s+x =0.73
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Deviation Classification

Min: -3s+x =0.73
Max: 3s+x = 0.83
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| like to get my hands dirty...

Draft saved at 14:22:33

Jeol

e Execute Python Script

4 Execute Python Script

Python script

1
2
3

WwWoe N oWV

Python Version

# The script MUST contain a function named azureml_main
# which is the entry point for this module.

# imports up here can be used to
import pandes as pd

# The entry point function can contain up to two input
# Param<dctaframel>: @ pandas.DataFrame
# Param<dotaframe2>: a pandas.DataFrame
def azureml_main(datafremel = None, dateframe2 = None)

# Execution logic goes here
print('Input pandas.DataFrame #1:\r\n\r\n{0}'.form

# If a zip file is connected to the third input po
# it is unzipped under ".\Script Bundle". This dir
# to sys.path. Therefore, if your zip file contain
# mymodule.py you can import it using:

# import mymodule

# Return value must be of a sequence of pandas.Dat

—

e, Execute Python Script

[ Anaconda 2.0/Python 2.7.7
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I R ExeauteR Script

4 Execute R Script

R Seript

WoeNOWV A WwN e

R =
NV AWN RS

# Map 1-based optional input ports to variables
datasetl <- maml.mapInputPort(l) # class: data.frame
dataset2 <- maml.maplnputPort(2) # class: data.frame

# Contents of optional Zip port are in ./src/
# source("src/yourfile.R™);
# load("src/yourData.rdeta");

# Sample operation
data.set = rbind(datasetl, dataset2);

# You'll see this output in the R Device port.
# It"11 have your stdout, stderr and PNG graphics device(s).
plot(deta.set);

# Select data.frame to be sent to the output Dataset port
maml .mepOutputPort(“data.set™);

Random Seed

R Version

[ CRANR 310

“
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LET ME SPRINKLE SOME

e X%

Play time!




Thanks!

Any questions?



