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Dataiku in a few words

Dataiku is the developer of

Our mission: provide companies with the tools they need to carry out data-driven projects more efficiently

X
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Recent use of Data Science
Studio worldwide



Dataiku named a “visionary”

in Gartner 2017 Magic Quadrant for Data Science Platforms

Dataiku made its debut on the 2017
Magic Quadrant as
highest in execution for
Completeness of Vision

Gartner

Gartner, Inc., Magic Quadrant for Data Science Platforms, Alexander Linden, Peter Krensky, Jim Hare,
Carlie J. Idoine, Svetlana Sicular, Shubhangi Vashisth, 14 February, 2017.

This graphic was published by Gartner, Inc. as part of a larger research document and should be evaluated in the context of the entire document. The Gartner document is available upon request from
Dataiku. Gartner does not endorse any vendor, product or service depicted in its research publications, and does not advise technology users to select only those vendors with the highest
ratings or other designation. Gartner research publications consist of the opinions of Gartner's research organization and should not be construed as statements of fact. Gartner disclaims
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OUR CLIENTS (100+)
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Web

Clickstream analysis and customer segmentation

Churn prediction
Sales forecasting
Dynamic pricing
Recommendation engines

Industry & Infrastructure

v"  Predictive maintenance
v Logistics optimization
v Smart Cities

Bank & Insurance

v' Fraud detection
v Risk analysis and prediction

v’ Life events detection

Healthcare & Pharma

v Wearable devices
v" Personalized care
v' Treatment Optimization




How Pfizer Is Using Big Data To Power Patient Care
00006

Matthew Herper, rorees sTarr @
[ cover science and medicine, and believe this is biology's century. FULL BIO v

“Data will also help more efficiently develop medicines and better define which
patients will most benefit... We’re combining clinical, genomic, and real
world data to identify non-obvious correlations and define subtypes of
obesity among individuals, as well as predict who is at risk of diabetes or
cardiovascular disease earlier than we can now. These kinds of insights can

help assess how certain types of people may respond to medication, allowing us to
explore how we customize treatment depending on genetic, dietary or even lifestyle

factors.”

Geno Germano
Group President, Global Innovative Pharma Business, Pfizer




“Most suspicious

DSS for Fraud Detection in Health Care 10%> are 3 times

more likely to be
actual fraud cases

be

Publication of the

Prescriber Meta Data Cleaning, combining predictions

and enrichment of
data

Fraud detection
engine
Real time API
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Patient Meta Data

The models are

Detect key ~ Establishan continuously improved
variables in fraud interaction graph based on the most recent

detection to find hidden data. The predictions are

connections updated on a regular
basis.
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Sate Ageing with Sphere

Improve Falling Detection

700 million
x3

28.5%

12 million

Third leading

3/4

People older than 60 in 2006

Over last 60 years

of this population leave alone in the EU

fall every year in the U.S

Cause of death : strokes.

of all strokes happen to people over 65
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Healthcare direction : Summary

e Richest data sources

e Democratization
Connected Devices

Diabetic Retinopathy Detection

ka g g | e Goracticefuson” D13 betes Classification

But often few examples !
* Expensive clinical trials

e Fewdistinct patients

. . data
|OT : can connected object improve prevention? ku
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Epilepsy

Stats and figures
1-3% of the population
6 Types of epilepsy
15.5 billion Euros / year spent treating seizures
Dozens of existing treatments

Days to weeks of hospital time required to diagnose



Epilepsy + 10T

Faster, more comfortable diagnosis

BIOSERENITY"
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FEG

What is it?

POz

3
c4
F3
F4
P3

P4
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FEG

Seizures on an EEG
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FEG

Seizures on an EEG
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FEG

Spikes on an EEG
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Goals

Improve Epilepsy Diagnosis

Allow at-home EEG recording via wearable device
Detect seizures automatically

Detect spikes automatically

W=

Shorten time-to-diagnosis for patients with epilepsy



A data science workflow

Six steps to a predictive model

Business/Problem
Understanding

P

Data )
Preparation Model Creation

Iterntinn 1 I

lteration 2 ‘
Iteration n
Data Data
. i .
Acquisition Exploration & Evaluation
Understanding
Adapted from the CRISP-DM methodology

What does this process look like for 10T?
How can we optimize the workflow?

What tools do we have to build?

Creating a predictive model is an highly
iterative process.

Data Science Studio enables its users to
create and manage these projects from
end-to-end.

This process is not industry specific, and
can be applied to many use cases.

Scored

dataset
v

Model as

J an API

Deployment

data
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The concept

We're taking a digital sample of an analog signal

Data Collected True Signal



The Data

Needs

* Interpolation

* Missing data, synchronization fail

* Smart Sampling
« Zoom at different frequency levels
« Different sensors -> different frequency.

->how to merge ?

* Aggregation

data
IKu



Time Series as Relational Data

Time Stamp  Sensorl Sensor?2  Sensor3 l

10001 40 : 30 PostgreSQL

10002 . 50 34

10003 . 55 60

10004 43 20 .

10005 42 . 40 . J
Aggregation

Resampling NS
nterpolation x




Time Series as JSON

{

"sensorl":

{

10001:
10004 :
10005:

b

"sensor2":

{

10002:
10003:
10004 :

40,
43,
42

50,
55,
20

mongoDB

Aggregation
Resampling

Interpolation

Microsoft Azure
DocumentDB

NS

X
X



Time Series as Time Series

Time Series Database

HInfluxDB
E;E; OPEN airosDB
Aggregation J
Resampling J
Interpolation J




The data

1024 Hz x 24 channels =353 Mb / (hour x patient)

20 patients X 24 hours =170 Gb

Nightly transfers of data from device to cloud
(via wifi)

We want to scale to hundreds of patients with
days of data
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Visualizing Time Series

Lots of options!

Sparklines + Small multiples Zoom + Context Spectogram

octave register




Visualizing Time Series
Lots of JS libraries!

NVD3 Re-usable charts for d3.js

"
Y, HIGHCHARTS




Making Time Series Pipelines

Each step creates a time series from another

Low Pass Filter Window + Max
—> —>




Value

Making Time Series Pipelines

Some steps produce multiple time series

Time

Short-time Fourier Transform
>

IntensityT

: >
Time
IntensityT
: >
Time
IntensityT
>

Time

Frequency 1

Frequency 2

Frequency 3



Making a DAG for Time Series

Low PaV
‘%M’ Correlation

Ad'ﬁerentf'l\ | >

Window + Max

>




Signal Processing

Lots of libraries, lots of options

pandas

; — [ "1. . v
Vie =B it + pi + €3

o

Rename

Generate

Rolling mean
Rolling max
Rolling min

Rolling median
Wavelet decomposition
STL decomposition
Peak detection
Low pass filter
High pass filter
Convolution
Correlation
Short-time FFT

Implemented with
common interface

data
IKu
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Machine learning model
Spikes Target (Y)

:
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Annotation

Will there be a crisis in the next 15 minutes ?

Time Series
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Annotation

Will there be a crisis in the next 15 minutes ?

Time Series
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Annotation

Will there be a crisis in the next 15 minutes ?

Time Series
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Annotation

Will there be a crisis in the next 15 minutes ?

Time Series Data Frame
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Annotation

Classification with a twist

Data Frame
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Machine learning model

Feature engineering (X)

* Descriptive Features
e Patient Information, EMR, ...

 Time Series Feature

» Currentvalues, previous values,...
e Fourier, Wavelets, ...

« Correlation between series, eigenvalues of correlation matrix. ..

« More data means less feature engineering
* Thousands: Logistic/linear Regression + Expert knowledge
» Tens of thousands: Random Forest / Xgboost + Many features
* Millions of records: Deep Learning ?

i \ WMWWW# - WW’VMWM
Input layer Conv 1: Subsample 1: Conv 2: Subsample 2: FC t
46x46 px 40@22x22 40@11x11 100@7x7 100@3x3 500 output

gata
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Our Stack

Deep learning for loT

data
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Convolquns
The key for 10T Pro

(f *g)(t / f(t —7)g(7)dr

Wut?



Convolutions
The key for loT Processing

Input layer (S1) 4 feature maps

1 (C1) 4 feature maps (S2) 6 feature maps (C2) 6 feature maps

l convolution layer l sub-sampling layer l convolution layer l sub-sampling layer lfully connected MLP |

Wut?




Convolutions

The key for loT Processing

(f*g)(t

Qutput

36

1?
00

08 -

04 -

0888

— / (= r)g(r)dr

Input

250

T
'\ R — Sawtoolh Slgnal

i\

— Response

—— convolution of “Sawtocth Signal”, Rosponse

VA

50

Channel

200

1
250

Kernel
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Convolutions

Even simpler

1 P P 1 Kernel
X X X X
o 1 1 3 0 2 4 3 2 Input

[ T TR
0+2+2+3
]

6 Output
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Convolutions

Fven simpler

1 P P 1 Kernel

c 1 1 3 0 2 4 3 2 Input

o 9 Output

data
IKu



Convolutions

Fven simpler

1 P P 1 Kernel

c 1 1 3 0 2 4 3 2 Input

6 9 9 Output
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Convolutions

Fven simpler

1 2 2 1
X X

3+ 0+ 4+ 4

11

Kernel

Input

Output

& data
@ iku



Convolutions

Fven simpler

1 P P 1 Kernel

0 1 1 3 0 P 4 3 P Input
0+ 4+6+3

o 9 9 11 13 Output

data
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Convolutions

Fven simpler

1 P P 1 Kernel

0 1 1 3 0 P 4 3 P Input

o 9 9 11 13 18 Output



Convolutions

Problems

How do we choose 9(T) ?

Fit via backprop

How many 9(7) do we need?

We're using 64

What does this have to do with Deep Learning?

't's convolutions all the way down



One of our networks

Problems
convolutionld_input_1 (InputLayer) i i
l convolutionld_3 (Convolution1D) dropout_1 (Dropout)
convolutionld_1 (Convolution1D) l l
l maxpooling1d_3 (MaxPooling1D) dense_2 (Dense)
maxpoolingld_1 (MaxPooling1D) l l
convolutionld_2 (Convolution1D) l l
l dense_1 (Dense) dense_3 (Dense)
maxpoolingId_2 (MaxPoolinglD)
data

KU



Convolutional layers
Dense layers

One of our networks

Convolutions + Dense

data
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One of our kernels
16 channels in the EEG

channel_00 channel_01 channel_02 channel_03
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One of our kernels
16 channelsin the EEG

channel 08

0.05-
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Another one of our kernels
16 channels in the EEG

channel_00 channel_01 channel_02 channel_03
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Another one of our kernels
16 channels in the EEG

channel 00 channel 01

0.05- -
0.00- -
—0.05-
—0.10~- -

=015 v v o o T T T L
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Machine learning model
Target ()
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Split 1: Awesome performance

4 patients, 4 readings from each patient
Training

2222
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Split 2: OK performance

4 patients, 4 readings from each patient
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Worries

About our spike detection model

Poor generalization to new patients
What about new devices?

What about different doctors creating
annotations?

Solution: more patients, more doctors, more devices



Worries

About our spike detection model

: “Cardiologist-Level Arrhythmia Detection With
i Convolutional Neural Networks”

WA»/W Dataset of 64,121 ECG records from 29,163
| ! patients
: +

SSSSS

Deep Learning (34 layers)

Solution: more patients, more doctors, more devices
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Deploy

Theory

* Model Deployment

Epilepsy Diagnosis Batch scoring on all record after X days
Epilepsy Spike detection Batch scoring (used for diagnosis)
Epilepsy seizure detection Real time scoring

Training models Batch. No need for real time.

* Maintain your feature flow !



Deploy

Practice

* Don’tunderestimate real life conditions
* Anomalies
* Headsetin wrong position
* Braceletin wrong hand

* Hardware /sensors deficiency

* Challenge: go beyond clinical experiments
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summary

l0T devices for epilepsy

loT devices can improve epilepsy diagnosis

loT devices produce lots of data - use databases made for 10T

Standard workflow - acquire, visualize, prepare, model - can be replicated for 0T devices using open source
software

Differences between patients remains a challenge for prediction algorithms






