
Machine learning and IOT for medical prevention 
A view from the trenches 



Dataiku is the developer of Data Science Studio 
Our mission: provide companies with the tools they need to carry out data-driven projects more efficiently 

 

Recent use of Data Science  
Studio worldwide 
 

Dataiku in a few words 





OUR CLIENTS (100+) Web 
ü  Clickstream analysis and customer segmentation 
ü  Churn prediction 
ü  Sales forecasting 
ü  Dynamic pricing 
ü  Recommendation engines 
 

Industry & Infrastructure 
ü  Predictive maintenance 
ü  Logistics optimization 
ü  Smart Cities 
 

Bank & Insurance 
ü  Fraud detection 
ü  Risk analysis and prediction  
ü  Life events detection 
 

Healthcare & Pharma 
ü  Wearable devices  
ü  Personalized care 
ü  Treatment Optimization 
 
 





Cleaning, combining 
and enrichment of 

data 

Data Mining 
Interaction Graph 

Publication of the 
predictions 

Detect key 
variables in fraud 

detection 

INVESTIGATE ! 
 

Prescriber Meta Data 

Prescription  
Data 

The models are 
continuously improved 

based on the most recent 
data. The predictions are 

updated on a regular 
basis. 

Fraud detection 
engine  

Real time API 

DSS for Fraud Detection in Health Care 

French	
  Private	
  	
  
Health	
  Provider	
  

Accepted file 
 

Patient Meta Data  

“Most suspicious 
10%” are 3 times 
 more likely to be  
actual fraud cases 

Establish an 
interaction graph 

to find hidden 
connections 



DSS for Fraud Detection in Medicare 

Prescrip3ons	
   FBI	
  known	
  Frauds	
  

Top	
  fraud	
  drugs	
  	
  

Machine	
  learning	
  model	
  



Safe Ageing with Sphere 
Improve Falling Detection 

Credit Aakansh Gupta : http://datascience.blog.uhuru.co.jp/machine-learning/safe-aging-with-iot-and-machine-learning/  

x3	
   Over	
  last	
  60	
  years	
  

12	
  million	
   fall	
  every	
  year	
  in	
  the	
  U.S	
  

700	
  million	
   People	
  older	
  than	
  60	
  in	
  2006	
  

28.5	
  %	
   of	
  this	
  popula3on	
  leave	
  alone	
  in	
  the	
  EU	
  

Third	
  leading	
   Cause	
  of	
  death	
  :	
  strokes.	
  

3/4	
   of	
  all	
  strokes	
  happen	
  to	
  people	
  over	
  65	
  



Healthcare direction : Summary 

•  Richest data sources  

•  Democratization 

•  But often few examples !  
•  Expensive clinical trials 

•  Few distinct patients 

•  IOT : can connected object improve prevention?  

Diabetic Retinopathy Detection  

Diabetes Classification 

ECG 

Images Metadata 

Connected Devices 
DNA 

EEG 

EMR 



Epilepsy 



Epilepsy 
Stats and figures 

1-­‐3%	
   of	
  the	
  popula3on	
  

15.5	
  billion	
   Euros	
  /	
  year	
  spent	
  trea3ng	
  seizures	
  

6	
   Types	
  of	
  epilepsy	
  

Dozens	
   of	
  exis3ng	
  treatments	
  

Days	
  to	
  weeks	
   of	
  hospital	
  3me	
  required	
  to	
  diagnose	
  



Epilepsy + IoT 
Faster, more comfortable diagnosis 

+ 



EEG 
What is it? 



EEG 
Seizures on an EEG 



EEG 
Seizures on an EEG 



EEG 
Spikes on an EEG 



Goals 
Improve Epilepsy Diagnosis 

1.  Allow at-home EEG recording via wearable device 

2.  Detect seizures automatically 

3.  Detect spikes automatically 

4.  Shorten time-to-diagnosis for patients with epilepsy 



A data science workflow 

What does this process look like for IoT? 
 

How can we optimize the workflow?  
 

What tools do we have to build? 



Task: Data Acquisition 



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 

? 



Time Series as Relational Data 

Time Stamp 
10001 
10002 
10003 
10004 
10005 

Sensor1 
40 
- 
- 
43 
42 

Sensor2 
- 
50 
55 
20 
- 

Sensor3 
30 
34 
60 
- 
40 

Aggregation 

Resampling 

Interpolation 



Time Series as JSON 

{ 
  "sensor1": 
    { 
      10001: 40, 
      10004: 43, 
      10005: 42 
    },  
  "sensor2":  
   { 
      10002: 50, 
      10003: 55, 
      10004: 20 
   }  
   … 
} 

Aggregation 

Resampling 

Interpolation 



Time Series as Time Series 
Time Series Database 

Aggregation 

Resampling 

Interpolation 



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 



Task: Visualize & Prepare 



Visualizing Time Series 
Lots of options! 

Sparklines + Small multiples Zoom + Context Spectogram 



Visualizing Time Series 
Lots of JS libraries! 



Making Time Series Pipelines 
Each step creates a time series from another 

Low Pass Filter Window + Max 



Making Time Series Pipelines 
Some steps produce multiple time series 

Short-time Fourier Transform 

Frequency 1 

Frequency 2 

Frequency 3 

Intensity 

Time 

Value 

Time 

Intensity 

Time 

Intensity 

Time 



Making a DAG for Time Series 

Low Pass Filter 

Window + Max 

A different filter 

Correlation 



Signal Processing 
Lots of libraries, lots of options 

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 

+ 

+ 



Task 3: Model 



Machine learning model 
Spikes Target (Y) 

0	
  

0	
  

0	
  

1	
  



Annotation 
Will there be a crisis in the next 15 minutes ? 

Time Series Data Frame 



Annotation 
Will there be a crisis in the next 15 minutes ? 

Time Series Data Frame 



Annotation 
Will there be a crisis in the next 15 minutes ? 

Time Series Data Frame 



Annotation 
Will there be a crisis in the next 15 minutes ? 

Time Series Data Frame 



Annotation 
Classification with a twist 

+	
  

Data Frame 



Machine learning model 

•  Descriptive Features 
•  Patient Information, EMR, …   
 

•  Time Series Feature 
•  Current values, previous values,… 
•  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 ?  

Feature engineering (X) 



Our Stack 
Deep learning for IoT 

+ 



Convolutions 
The key for IoT Processing 

Wut? 

(f ⇤ g)(t) =
Z 1

0
f(t� ⌧)g(⌧)d⌧



Convolutions 
The key for IoT Processing 

Wut? 



Convolutions 
The key for IoT Processing 

(f ⇤ g)(t) =
Z 1

0
f(t� ⌧)g(⌧)d⌧

Output Input Kernel 



Convolutions 
Even simpler 

1  2  2  1    

0  1  1  3  0  2  4  3  2  
  

Input 

Kernel 

Output 

x  x  x  x 

0   2   2   3 

6 

= = = = 

0  +  2  +  2  +  3 = 



Convolutions 
Even simpler 

 1  2  2  1    

0  1  1  3  0  2  4  3  2  
  

Input 

Kernel 

Output 

 x  x  x  x 

 1  +  2  +  6  +  0 

6  9 



Convolutions 
Even simpler 

  1  2  2  1    

0  1  1  3  0  2  4  3  2  
  

Input 

Kernel 

Output 

  x  x  x  x 

  1  +  6  +  0  +  2 

6  9  9 



Convolutions 
Even simpler 

   1  2  2  1    

0  1  1  3  0  2  4  3  2  
  

Input 

Kernel 

Output 

   x  x  x  x 

   3  +  0  +  4  +  4 

6  9  9  11 



Convolutions 
Even simpler 

    1  2  2  1  
  

0  1  1  3  0  2  4  3  2  
  

Input 

Kernel 

Output 

    x  x  x  x 

    0  +  4  +  6  +  3 

6  9  9  11  13 



Convolutions 
Even simpler 

     1  2  2  1
   

0  1  1  3  0  2  4  3  2  
  

Input 

Kernel 

Output 

     x  x  x  x 

     2  +  8  +  6  +  2 

6  9  9  11  13  18   



Convolutions 
Problems 

How do we choose           ? g(⌧)

Fit via backprop 

How many           do we need? 

We’re using 64 

g(⌧)

What does this have to do with Deep Learning? 

It’s convolutions all the way down 



One of our networks 
Problems 



One of our networks 
Convolutions + Dense 

Convolutional layers 
Dense layers 



One of our kernels 
16 channels in the EEG 



One of our kernels 
16 channels in the EEG 



Another one of our kernels 
16 channels in the EEG 



Another one of our kernels 
16 channels in the EEG 



Task: Evaluate 



Machine learning model 
Target (Y) 

0	
  

0	
  

0	
  

1	
  



Training, Testing, Validation 
4 patients, 4 readings from each patient 



Split 1: Awesome performance 
4 patients, 4 readings from each patient 

Training Testing 

AUC = 0.94 



Split 2: OK performance 
4 patients, 4 readings from each patient 

Training Testing 

AUC = 0.70 



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 
Convolutional Neural Networks” 

 
Dataset of 64,121 ECG records from 29,163 

patients 
+  

Deep Learning (34 layers) 
 

Solution: more patients, more doctors, more devices 



Deploy 



Deploy 

•  Model Deployment 

Epilepsy	
  Diagnosis	
   Batch	
  scoring	
  on	
  all	
  record	
  aXer	
  X	
  days	
  

Epilepsy	
  Spike	
  detec3on	
   Batch	
  scoring	
  (used	
  for	
  diagnosis)	
  

Epilepsy	
  seizure	
  detec3on	
   Real	
  3me	
  scoring	
  

Training	
  models	
   Batch.	
  No	
  need	
  for	
  real	
  3me.	
  

Theory 

•  Maintain your feature flow !  



Deploy 

•  Don’t underestimate real life conditions 

•  Anomalies 

•  Headset in wrong position 

•  Bracelet in wrong hand 

•  Hardware / sensors deficiency 

Practice 

•  Challenge: go beyond clinical experiments 



Summary 



Summary  

•  IoT devices can improve epilepsy diagnosis 

•  IoT devices produce lots of data – use databases made for IoT 

•  Standard workflow – acquire, visualize, prepare, model – can be replicated for IoT devices using open source 
software 

•  Differences between patients remains a challenge for prediction algorithms 

IoT devices for epilepsy 



@prrgutierrez


