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Challenges

A common challenge in healthcare today is that physicians have
access to massive amounts of data on patients, but have short time to
analyze all of them.

* One limitation is that hospitals without robust computational systems for
processing, storing and drawing conclusions requires to outsource the
clinical tasks and that is a risk for privacy clinical data.

Developing a Green Intelligence Medical System to derivate
a patient representation for predict general medical targets
and improving the computational resources usage.



-
ODiqgnoseNET

Green Intelligence Medical System

Provides three high-level features:

1) A framework to build full Deep Neural Networks (DNN) workflow;

2) An energy-monitoring tool for workload characterization;

3) A distributed processing for training DNN on Jetson TX2 Mini-Clusters.

It is part of the IADB Project
Integration and Analysis of Biomedical Data: http://www.i3s.unice.fr/~riveill/IADB/



Case Study: Predict the Medical Future of Hospitalized Patients

Medical Target Pipeline

Inpatient Diagnosis Flow

Hospital Admissions Hospital Discharge

: Predict :
I Care Purpose |
! + |CD-10 Codes !
! + Billing Codes X !
. Predict |
Clinical ! Length of Stay ! Inpatient
Descriptors \ + Destination I Home
' + Week / days :
: Classify \
: Medical Procedures i
\ + CCAM Codes \
Diagnosis-related Group|ICD-10 Codes Definition
Patient 1 Morbidity Principal R402 Unspecified coma
Etiology 1619 Nontraumatic intracerebral hemorrhage, unspecified
Medical Target Care Purpose 7515 Encounter for palliative care
Label used Clinical Major Category 20 Palliative care
Patient 2 Morbidity Principal R530 Neoplastic (malignant) relate fatigue
Etiology C20 Malignant neoplasm of rectum
Medical Target Care Purpose 7518 Encounter for other specified aftercare

Label used ||Clinical Major C&tegory| 60 ‘ Other disorders 5




DiagnoseNET: Framework to automize the Patient Phenotype Representation

+++ Stage 1 +++

Heterogeneous Clinical Data Source for [Inpatient, Outpatient and Emergency Room Visits]

Demographics Diagnoses Procedures Medications Lab-Test Clinical Notes
D1 D2 Dn L1 L2 Ln
Patient 1 2 9 ... | 250.x1ICD-9 H B . Patient 1
Patient 2 3 o ICD-9 1CD-9 | B P
Patient ... 72 . ICD9 ICD-9 H B . ?5‘22919"3?"‘ o
Patlent m ¢ ICD-9 ICD-9 . . . Diabetes Mellitus...

Mining EHR Data to Build a Patient Document-Term Matrix

E +++ Stage 2 +++
' Unsupervised Representation Learning ‘
! Binary Patient for mapping the data space X to latent space Z '
‘ Representation ‘
H Optimizer Optimizer Optimizer . :
' e G ) 0B 0 G - Latent Patient '
' ( o Phenotype Representatior i
E ‘ 010 1 Encoder Encoder»{ O © N Features' Pm]  PLJ « P2 1 Pl E
h : ¢ ( ¢ L3[1] 1+ 0.717238 | 0.558862, 0.599121 , 0.373242 h
H 0) ) L3] | 112 ! 1.18212 | 1.40149 ' 0.914819 '
' | 3]0 00 ' 00 ' 00 ' 00 '
h e ) L3[4] 1 0.505208 \ 0.378186 , 0.479602 \ 0.217297 h
. 250x1 | uN  uN  uN T L3[5] | 0.479801 | 0.283569 ' 0.874571 | 0.058047 .
' et LY Ly [OL3) (L] Decoder Decoder o) ® L3.] ! 00 ' 00 ' 00 ' 00 !
: jv"’; y:; Z Z Z : ) | Lamsoo) + 0.486018 | 0.610829 , 0.557215 | 0.609918 :
, Type 1-D.M.1 uN 1 uN « uN i 1 g .
: F[k] [uN] | [uN] | [uN] | [uN] :
| (eg. Unsupervised Stacked Denoising Autoencoder) ;

+++Stage 3 +++

Using Binary Data or Latent Representation as Input for

Medical Target
Machine Learning Algorithms Labeling Point Deep Neural Networks

(eg. Random Forest Classifier)

3. Adapted from: Deep Patient: An Unsupervised Representation to Predict the Future of Patients from the Electronic Health Records. By Riccardo Miotto et al.
SCIENTIFIC REPORTS, 2016.



Mining Electronic Health Records
To Build A Patient Entity-Term Matrix



PMSI-PACA Clinical Dataset

As Input we are using result features that describe the patient clinical
descriptors to predict the medical targets.

2008
OUTPT/INPT| ™~ INPT
Clinical Descriptors:
Windows 1: :
The first week with an entry f_+Dem_o g_raphlcs :
[ 116.697 Patients ] +Admission Details
+Hospitalization Details
Feature Extraction: +Physical Dependence
Binary Patient Representation (—< +Cognitive Dependenct
[ 14.637 Features ] +Rehabilitation Time
+Comorbilities
l +Morbidity
I l . +Etiology
Training Valid Test
(99.306,14637) (5650,14637) (11741,14637)




Data-mining: Feature Extraction From Electronic Health Records

Serialized a Patient Record in a Clinical Document Architecture Schema

Patients x1_demographics = x4_physical_dependance  x7_related_diagnoses
gender | ... | age | feeding | ... | displacement | Dasl | ... | Das 3
Patient 1 | 2 .. 61 |4 | 2 7431 | ... | Z501
Patient 2 | 2 . |65 | 4 | 2 J459 | ... | F322
Patient m | 1 w195 |1 | 2 C259 | ... | F322

Build a Term-Document Matrix or Binary Patient Representation

Patients x1 :demographics x4 :physical_dependance x7 :related_diagnoses
[1 :male] | [2 :female] | 60-74 | [4 :Assistance] [2 :normal_transfer] | Z431 | ... F322
Patient 1 0 1 | 1 | 1 0
Patient 2 0 1 | 1 1 0 1
Patient m | 0 0 0 | 0 1




Unsupervised Patient Phenotype
Representation
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Unsupervised Patient Phenotype Representation

+ From a binary patient representation {X} derive a latent patient representation {Z}.

+ Once the general representation is obtained mapping it for the different medical targets.

Medical Target 1

(5>
Encoder
Data Space X Latent Space Z
( A \l - \. 9 J
A Ja v _—
[
A A | |
A B A
edical Target n
N\ J N

Decoder \O \
\ ?\Q}O
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Unsupervised Stacked Denoising Autoencoder Network

Henc[dim4]
fO(x1) = s(Wixp + bj

Latent Representation [x7]

Henc[dim2]
fo(x2) = s(W2x1 + b2

Latent Representation [x2]

T

N

Binary Patient
Representation

Transfer Data xg

Transfer

(W3, bg)

Transfer Data xz

Trahsfer
(W3, by

Transfer Data x2

Henc[dim3]
fo(x3) = s(W3x2 + b3

Unsupervised
Encoder Network

Latent Patient Phenotype
Representation [x3]

Stochastic Dropout
x = qD(x|x)

v

Encoder

fO(x) = s(Wx + b)

v

Decoder
goé'(y) = sW'y + b’

v

Calculation

Loss

Y

Write Weights & Biases

4. Source Parallel and Distributed Processing for Unsupervised Patient Phenotype Representation. By GARCIA H. John et al. 2018
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Experiment Analysis

1) Number of Gradient Updates as Factor to Early Model
Convergence.



1) Number of Gradient Updates as Factor to Early Model Convergence

1-Layerl | 2-Layer2 | 3-Layer3 | 4-Activation_funct | 5-GD_Optimizer | 6-Learning_rate | 7-Dropout-rate

02048 2048 768 relu adam 0.0001 0.5

Network convergence using batch partitions of [20000, 1420, 768] records
to generate [4, 59, 110] gradient updates by epoch respectively.
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Number of Gradient Updates Impact the Energy to Solution

B Execution Time I Power Consumption B Energy to Solution
2.500 o000 150,00
36’
2.000
80,00 100,00
g 150 Q
B " =
g & L
S 1.000 = =
% 70,00 Z 5000
500
0 60,00 - 0,00
20.000 1420 768 20.000 1420 768 20.000 1420 768
Patients Records by Batch Patients Records by Batch Patients Records by Batch

Power consumption in a window of 6 minutes
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Energy Monitoring tool for
Workload Characterization
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Energy Consumption Metrics

1) Discretization of Energy Consumption per Time-Unit:

30-
20- f
10-

2) Energy to Solution (E2S):

Energy = [ Power(t) dt

power (W)

Energy = ZPD’LUE’T‘ i) x At(7)
i=1

E2S = ZPouf’mﬂdE(z) x mar (Atcpy(i), Atgpu(?))
1=1

3) Instantaneous Power Consumption per Node:

Power xoqe (1 ZPépU +ZPépU +ZPET%4U 1)

j=1 =1
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5. Source enerGyPU and enerGyPhi Monitor for Power Consumption and Performance Evaluation on Nvidia Tesla GPU and Intel Xeon Phi. By GARCIA H. John et al. 2016
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Supervised Learning
Medical Target 1
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Medical Target 1: Care Purpose Description Labels at ICU

Other situations

Proceedings of Medical Cardiovascular/
Respiratory Care

Circulatory system disorders

Proceedings of Neuro-Muscular Medical
Care

Procedings of Medical Care Mental Health

Procedings Sensory and Skin Medical Care

Procedings of Rheumatics / Orthopedic
Medical Care

Procedings of Post-Traumatic Medical Care
Proceedings of Medical Amputations
Palliative care

Placement expectation

Rehabilitation

Procedings of Nutritional Medical Care

Grouping impossible

5000 10000 15000 0 250 500 750 1000 | O 500 1000 1500 2000
Train (85 %) valid (5 %) Test (15 %)

20



Supervised Learning
Random Forest Classifier
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Experiments: Comparison of Random Forest off-Line Vs on-Line

F1 Scare

=
[=

0,5

Accuracy to Classify the MT1

B Scikit Learn TensorFlow

100 200 300 400 500 600 700 BOO

Mumber of Trees

Seconds (Sec)

4000

2000

1000
200

6. Source TensorFores: Scalable Random Forests on TensorFlow. By Colthurst, Tomas et al. 2016

Execution Time

& Scikit Learn TensorFlow

F00

100 200 300 400 500 DO OO BOO

Mumber of Trees
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Experiments: Tensor Forest Analysis on Different Number of Features

Accuracy to Classify the MT1

Tensor Forest

09
g
o F:] 0812 0,818 0,821 0,824 0,825 0827
0,784
0,7
2000 3000 4000 5000 6000 7000 10000
Mumber of Features
Execution Time on Single-core Processor
Tensor Forest
8000
6000
@ 4000
=
5
2000
]

2000 3000 4000 5000 6000 7000 70000

Mumber of Features

23



Seconds (sec)

Experiments: Tensor Forest Analysis on Multi-Core Processor

Execution Time on Single-core Processor

8000

6000

4000

2000

0

Tensor Forest

2000

3000

4000 5000 6000

Mumber of Features

7000

10000

Seonds (sec)

Execution Time on Multi-core Processor

4000

3000

2000

1000

TensorFlow

B B 10 12 14 16

Mumber of Cores
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Supervised Learning
Feed-forward Multilayer Perceptron
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Experiments: Feed-forward Multilayer Perceptron

1.4
1.3 ca
1.2 —e— val_loss_2L 512
1.1 —e— val_loss_2L_1024
—a— val_loss_21_2048
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0.8
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=
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B 05
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™

-4
0.4
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0.2

a 5 10 15 20 25 30 35 40

Epoch

Stretching the 4096 Neurones over Deep Architectures

Number of units = 4096 | F1 score | execution time | power consumption | energy consumption

(hours) (watts) Mj
2 layers - 4096 units .92 4.85 214.86 3.7D
4 layers - 2048 units (.85 4.8 173.17 22.99
8 layers - 1024 units 0.72 4.76 153.43 2.68

26

16 layers - 512 units 0.75 4.72 130.95 2.23




Preliminary Results: F1-score for Different Stretching Configurations

F1 score

-
0.9
0.85
0.8
0.75
256 units 512 units
Architecture

256 units - 2 layers - 128 units
2048 units - 8 layers - 256 units

8192 - 2 layers - 4096 units

1024 units

F1 score

0.91
0.91
0.92

2048 units

execution time
(hours)
4.71
4.73
1.85

o - Eam
B 1024 units
L B s
B 8192 units
4096 units 8192 units
power consumption | energy consumption
(watts) Mj
92.27 1.57
101.68 1.73
214.86 3.75




Distributed Processing for Training DNN
onh Jetson TX2 Mini-Clusters

28



Computational Resources

3
m.uuﬁi s
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I
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it

Mini-Cluster Jetson TX2 Array Node with 24 Jetson TX2
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Develop DiagnoseNET for Training Large-Scale DNN on Distributed Systems

Levels of Parallel and Distributed Processing

= DiagnoseNET

PS PS
A A Cross-platform Library
] e e b s e b [ ins i e Sree s yee S i e e e \
l i i l | User Interface | DiagnoseNET Analysis Interface
Worker Worker Worker Worker Worker DiagnoseNET DNN Models DiagnoseNET :
: P ©  DiagnoseNET Parallel | ?;:::::::ﬁ;;ntef‘
L L L R . | &Distributed Training | _ "SOMCS TERAGET
' ’ > Level 2 - Training Libraries |  Inference Libs
' | Python Client | C++ Client
GPU GPU GRTUNEEEEE  ————
I | s esiiem | ol it
A N A 3 : "; ________________________ .
v v v . Distributed Master | Dataflow executor |
CPU CPU CEUNEN FENCETINEOIN | = o VR 8 ,
— * * Networking Layer | enerGyPU |
U &L 1 } ' Monitor-Tool :
| RAM | | RAM | ( GRPC J [ RDMA ] | ;
>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>> AEdE e R R e e L Kernel Implementations '
ALU| ALU — 5 3 cuDNN
Control =3 : :
ALU | ALU = . 1
Cache = [ Relu } { Conv2 ] [ MatMuI}
DRAM | | DRAM GCC, CUDA, Protobuf, Bazel, ...

7. Adapted from Snap Machine Learning. By IBM Research et al. 2018
8. Adapted from TensorFlow Architecture. By Google Research.



Task-Based Data Parallelism: Synchronous

4 Parameter )
Server
1
==
'—yA7- A e 7\ 4 ~N - ~
. v‘\;n W Worker 1 Worker 2 Worker n
{ Update } Model Model Model
‘L Replica Replica Replica
_ J‘\ 11\ J _ ‘k 1A J o ‘?‘ /
@—w : : :
\_ /

Data and Resource_ _ _ _ __ __ _ ___ R B I
Management

(Data Size):

+ Setting the number of workers and micro batch.
+ Fine-tuning DNN hyperparameters.

+ Speeds up the training.

+ 1/O Intensive.

9. Adapted from TensorFlow: Large-Scale Machine Learning on Heterogeneous Distributed Systems. By Google Research. 2015.



Preliminary Results to Scale the Unsupervised Representation Learning

Pre Iiminary results using: Execution time for processing one Epoch

10.000 records and 83
11.466 features. 78 R

Time (seconds)
’
!

3 workers 6 workers 8 workers

Execution time until convergence point

=& = \odel 1

Y
11 - = @ = Model 2

Time (minutes)
F4
V4
'4
?

3 workers 6 workers 8 workers

32



Number of Workers and Task Granularity as Factor to Early Model Convergence

« Early convergence comparison between different groups of workers and
task granularity for distributed training with 10.000 records and 11.466

features.
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5
AE Convergence point: 0.6931

Epochs

1.30 mins in avergange for processing
one epoch on 1 PS 3 workers.
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1 min in avergange for processing one
epoch on 1 PS 6 workers.
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Number of Workers and Task Granularity as Factor to Early Model Convergence

« Early convergence comparison between different groups of workers and
task granularity for distributed training with 10.000 records and 11.466
features.
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50.6 secs in avergange for processing
one epoch on 1 PS 8 workers.
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Preliminary Results to Scale the Feed-forward Multilayer Perceptron

8-Layers Model with 256 Neurons per Layer on
a Cluster with 2, 4, 6, 8, 10 and 12 Jetsons TX2

160
140
120-
100 -

S BB N W A~ 00 o N

I Exec times
Speed up
----- Theoretical
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Conclusions

Using hundreds of Gradient Updates by Epochs with synchronous data
parallelism offer an efficient distributed DNN training to early
convergence.

Adapting the Number of Records by Batch or the Model
dimensionality to minimize the bottleneck of data transfer from host
memory to device memory reducing the GPU idle status.

Use a mini-Cluster of Jetson TX2 presents good results in distributed
training using synchronous data parallelism.

Therefore, this can be used as a learning center with minimal
Infrastructure requirements and low power consumption and brings the
opportunity to use a dataset with more patient’s features.

Latent Representation:
« Reduces the number of sparse features without loss of precision in
future classification.

- Reduces training time (41 %) to classify the first medical target.
36



Next Work on DiagnoseNET

« Distributed others kind of DNN architectures Like (CNN, RNN) and Tensor Forest.

« Compare several architecture:
 multi-GPU (share memory)
» vs Cluster (distributed memory)
e vs Array (hybrid memory)

» For several medical task:
MT-1: Predict the ‘Care Purpose or Major Clinical Category’ of patients in
(coarse grain CMC / fine grain GHJ) from inpatients features recorded at the
admission time.

MT-2: Predict the ‘Clinical Procedures’ from Inpatients features recorded at
the admission time and the Primary Morbidity.

MT-3: Predict the ‘Inpatient Destination’ (home, transfer, death) and length of

hospitalization stay from inpatients features recorded at the admission time and
Primary Morbidity and Clinical Procedures.
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