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* In this research, we used AE because it has less = cho
error and better reconstruction levels than PCA.

Previously, we showed that random forest (RF)
non-linear machine learning with many additional
clinical variables has better performance at
predicting mortality than FRS.
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Data Structure

« 199,491 patients with 393,260 echocardiograms

Mean error square

* 10 Clinical Variables (age, sex, height ...)
90 binary codes (ICD-10%)
50 additional echocardiographic measurements
(LV V1 max, LVOT diam...)

Original 0.817 0.843 0.837
[0.815,0.819] [0.841, 0.845] [0.835, 0.839]

e 0.810 0.846 0.838
[0.807,0.813] | [0.844, 0.848] [0.834, 0.84]

AE 0.813 0.846 0.853

20) | [0.810,0.816] | [0.844,0.848] [0.851, 0.855]
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<Linear Model>

Perfect reconstruction

Linear Regression
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0: dead
1: alive

* In conclusion, with more efficient data set, the
network has better performance, especially
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“. Cataract; [0,0,0,0,0,...,0,0,1] Cataract: [1.2,08, ..., 1.5]

(a) One-hot encoding for diagnoses (b) A better representation of diagnoses

* Feeding 90 dimension (N) binary data to * AE with 30 encoding dimensions has the lower error and higher reconstruction rate than 20
network is not efficient encoding dimensions, but we chose 20 because it reported better AUC

* Further improve the performance of MLP, combining with other dimension reduction method

* Instead, using PCA and AE, we turned 90

dimensions (N) binary data into 20 dimensions REferen CES / AcC kn OWI Ed g ements
(D) continuous data 1. International Classification of Diseases version 10
2. Chol, E., Schuetz, A., Stewart, W. F., & Sun, J. (02/2016). Medical Concept Representation Learning from Electronic Health
Source: https://en.wikipedia.org/wiki/Linear_regression o . L ~ Records and its Application on Heart Failure Prediction. Eprint ArXiv:1602.03686.
httpsE//towardsdatascience.com/the-random-forest- ﬁourc.:/% htLp.//www.sthd/a.com/en%l|sh/vC\i/|k|/W|Ik|.ph_p. |db__contents—7851 3 Samad et al. 2018
SN e > aed9Ticd ftps://hackernoon.com/autoencoders-deep-leaming-bits-1- * Geisinger Summer Undergraduate Research Program (SURP)

https://www.cc.gatech.edu/~san37/post/dihc-fnn/ 11731200694 » Cardiac Imaging Technology Lab



<Auto Encoder>

90 binary inputs <MLP>
O coooa .
5 ‘//// ooooo \\\\)(l/‘
///H\\"”/f/‘ ooooo ‘i\\‘#
P o
| \\/waft\flﬁ/"" Glile @ -
20 reduced inputs <¥ i"!’li’ﬁw‘%’/ : ZZ Z ZZ : \;‘%’:“‘W{/ a2 Mortal:)t:ydperae;hctlon
Ry
I ol el /«w\" \®
60 continuous inputs ~ — . /‘\”ﬁ/""‘!m’ﬁ\\}\&? ,' N "\
A\ WA )
~ @@ i X
o2l
L i



10th fold

9th fold

8th fold

/th fold

6th fold

wm PCA
n AE
" Test set

5th fold

4th fold

3rd fold

2nd fold










Original Data

PCA reconstruction

AE reconstruction

MESIAGE
BEEBHEE

slojal/q]2




