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Sleep-Wake Classification

[Xiao-Yan-Song-Yang-Yang '13] |wake, REM, NonREM

[Mendez-Matteucci "10] REM, NonREM

[Lewicke-Sazonov-Corwin-Neuman-Schuckers '08]
[Long-Fonseca-Haakma-Aarts-Foussier '12]

[Aktaruzzaman-Migliorini-Tenhunen-Himanen-Bianchi-Sassi '15]

[Malik-Lo-Wu "18] wake, sleep
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Challenges

#waking=14

* Imbalanced datasets, e.g. #sleeping= 760

|dentity the awake signals

 Heterogenelty of datasets

Build a unified model across different datasets
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Data

» CGMH (RER4CzEPr) &
* 80 subjects as training
* 27 subjects as testing

(G

¢ DREAMS(http://Www.tcts.fpms.ac.be/~devuyst/Databases/DatabaseSubjects)
e 25 subjects

e St. Vincent's University Hospital / University College Dublin
Sleep Apnea Database(https://physionet.org/pn3/ucddb/)
e 25 subjects

Each subject has about 7 hour IHR.
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http://www.tcts.fpms.ac.be/~devuyst/Databases/DatabaseSubjects
https://physionet.org/pn3/ucddb/
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Original signal
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Step 1: Filtrations

Step 2 : Persistent Diagrams

YMC-Hu-Wu-Lo, preprint

Step 3 : Persistent Statistics

Point-cloud of extrated features

Step 4:
Machine Learning Models

SVM, Decision Tree,
Random Forest Tree,
k-means, neural networks
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Step 1: Filtrations

Sublevel Set Filtration:
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Step 1: Filtrations

VR Complex Filtration:
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Step 2: Persistence Diagrams

DIPHA (A Distributed Persistent Homology Algorithm)

Copyright 2014 IST Austria

Project Founder:

Jan Reininghaus (Email: jan.reininghaus@gmail.com)

Contributors:

Ulrich Bauer, Michael Kerber

Ripser
Copyright © 2015-2018 Ulrich Bauer.

Description

Ripser is a lean C++ code for the computation of Vietoris-Rips persistence barcodes. It can do just this one thing, but
does it extremely well.
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Step 2: Persistence Diagrams
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Persistent Diagrams

data [N Persistence
diagrams
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Persistent Diagrams

I Pcrsistence N Statistical
diagrams Learning
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Persistent Diagrams
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Summary of PD

Persistence Curves: A canonical framework for
summarizing persistence diagrams
Yu-Min Chung and Austin Lawson

Department of Mathematics and Statistics
University of North Carolina at Greensboro
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Bubenik ’15 J. Mach. Learn. Res. Adam, et. al. '17 J. Mach. Learn. Res.

A Stable Multi-Scale Kernel for Topological Machine Learning

Roland Kwitt

Persisteace Codehooks for Topologhen! Data Analysis

Jan Reininghaus, Stefan Huber Ulrich Baver
IST Austria IST Austria, TU Minchen University of Salzburg, Austria
OF Pusuisaso Ievense Prosuovs
doi: 10, 1 0SEN2066. 561 1727/1 2128007

Iavense Problessa 27 (201 1) 129007 (22pp)

Probability measures on the space of persistence
diagrams
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Topolog

ical Roughness

Step 3: Persistence Statistics

[YMC-Day-Costa, preprint]

Label | Symbol Name Spatial | Dimensionless | Scale | Translation | Size | Stable
PS1 L Total Lifespan v X X v X v
PS2 E Lifespan Entropy v v v v X v
PS3 A Total Multiplicative Lifespan v v v/ X X *
PS4 E Multiplicative Lifespan Entropy v v v X X *
PS5 CvV Midlife Coefficient of Variation v v v X v X
PS6 SK Midlife Skewness K4 v v v v X
PS7 KU Midlife Kurtosis v v v/ v/ v X

- Ryms | Intensity root mean squared[17] X X X v v v
- R Intensity skewness [17] X X X v v/ v
- R, Intensity kurtosis [17] X X X v v v

Blue: Old Cell

Red: New Cell
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TABLE 1. Properties of Persistence Statistics (PS). *Up to authors’ knowledge, it is still an
open question. Scale, Translation, and Size refer to Scale Invariant, Translation Invariant,
and Size Invariant, respectively.

Madalena Costa
Harvard Medical School

Sarah Day
College of William & Mary
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Step 3: Persistence Statistics
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Persistence Stats
1. Segmentation Algorithm
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Step 3: Persistence Statistics

d—b
S d—b

M={d+b|(b,d)€P},andL={ |(b,d)€7>}.

Label Measurement

1 mean
- standard deviation
3 coefficient of variation
4 skewness
5) kurtosis

6-8 25, 50, 75 percentile
9 interquartile range

E(L) - Z l log(l). TABLE 1. Statistical measurements considered in S.

leL
B
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£ . nbe e "
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Label Measurement

1 mean
2 standard deviation
3 coefficient of variation
4
B)

skewness
kurtosis
6-8 25, 50, 75 percentile
9 interquartile range

TABLE 1. Statistical measurements considered in S.
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Step 3: Persistence Statistics
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Step 4: Machine Learning

Evaluation Metrics

relevant elements
J 1

false negatives true negatives

° o 1) O o

selected elements

How many relevant How many negative
items are selected? selected elements
e.g. How many sick are truly negative?
people are correctly e.g. How many

dentified as having healthy peple are
the condition identified as not

. SE = TP/(TP + FN)
. SP =TN/(TN + FP)

Specificity =

WiKi
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Step 4: Machine Learning

Training process

W << 9]

1. Use all W
2. Adopt a subsampling process on S
3. Select |W| epochs from S

Support Vector Machine (SVM)

X

GREENSBORO




Step 4: Machine Learning

Leave-One-Out-Cross-Validation

0.9

0.8

0.7

0.6

0.5

0.4

SE

SP

5 fold CV
Trial SE SP
1 72.5129 | 69.0295
2 74.6411 | 71.0923
3 70.4866 | 73.3053
4 71.0153 | 71.2564
5 66.8810 | 72.7040

76% -

- 13.94%

"! THE UNIVERSITY of NORTH CAROLINA
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71.89% -
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Result

(B) (®(Po(Ri20,1)), ®(P1(Ri20,1)), ®(P(Hso)))
CGMH-training CGMH-validation DREAMS Subjects UCDSADB

TP 6824 + 32 2301 £ 57 2059 + 132 2111 £ 200
FP 15587 &+ 177 2036 + 289 4846 4 647 5125 & 755
TN 38960 £ 177 11490 + 289 10501 £ 647 9787 £ 755
FN 2327 + 32 875 + 57 1079 % 132 1821 =+ 200

YMC-Hu-Wu-Lo, preprint

ACC (?%) 71: + 0.2 73.4 4 1.2 ﬁé + 2.é 63.1 + 3

PR (%) | 205 +0.2 36.4 + 1.1 30 + 1.5 29.3 + 1.1
F1 0.432 £ 0.001  0.484 & 0.006 0.411 £ 0.006  0.379 <+ 0.004
Iéll;ga 0.287 £+ 0.002  0.333 + 0.011 0.232 + 0.016  0.148 + 0.01

TABLE 6. SVM performance.

TABLE 1. Performance statistics for the CNN model trained on CGMH-training

CGMH CGMH  DREAMS

-training -validation  Subjects vDSADR
TP 4,464 1,800 1,777 1,838
FP 2,143 1,763 2,151 2,853
J. Malik Y-L. Lo. H.-T. Wu ’18 TN 31,550 14,906 14,532 12,883
: . S FN 3,315 1,633 1,572 2,400
Physiological Measurement P S TS S A S
Deep learning ACC (%) | 86.8 83.1 81.4 737
PR (%) | 67.6 50.5 45.2 39.2
THE UNIVERSITY of NORTH CAROLINA Fl 0.62 0.51 0.49 0.41 P p—
' GRE ENS BORO AUC 0.90 0.83 0.81 0.72 125 YEARS OF
, Kappa | 0.54 0.41 0.38 0.24 OPPORTUNITY
& & EXCELLENCE




Result

CGMH-training CGMH-validation = DREAMS UCDSADB

TP 6316 + 728 1864 + 132 1994 + 19 1880 + 23

FP 18131 + 5166 4095 + 562 3453 + 83 4335 + 78

| TN 36416 + 5166 11431 + 562 11894 + 83 10577 + 78

YMC-Hu-Wu-Lo, preprint FN 2834 + 728 1312 + 132 1145 + 19 2052 + 23
SE (%) ,,4, . :- R W LY S L L1 N0 . L\ R ., St L

SP (%) 66.8 + 9.5 73.6 £ 3.6 775:t05 709+ 0.5

ACC (%) | 67.1+17.0 71.1 + 2.3 75.1 + 0.4 66.1 + 0.3

PR (%) 26.6 + 3.1 314 + 1.5 36.6 + 0.4 30.3 + 0.2
F1 0.380 + 0.021  0.408 + 0.006  0.465 + 0.002 0.371 + 0.002

AUC

Kappa | 0.217 4 0.039  0.240 4+ 0.014  0.318 + 0.004 0.154 + 0.003

(B) (®(Po(R120,1)), ®(P1(Ri20,1)), ®(P(Hso)))

TABLE 3. SVM performance (trained on DREAMS dataset).

J. Malik, Y.-L. Lo, H.-T. Wu ’18
Physiological Measurement

THE UNIVERSITY of NORTH CAROLINA

GREENSBORO

alidation CGMH DREAMS
T\rainqu _validation Subjects CCDPOADB

TP 1,517 2,095 1,166
FP 1,928 1,396 1,713
TN 14,741 15,287 14,023
FN 1,916 1,254 3,072
DREAMS §/ SE 44, 6 .5
Subjects | ) $8.4

AUC 0 77 0.89 0.67
Kappa 0.33 0.53 0.19
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summary

Step 1: Filtrations

Step 2 : Persistent Diagrams

@
L 4F 47 B) B4 A% B BT A8 O» .

Original signal
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Step 3 : Persistent Statistics

Point-cloud of extrated features

Step4:
Machine Learning Models

SVM, Decision Tree,
Random Forest Tree,
k-means, neural networks
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