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Project Overview




Problem Statement

Pandemics are not new to

mankind

HISTORY OF PANDEMICS

PAN-DEM-IC

1 WiHiOe

Antonine Plague 165-180 =M
Plague of Justinlan  541.542 30.50M

Japanese Smalipox Epidemic 735-737
Black Death (Bubonic Plague) 200M

13471351

st Smallpox 56M

1530

17th Century Great Plagues =1\

1600

18th Century Great Plagues 600K

1700

Cholera 6 outbreak 1M

18171823
The Third Plague 20

185605

Yellow Fever 100-150K
LATE 18003

HIV/AIDS 25.36M -
1981 PRESENT

SARS 770 |

2002 2003

MERS 850
2012 present ¢ Ebold 11.3K

-

Asian Flu 11M

Hong Kong Flu

1968

THROUGHOUT HISTORY, as humans
sproad across the world, infectious
diseases have been a constant
companion. Even in this modem
era, outbreaks are nearly constant

Here are some of history’s most
deadly pandemics, from the
Antonine Plague 1o COVID-19.

" SpanishFlu 40-50M

19181915

Russian Flu 1M

18851830

™

1975

2000

Swine Flu 200K
200%9-2010
COVID-19 3.5Mm"

2019-9:20an PT, MAY 27, 2021 [ONGOING

Source: https://www.visualcapitalist.com/

WHO céticially declared COVID 1S
2 pendemic on Mar 11, 2020,
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Problem Statement

Everyone has the responsibility to

control the spread

2.5°

Source: https://www.visualcapitalist.com/



Corona Virus Status

@ COVID-19 Dashboard by the Center for Systems Science and Engineering (CSSE) at Johns Hopkins University (JHU)

'::- Cases Deaths Vaccine Doses Administered
Last Updated at (M/D/YYYY)

6/3/2021, 7:23 PM 3,698,371 2,007,950,521

and Deaths by
Country/Region/Sovereignty
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Data Resources

Pervasive Wearables Industry Physiological Signals from Oura Ring

l U.S. wearable technology market size, by product, 2016 - 2027 (USD Billion)

61 106

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026 2027

B \Arist-Wear Eye-Wear & Head-\Near Foot-Wear B Neck-\Wear
B Body-\Wear B Others

Source: WA RNV | T ES B arCi Com




Challenges
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Opportunities

Covid Onset

Architecture that enables "' Slgfl al ba.sed detection
) . ustering
rapid exploration D D D
at scale
Feature ranking & Dynamic healthy

selection baseline



Customers

® Covid and Other Medical Researchers.
i.e. Tempredict

® Wearable Health Tracker users.

® Data Teams working on harnessing physiological data.

® Domain Experts, Clinicians - analyzing health sensor data.
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Pickle Files
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Data Sources

Physiological Data from Oura ring

|Every minute]

* Skin Temperature

* Respiratory Rate (RR)

* Heart Rate - HR (IBI -InterBeat
Interval)

* Metabolic Equivalent for Task - MET

* Sleep & Wake Pattern

Survey Data from Users
|Onboarding/Daily & Monthly]

* Demography, comorbidities, Prescribed medications

* Symptoms [Dry Cough/Shortness of breath/Headache]
* Covid Test information (type and date)

* Other infections (flu, common cold, etc)




Data Statistics

® Survey Data:
3 Million surveys from 64K persons

® Device data from Oura ring:
Minute by minute raw physiological data

for 10 months

® PCR Confirmed COVID Cases:
295 Individuals

® Golden Set - 147:
Based on data availability and signal

rhythmicity
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Data Statistics

Demography

® More Male Individuals than Female
® Majority Age range between 20 and 50
® Majority from the white population

@ Presence of symptoms in both Covid and

Baseline window

Analyzing the gender wise spread

Gender spread in the Population
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| Analyzing the age wise spread
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Analyzing the race ethnicity wise spread

Race ethnicity spread in the Population
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Analyzing the spread out of different symptoms

Variation in symptoms for baseline and COVID
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EDA

Data Availability of an Individual

® MET/Temperature -
24 hrs Data available

® RR/HR-
Data mostly available only during sleep
due to memory limitation in the device
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Data Availability of all individuals in the full dataset

over time of day




Choose HRV feature Choose RR feature
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Data Preparation




Data Preparation
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Data Preparation

<equired Sketch Data

Check Artifacts ?
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Data Preparation

® Interpolation

Linear interpolation over time for
the missing values preserves the
rhythm of the physiology data.

® Filter Outliers

Remove Nonwear times
Remove unrealistic recordings
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Data Preparation

Baseline - 21 Days (3 weeks)

@ By Days of the week -
3 Sundays, Mondays, etc..

@ All Available continuous 7 days

® 30, 60,90 days baselines

Choose a pi
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Clustering

Cluster individuals based on variances in Temp, MET,
HR, RR, and RMSSD. Transposing them into 3200
features

3200 Features were reduced to 450 using PCA

Gaussian distribution clustering with cluster size 4 to
produce true covid and baseline clusters.

To visualize in 2D /3D the cluster input (450 dimensions)
is further reduced to 2/3 using TSNE and PCA.

60% are clustered in ditferent clusters during covid and
baseline

Principal_Component_2

Visualize the separation between Covid and Healthy days (using TSNE)
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Choose HRV feature

¥ | hr_perB0

Labeling
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® Px Date:

Choose met feature

Median Date between
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® Target Labeling
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Modeling

Approach-1: Transposed Baseline & Sliding Covid Window

For each physiological data, 21 days baseline, a sliding Covid window of 3 days was taken.
Data was transposed to columns and passed as input and train the model

Target : Covid Onset (early detection)

Input data shape: 1530 * 10518
Total Population : 90
Train Test split: 80/20

Time Series Signal Original Data Transposed Data
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Modeling

Approach-1: Feature Importance & Results

Random Forest Classifier

Classification Technique

\dis

Feature Importance

Visualizing Important Features

skin_temp_per80 _cwd day 2 T 02:30:00
skin_temp_perS0_cvd_day_1_T_00:00:00
skin_temp_per80_cvd_day 1 T 01:30:00
skin_temp_per80_cwd day 2 T 01:30:00
skin_temp_per80_cwd_day_1_T_23:30:00
skin_ternp_per80_cvd_day_2 T_02:00-00
skin_temp_per80_cwd day 1 T_04:30:00
skin_temp_per80_cvd_day_2 T_00:30:00
skin_ternp_per80_cvd_day_2 T_03:30:00
E skin_temp per80 cvd day 3 T 21:30.00
§ m_per80_cvd_day 1 T 01:30:00
met_stddev_cvd_day_2 T_16:30:00
skin_temp_per80_cvd_day 3 T _03:30:00
met_stddev_cvd_day_3_T_13:00:00
skin_temp_perS0_cvd_day_2 T_23.00-00

skin_temp,_per80_cvd_day_3_T_20.30:00 {

sin_temp_per80_cvd day_1.7_07.00:00 { I
m_per80_cvd_day_1_T_03:00:00 |
ir_stddev_cvd_day 2 T_04:00:00 {

met_variance_cvd day 3 T_14:00:00 |

00005 0.0010 0.0015 0.0020 00025
Feature Importance Score

00000

Comparison between different algorithms

APPROACH-1

(80:20)

RandomForest

57.84%

0.5893

0.5784

0.5752

(80:20)

XGB

55.23 %

0.5635

0.5522

0.5477

(80:20)

Bagging

56.86 %.

0.5854

0.5686

0.5611

(80:20)

GradientBnnsting

53.27 %.

0.5465

0.5326

0.5241

(80:20)

AdaBoost

53.92 %.

0.5477

0.5392

0.5362




90%

How soon can the onset be detected

Evaluation

Confusion Matrix

Modeling

Approach-1
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Modeling

i0n

Evaluat

Approach-1

Analysis False Positives (Day Level per PID)

Analysis True Positives (Day Level per PID)
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Modeling

Approach-2 : Time Series Feature Extraction Library

DATASET ANALYSIS PREPROCESSING WINDOW FEATURE OUTPUT
EXTRACTION

w1 w2 W3 W4 WS—)

\
f1 f2 f3
/N"N TEMPORAL e
_ w2
[ ./\_,/-. 4—0\‘,"’"“' Lk STATISTICAL w3
|:_ RN og el e V7| "

=

AN

=

W5

=

SPECTRAL

Source: https://tsfel.readthedocs.io/

Input data shape: 1530 * 11388
Total Population : 90
Train Test split: 80/20




Modeling

Approach-2: Feature Importance & Results

Feature Importance

TSFEL

Visualizing Important Features
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Comparison between different algorithms

(80:20)

RandomForest
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Modeling

Approach-2: Evaluation
How soon can the onset be detected

How soon can COVID infection be detected

Confusion Matrix

clf with pid split
Accuracy:62.94 )
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Modeling

Approach-2: Evaluation

param_max_depth

Parallel Coordinate Plot to select best parameters

param_min_samples_leaf param_min_samples_split

param_max_leaf_nodes

1200 12 10 25
1200 ! 1.0
o0 -
2.5
1000 - &0
L=
TO
£00 -
&0
&00 - 5
‘ 50 -
N
a0 -
400
30
200 -
204
4 103
10 4 5 10

param_n_esstimators
966

mean_test_score

0.5785003

J mean_test_score
0.578 -

SF7 -

0.5764

0.375

0.574

0.571\-

0.5708263

0.578

0.577

0.576

0.575

0.574

0.573

0.572

0.571




Analysis False Positives (Day Level per PID)

WEAADTULAIHZUYDSHAL

B calc_pred_cnt
N actualpred_cnt
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Modeling

Approach-3: Aggregated Baseline Statistics

Append the day based baseline's statistical feature

Higher order features
Ratio of temp & met
Ratio of HR & RMSSD

Deviation from Baseline

Time Series Signal

Input data shape: 92671, 60
Total Population: 90
Train Test split: 80/20

Original Data

PID Base_date_time HR_Mean
x1 Mon bl vl
X1 Mon_ b2 v2
x1 Mon b3 v3
x1 Tue bl v4
x1 Tue b2 v5
x1 Tue b3 v6
x1 Mon_cl v/
x1 Tue c2 v8

;

Baseline
Records

- B

Covid
Records

Baseline Aggregated

o
QO
v T 0w
= LT
S o 2T o
= 0 o 9
O L ¢ O c O
O @ .2 <o
A A
f T "
PID |Base_date_time HR_Mean Agg bl | Agg b2 | Agg b3
X1 Mon_cl v7 mean(vl) mean(v2) /mean(v3)
X1 Tue_c2 v8 mean(v4)| mean(v5) |mean(vé)




Features

Modeling

Approach-3: Feature Importance & Results

Visualizing Important Features

Feature Importance

=20_onset

age
ratic_met_temp_base3
ratio_met_temp_base?
ratioc_met_temp_basel
tEmp_diff_weekl
skin_temp_max
Emp_diff_ week3
=kin_temp_mean
Eemp_diff_week?2
ratio_met_temp_cowvid
week_day_number
skin_temp_min
skin_temp_variance
skin_temp_kurtosis
met_mean
met_kurtosis
met_variance
met_skewness

skin_temp_skewness
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Comparison between different algorithms

APPROACH-3

(80:20)

RandomForest

69.17%

0.6626

0.6915

0.5936

(80:20)

Bag_ging

68.94 %

0.6531

0.6894

0.5889

(80:20)

GradientBoust‘ing

55.79 %.

0.5826

0.5578

0.5679

(80:20)

AdaBoost

65.84 %

0.6041

0.6584

0.6091
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Evaluat

Approach-3

How soon can the onset be detected

Confusion Matrix

i

How soon can COVID infection be detected
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Modeling

Approach-3: Evaluation

Analysis True Positives (Day Level per PID) Analysis False Positives (Day Level per PID)
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Modeling

Approach-4: Pattern Recognition in Frequency Domain

Continuous Wavelet Transform (CWT)

fs{x)*w{ %] dx
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Source: wikipedia




Modeling

Approach-4: EDA - CWT
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Approach-4: CWT- Model

Signal Amplitude

C.ar*nlr:-\'r ) 1280

covid hr mean

Signal Amplitude
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Modeling
Approach-4: CWT- Output Interpretation

A SIS SIS EEEEEEEEEEEEEEEEE O mean
AEEE S S SSESSS S SSSSSSSSESESSEESEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEmEEEE O variance

N W Py sKewness ratio_greater_than_one
O OO W Py KUITOSiS B True
I WO W (missd_variance
I  rissd_skewness B False

IS S S S S S S S EE S EEEE S EEE S EE S EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE mssd_kurtosis
IS ESESESEESEESSESESSSESSSSESESEEESEEEEESEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE mMssd_mean
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Modeling

Approach-4: CWT- Parameter Selection
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Scalability

Dask

Dask is a flexible library for parallel computing in Python

Dask DataFrame is a large parallel DataFrame composed of
many smaller Pandas DataFrames.

Dask-DataFrames may live on disk for a single machine, or on
many different machines in a cluster.

Dask DataFrame uses the multi-threaded scheduler that
exposes parallelism

January, 2016

February, 2016

March, 2016

April, 2016

May, 2016

|

Pandas
Dataframe

Dask

Dataframe



Scalability

Nautilus
. . . . . Kubeless - Kubernetes Cluster
Nautilus environment 1is built with Kubeless
Kubernetes cluster architecture. :
unctionl Instances
Serive A —™ |
. . k = =7
Leveraging the existing auto-scalable , |
Ingress Auto-Scaling and Monitoring

infrastructure.

Function2 Instances

SeriveB —p
When an instance is loaded beyond 80% by a
service, a new instance will be automatically spun,
and the load will be shared with the new instance.

Source: SDSC
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Visualization

[Jash

plotly ,

I loT Wearable Data Fever Analysis

® Load Pickles from nautilus

ML Approach1 (Transposed Data)

Time series raw data for both the baseline and covii window are used as In when predicting the covid onset. Raw data at the 30 minute interval in both the baseline and covid are
transposed to columns and used for prediction.

Tools &
Techniques

® Ploty plots

® Plotsintegrated with DASH

® HTML,CSS and Dash-Bootstrap

HTML L33

5|3,

| Original Format

ate (Dmere)
Mt
Mar 2
At
Aor 2
A3

Ao A

Feature Importance

Feature Name

e
8
'
g

i temp_erd0_cv_day.

whin_temp_pert0_cvd_day 1

shin_temp_sers0_cvd_day.
hin_temp_per80_cve_day
shin_temp_2er80_cve_Suy.
o0 tamp_perdd_ov_day
Shon_temp_parS0_ove_day
shin_temp._perd0_cvd_doy.
skin,_temp_2erd0_cva_doy
win_temp_gers0_cvd_dey,

1. pe80_cve_day

fret_stddev_cvd_day 2

Shin_temp_persd cve_gay,
met_stdcev ovd_doy,
sk bemp_per®Q_cv_oby,

shin_temp_gert0_cve_day.

whin,_temp, 3ar80_cvo,_dey. 3

17 pert_cva doy 3

_stddev_ovd_day

mat_variance_cve_day

1190/ 340

Train / Tost Spit

2.7.02:30:00)
1_60:0%:00|
1.7 01139:00)
2.7.01:3%:00)
1.1_23:3%:00)
2,7.92:00:00)
1.7.04139.00
2.7, £0:3%:00)
2.7, 033000
3.7.2472%:0)
1.7, 01:39:00)
7,,16:30:00)
3.7, 0003000
3.7_13:00:00)
2.7, 23:00:00)
3.7, 20:33:90)
1.07:09:00)
1..0:00:00)
270410900

3.1 14:00:0)

Importance Score

70/20

Train P10 Count/ Test PO Count

| Model Input Format

BL oy 1 HR BL dwy 2 WA CVD duy 1 HR CVD_duy 2 WA

Parafiel Coordinate Plot to select best parameters

maK_Gepth min_leaf  min_spit Max_nodes estimators mesn score
1200 12 10 95 966 0.531933
1200 o
/ mean_score
/
1

1000

0.53
f0.528

0.526
{0.524

0.522

}x 0.52



Visualization

Setup & Extensibility

® Virtual Environment
- Why
- How

@ Easy to Extend for more approaches

@ Easy to add more plots

Architecture

Nearable Data Fever Analysis

ML Approach
s  CWT Analysis

Cluster Analysis

Exploratory Data Analaysis

Full View

Analyzing the physiological signals (skin temperature , met, heart rate and respiratory rate) to study the daily and weekly rhythm of each individual. The plots helps to compare
and anzlyze how the rhythm changes during covid in comparison with baseline.

Choose a PID

OVUX2ETYUQMPA-G7qWtcIRNMyKOSJPOGKXNLGDJIDCZNK4OWCUQ-el &

Time Period is from 2020-01-16 to 2020-08-31

Architecture

Data Analysis

h1 ML Approach 2

ML Approachi (Transposed Data)

Nearable Data Fever Analysis

ML Approach 3

Choose Baseline/Covid

O Al

Baseline Covid

Choose a Label

O Al

Covid Only

Full View

Time series raw data for both the baseline and covid window are used as in when predicting the covid onset. Raw data at the 30 minute interval in both the baseline and covid are
transposed to columns and used for prediction.

60.59%

Model Accuracy

1190/ 340

Train / Test Split

10516

Feature Count

70/20

Train PID Count/ Test PID Count

90.00%

Covid Prediction (Person)
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Key Findings & h
Future Use




Key Findings

Skin temperature is the key feature predicting Covid in the time domain

Heart rate and Respiratory rate are important features in the frequency domain
The model performs better when all three variables are combined.

Skin temperatures are higher for female than male (healthy and covid window)

Higher-order features of baseline are the key features in the baseline aggregation approach
Ratio : skin temperature / met, HR / RMSSD

Deviation: the difference between covid to corresponding three baselines




Key Findings

Baseline Data was helpful in reducing false positive results

TSFEL approach signifies entropy (amount of uncertainty) and negative turning points are

the important features for the predictions

Most of the models' true prediction is around the Symptoms onset date or the calculated px

date (Calculated physiological max date)




Future Use

The framework allows easy integration of new

physiological data. Ex. Sleep Summary

The framework facilitates the development and evaluation of

new model approaches or selecting dynamic baseline

Extend the research for other Medical diagnosis like

pregnancy prediction

Ease of collaboration among different stakeholders (for

eg. clinicians, algorithm developers & physicians)



Acknowledgment

Prof. Ilkay Altintas
Program Advisor

Shweta Purawat
Computational and Data Science Researcher Specialist level 4

Prof. Benjamin Smarr
Academic Advisor

Paul Norton
Security specialist, San Diego Supercomputer Center

] ose%h Nataie ) Danielle Whitehair
postdoctoral researcher Technical project manager, San Diego Supercomputer Center

Subhasis Dasgupta Shakti Davis

Computational and Data Science Researcher Specialist level 4 Engineer, MIT Lincoln Lab

Varun Viswanath
Ph.D. student, Dept. of Electrical and Computer Engineering







Questions




