Biomedical Data Science:

Biosensor Analysis
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Deep Phenotyping through Digital Health
Scale

Liu*, Spakowicz* et al, PLOS Comp Bio 2021
Example Human Activity Data
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As mobile technology advances rapidly, the global mobile healthcare market is projected to be
over 90 billion USD in 2022

(Lee SM, Lee D. Healthcare wearable devices: An analysis of key factors for continuous use intention. Service Business 2020; 12/01;14(4):503-531)
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Biosensors

Direct Models of
Sensor data



Wearable Sensors in Biomedical and Clinical Research

ARTICLES

nature o
medicine

https://doi.org/10.1038/541591-021-01339-0

| W) Check for updates

Wearable sensors enable personalized predictions
of clinical laboratory measurements

Jessilyn Dunn©1"234510%4 | ukasz Kidzinski ™4, Ryan Runge'*, Daniel Witt?3, Jennifer L. Hicks?,
Sophia Miryam Schiissler-Fiorenza Rose © ¢, Xiao Li'’, Amir Bahmani', Scott L. Delp?8,
Trevor Hastie ©°* and Michael P. Snyder ©'>
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Predicting Clinical Lab Values from Vitals taken from
the Hospital vs Wearables

Lab Values to Predict

, o a
) Compare meﬂ Electrolytes Ca®,K*, CI", CO,, Na*, AG

2) Build models of clinical labs

* Electrolytes

* Diabetes

* Cardiovascular disease
* Liver function

* Immune system

* Hematologic
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Engineering Wearable Features Used to Predict Clinical Lab Values

Wearable Features

| Heart rats 'I Descriptive statistics
_ meap, media.n,Askew, kurtosis, s.d.,
| Sk lomperatii RJ X maximum, minimum, range
Lab Values to Predict
l EDA ‘_l Domain knowledge-based a

thresholding criteria
I Stepe |‘|] . Electrolytes ca®* ,K*,CI", CO,, Na*, AG
e * Daytime Q versus night-time (

* Weekday versus weekend

* Seasons
Restil s Low-i t activi
153 digital biomarkers e | e I} Lowsmpact actly k
High-impact activity Z
Digital biomarker engineering Model building Model testing

g [ Lasso ] l Bootstrap
| Bandom forect | »ﬂ Leave-one-person-out

® 54 participants cross validation

e 18,522 total

¥
recorded days [ CCA l V Variance explained (R)

Prediction using Random Forest
And Linear model (Lasso)
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Multiple correlation

Correlation of Predicted and Observed Lab Values
using Wearable vs Clinical Vital Signs

Comparing predictions between wearables and

coefficient (R)
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Biosensors

Analysis of the Impact
of an Intervention
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Bayesian Structural Time Series and Causal Impact

* Understanding the causal effect of an intervention as measured by biosensors

« As an example:
= vy, : weight (observed)
= ', : weight (predicted)
= S; : latent state variable

» X, : Covariates (calories, weather, etc.)

e =St + Xip

] oy
1@ Weight (obs) '

" 1
1@ Weight (prec) | !
1 !

......................................

Liu*, Spakowicz* et al, PLOS Comp Bio 2021

Intervention

Brodersen et al, The Annals of App. Stat. 2015
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Using a Bayesian Structural Time Series Framework for
Modeling Biosensor Data to Evaluate Interventions
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Liu*, Spakowicz* et al, PLOS Comp Bio 2021

=l + X8 + e, er ~ N(0,07)
Uts1 = Ut + 61,6 ~ N(O, 0(?)

: weight

: Covariates (calories, weather, etc.)
: error term

: local level (unobserved trend)

: slope

E'Yt
E'Xt
L "er
5
Pom 5

i P(y,n+1:N|y1:n)
} Impact

Brodersen et al, The Annals of App. Stat. 2015
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Acceleration

Cumulative

Simple Ex of Performance on Biosensor Data
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Liu*, Spakowicz* et al, PLOS Comp Bio 2021
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Analyzing Behavioral Sensor Data using
Paired and Spatial Covariates

Effect of an Intervention on a Spatial Zone
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Liu*, Spakowicz* et al, PLOS Comp Bio 2021
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Collecting Biosensor and Wearable Data from Diabetes Patients

A Biomedical Sensor Data From Diabetes Patient (Individual #1)
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Evaluating The Efficacy of Exercise Regimens in Diabetes Patients
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