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Introduction At-Home Rehabilitation
End-Stage Kidney Disease (ESKD) » Exercise reduces frailty in ESKD patients [2] Modified Borg Scale
 Chronic kidney disease (CKD) affects more ¢ In-person rehabilitation can be burdensome 0 Nothing at all
than 1 in 7 adult Americans  Disability increases barriers to accessing s Extremely Slight
 People with CKD are more likely to be nealthcare [3] Aerobic Vezi::tght
disabled « People prefer for their physician to be able to 2&1’;923“';“?54 Moderate
 End-stage kidney disease (ESKD) when CKD monitor their adherence [4] Somewhat Severe
. . . Severe
pétlents need dlalyS.]S and eventual.ly Rat]ng of Perceived Exertion (RPE) Protocol Developed by Houston Methodist [2]
kidney transplantation (KT) to survive . . . . L. Very Severe
, ,  Single number used to describe the whole experience of exertion subjectively
« ESKD patients are commonly frail .
- tod with ad bealth * Most common RPE method is the Borg scale Extremely Severe
FATLY 15 @ssotiated WIth adverse hed * RPE describes the amount of effort patients are putting into exercise Maximal

outcomes [1]
* Frailty is part of KT risk assessment [2]

* RPE has been predicted from biosensors in previous works
* Not all sensors suited for home-use long-term
* Most do not focus on real-time applications

¢ Which machine learning models perform best at predicting exertion and exercise type?
e Do subject-specific models outperform global models?

e Does the presence of sensitive attributes, such as age, weight, and height, improve
predictions?

There is a need to be able to predict RPE
during rehabilitation that is convenient for
long-term use at home

Random forest models performed

Methods \ Results best
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, , Test performance of random forest models >
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Protocol (Adapted from Houston Methodist) (meanzstd) Attributes |
RPE 88.81£6.8% 87.9% 88.0%
Baseline Testing - Exercise 0.2 e BE I
Resistance T 95.0+x4.6% 88.9% 92.4% |
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e 6MWT e 3-4 RPE . . . . . 0.0
: : - Feature importance varied across individuals. RE IR MLP AR NBC
e Fried Frailty Phenotype
e 3setsof 10 C3 Model
e TUG I Validation accuracies for all machine learning models on the RPE
Pulse Rate . predicting task. Balanced accuracy is adjusted for chance, and
Y Counts : I-|]]-I error bars represent standard deviation.
Temperature 1 HH Incorrect predictions are still
|
: : EDA close to correct.
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SystolicPeaks 1| | I 11 L1111 010011011011l Five most important features for participants C3 (top) and C6 (bottom). Y and Z counts (') 075 % é :'3 ;1 é é ; é é 1'0
Temperature represent actigraphy counts for those axes. n=50 Predicted RPE
SJ:EE[?AS ] . . Test predictions for the global random forest model with sensitive
BVP ~——— N —_——— DISCUSSlon attributes
e A AN AP AN p ANt . . o o o . . .
pece erometer 7 P » Preliminary results highlight the potential for commercially available wearables to monitor
Accelero:neterx e L AN A A A adherence to rehabilitation
Pulse Rate . . L. . . o o o
N J » Success of simple models for predicting RPE and exercise type is promising for real-time
biofeedback with both subject-specific and global models.
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