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Recurrent Stroke Among Cerebrovascular Disease (CeVD*) Patients

* CeVD includes: acute stroke, hemorrhage, and infarction

Number of patients with CeVD
@ CeVD (10k)
@» Stroke (10k)

= Y g B
CeVD is a leading cause of death, i | l |
in an aging society |

(Feigin et al., 2020; Motolese et al., 2023) 2018 2019 2020 2021 2022

https://royaloakshomecare.com/aging-at-home/fall-prevention-in-elderly-risks-prevention-common-injuries-and-how-to-get-up/



“Recurrent Stroke” “Golden Hour”

10 Mins 1 hour 3 hours 6 hours

® O w @ ¢
One in five (20.1%) survivors . . e :
experience another stroke in 5 years Timely intervention Is crucial

(Rucker et al., 2020) (Batarda Sena et al., 2025; Saver, 2006)

https://royaloakshomecare.com/aging-at-home/fall-prevention-in-elderly-risks-prevention-common-injuries-and-how-to-get-up/



Clinical Assessment-Based Diagnosis

« Current CeVD diagnosis relies heavily on hospital-
based imaging (CT, MRI)
« 78% of CeVD cases are diagnosed after acute onset

| Limitations

« Diagnosis depends on patient-initiated care with long intervals
(6 months - 1 year)
« Rural areas show 34% longer emergency arrival times




“Hospital to Home”

Older adults
spend most of their time (95%)
at “home”

Home Healthcare
for
CeVD Patients?
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Background:

CeVD Risk Factors

Physical
Activity

Sleep
Patterns

Thermal
Env.

Low physical activity level

Increase the cerebrovascular risk

Delayed sleep onset

Frequent awakenings Increase the stroke risk

Large gap between Increase the blood pressure

In & outdoor temperatures & vascular strain
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Background:

Residential Contexts ~ CeVD
Risk Factors
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Daily Risk Factors

1 m i |In're||igence (AL ~—Emergency
Occurrence

Prediction

Inter
A

| Priority of daily risk factors?

ysical
fivity

| How are they different by residential contexts?

| Implications for prevention strategies?
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Smart Home Data:

Door sensor

ID Time Occupancy
27024 | 2024-1-0713:15 No * Recorded at +minute intervals
27024 | 2024-11-0713:16 No * Occupancy status was inferred
27024 2024-11-07 13:17 Yes assisted by motion detector
- £

ID

Time Location  “count Installed in each room

27024 | 2024-11-0717:52 | Bedroom 842 * Recorded at +minute intervals
27024 | 2024-11-0717:53 | Bedroom 538 | ° '(\:"Ot'on et dEtECteddevery Zseblies
L]
27024 | 2024-11-0717:54 | Bathroom 122 SIS SR SUAITIEE [BRr rinLie
(within 0-1000 range)
> Sleep pattern extraction Sleep offset time:
. Endof 20-minute inactivity,
o Sleep onset time: before m@vement
+ 1000 i Start of 20-minute inactivity, between tooms
% ¢ without movement between rooms 8
9 Ps :
[&] [ H .
QOutdoor > 500 : i
Bedroom > ' Slee p fragmentatio
B b Not 10-minute inactivity,
Eatioom < ¥ ormovementbetween r
Living oom o 5
22:00 00:00 02:00 04:00 06:00 08:00

Demographics

* Age
* Sex

Chronic disease

* CeVD

* Cardiovascular disease
* Diabetes

* Hypertension, ...

Medication

* Antidepressants
e Stimulant drugs, ...

Physical conditions

* Independent walking capability
¢ Disability status, ...

)
Environmental sensor

Time Temperature Humidity
27024 2024-11-07 23.9°C 67.4% * Recorded at
1-day intervals

27024 2024-11-08 23.2°C 71.9%

§ Emergency pager

Button actlvated

Time Type Hospitaltransfer
19425 | 2023-02-18 08:23 | Stroke Yes Paramedlcs dispatched
8024 | 2023-03-07 11:48 Fall No Emerge'n oy type
: : ‘ ‘ recorded
Provided by

LivOon

SILYERCARE
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Patients:

* Age
* Sex

-1 Chronic disease

* CeVD

e Cardiovascular disease
¢ Diabetes

* Hypertension, ...

* Antidepressants
e Stimulant drugs, ...

* Independent walking capability
* Disability status, ...

Inclusion Criteria:

« Older Patients (Aged 65+)

« Diagnosed with cerebrovascular disease (CeVD)*
*CeVD includes stroke, brain lesion, cerebral hemorrhage, cerebral infarction,
cerebral artery stenosis, concussion

« Capable of independent walking
« Single residents

Exclusion Criteria:

« Reported use of hypnosedatives, stimulants, or antidepressants
(which could significantly affect activity or sleep patterns)
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Data Extraction:

CeVD Patients Observation duration:;

“28 days”

Emergency* Matched Controls before emergenc
(non-emergency) . g Y

Emergency Emergency
1-to-Many Matched by: (n=108) :  Occurrence
Age (*+1 year) and gender o :

C

: ()
® (W
. Controls
(n=827)

*Emergencies occurred between January 1 and December 31 2023, and transferred to hospital



Towards Proactive Home Healthcare: Leveraging In-home Contactless Sensors and Multimodal Deep Learning for Emergency Prediction in Older Patients with Neurological Disorders

Preliminary Data Analysis

Emergency
(n=108)

Controls
(n=2827)

Emergency |
Occurrence |

Physical
Activity

Sleep
Patterns

Thermal
Env.

- Physical activity -

- Sleep patterns -

)
—

Sleep onset time

)
—

Sleep fragmentation

- Thermal environment -

Residential context

Region

Number of rooms

| — Height of house
-—
Interactions

e ..

Emergency

Controls
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Physical
Activity

Residential context

Region

Number of rooms %

Height of house /

Identified Relationships

Emergency group showed
« M Active time at home

« \ Shorter outdoor time
Especially, living in

* N Number of rooms,

* /N Height of house,

* Rural area

- Physical activity -

Z

- Sleep patterns -

Sleep onset time

Sleep fragmentation

- Thermal environment-

|| control

Mixed-effects linear model

I Emergency

Number of rooms

Height of house

Region

*
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IdenTified RequionSh i pS Mixed-effects linear model

Control Emergenc
Emergency group showed [0 control [N Emergency
Sleep » Delayed sleep onset Number of rooms Height of house
Patterns Especially, living in .
* N Number of rooms, £ R o
; = & 0500 05:007
* M Height of house. 82 G300, 0300]
6 T 0100 01:007
- Physical activity - 8 L 2300; 23:00
Q 21001 : . 21:001 ; .
Residential context o
o
3 3
Q .8 5 1 5
q) N—
Number of rooms = _ Sleep patterns - ks ol | | .
Height of house © Sleep onset time | 1 2 <2m >2m
Sleep fragmentation | s o[~ 6-
g3 ¢ 3
- Thermal environment- % “E’ 5 2
(©)]
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Identified Relationships

Emergency group experienced
Thermal « N Temperature gap btw in-outdoors

Envir. Especially, living in
« /N Height of house.

- Physical activity -

Residential context

- Sleep patterns -

Sleep onset time

Sleep fragmentation

- Thermal environment-

- Control

- Emergency

Mixed-effects linear model

Number of rooms Height of house
S—
40 A 40 - il
20 # # ﬁ 20 # #
1 2 3 <2m >2m
+40 1 +40 1 * Kk kk I
+20 - +20
o | * o | *
1 2 3 <2m >2m
S——
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Emergency Prediction AI Model

Static inputs

Residential context

Region

Height of house

- As control variables-

Age Sex

Cardiovascular
Disease

Diabetes

Hypertension

Number of rooms &—

Individual Health

Output
/—/%

Time-series inputs

- Physical activity -

Low-level active time

High-level active time

Outdoor time

- Sleep patterns -

Sleep onset time

Sleep fragmentation

- Thermal environment-

Static info.

Time-series info.

Emergency Prediction Model: CrossNet

Time-series features

Emergency

Control

e U I
Sel & N W @
. |Xa-28 e | Xa27 . o 7 ooz Xd—275% T ) Xo-1
4 v Imputation " v Imputation ¢ vimputation T v Imputation "¢ v Imputation 5
—> > — — —_— 'g
o ;
gy ——
[ X§ 28 X§ 27 X5 26 X§ 25 X§.1 & v
o i
2 O
& LSTM  hazs| | LSTM gz LSTM  Agz LSTM  Aszs LSTM
P cell cell cell cell cell
g I I I I I »
d-28 a-27 d-26 d-25 d-1

Model Architecture

Prediction Performance:

o
'VS

Emergency?

Control?

Accuracy AUROC AUPRC
Train 0.9819 0.9819 0.9659
Test 0.9731 0.9675 0.9181
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AI-driven Important Risk Factors

Emergency Prediction Model: CrossNet

H
Y e o
§ FEe. e el e e e g e e L s
§ ool cel 1 ol call

Model Architecturs
Prediction Performance:

® ® Accuracy AURCC AUPRC
' Vs ' Train 09819 09819 0.9859

Emergency? Control? Test 09731 09675 0981

il Shap

Interpretation: Important Risk Factors

Features

Sleep fragmentation
Low-level active time
Outdoor time
High-level active time
Indoor temperature
Sleep onset time
Temperature gap (In -Out)
Region

Sex

Diabetes

Height of house
Number of rooms

Age

Hypertension
Cardiovascular Disease

J

W/////////////////////M'W//////////////W

| Ui

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Importance (average of |[SHAP values|)

Time-series
inputs

Static
inputs
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Residential Context X Risk Factors

How are they different by residential contexts?

| SHAP values stratified by number of rooms

Number of rooms

e

Sleep fragmentation ) )
>2 of sleep fragmentations is

associated with emgrgency

0] = Especially, o
) observed in house with 1 room

Strongly associated
with emergency

—

Lower:
Strongly associated
with non-emergency

SHAP Value
o
1

|
O
1

Number of rooms -

Sleep
fragmentation

O 2 4

Sleep fragmentation count
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Emergency Risk Factors: Sleep Patterns

Sleep
Patterns

Sleep fragmentation -

Sleep onset time

Height of house -
Number of rooms -

Sleep onset time

(HH:MM)

Sleep
fragmentation

SHAP Value

SHAP Value

Number of rooms

After 00:50 AM

+0.1 1 l
O o e . LS .
-0.1 A
21:00 01.00 05:00
Sleep onset time
>2 times

Sleep fragmentation count

SHAP Value

SHAP Value

Height of house

<2m == >2m

-0.1 1

21:00

01:00  05:00

Sleep onset time

2 4
Sleep fragmentation count
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Emergency Risk Factors: Physical Activity

Physical
Activity

Low-level active time
Outdoor time
High-level active time

Region

Height of house
Number of rooms

Low-level active

()
=
4=

O

@®
©

>
°

|
e
o
I

Outdoor time

time (hours)

—~
0
e
>
o

L

=
£

=

SHAP Value SHAP Value

SHAP Value

Number of rooms

= =) ==3

0.0 25 5.0 75
Low-level active time (hours)

High-level active time (hours)

T
5 10
Outdoor time (hours)

SHAP Value SHAP Value

SHAP Value

Height of house

<2m == >2m

-0.1 A

0.0 25 5.0 7.5
Low-level active time (hours)

> 2.3 hours

High-level active time (hours)

T
5 10
Outdoor time (hours)

Region
== Ryral Sub-urban == Urban

SHAP Value

0.0 25 5.0 7.5
Low-level active time (hours)

SHAP Value

SHAP Value

Outdoor time (hours)




Towards Proactive Home Healthcare: Leveraging In-home Contactless Sensors and Multimodal Deep Learning for Emergency Prediction in Older Patients with Neurological Disorders
@

Emergency Risk Factors: Thermal Environment

Number of rooms Height of house
= ] - ) == 3 <?2m = >292m
Thermal
Env.
N 0.1
+0.1 -
9/ g Q
r O® © ©
= >
8 § A = i e o
(@ [ 1%2] n
— o  -01- -0.1 1
E 1 1 1 1 1 1
Q 10 20 30 10 20 30
Indoor temperature - Indoor temperature (C°) Indoor temperature (C°)
Temperature gap (In-Out) -
Q
® +0.1 |
D> ¢ 0 /
20O s g
Height of house - 2 = o P O e e
@® < <
Number of rooms - - O =T T
O n n
O c -0.1 A -0.1 A
I
q) 1 1 1 1
— 0] 20 0] 20

Temperature gap (In-Out, C°) Temperature gap (In-Out, C°)
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Takeaways: Key Risk Factors

Physical
Activity

Sleep
Patterns

Thermal
Env.

- Physical activity -

- Sleep patterns -

Sleep onset time

Sleep fragmentation

N\ ()

- Thermal environment -

- Overall - - Residential Context -

> 5 hours e Too short in homes with 1 room
> 2.3 hours

< 5 hours e Too short in rural area

Later than 00:50 AM

> 2 times

e Homes with 1 room were sensitive

« Large gap in homes with 3 rooms
or higher ceiling height
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Implications and Limitations

Implications Limitations

« Home as continuous monitoring system  Participants limited to South Korea

« The role of passive sensors (not wearables) Participants living alone

« Installation of simple sensors « Comorbidities not captured
« Findings as behavioral management  Activity contents not captured
strategy « Detailed design strategies not captured

- Strategy tailored to size, height, and
location of homes
« Future work extending the home

environment as a diagnostic tool
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