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Recurrent Stroke Among Cerebrovascular Disease ( CeVD*) Patients

CeVD is a leading cause of death, 
in an aging society

(Feigin et al., 2020 ; Motolese et al., 2023) 

* CeVD includes: acute stroke, hemorrhage, and infarction
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10 Mins 1 hour 3 hours 6 hours

Timely intervention is crucial
(Batarda Sena et al., 2025; Saver, 2006 ) 

One in five (20.1%) survivors 
experience another stroke in 5 years

(åȍŢƪŰǫʣŰǿʣŅƭʧʨʣɦɤɦɤ) 

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

˕åŰŢȇǫǫŰƸǿʣíǿǫǄƪŰ˖̞dǄƭũŰƸʣkǄȇǫ˖



Clinical Assessment -Based Diagnosis

ÅCurrent CeVD diagnosis relies heavily on hospital -
based imaging (CT, MRI)
Å78% of CeVD cases are diagnosed after acute onset

| Limitations

Å Diagnosis depends on patient -initiated care with long intervals 
(6 months - 1 year)

Å Rural areas show 34% longer emergency arrival times



Home Healthcare 
for

CeVD Patients? 

˕kǄǳǨƕǿŅƭʣǿǄʣkǄƶŰ˖ʣ
Older adults 
spend most of their time (95%) 
Ņǿʣ˕ƐǄƶŰ˖



Towards Proactive Home Healthcare: 

Home  + IoT Sensor  + Artificial Intelligence (AI)

Emergency
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Prevention

for CeVD patients
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Low physical activity level

Increase the cerebrovascular risk

(Susts et al., 2023; Wang et al., 2022)

Delayed sleep onset

Frequent awakenings Increase the stroke risk

(Y. Chen et al., 2023; Tsai et al., 2022)

Large gap between

In & outdoor temperatures

Increase the blood pressure

& vascular strain
(Doi et al., 2023; Yu et al., 2020)
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CeVD
Risk Factors

Residential Contexts

1. Number of Rooms

2. Ceiling Height

3. Region

(Kwon et al., 2021; 
Wang et al., 2019)
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Sleep
Patterns
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Artificial Intelligence (AI) Emergency
Occurrence
Prediction

Residential Context

Interpretation

Physical
Activity

Sleep
Patterns

Thermal
Env.

| Priority of daily risk factors?

| How are they different by residential contexts?

| Implications for prevention strategies?

Daily Risk Factors
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Patients:
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Inclusion Criteria:
Å Older Patients (Aged 65+) 
Å Diagnosed with cerebrovascular disease ( CeVD)*

*CeVD includes stroke, brain lesion, cerebral hemorrhage, cerebral infarction, 
cerebral artery stenosis, concussion

Å Capable of independent walking
Å Single residents

Exclusion Criteria:
Å Reported use of hypnosedatives , stimulants, or antidepressants 

(which could significantly affect activity or sleep patterns)
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Data Extraction:

Emergency* Matched Controls
(non -emergency)

CeVD Patients

1-to -Many Matched by:
Age ( 1 year) and gender

Observation duration:

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

Emergency 
Occurrence

Same  period

Emergency
(n = 108)

Controls
(n = 827)

˕ɦɬʣũŅȦǳ˖
before emergency
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Preliminary Data Analysis
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Occurrence

Same  period

Emergency
(n = 108)

Controls
(n = 827)

˕ɦɬʣũŅȦǳ˖

Mpx.mfwfm!bdujwf!ujnf

Ijhi.mfwfm!bdujwf!ujnf

Pvuepps!ujnf

Tmffq!potfu!ujnf

Tmffq!gsbhnfoubujpo

Joepps!ufnqfsbuvsf

Ufnqfsbuvsf!hbq!)Jo.Pvu*

.Qiztjdbm!bdujwjuz!.

.Tmffq!qbuufsot!.

.Uifsnbm!fowjsponfou.

Physical
Activity

Sleep
Patterns

Thermal
Env.

Sfhjpo

Ovncfs!pg!sppnt

Ifjhiu!pg!ipvtf

Sftjefoujbm!dpoufyu

Interactions

VS

Emergency Controls



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

Identified Relationships
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Dpouspm Fnfshfodz

Region

Number of rooms

Height of house

Residential context
Low- level active time

High- level active time

Outdoor time

Sleep onset time

Sleep fragmentation

Indoor temperature

Temperature gap (In - Out)

- Physical activity -

- Sleep patterns -

- Thermal environment -

Physical
Activity

Emergency group showed
ÅąActive time at home 
ÅĆShorter outdoor time

Especially, living in 
ÅąNumber of rooms, 
ÅąHeight of house, 
ÅRural area

Mixed -effects linear model
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Identified Relationships

2 3 4 =3n ?3n

2 3 4 =3n ?3n

2 3 4 =3n ?3n

26

21

6

1

7

5

3

1

Ovncfs!pg!sppntIfjhiu!pg!ipvtf

T
m
f
f
q
!
p
o
t
f
u
!
u
j
n
f
!

)I
I;
N
N
*

T
m
f
f
q
!
e
v
s
b
u
j
p
o
!

)i
p
v
s
t

*
T
m
f
f
q
!

g
s
b
h
n
f
o
u
b
u
j
p
o

+ +

+

++

14;11
12;11
34;11
32;11

16;11
14;11
12;11
34;11
32;11

16;11

26

21

6

1

7

5

3

1

Dpouspm Fnfshfodz

Region

Number of rooms

Height of house

Residential context
Low- level active time

High- level active time

Outdoor time

Sleep onset time

Sleep fragmentation

Indoor temperature

Temperature gap (In - Out)

- Physical activity -

- Sleep patterns -

- Thermal environment -

Sleep 
Patterns

Emergency group showed
ÅDelayed sleep onset

Especially, living in 
ÅąNumber of rooms, 
ÅąHeight of house.

Mixed -effects linear model
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Identified Relationships

Region

Number of rooms

Height of house

Residential context
Low- level active time

High- level active time

Outdoor time

Sleep onset time

Sleep fragmentation

Indoor temperature

Temperature gap (In - Out)

- Physical activity -

- Sleep patterns -

- Thermal environment -

2 3 4 =3n ?3n

2 3 4 =3n ?3n

51

31

,51

,31

1

Ovncfs!pg!sppntIfjhiu!pg!ipvtf

J
o
e
p
p
s
!

u
f
n
q
f
s
b
u
v
s
f
!

)D
Á*

U
f
n
q
f
s
b
u
v
s
f
!
h
b
q
!

)J
o.P
v
u-
!D
Á* +++

++

,51

,31

1

51

31

++
++++

Dpouspm Fnfshfodz

Thermal 
Envir .

Emergency group experienced
ÅąTemperature gap btw in -outdoors
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Mixed -effects linear model
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Emergency Prediction AI Model
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Emergency Prediction Model: CrossNet

Model Architecture

Accuracy AUROC AUPRC

Train 0.9819 0.9819 0.9659

Test 0.9731 0.9675 0.9181

Prediction Performance:

VS

Emergency? Control?
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AI -driven Important Risk Factors
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Residential Context X Risk Factors

Low- level active time

High- level active time
Outdoor time

Indoor temperature

Temperature gap (In - Out)
Region

Age

Sex

Cardiovascular Disease

Diabetes

Hypertension

0.0 0.4 0.8 1.2
Importance (average of |SHAP values|)

Sleep onset time

Height of house

Sleep fragmentation

How are they different by residential contexts?

Number of rooms
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| SHAP values stratified by number of rooms

Higher:
Strongly associated 
with emergency

Lower:
Strongly associated 
with non -emergency

>2 of sleep fragmentations is 
associated with emergency

Especially,
observed in house with 1 room
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Emergency Risk Factors: Sleep Patterns
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Low- level active time

High- level active time
Outdoor time

Indoor temperature

Temperature gap (In - Out)
Region

Age

Sex

Cardiovascular Disease

Diabetes

Hypertension

0.0 0.4 0.8 1.2
Importance (average of |SHAP values|)

Sleep fragmentation

Sleep onset time

Number of rooms
Height of house

Physical
Activity

Sleep
Patterns

Thermal
Env. After 00:50 AM

>2 times
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Emergency Risk Factors: Physical Activity

Indoor temperature

Temperature gap (In - Out)

Age

Sex

Cardiovascular Disease

Diabetes

Hypertension

0.0 0.4 0.8 1.2
Importance (average of |SHAP values|)

Sleep fragmentation

Sleep onset time

Physical
Activity

Sleep
Patterns

Thermal
Env.

Low- level active time

High- level active time
Outdoor time

Region

Number of rooms
Height of house Rural

1 room

< 5 hours

> 5 hours

> 2.3 hours


