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Input: Output:

9/01 PM2.5 = 63 9/02 PM2.5 = 65 9/03 PM2.5 = 100
Input: Output:

9/12 PM2.5 = 30 9/13 PM2.5 = 25 9/14 PM2.5 = 20
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Data analytics
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Data management

Data storage
acquisition
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StudyDate
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StudyTime
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StudyDescription
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PatientsName

PatientiD

PatientsSex
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= Analyze Data
 Value or Garbage?

Global Average Temperature, °C
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Candidate rules

Confidence (%)

Lift

IF AMB_TEMP(lag7)<24.42 and NO2>=17.48
and NO(lag7)>=2.63 and PM2.5(lag3)>=11.20
and PM2.5(lag6)<37.42

THEN ASTHMA LV=H,

71.05

147

IF AMB_TEMP(lag7)<24.42 and NO2>=17.48
and NO(lag7)>=2.63 and PM2.5(lag3)>=11.20
and PM2.5(lag6)>=37.42

THEN ASTHMA LV=H,

80.77

1.67

IF AMB_TEMP(lag1)<25.72 and NO>=3.50 and
NO(lag7)>=3.34 and RH(lag1)<78.50

THEN ASTHMA LV=H,

72.22

1.78

10

IF AMB_TEMP(lag5)<26.45 and NO2>=17.47
and NO2(lag7)>=3.23 and RH(lag1)<89.69 and
CO(lag4)>=0.38

THEN ASTHMA LV=H,

7121

1.57

15

IF AMB_TEMP(lag2)<25.39 and NO>=3.50and
NO(lag7)>=2.97 and PM2.5>=11.76 and
RH(lag6)>=77.80

THEN ASTHMA LV=H,

76.6

1.68
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epm)  epb)  2PPP) ugmd)  ugim®)  (opb)

TeER  0.6(0.1) 21.1(3.2) 28(5.2) 46.8(9.6) 26.8(5.3) 3.8(0.5)

A0 B ik

All 0.53 0.51 0.28 0.69 0.63 -0.12
<24 ylo -0.15 -0.18 0.08 0.08 -0.03 -0.22
25~ 44 ylo 0.30 0.33 0.22 0.53 0.42 0.08
45 ~ 64 ylo 0.36 0.34 0.22 0.55 0.48 -0.16
65 ~ 79 y/o 0.64 0.60 0.27 0.67 0.68 -0.08
>= 80 y/o 0.62 0.58 0.30 0.74 0.70 -0.19
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= FRIERE P (diagnosis) ~ 12 (prognosis) ~ is R (treatment)
n Al kAP § s B
« 1 /p] (detection)
« 4 #F (classification)
* 4 3 (segmentation)
« 3gp (prediction)
« 123 (recommendations)
B #X3 7 &2 (natural language processing)
% B8 A2 (multimodel processing)
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Original image tissue classification

Manually labeled Mask

MOdeI Segmentation Black (necrotic tissue) Red (granulation tissue) Red (ffléf”‘ gl'a"U|aﬁ°n tissu)e)
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Sannino, G., & De Pietro, G. (2018). A deep learning approach for ECG-based
heartbeat classification for arrhythmia detection. Future Generation Computer
Systems, 86, 446-455.

https://www.sciencedirect.com/science/article/pii/S0167739X17324548
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Atrial
Fibrillation

Features
computed based
on SQl, beat-to-

8 channel PPG

beat variability
etc.

https://ieeexplore.ieee.org/abstract/document/7897225 https:/fwww jmir.org/2020/5/e16443/

) ) ) ) Kwon, S., Hong, J., Choi, E. K., Lee, B., Baik, C., Lee, E., ... & Yi, Y. (2020).
Shashikumar, S. P., Shah, A. J., Li, Q., Clifford, G. D., & Nemati, S. (2017, petection of atrial fibrillation using a ring-type wearable device (CardioTracker)
February). A deep learning approach to monitoring and detecting atrial and deep learning analysis of photoplethysmography signals: prospective
fibrillation using wearable technology. In 2017 IEEE EMBS international observational proof-of-concept study. Journal of Medical Internet
conference on biomedical & health informatics (BHI) (pp. 141-144). IEEE. Research, 22(5), e16443.
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