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% §AEREE FEROERABRTER COEH RAMEN R ALS
¥ o — 5 R RS 0 E RR R AALY B BT R AR &R
H1 e KRS E R B 6925 E R EFRE A 5] 047 81K B R X Bl
HEREE S BHEA (4 Recurrent Neural Network, RNN) B84 244
o o R R LR FRAIAR A

sboh o BbAT AR F EN R B B B 6 B AR B AR BB > R
#HoEwEe (AF) SRHEEAESR-REEERyTAREHN - BB &K
Y RBILRES EHERREEF LR FEFMEAAIT ERNRE
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iR 1 2024/9/1-2024/9/30

BIEAR RBIAHE (EPRRAER/REMEL/BMEE k BLFEK
2/ 8115 B2 2/ BhIRHAR)

Niierery
Pro. Gregory Lip ® Price-Evans Chair of Cardiovascular Medicine,

University of Liverpool

Dr. Yang Chen : PhD student of Pro. Lip, University of Liverpool

Dr. Huang Bi ° PhD student of Pro. Lip, University of Liverpool

Prof. Ya-Lin Zheng ° Professor of Al in Healthcare, Department of Eye and
Vision Sciences, Institute of Life Course and Medical Sciences

Peter Thompson @ Student of Prof. Ya-Lin Zheng, University of Liverpool
Ruo-Jun Zhang - Student of Prof. Ya-Lin Zheng, University of Liverpool
Dr. Chih-Min Liu - Taipei Veterans General Hospital

2024 £ 9 AR Kk s

£ 2024 F 9 AWK ERBITTUATRAFAZESAFES -
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I BRFFRABBALEBRESH

# Pro. Gregory Lip~Prof. Ya-Lin Zheng & £# + 2 4 Dr. Yang Cheng ~
Dr. Huang Bi ~ Ruo-Jun Zheng - Peter Thompson 44

# Pro. Lip #9% 4 Dr. Yang Chen &-1F > 4t#f &L o B KA
749 % & Lipid Profile ()4 Apo Al ~ Apo B ~ LDL ~ HDL -
Triglycerides) &4MEef il ¥ E G B E (ZRTHEH T4
—Baseline:1990-1991 ~ #4% 2: 1994-1995 ~ #4X, 5: 2006) » #F
REHBOE - PRASBEA TR EGZERABLLE o
#2 Pro. Lip #4944 Dr. Yang Chen #v Dr. Huang Bi # R £ %
machine learning » & A & B K IR AT B L TRV MBS HIE
B2 HF o
i AF ERAMAREBERFTRITE —REBEOBERAEEY  tEaE
LRGBEREBEG S AR T B BIFETHEAMAE © £ Prof.
Ya-Lin Zheng & X % 4 Peter Thompson &35 & T » 2 B 4u4s 4% ECG
(wEE) pdf BGaiaAHER X BRTEPBICRE U@
E—F A o
Fast4E M Deep Learning # 4 (Recurrent Neural Network,
RNN) » » 33X T8 0] R R % % % 4 89 T 5% © Fo Pro. Ya-Lin Zheng
&) 4 Ruo-Jun Zhang & Pro. Lip #9% % Yang Chen * & 32 CCCC
&9 8% A 5| 4% > 4 A Deep learning model (Recurrent Neural
Network, RNN) # Time-dependent ROC » R F| 7 & o544 4 %
BATETRBBA -
&2 3k B 5 4% 45 CCCC SCD 78] Al A2 A o

2. PREEHBEAE RS

# Pro. Gregory Lip #£#+24 Dr. Yang &4

(o]

%32 Taiwan Biobank #£ &/ & Aot ¥ & $ B FA/L &Y Life
Essential 8 & > #8441 UK Biobank $t3% 47 # b 547 ©
TriNetX 8 4E 24764k - & ¥ £484 Liverpool University 2 %)
& B 7T LA M A R

# Dr. Yang Chen £ %547 T ®IBHAE - F & ¥ R4 SGLT21 %4y
B9 R R BB -



o Study 1: DM+Stroke without AF @ A& 20 £ 90 & &
& (M 55 £ 85 % ) A ICD-10-CM 163 23f4X%% » 4
& AR B ey FRIEIL -

= Study 2: DM+Stroke @ AR #F#r (20 £ 90 & ) F A
{Ef% 8% » RHEr AF - 47 SGLT21 #2 9k SGLT21 # 4 R
By b dg o

» EBEHRIEMAET 0 #—F L T Empagliflozin »
Canagliflozin #v Dapagliflozin = #E &4 2 f ez R £

» ¥ Z2# ey outcome BIE AP RB - SECSHERET)
Takotsubo ~ BT -~ K FE -~ EHE - RS SIAE
E oMol PR (BYR) 2RARATCERCART
T E o

2024. 09. 01]

#5iE Gatwick Airport » #4% %] Liverpool University ML K & -

#u Pro. Lip (Price-Evans Chair of Cardiovascular Medicine, at the
University of Liverpool, UK - and Director of the Liverpool Centre for
Cardiovascular Science at the University of Liverpool and Liverpool Heart
& Chest Hospital) &9t -+24 Dr. Yang, Chen - ®E#FHHAEHTTTH -

2024. 09. 03

09:00 AM #o Pro. Lip & Dr. Yang Chen - £ BB ARG R F G !
1. AHZTREBERR  ARAREHANTR  £ABC BRI RE -

2. MILEBERBGERSME  BFE—RAF ER2E X RECHL AF R
10



UREFEF _REBHCTE AMBER -

3. # Dr. Yang Chen &1 > # & L e B - %64 % %k lipid profile (e. g.
Apo A1/ Apo B/LDL/HDL/Triglycerides) KiBSFity % R @i Ffu Bt B E -
HECE - PRA -~ ERARGBEES -

4. 4= CCCC SCD prediction Al model #x#% X 3%4%5 o

5. #:3% Taiwan Biobank # Life Essential 8 &#} > #v UK Biobank fkrbig -

10:30 AM #= Pro. Ya-Lin Zheng (Professor of Al in Healthcare, Department
of Eye and Vision Sciences | Institute of Life Course and Medical Sciences)
B Dr. Yang Chen - #£EHHARGAEF G ¢
#1 Pro. Ya-Lin Zheng A% ¥4 F :
a. R ECC pdf #1% » RABIBEEH T E¥RL -
b. & CCCC B Rl 1L 8t o8 > 42 A Deeping learning » F88 & % 4%
T ey el etk o

11



18:00 PM Pro. Lip’ "X B M EA

2024. 09. 09

1. # Dr. Yang Chen #v Dr. Huang Bi # F]4 % machine learning - & F & B A $3F 847
ML g4 4 (python) -
2. 32 CCCC SCD prediction Al model 2 # /% » #v Pro. Lip #83%1% B4%%% -

2020. 09. 11

1. m—48A GPUHRBREILER  FTREEALS BN CER BEKIE - 8 Prof.
Ya-Lin Zheng # % % Peter Thompson % 4 PM » % 8 hof 5.« & B B 248 (pdf) # s BW%
BHEAR - FETELILRIE -

12



2. 5B Dr. Yang Chen # FFi#47 TriNetX S48 547 » -4 S BEAF 22 347 A F & 23

£

Study 1: Stroke without AF
MNARAE D SRR 20 2 90 R (M55 285 &%)
Stroke #9 ICD 10 CM : 5454146 iE B 48 B 163 47 K55 o
AF &R R R R & -

Study 2: Stroke ( RHkrk AF > &4 F K FRAEIR EH)
AR C FebdiE 20 2 90 5% (R 55285 5%) -
Stroke & ICD 10 CM : FJ#k4& /A 163 &4 57 A 4X5% -

¥ ERERE 0 RATEATL T R -

a. ro#x SGLT21 #2 9k SGLT21 #4heyk -

b. i#47 Empagliflozin -~ Canagliflozin - Dapagliflozin =&z Mt £ B #4THR &
ik o

Outcome #54& : 4518 outcomes R4 » X & 4,45 :

Atrial fibrillation (new-onset AF) ~heart failure - severe ventricular arrhythmias:
VT (R & VT) ~ Takotsubo ~ chronic kidney disease ~ dementia ~ depression  non-fatal
myocardial infarction ~ non-fatal ischemic stroke (re-stroke)

All-cause death ~ cardiovascular death/mortality

13



2020. 09. 12
16:30 PM

#v Pro. Ya-Lin Zheng &9 4% % Peter £ 8 & 32 ECG pdf %1% s A#IE T Lyt (£
£ MéE—) -

2020. 09. 13

10:30 AM #v Pro. Ya-Lin Zheng #4944 Ruo-Jun Zhang % j& ¥ CCCC 8 Fd] 48138 5t B ok »

& A Deeping learning » TRk R4 R & T REME » AR 47 B 4% a9 B Fe] o

#431# A deep learning model (Recurrent Neural Network, RNN) ##% Time-dependent ROC
model » # A FEFR L ofRIEs (S8 #HiER (FRMSMI) HFEFRYEMASERALTH
TRBEHE > AR EE a5 ML AR

Ref:
1. Lee. Changhee, Jinsung Yoon, and Mihaela Yan Der Schaar. "Dyvonamic deephit: A deep learning
approach for dynamic survival analysis with competing risks based on longitudinal data." [LLE
Transactions on Biomedical Fngineering 67.1 (2019): 122-133.

2. lochreiter, S. "Long Short-term Memory." Neural Computation MlT-Press (1997).

14



2020. 09. 16

09:00 AM £ Dr. Yang Chen #v Dr. Huang Bi 3 F] % % 4wf74& A R #v Python - #4E & &
machine learning {& M i% i K 3t45 1847 CABG %4 € % 4 Atrial fibrillation & FERIAE A o

B

11:00 AM #= Pro. Ya-Lin Zheng #% 4 Ruo-Jun Zhang £ B & 32 CCCC BRI S fbiE S B4
& M Deeping learning » AR RE A BB A THEM » UADATEH B R > BB —
HRTFERBEY EHARELE -

19:00 PM Pro. Ya-Lin Zhngz‘rv Pro. Lip ¥ # Wt 4865

Vact)
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2020. 09. 17

S AT EREARTHE
[CONFIRMED VENUE: LJMU STUDENT LIFE BUILDING ROOM 203]

Aagenda:
10.00 - Welcome
10. 10 - Dr Ryan Bellfield

10. 30 - Dr Bi Huang
10.50 - Dr Dharmesh Mistry %3 AF %) #1784 o9 TR R A
11.10 - Dr Peter Thompson

11. 30 - George Margereson
11.50 - Discussion
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2020. 09. 18

09:00 AM On-line research meeting with Taiwan team:

Meeting summary—

Package 1 involves participants from the baseline data (TWB2 cohort).

For Article 1, the primary predictors include LE7 (the main variable) along with each
domain in lifestyle factors.

Additionally, genetic markers such as PGS000035 (for atrial fibrillation) and
PGS000911 (for ischemic stroke in AF cases) are being considered. The outcomes being
studied are atrial fibrillation (AF) and AF-related strokes.

This article will explore the interaction between lifestyle factors and genetic
components, with the AUC (Area Under the Curve) used to assess life essential (LE)
scores combined with genetic data.

>>> for WP1, will use the whole Baseline cohort (n=35k)
Paper 1 is the baseline characteristics of LE7, and the prediction of AF and AF related

complications

Paper 2: Polygenic risk Score versus Polygenenic risk score plus LE7 in prediction
of incident AF and AF-complications (stroke)

Analysis: AUC, NRI, IDI

Package 2 focuses on participants from the first follow-up.
For Article 2, the main predictors are LE8 (the primary variable), LE7, and other
lifestyle domains, as well as genetic data from PGS000039 (for ischemic stroke). The

key outcomes are stroke and death.
Similar to Package 1, we are examining the interaction between lifestyle factors and

genetic influences.

For Article 3, the focus is on analyzing the delta changes in LE7 (lifestyle scores)
between the baseline and the first follow-up, utilizing these changes as a predictor.
Specifically, the analysis employs a Markov model to understand the dynamic
transitions between lifestyle states and their impact on health outcomes.

For WP2 will use the 1* Followup TWB cohort (n=18k)
Paper 1 is LE8, in prediction of incident stroke and AF-related stroke

Paper 2 is LE8 in prediction of death and CV death

17



Paper 3 is comparing change in LE7 in the 18k between baseline and 1© followup ( ‘delta
LET ) in prediction of AF, stroke, death

Paper 4 is polygenic risk scores plus LE8 (versus polygenic risk scores alone) in
prediction of AF., stroke. death

2020.09. 19

19:00 PM Pro. Pro. Lip M4 -

2020. 09. 23

15:30 PM #= Pro. Ya-Lin Zheng &34 4 Ruo-Jun Zhang & Pro. Lip #9% 4 Yang Chen #E:%
1# B Deep learning model (Recurrent Neural Network, RNN) 44 Time-dependent ROC - R
BIAF/ERE P44 4F S BB SR AR SRR AT AR EEE > UAFTEE 5458
ZHAS L R -

Ref:

Changhee Lee, et al. IEEE Trans Biomed Eng. 2020 Jan:67C1):122-133
Dynamic-DeepHit: A Deep Learning Approach for Dynamic Survival Analysis With
Competing Risks Based on Longitudinal Data

7 3£ 4 A Dynamic Deephit > #]F CCCC 4 1108 A ==k a9l & 345 © &3 HDL ~ LDL ~ APOAT ~
APOB - fasting glucose 3% age, sex, HTN, DM, hyperlipidemia, ckd, cad %% # -
A 80% g R E - 20%EMERIRKE -



2024. 09. 25

#o Pro. Lip & Dr. Yang Chen £EAHA XL R2EETREXBH

sttt el o BB A % Kk Lipid Profile (4540 Apo Al) e4FEo%F S b8 S fo st B B
(ZRZEHAEE 2 B4 —Baseline:1990-1991 ~ #4%, 2: 1994-1995 ~ #4%, 5: 2006) - #F % £ 4
BE s PRRESEL TR BBHBEELE L2 AT » 44 2025 Fom o
W@ (ESC 2025) 3t & Hh 5% Ak AT - MFE XIS » 2 Mé&k= -

2020. 09. 27

15:30 PM #= Pro. Ya-Lin Zheng #9% 4 Ruo-Jun Zhang & Pro. Lip #9% 4 Yang Chen # 3%
1£ M Deep learning model (Recurrent Neural Network, RNN) #%4 Time-dependent ROC » &
Rl BB S RABWNHhE LS R FTERMPER L2 M= -

2024. 09. 30 - 2024. 10. 01]
# Liverpool #:3k XK £ #4844 %] London » Hi&i% Gatwick Airport » B KM= &4k -
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EPREROBREEHRTHRARARNANYERZCHROETER P ORITRY > &I
£ R AEMG EXLERARHE  BARABEZANDARZCRAET B R P ol
LE RAMAREN BAEELRARS EHRMAF LR AR LT RBOAMERY (Lo
M) <2024 29 A1 829 A 30 Bk AEFTREREABRRLRK T ATAKLR
FlA B R ERITHI—EA &G LRBERHMEEARERSERAS LR
AKRERESHEOEY  AREEFERAREERKTOERLERY - EARLAC

EHRBARBAIEERHAIXEARB T T ENLEAARKE - sbRF L
BAHARBRAREERARR > L8RS H EEEGLRRABERARAGLII T %
B—F AL T RABARBR T R AHA TR -

AREBHERLZEFHAI M  ABBRERALEEBRUNBRER - &
AR A E R AT B R RY AT R > TABRAR I/ AL TREEN S BITE
oo RIFEFRERBDAHYHRNE O AT B P wsy Pro. Gregory Lip ##de Al
B B ay Prof. Ya-Lin Zheng #3% R L85 M % F1a64F > 28 %1886 5 OB HERB

AR HE AR E MR R RSB 2R E -

Fe 00 R R 8 R AR B 04 & & K81 Pro. Gregory Lip #3% 6914 4 4 Dr. Yang
Chen Z L B %A1F ER 2 LA R Tt KH e #IE > ¥ £ R Lipid Profile (]
4o Apo Al ~ Apo B~ LDL ~ HDL ~ Triglycerides) &Kk 8% f 4 AbAB %1847 47 > E4R 3
BT  BURRFTREERR R AT FMH (MACE) ZRI6gRIE - RPE

i® Group-based multivariate trajectory modeling #§ %81 48 & K E] 69 As & % 1t
HINEE > B HHE RIS TR Z MM o SRR EAT HEL RS
BAFHESH  EAHZEREFOFNEBRTERETHORA

ot REERTUATIEBARELERMETH LT EB AR AT A -
#41 Prof. Ya-LinZheng #4342 & H18 4 645 JE AR E 4 8 # A (Recurrent Neural
Network, RNN) - 22k & CCCC &4 8% F] 5 7| $i 45 - i # 4T Time-dependent ROC 747 «
HAVBBLERER TARAAFFMBEY T RBELRR  LERBTHUALS
R B ] LR B R BE TR R F ey A AR 1

EHBRFRLM S @ REA TR CEE (ECC) 148448 HIFA X I X 9Hi1b e A
B BR—BHARBEABBEETEECREYERZTR - KRADKEWESF - 2
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83K BdofTit BCG PDF R /TFRRE > A% B ET BBy (AF) EHRMmkas
QTRRRARARIT T A - b REBWHS —FERARANELPARTIREBF RS
B WA BERAF ERITZEHFOEERE > RRFAARTEE BT RTIEHHEA

% -

K% REYERAEERA Liverpool University #8& & # 4 M T ;2 #47 TriNetX
8RR 7% 0 #42 Dr. Yang Chen # H15 8 AL E 2354 A TriNetX 7T sA 4T 6% £ 48
A IR ST o AR T SCLT2i 482 40 54 7 7] % 8L 6 2 6 2 b Bt o
ETAG@ATE T + RAVERSAT T SCLT2H 929k SCLT2E 24 7 & dik b oo
FREERR EL GBI M ECALNER (A4 YREESE)  BEAEH
T =4& SGLT21 %4 (Empagliflozin~Canagliflozin #» Dapagliflozin) &9 & bh % »
HAREBEREREE 24814 -

MERR  WREARAANMEARLYBREERH R RN L — BB BRI
MIRAE - BBHL T ERAGEMAE  BAELEER R LEF THERA  THE
TZEBARESERRGEZM R THERGERMNALH S (o AL ERETHEK
WO R BAEMIP IR « SbIh  REB ARG EAATHRELAEB REPRENE
¥ 48 % Liverpool University &5 Al Bt & B F% > 512 46705 F Z 0B A # Al a9 A -
FERGGFRLELEH  TUEANEEWEBERAAEL  BHAACHEERGT
RARBREE G ARG EHENBRARRED S  REEERERELER LR
W RRRER IR REERBE -
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LA EO 5 RGFEILEHARARABRD G FREMN -
S ERBHTAAMBARESEERA S REDGFFEILER  Ghkitind
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#= Pro. Ya-Lin Zheng 492 4 Peter £ 8 R ¥ ECC pdf %1% > RABIELTH - # E93b:
4% : Python Code: raster pdf_to_csv (python file)

# o BB pdf # £4v raster_pdf_to_csv (python file)# 4t B —18 B HE
2~ %% Python > & A Command 44427 F t—

pip install numpy

pip install pymupdi

pip install hbpy

pip install matplotlib

3~ {£ A command 44427 F T
P AL R E F]

cd D:\&l#t % 8 \Lip\20240903\ECG python\extracted

C:\Users\YYChen>cd D:\&l # 7% & \Lip\20240903\ECG python\extracted

C:\Users\YYChen>D:

D: \&l #f 7T & \Lip\20240903\ECG python\extracted>

D:\&|#t % 8 \Lip\20240903\ECG python\extracted>python raster pdf to csv. py
"GPZ_PRE_PDF(28)\000173689G_20181029. pdf"
TR RBE—pdf EFERRUTER—
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250 o

500 4
750 : 3
fromndl o A oo o o M\ft‘54’"“~'—“é“\’——~:&§w _,--—--—-‘Li i
10004 ‘ : u

1230 W cranie

1750 4

0 500 1000 1500 2000 2500

B —RMAR L pdl &9 EHE
D:\&# 7% & \Lip\20240903\ECG python\extracted>ca "LPZ PRE PDRCZEY

C:\Users\YYChen>cd D:\EUﬁ{ybéi\Lip\20240993\ECG python\extracted

C:\Users\YYChen>D:

D: \&l #f £ & \Lip\20240903\ECG python\extracted>cd "GP2_PRE_PDF(28)"

D:\&l #f 75 & \Lip\20240903\ECG python\extracted\GP2_PRE_PDF(28)>

D:\& &% 8 \Lip\20240903\ECG python\extracted>cd "GP3 PRE_PDF(53:"
AEI—BEXFAAWMEOEME" extracted” 38 % photo & &8 A pdf &9 B M E A
%'—>

D:\N&l# % B \Lip\20240903\ECG python\extracted\GPZ_PRE_PDF(28)>ukair extraciec

GP2 PRE PDF(28) = a
= T L oo exwracted o GP2PRE PDRZE
@ ¥ D & WoON B = e D %0
Group mesting
YYChen |~ extracted 2024/9/12 T 11:34 R

D:\&1# % 8 \Lip\20240903\ECG python\extracted\GP3_PRE PDF(53 >mkdir extracted

24



—RIEAEFE B &M AT A & pdf ¥ £4 &R excel # 4" extracted” ¥—

D:\&l#t % & \Lip\20240903\ECG

python\extracted\GP2_PRE_PDF(28)>python
python\extracted\GP3_PRE_PDF(53)>python

ITH B — % ih 69 Excel Mi818 lead BRI I SIS S4B B - T8 F & ECG s A—

31

g A 8 C D £ £ G H i ; K

1 Sample rate: 106 Hz,

2 Lead switches: LS HROT0S91087 S.S021783 1782 783 B.255443541551155

20056679 002461 -00M21 -G00867 00887 001337 001956 003045 -D.0MMS D035 -0.03043

4 10056579 0.023401 000421 000867 -0.0867 O 01936 003045 -0.03045 003045 00343

50056679 0023461 -0.00421 000867 -0.(0N67 -0, 00198 D.03M5 003045 003045 -D.03045
0056679 0028161 -D.OA2L -000X67 -L00NGT7 001387 001956 L003MS 003045 003015 -0.03045

‘o

ECG: 001736896

-0.03045
-0.03045
00348
00348

003045
003045
-0.03045
003015

003045

SO03MS 003048 -0.03045
03045
00345 -0.03045
SO03048 -0.03045

03045
003643
03018

-0.0304°
-0.0304¢
003041
00304

.. \raster_pdf_to_csv. py
.\raster_pdf_to_csv. py
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STRRE — 8y oy Excel 818 lead B S IEMM E - TR F g 806 R A —

£ 10 % 0 1100 B 24% - &/ 48 (10711000 # = 0.009090909 #»

A 8 € D E F G H ' i X L M N o) P Q R S T (5} v
1 se IC0 wave Samplerate: 100 H i 0.00909 sec
2 0 010542 2 v 0 TAPRHRG NSRS 4% AAhLA L
50000090 004131 010542 004131 000097 0.003483 0.003488 0.002482 (0003485 000383 0003483 0003483 0.003483 00074 00074 00074 000689 00182 00154 H0IEN DOIEN
< 0018182 0.00097 010542 004131 000097 0.003483 0003488 0.003483 0.003486 0.003466 00034886 0003463 0.00348¢ 00074 00074 00074 L0069 00188 001828 00188 00185
i 0027275 0.003488 010542 004131 0.00097 0003455 0.003483 0.002453 0.003483 0.003483 0003483 0.003468 0.003483 00074 00074 00074 000850 00182 001829 00182 0088
0.035354 0.003458 010542 004131 000097 0.003483 0.003483 0.003488 0003488 0003488 0.003483 0003463 0.003468 00074 00074 00074 000889 001829 NHO0IBR DO0IED 001825

2

T 0045455 D.00348%
5 0054545 0003465
3 006%% 0.003483 end §

100072727 0.003468

11 0.08IBIE 000488 ) |
120000900 0.003488 R |
13 0.0 0007

140100090 0,007 !
1S 0118182 00074 e !
16 0127273 0.00889
17 013634 001820
18 0145455 001820
18 0154565 0.018%
20 0.163%% 008K
20T 001eR
220181818 00074
33 glame Do




Python Code: raster_pdf_to_csv (python file)

import zlib

import sys

from locale import atof

import re

import os

import pymupdf

import numpy as np

from scipy.ndimage import *

from scipy. signal import find peaks

import glob
from matplotlib import pyplot as plt

mmps, mmpmv = 25.0, 10.0
dpi=216
dpmm=dpi/25. 4

clip_length=11. 0 #seconds
target_hz=100

def reduce_lines(img):
red=np. zeros(img. shape, dtype=np. uint8)
for 1 in range(img. shape[1]):
patch=False
start=0
for j in range(img. shape[0]):
if patch and img[j, i]==0:
red[int((j+start)/2), i]=255
patch=False
elif not patch and img[j, i]==255:
start=j
patch=True

return red

def extract_waveforms(img):
waveforms=[ ]

for i in range(img. shape[l]):
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for j in range(img. shape[0]):
if img[j, 1]==255:
candidate wave=[1i, j]
imglj, 1]1=0
si=l1
for ii in range(i+l, img. shape[1]):
if 11>si1+60: break
8i=]
for jj in range(120):
if sjt+jj<img.shape[0] and img[sj+jj, i1]==255:
si=ii
candidate_wave. append(ii)
sit=]]
candidate wave. append(sj)
img[sj, 11]=0
break
elif sj-jj>=0 and img[sj-jj, 11]==255:
Si=il
candidate_wave. append(11)
Sj==1JJ
candidate_wave. append(sj)
img[sj, 11]=0

break

1T len(candidate_wave)>1000:

waveforms. append(candidate_wave)

return waveforms

def find_lead_boundaries(img):
img_b=np. where(img[:, :,21>200, 1, 0)*np. where(img[ :, :, 0]<128,1,0)

return find peaks(np. sum(img_b, 0))[0]

def extract(filename, show=False):

file=pymupdf. open(filename)
file[0]. set_cropbox(file[0]. mediabox)
pix=file[0]. get_pixmap(dpi=dpi)

img=np. frombuffer(pix. samples, dtype=np.uint8). reshape(pix.h, pix.w, pix.n)
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img=np. ascontiguousarray(img)
lead_boundaries=find_lead_boundaries(img)

img_g=img[:, :, 0]
# plt. imshow(img_g, cmap="grey , interpolation="none )

# plt. show()

img_b=np. where(img_g<np. percentile(img_g, 1.5), 255, 0)

# plt. imshow(img_b, cmap="grey’, interpolation='none’ )
# plt. show()

img_b=median_filter(img_b, 3)

# plt. imshow(img_b, cmap="grey', interpolation="none’ )
# plt. show()

img_b=reduce_lines(img_b)

# plt. imshow(img_b, cmap="grey', interpolation="none’ )

# plt. show()
waveforms=extract_waveforms(img_b)

if show:
plt. imshow(img)
for i in range(4):
print(len(waveforms[i]))

plt. plot(waveforms[i][0::2], waveforms[i][1::2])

for b in lead_boundaries:
plt. plot([lead_boundaries[0], lead_boundaries[0]], [0, img. shape[0]])
plt. plot([lead_boundaries[1], lead_boundaries[1]], [0, img. shape[0]])
plt. plot([lead_boundaries[2], lead_boundaries[2]], [0, img. shape[0]])
plt. show()

stretch=clip_length*dpmm*mmps/(waveforms[0][-2]-waveforms[0][0])

lead_boundaries=(lead_boundaries-waveforms[0][0])*stretch/dpmm/mmps

waves=np. empty((4, int(clip_length¥target _hz)))

for 1 in range(4):
waveforms[1][0::2]=[stretch*(x-waveforms[i][0])/dpmm/mmps for x in

waveforms[1][0::2]]
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waveforms[1][1::2]=[-stretch*(x-np. mean(waveforms[i][1::2]))/dpmm/mmpmv for x in

waveforms[i][1::2]]

waves[ i ]=np. interp(np. arange(0. 0, clip_length. 1. 0/target_hz), waveforms[i ][ 0::2], waveforms[ 1]

[1::2])

if not show:
csv = open(’ extracted/ + . . join(filename.split( . )[0:-1])+".csv", "w")
csv.write(’ Sample rate: " +str(target_hz)+ Hz\n )
csv.write(' Lead switches: " +str(lead boundaries[0])+ ' +str(lead_boundaries[1])+
"+str(lead_boundaries[2])+" \n" )

for w in waves:

for v in waves[i]:

csv.write(str(v)+, ")
csv.write("\n")

csv. close()

#main
if len(sys.argv)>1l: extract(sys.argv[1], True)
else:
for filename in glob. glob( *. pdf' ):
print(filename)

extract(filename)
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Title:
Long-Term Trajectories of Apolipoprotein Al and Their Impact on Major Adverse

Cardiovascular Events and Mortality

Background:

Apolipoprotein Al (ApoAl) is a major component of high-density lipoprotein
cholesterol and plays a critical role in reverse cholesterol transport. Dynamic
changes in ApoAl levels may be associated with major adverse cardiovascular events.
This study aimed to evaluate the impact of ApoAl trajectory changes over three early

assessments.

Methods:

Participants in the Chin-Shan Community Cardiovascular Cohort with dyslipidemia
and receiving three early ApoAl assessments were enrolled. Group-based
multivariate trajectory modeling was used to classify participants into distinct
trajectory groups after multivariable adjustment. The follow-up duration was from

April 1990 to August 2022, long-term outcomes of MACE and mortality were evaluated.

Results:

A total of 1,080 participants were included (mean age 66.92 + 10.45 years, 43.2%
males). Participants were classified into four ApoAl trajectory groups: Trajectory
1 (T1: low-bell shaped), Trajectory 2 (T2: low-stable), Trajectory 3 (T3: high-bell
shaped), and Trajectory 4 (T4: J-shaped). The cumulative incidence of MACE ranked
as follows: T3 (6.5%) <T1 (8.0%) <T4 (8.8%) <T2 (11. 2%). As compared with reference
group of T3, T2 and T4 had significantly higher risks of MACE (T2: HR 2. 32, 95%
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CI 1.09-4.96; T4: HR 2.32, 95% CI 1.01-5.32). However, there were no significant

differences in all-cause mortality among T1, T2, and T3 compared with T4.

Conclusion:

The trajectory of ApoAl significantly influenc MACE risk during long-term fol low-up,
particularly in the low-stable and J-shaped trajectory groups. Dynamic monitoring
of ApoAl may serve as a valuable tool for early risk stratification in high-risk

populations, facilitating more individualized interventions.

Keywords:

Apolipoprotein Al, cardiovascular outcomes, trajectory modeling, major adverse

cardiovascular events, all-cause mortality.
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Figure. Classification of ApoAl Trajectories Using Group-Based Multivariate
Trajectory Modeling.

Group-based multivariate trajectory modeling classified participants into four
distinct ApoAl trajectory groups after multivariable adjustment: Trajectory 1 (T1:
low-bell shaped), Trajectory 2 (T2: low-stable), Trajectory 3 (T3: high-bell

shaped), and Trajectory 4 (T4: J-shaped).
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Table. Associations of trajectories and different outcomes.

Outcomes HR 95% CI P-value
Composite outcomes

Trajectory 1 1.12 0.82-1.52 0.475

Trajectory 2 1.22 0.91-1.64 0.189

Trajectory 3 Keference

Trajectory 4 1.28 0.88-1.87 0.202
All-cause Death

Trajectory 1 1.11 0.81-1.50 0.524

Trajectory 2 1.21 0.90-1. 63 0.208

Trajectory 3 Keference

Trajectory 4 1.27 0.87-1. 85 0.225
Cardiovascular Death

Trajectory | ].43 0.54-3. 80 0.471

Trajectory 2 3.24 1.33-7. 86 0.010

Trajectory 3 Keference

Trajectory 4 3. 61 1.32-9. 88 0.013
Non-cardiovascular Death

Trajectory | 1.06 0.77-1.47 0.725

Trajectory 2 1.01 0.74-1.39 0.942

Trajectory 3 Keference

Trajectory 4 1.02 0.67-1.56 0.925
MACE

Trajectory 1 1.48 0.68-3. 22 0. 326

Trajectory 2 2. 32 1.11-4. 82 0. 025

Trajectory 3 Keference

Trajectory 4 2.52 1.07-5.91 0.034

MACE: major adverse cardiovascular events.
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k=

This study utilized a dataset comprising 1,108 patients with medical
records collected across three time periods: 1990-1991, 1992-1993, and
1997-2006. The trial spanned 390 months, from April 1990 to August 2022.
We employed a deep learning model, Dynamic-DeepHit [1], to predict
cardiovascular disease (CVD) mortality risk over time.

The model was developed using 14 biomarkers, including 3 binary
features—sex, CAD history, and CVA history—and 11 continuous features,
namely age, BMI, TG, CHOL, HDL, LDL, GLU, UA, WBC, ApoB, and ApoAl.

For model evaluation, the dataset was split into training and testing sets
with a ratio of 8:2 (886:222). To investigate the relationship between
features and causes of death, we randomly selected 60 patients, including
20 who died of CVD, 20 who died of other causes, and 20 who were censored
for visualization. The risks for these patients were then derived and
plotted using the model trained on the remaining patients.

The experiment was conducted in a Python 3. 7 environment using TensorFlow
1. 13. The model was trained for 50, 000 epochs with a learning rate of le-4.
Long Short-Term Memory (LSTM) [2] networks formed the backbone of the
model architecture, allowing for the capture of temporal dependencies
within the patient data.

We predicted CVD mortality risk at six time points: 216, 252, 288, 324,
360, and 396 months from the start of the study. The model’ s output
represented the estimated risk of CVD-related death for each patient at
each evaluation time. Performance was assessed on the testing set using
two metrics: the concordance index (C-index) and the Brier score. For
patients with CVD as the cause of death, the model achieved a C-index of
0.9491 at 216 months and 0.9173 at 252 months.
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Survival Analysis based on Deep Learning

Environment establishment

conda create -n tensorflowl 13 python=3.7

conda activate tensorflow! 13

conda 1nstall numpy==1.16.0 pandas==1.0.1 scikit-tearn==0.22. 1
[ifelines==0.24.9 termeolor==1.1.0

conda install -¢ scbhp scikit-survival==0. 12

conda install tensorfiow=t. 13
Not GPU tensorflow!!!!

The column name of i1nput and output

Path =

/media/ruo jun/X10Prol/Dynamic-DeepHit-master/data/CCCC_2024 data CY 2
0240904. xisx

Input columns = [ ]

Datasel preprocessing

2437 patients have 0, 2nd, 5th records.
1108 patients don’ t have nan value.
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Model: Dynamic Deephit

Results

Results of binary death label

Use data from patients who are alive after 70 months to predict the
prediction performance at 100™ month

Receiver Operating Characteristic (ROC) Curve pred_time = 100, eval_time = 200
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Results of new data

2437 patients have 3 records.
1108 patients have 3 full records.

Pred time: FF21% T e9h)t
Bval time: EEHE TS = AR AR B ROFH I

All-cause death (0/1)

3 fows x 3 columns

val_time 96 ¢ pyal time 188 ¢ Tieyal time 300 :

pred_time 48: event 1 i B8.625285 5 - 8.736757
pred_time 128: event_1 8.712917 ; ; 9., 7491 8.737442
pred_time 248: event_1 8.738754 : { g.808888

Death causes (0: alive; {: CVD, 2 : other death)

=
}_l
=
D
=3
o
o

eval_ time 94

e B v S w3

949845
697288
917211
. 739854
8608208

pred time 48: event 1 -1.6

U 'pred_time 48: event.2 8.
pred_time o: event 1. .825243
pred_time 3> event_2 .¥15084
pred_time 248: event 1 0. 9244088

@ D@

pred_time 240: esvent_ 2 . 718882
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0/1/2 death causes (6 time points)

Death causes (0: alive; 1: CVD, 2 :

Pred_time: #FERE THEE L
Eval_time: CHAZFRE FTHEHMELHEANARPEYEEND

other death)

BB A
C-1ndex
eval _time |eval _time |eval time |eval time |eval time |eval time
216 252 288 324 360 396
pred_time 60: event 1 0.949 0.917 0.915 0. 850 0. 851 0. 860
pred_time 60: event 2 0.725 0.716 0.713 0.712 0.705 0. 634
pred_time 120:
0.924 0. 851 0. 853 0.857 0. 780 0. 780
event 1
pred_time 120:
0.721 0.714 0.720 0.706 0.312 0.312
event 2
pred_time 204:
0. 858 0. 852 0.768 0. 768 0. 768 0.768
event 1
pred_time 204:
0. 707 0. 600 0.306 0. 306 0. 306 0.306
event_2
Score
eval_time |eval_time |eval_time |eval time |eval time |eval time
216 252 288 324 360 396
pred_time 60: event 1 0.016 0.022 0.030 0.049 0.080 0.128
pred_time 60: event_ 2 0.082 0.107 0.135 0.180 0.219 0.275
pred_time 120:
0.027 0.036 0.067 0.111 0.154 0.154
event |
pred_time 120:
0.126 0.155 0.206 0.248 0. 305 0.305
event_2
pred_time 204:
0.083 0.136 0.164 0.164 0.164 0.164
event 1
pred_time 204:
0.218 0.270 0.298 0.298 0.298 0.298
event_2
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Red: CVD death, Blue: Censored, Green: not CVD death
Predictive Risk and Apoal Over Time (months)
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