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Lipoprotein(a) as an ASCVD Risk Factor UL

Lp(a) Risk Spectrum & Clinical Significance

gla. m | 100 mg/dL 180+ mgldL

Low Risk Borderline High Risk Very High Risk

" 30 m

A Levels =50 mg/dL (=125 nmol/L) present in ~20% of global population and associated with significant increased risk

Clinical Outcomes with Elevated Lp(a)

= Myocardial infarction '," % Ischaemic stroke
Coronary Artery Disease = s
2-3x% increased risk of premature CAD with Lp(a) >50 mg/dL ?’Zz % 24 .
Myocardial Infarction "
1.6-2x increased risk of MI, independent of LDL-C levels ) i "
3

1 Heart failure

Ischemic Stroke

HR (95% Cl)
»
HR (95% Cl)

~40% increased risk of ischemic stroke, particularly in younger patients

- ———
-
_____

- -
- -
- -
O~
_______
= -

Aortic Valve Stenosis e i i : g - .
mg/dL 0 50 100 150 0 50 100 150
2-3x increased risk of aortic valve calcification and stenosis MHRLE MG 323 0 T 323

Lipoprotein(a) in atherosclerotic cardiovascular disease and aortic stenosis: a European Atherosclerosis Society
consensus statement. Eur Heart J. 2022 Oct 14;43(39):3925-3946.
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ORIGINAL INVESTIGATIONS

Aspirin for Primary Prevention of ) )
Cardiovascular Events .

EBAC’
Hesham K. Abdelaziz, MD, PuD,*"* Marwan Saad, MD, PuD,>“* Naga Venkata K. Pothineni, MD,*
Michael Megaly, MD, MS,*¢ Rahul Potluri, MD," Mohammed Saleh, MD,? David Lai Chin Kon, MD,?
David H. Roberts, MD,* Deepak L. Bhatt, MD, MPH," Herbert D. Aronow, MD, MPH,' J. Dawn Abbott, MD,’
Jawahar L. Mehta, MD, PuD®

JACC JOURNAL CME/MOC/ECME

This article has been selected as the month’s JACC CME/MOC/ECME CME/MOC/ECME Objectives for This Article: Upon completion of this ac-
activity, available online at http://www.acc.org/jacc-journals-cme by tivity, the learner should be able to: 1) compare the safety versus efficacy of
selecting the JACC Journals CME/MOC/ECME tab. aspirin use for primary prevention of cardiovascular disease; 2) identify

patients who may benefit from aspirin use for primary prevention of car-
diovascular disease; and 3) discuss with patients the net risk and benefit of
The American College of Cardiology Foundation (ACCF) is accredited by  using aspirin for primary prevention of cardiovascular disease.

the Accreditation Council for Continuing Medical Education to provide

Accreditation and Designation Statement
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ChatGPT for Data analysis

@ python’

« Python is a high-level, interpreted programming

language.

* It was first released in 1991 and has since
become one of the world's most popular
programming languages.

« Python is known for its simplicity, readability, and

ease of use.
* It is used for a wide range of applications

including web development, data analysis, and

artificialintelligence.

« Some popular P%/thor] libraries include NumPy,

Pandas, and Mafplotlib.
« Python is free and open-source.
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22| 7t X O|LCt,
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Data management

M2 AM 2Xte| Hemoglobin =X

Sheet 1: STEMI dataset

A

=

B
STEMI E|

13246

2017-08-01

EH|

'6143
10206
10171
19884
11000
13544
16496
14853
7706
15187
12730
15474
11341
14694
14045
14398
11264
10454
15835
18956
13996
‘8006

sheet1

2018-09-27
2003-06-24
2015-06-11
2005-01-25
2019-10-23
2003-07-18
2018-01-29
2009-03-20
2019-08-27
2019-09-25
2003-08-08
2019-01-19
2015-04-07
2021-10-18
2020-12-28
2017-07-02
2020-06-22
2021-01-14
2009-06-09
2019-03-14
2009-01-31

2019-11-14
sheet2

T I =L ER

+

(

Sheet 2: Hb dataset from CDW

A B C
1 D -1 HANYY Hb
2 3246 2005-07-19 16.6
3 3246 2009-10-24 158
4 3246 2011-06-04 16.2
= 3246 2012-03-03 163
6 3246 2013-10-24 16.0
i 3246 2014-09-22 16.7
8 3246 2015-09-21 154
9 3246 2016-09-07 146
10 3246 2016-09-29 148
11 3246 2016-10-27 15.0
12 3246 2017-08-01 143
3 3246 2017-08-26 55
14 3246 2018-08-13 145
115 3246 2018-09-08 145
16 3246 2020-03-14 143
17 3246 2020-04-18 14.8
18 3246 2021-01-21 14.0
19 3246 2022-06-18 14.8
20 3246 2023-06-24 14.2
21 6143 2003-06-20 12.5
22 6143 2004-02-28 124
23 6143 2004-08-10 125
24 6143 2004-10-01 105
25 6143 2006-05-22 123
26 6143 2006-08-14 123
sheet sheet2? +

SNUHY

SEOUL NATIONAL UNIVERSITY
BUNDANG HOSPITAL



Data management e

PromPT:
1. = U2 2749] sheet2 A& QSL|Ct (STEMI, Hb)

2. Task = STEMIE’ELC| Hb +=X|& STEMI sheet 0 fill-upst=
ZdolL|C},

3.0l 22 40| 2™ 7 72 22| XS YHoEH HL L.

2
=
_E_I
ne
Hu
Ihh
J
Ot
2=
0]

4. EZ A
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Data management it A

Data_merge_result.xlsx CH2E2E

=4 g ofl chist XtMiet 2HO|LE =7l

HT
N
el
kO
gﬂ
=

0
o
Bl
=

0

2 .: !| Data_merge_sample.xlsx —
- Spreadsheet

1. 2 4|0|Ef Tt 2 27l2] sheetZ M E| RLELICE (STEMI, Hb)

2. Task= STEMI 22| Hb £X|E STEMI sheet fill-upst= ZILICE
3.3l e| Z40| §le™ 71 72 Hel +=XIE &lstH ELICL

4 M2 &AM 01U = ES5IM|( 2.

[J Stop generating



ChatGPT for Natural Language Processing

NATURAL LANGUAGE PROCESSING

DIAGNOSIS

MEDICATION
HISTORY




Natural Language Processing

Coronary CT angio
[Finding]
1. pLAD: 10-20% stenosis by calcified plaque
PRCA: 10-20% stenosis by calcified plaque
otherwise, normal coronary CT angiography
:(corona ry ca scoring: 48.1)}and normal global systolic
function (ejection fraction : 71.4%)
-- insignificant CAD
2. No evidence of abnormality at cardiac chamber and
LV wall.

[Conclusion]
Insignificant CAD

Coronary artery

calcium score (CACS)
= 48.1

SEOUL NATIONAL UNIVERSITY
BUNDANG HOSPITAL
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Natural Language Processing e

[ D ] CCTA
[Finding]
1. pLAD: 10-20% stenosis by calcified plaque
pRCA: 10-20% stenosis by calcified plaqueE }

otherwise, normal coronary CT angiography (coronary ca scoring: 48.1) ahd normal global systolic function (ejection fraction : 71.4%)
-- insignificant CAD
2. No evidence of abnormality at cardiac chamber and LV wall.

3. Small pulmonary nodule in the LLL.
Rec) LDCT f/u 48- 1

[Conclusion]
1 Insignificant CAD

[Finding]

gyejsty gaolel SES LI,
x% FATS0| H2HE 4 200 NEBWS M| FFLSS WA HOIFHAIL,

Clinical history: Chest pain. Tnl 1.853

Comparison: No priors available for comparison.

1. upto 60% stenosis d/t mixed plaques at nLAD (ca scoring:268.63)
suspicious mild hypokinesia at mid ante tal~apical tal LV wall.
2. No remarkable finding in the covered lung parenchyma. 2 68

[Conclusion]
Formal report:
Discrete severe stenosis at mLAD with mixed plaque (>90%)
Mild stenosis at pLAD and pRCA with calcified plaques (30%)
(ca scoring:268.63)

2 Hypokinesia at LAD territory

[Finding]

[Conclusion] 0

1. Left dominancy
Normal coronary CTA (coronary ca scoring: 0) afjd normal global systolic function (LVEF: 68.8 %)
2. Normal thoracic ¢ I I I um.

3 3. No remarkable finding at the upper abdomen.
[Findinal
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Natural Language Processing e

& 1.0/ CIo|EE= 2459 CTA 9| B=2eL|Ct.

2. Task = CTA E=20{|M Coronary calcium score S &H0tM MZ2 4 CACS £ OtEE=
4Lt

3. Coronary calcium score= Coronary ca scoring, Ca scoring, CACS, calcium scoring
So EHE|0] YALICH

4, =30 siE2L0| 9= 4 0l= not reported = 3.

5. dit= AAud= CI22E gLt
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G @  ChatGPT 40 v 'S

@ Mg
Q g #M
@ etol=ziz)

@ Codex
® Sora

38 GPT H70ed wa g, oA =A=E2NR7

A .. . !
# Dyslipidemia Expert

© oluxIREE TR}

@ oIz e iy Tt 4 ‘g
3 Al for Hypertension

-~ MediStat-ROC

@ Aspirin Research Copilot

£ M z2HE

B 22D ol 4%

SEEE

B ChatGPT

B Machine learning model for C...

B Peer Review
e Ki-Hyun Jeon
Pro
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DATA CLEANING AND EXPLORATION




Custom GPT ]
 Custom GPT= OpenAl2| GPT R0 EH =40 &= HHO M E

(preset instructions), G (role), 2YH S

x—l—
OF=of AHE

» HALE S| 2 Q10| Xt Aot SA A= Ars=2iote S 24



GPTs: Data

@ @
@& ChatGPT

° Data Analyst

%‘,\.‘3 PubMed Explorer

@ Thumbnail Wizard

_T MediStat Analyst

e 14H 827 v

89 GPT &4

Data Analysis: Summary of Variza
Data Analysis Requested Summ:

Analyze medical data insights.

Of|

AT EQ0| =3 Dassai Dex.

Xk 72

Bar graph LVEDD/LVESD ratios.

4+ Team IAmo|A F7}
+

Analyst

DALL-E
Let me turn your imagination into
imagery.

x|, £7} %]
E|Afe| Mey 5t
B9 Mol B2
ZtM X} ChatGPT
2
VEED

Hot Mods
Let's modify your image into something
really wild. Upload an image and let's go!

Coloring Book Hero
Take any idea and turn it into whimsical
coloring book pages.

SNUHY

SEOUL NATIONAL UNIVERSITY
BUNDANG HOSPITAL

» |

Data Analyst
Drop in any files and | can help analyze
and visualize your data.

Creative Writing Coach
I'm eager to read your work and give you
feedback to improve your skills.

Planty

I'm Planty, your fun and friendly plant
care assistant! Ask me how to best take
care of your plants.



Customized GPT

GPT by Open Al

GPT

RIZ, £7H XAl Y BE AZ FEHS A5 ChatGPTE] HES BES WistD DISLICH

Data Analyst
Drop in any files and | can help analyze
and visualize your data.

@_ Doctor GPT www.youtube.com/@DoctorGPT516

IIIIIIIIIIIIIIIIIIIIIII
BUNDANG HOSPITAL

B G e

CustomGPT by Ki-Hyun Jeon

MediStat Analyst
Al for health-related data analysis and visualization.

MediStat-Table1

Creates standardized Table 1 Baseline
Characteristics.

MediStat-ROC

An expert in ROC analysis and model evaluation.

MediStat-KM
Performs Kaplan-Meier analysis comparing specific

groups against control.

MediStat-Cox
Cox Bl &l&d 22 EM ME7t GPT.



Data Exploration

D
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Q @ ChatGPT 40

ChatGPT

Sora

Data Analyst
Thumbnail Wizard
DALL-E

Calendar Buddy
Duty Scheduler
MediStat-Table1
MediStat Analyst
MediStat-Cox
Medistat-KM

GPT Efat

\t

DRIE +

=]

Cc oo

25

FAST CAMPUS

KSIC 2025

PLT-CRC

AFR

PTRG-Ischemia

Missing Value Report
https://chatgpt.com/gpts

S ToIEEINQ?

Ask anything

08 ®

g

B olojx| gts7|

B
re
rr

¥l

>
¥
Q.

ChatGPTE 48 &
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Table 1 Baseline Characteristics v

Table 1. Key Characteristics of the Participants at Baseline.*
Aspirin Group Placebo Group
Characteristic (N=7740) (N=7740)
Age
Mean —yr 63.2+9.2 63.3£9.2
Distribution — no. (%)
<60 yr 2795 (36.1) 2795 (36.1)
60 to <70 yr 3123 (40.3) 3124 (40.4)
=70 yr 1822 (23.5) 1821 (23.5) - L O
Male sex — no. (%) 4843 (62.6) 4841 (62.5) ® EH —?——Er 9_' 9_| gll- —Il__ O-” A-I Oq ?‘ EH AI—X" Ol 7 | E
White race — no. (36) 1 7467 (96.5) 7468 (96.5)
Body-mass index;t _I o I:—I— "
Mean 30.846.2 30.6£6.3 E=E A S @) |_ O:I -” | |_ — 1T | |.
Distribution — no. (%) - O = R - O X A O — j:t O E .
<25 1080 (14.0) 1169 (15.1)
2510 <30 2753 (35.6) 2776 (35.9)
=30 3665 (47.4) 3536 (45.7) L F - H= 15 —_
Unknown 242 (3.1) 259 (3.3) L4 O | : ()L:I i II:I EI- 7|_|-9| LK cél q _I_ = 'Lg 7 |_O|__TI_’
Smoking status — no. (%)
Current smoker 639 (8.3) 640 (8.3) —
Former smoker 3526 (45.6) 3525 (45.5) ()4 ?— 7:| J__Il- O AI El A-I 2 1L El'_é_l.i E—” %B_é_l-
Never smoked 3489 (45.1) 3488 (45.1) — = - — o= - - L —
Unknown 86 (L.1) 87 (1.1)
Partricripant-reported hypertension — no. (%) 4766 (61.6) 4767 (61.6) O:| —é—l_ (@) —6—'_ E |
Aspirin use before screening — no. (%) 2740 (35.4) 2768 (35.8) 1 == — .
Statin use — no. (%) 5854 (75.6) 5799 (74.9)
Type 2 diabetes — no. (%) 7282 (94.1) 7287 (94.1)
Duration of diabetes
, = -'-| O XFo 7 L XLO
Median (interquartile range) — yr 7 (3-13) 7 (3-13) ) — 0 H ?—( ) O‘I A —_—
Distribution — no. (%) 1 L T o RCT — -I—
<9yr 4337 (56.0) 4322 (55.8)
=9 yr 2976 (38.4) 2989 (38.6) oF C} MO O | O_I N = I_ | |-
Unknown 427 (5.5) 429 (5.5) = O O oo 11— E O | AN - I-
Systolic blood pressure
Mean — mm Hg 136.1+£15.2 136.2+15.3 L O:l e o
Distribution — no. (%) 04 ?‘O‘I A-I —_— _IH E'l- t':l —I—( nf n r )9_' OI:_
<130 mm Hg 1694 (21.9) 1700 (22.0) — — — L CO O u d e S o o=
=130 to <140 mm Hg 1550 (20.0) 1541 (19.9) N
=140 mm Hg 2263 (29.2) 2292 (29.6) INE| |_‘L | L— _” (= =N = |_
Unknown 2233 (28.9) 2207 (28.5) o 7 O — I: = O I_I E .
Vascular risk score — no. (%)
Low 3128 (40.4) 3136 (40.5)
Moderate 3294 (42.6) 3254 (42.0)
High 1318 (17.0) 1350 (17.4)




Table 1 Baseline Characteristics

:I-_E_?_}'(E—J_'l\—ag ﬁ—l—(Oﬂ 01124 o:IOI- o:IIZI- l:)ol J_L=|_F|_ xrol% |
78 (Assumptions)
M+ (Normality): 2 12| HIO|E{ 7 HF 2

S = 2Hd(Homogeneity of variance): & 12| =4t
= E(Independence): 5+ 1 &2| H&0| = &A 0| 0{OF oL},
HIOIE 71 dtd 2 IEX| gt =

- 710|H|& B (Chi-square test, ¥ test)

wohE O AFE =Lt oK 7t S 225 2

£ [ECta 7PdstCt, (Shapiro-Wilk test, Kolmogorov-Smirnov test=2 =
AFO

O| = L5HOf SFLE. (Levene's testE 2t Ql)

= 42 H| 2= A2l Mann-Whitney U testS AF-23|{OF SHC

=
FASUEHFIEHFO: Jd8 S8 0T, G 77 S) 2 £ Z X0|E & 4ot= L =O|Ct.

7174 (Assumptions)
BEE 37|: 7|C Bl = (expected frequency)’} 5 O| 20| Of OF LY,
SEE: 2 #20| M2 52X 0|0{0F BtC},

F

o=/ O

H O
2 37|17t &2 W(7|Cf Bl = < 521 M = SH) Fisher2| A= A ™ (Fisher’s exact test)=

A+l OF HLF.

rr
ot
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Table 1. Baseline charateristics

PromPT:

Table 1 Baseline characteristics of study population = 2tS2{1

1.
2.

DM=0 vs. DM=1 O {2} M| A ZHESHM| .
AEH= HA +- SD(ATH 1Xt2)), B3y H
3ALE| 2 XM A|SHM K.

ofLte| = BHE0FAR

HEME 2 CH22 & SFL L,

£ N (%) £ MA|StD P-value

—
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Table 1 XIS MM }7] SNUH®

R Ij 7| X| (R package)= R Z212{Y ojofA EF SHE ¢t &

A
[ ; L=
—_— _ — — —_ -
HHiﬁ 7|._'—o|. ok, EHE Ol AT E OJ| o-| D<ol |_| |:|. uH9|x|i RO 7|_'—_0 gpxro|.7-| |_|. EX O:|_—|.L ol =2 M
o - O —T- (== — . — — o= | o 1 O L X T
—t —r —r — —
QFAIRES =S=A|7|= 4 AFRE T, AFXRF GOl E et 2R o 2 Aol &~ Ol 2 [CHQFS|
o= &= - o ;2 = == TH= T M-IT-/ o
- O melanoma2$sex <-
E ;‘ 9|- 7 | 6 E x _I_ (<) I- I-— E factor(melanoma2$sex, levels=c(1,8),
labels=c("Male",
"Female"))
i melanomaz$ulcer <-
Using the table1 Package to Create HTML Tables of e tulcer, Tevelencto. D)
H 1 1ichi labels=c("Absent"
Descriptive Statistics e
Benjamin Rich label(melanoma2$sex) <- "Sex"
label(melancmaZ$age) <- "Age"
2023-01-05 label(melancmaZ$ulcer) <- "Ulceration"
label(melanoma2$thickness) <- "Thicknessa"
o Introduction
o Example 1
o Example 2 units(melanomaZ$age) <- "years"
o Using abbreviated code to specify a custom renderar units(melanomaz$thickness) <- "mm"
o Displaying different statistics for different variables
o Changing the table’s appearance .
o Using built-in styles caption <- "Basic stats"
o Using custom CSS to control the table's appearance footnote <- "= Also known as Breslow thickness"
o Extra columns
o Example: a column of p-values tablel(~ sex + age + ulcer + thickness | status, data=melanoma2,
o Transposed table overall=c(left="Total"), caption=caption, footnote=footnote)
Introduction Basic stats
Total Alive Melanoma death  Non-melanoma death
It is standard practice in epidemiology and related fields that the first table of any journal article, referred to as “Table 17, is a table that presents (N=205) (N=134) (N=57) (N=14)
descriptive statistics of baseline characteristics of the study population stratified by exposure. This package makes it fairly straightforward to Sex
produce such a table using R. The output format is HTML (which has the advantage of being easy to copy into a Word document; Chrome
browser works well). It is convenient to use this package in conjunction with knitr and R Markdown, as the HTML output is passed through Male 79 (38.5%) 43 (32.1%) 29 (50.9%) 7 (50.0%)
untouched (note: as of version 1.1 it is no longer necessary to specify the results="asis' chunk option to have the HTML output appear Female 126 (61.5%) 91 (67.9%) 28 (49.1%) 7 (50.0%)
correctly in the final document); in fact, this vignette serves as an example. The package does allow quite a bit of flexibility to customize the
table's contents and appearance, but this does come at the cost of ease-of-use (more programming, some knowledge of CSS). Age (years)
Mean (SD) 52.5 (16.7) 50.0 (15.9) 56.1 (17.9) 65.3 (10.9)
Median [Min, Max]  54.0 [4.00, 95.0] 52.0 [4.00, 84.0] 56.0 [14.0, 95.0] 65.0 [49.0, 86.0]
Ulceration
Absent 115 (56.1%) 92 (68.7%) 16 (28.1%) 7 (50.0%)
Present 90 (43.9%) 42 (31.3%) 41 (71.9%) 7 (50.0%)

Thicknessa (mm)



Data M2 2|t Customized GPT

GPT by Open Al

Data Analyst
Drop in any files and | can help analyze
and visualize your data.

Data Analyst

Data Analyst

Drop in any files and | can help analyze and visualize your data.

Ask anything

SNUH®Y

SEOUL NATIONAL UNIVERSITY
BUNDANG HOSPITAL

GPT(MediStat series) by Ki-Hyun Jeon

‘¢ MediStat Analyst

w 59 Al for health-related data analysis and visualization.

<. MediStat-Table1
{M: “*8 Creates standardized Table 1 Baseline

487 Characteristics.

MediStat-ROC

An expert in ROC analysis and model evaluation.

MediStat-KM
\’:/ Performs Kaplan-Meier analysis comparing specific
' groups against control.

MediStat-Cox
Cox H|2| 218 2€ M ME27t GPT.

SN
s

el




Data =4 = $/2t Customized GPT
GPT7| EME T Logic S M35t0] HollZl 7| 52 ™A=& &
1. Table 1 baseline characteristics& Bt=7| 2/t GPT Y L|C}
2. Ao HEHHF RS0 E gL T}
3. O #H==0f CHet #E Bt=X| =0 LTt
4. HEHP= mean + SD (25d 1A2]), BFE B N (%) 2 MAISHAL P-values
2H 3XIE[2 M AISHA 2.
5. A= Hd H2EE Sl t-test E£ Mann-Whitney U testS 4 EH
6. HFEH = JFIOIN S AN = Fisher?| et ZHO| =AMt IPHo 2 TS| C}
7. #5 E0F10 O oY Ao = Ot 22X 0L CL
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%GPT @
Sora

Calendar Buddy
Duty Scheduler
MediStat-Table1

MediStat Analyst

3 62@ s B

MediStat-Cox

Medistat-KM

CACS from CCTA

2 & ¢

GPT &4

ZauE -
B FAST CAMPUS

B KsIC 2025

PLT-CRC

AFR

o o @

PTRG-Ischemia

L1
2|F H0|Ef NLP ¥ Otold

CACS HIo[E 24

https:{/chatgpt.com |

GPT A

ZAQ| M 85

Featured

©

Trending

GPT

X|E, 7t XA L DE AZ XFE AE S ChatGPTe| UE

Al Video Maker by
Descript

Turn your ideas into videos with
the Al Video Maker by Descript—
a powerful text-to-speech vide...

Form And Survey
Maker by Outgrow.co

Build and share live surveys

Mermaid Chart:

diagrams and charts

Official GPT from the Mermaid
team. Generate a Mermaid
diagram or chart with text...

Tutor Me

Your personal Al tutor by Khan
Academy! I'm Khanmigo Lite -
here to help you with math,...

SNUHY

SEOUL NATIONAL UNIVERSITY
BUNDANG HOSPITAL
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Table 1 Baseline Characteristics S e

@ Q @

ChatGPT

@ s

Sora

Q

Calendar Buddy
Duty Scheduler

MediStat-Table1

3 { @

.~
i

MediStat Analyst

MediStat-Cox

3
s
&

Medistat-KM

( ‘

@) cacs from ccTA
@ Aspirin Research Co...

83 GPTEHM

oRNE

B FAST CAMPUS
KSIC 2025
PLT-CRC

AFR

O oo o

PTRG-Ischemia

2

mir

Lp(a)2t CACS i3t 7t

MediStat-Table1 e

MediStat-Table1

o
~

Creates standardized Table 1 Baseline Characteristics.

Generate a Table Show a summary Format baseline Prepare a
1 with continuous table with mean + characteristics combined Table
and categorical... SD and p-values. for two groups. 1 with continuous...

MediStat-Table10l|7| HIA|X|S 4|2

+ o

ChatGPT= 442 & & UASLICL S28 WEE B0IsHHR.



MediStat-ROC

Q @  Medistat-ROC

GB)

© cChatGPT

° Data Analyst
@ PubMed Explorer
a Thumbnail Wizard
_:5 MediStat Analyst

88 GPT &M

L=
ROC Curve Analysis

ROC Curve in Python

X7

Chest Pain and Risk Factors

NIH Workshops for Cardiologists
ol ZH LIE gt

Al in Hypertension Management ®
of} oA} FOIA

Hypertension Risk Prediction Mo

Team I AHO|A =7
® ¥ [o] t

How do | interpret
the AUC of my
ROC curve?

BIAIX| MediStat-ROC

Y

_|.-;_|
ne
o
4

<
MediStat-ROC

Q
~

An expert in ROC analysis and model evaluation.

Can you explain What are the When is
sensitivity and steps to plot ROC analysis
specificity in ROC? an ROC curve? not appropriate?

ChatGPTE d=8 & + UELICH S28 FREE LIS L.

SNUHY

SEOUL NATIONAL UNIVERSITY
BUNDANG HOSPITAL
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6b] Q @ Medistat-KM @

@& ChatGPT

. Sora

@ Calendar Buddy

Duty Scheduler

{:g MediStat-Table1 \7

.,ﬁ‘ MediStat Analyst .

= Medistat-KM

MediStat-Cox _ .

@ CACS from CCTA Performs Kaplan-Meier survival analysis with matplotlib.pyplot.

@ Aspirin Research Co...

\/— Medist: Aspirin Research Copilot
Can you help me How do | define What are the log- Could you generate

83 GPT &M perform a KM the variables for rank p-value KM survival curves
survival analysis? KM analysis? and HR for this... for my dataset?

ZEHE
B FAST CAMPUS
KSIC 2025

S|

65 PLT-CRC
B AFR

=|

PTRG-Ischemia Medistat-KMOj|H| HIA[X|E 2M|2

- T

mir

KM Analysis Setup

https://chatgpt.com/a/g-679ec095ab748191b328782e2c192fba-aspirin-research-copilot ChatGPTi= 258 & £ ULICh S8 HHS SRIsN Q.
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SPSS Chat GPT

A Bl Kaplan-Meier Event Probability Curves for MACE
JORZ  KRE  QolEE 0.30
Log Rank (Mantel-Cox) 9.925 1 .002 —— Placebo
CIE +Z Groupoll Cet MZ 20| S24o] cfet ZFeLc —— Aspirin
Log-rank p = 0.0017
0.25} HR (95% CI) = 0.62 (0.46-0.84)
1 - Y=g '
0.30 Group
10
=11
- 0-8E3E 0.20f
0.25 —+1-3=HY é‘
B
3
0.20
bla © 0.15}
L =
: 0.15 5
J"- G 0.10f
s 0.10 .
0.05 005 i
0.00
0 365 730 1095 1460 1825 0.00 i , i i i
Time_to_MACE ' 0 365 730 1095 1460 1825

Time to MACE (days)



. SNUHY
Cox Proportional Hazard Model R

Q @  ChatGPT 40 e
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Cox Proportional Hazard Model
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Cox Proportional Hazard Model

Wyalel 4

95.0% Exp(B)2l CI
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Cox Regression Analysis Results
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B BEEQA} Wald ARE  TPLRSEE  Exp(B) sl ot
Age .052 .015  11.768 1 <.001 1.053 1.023 1.085
BMI -.027 .055 242 1 623 .973 873 1.085
HB -.268 .094 8.158 1 .004 .765 636 .919
GFR -.016 .005 9.434 1 .002 .984 974 .994
Sex -.617 .364 2.868 1 .090 .540 264 1.102
HTN .038 304 016 1 .901 1.039 572 1.886
DM 514 .300 2.937 1 .087 1.672 929 3.009
DL -.016 .303 .003 1 .957 .984 543 1.782
Smoking 624 301 4.308 1 .038 1.867 1.035 3.368
CKD 1.222 306  15.993 1 <.001 3.394 1.865 6.177
PAD 1.221 321 14.436 1 <.001 3.390 1.806  6.364
CHF 1.086 .505 4.629 1 031 2.961 1.101 7.961
PRE_MI .701 .495 2.009 1 .156 2.016 765 5.314
PRE.CVA  1.511 335 20.345 1 <.001 4.530 2.350 8.733

Variable | log HR log HR HR t P>|t]| CI0.025 | CI0.975
SE

Age 0.052 0.0152 1.0534 3.4305 0.0006 1.0225 1.0851
BMI -0.0272 | 0.0553 0.9732 -0.4915 | 0.6231 0.8733 1.0845
HB -0.2684 | 0.094 0.7646 -2.8563 | 0.0043 0.636 0.9192
GFR -0.0163 | 0.0053 0.9838 -3.0714 | 0.0021 0.9736 0.9941
Sex -0.6169 | 0.3643 0.5396 -1.6935 | 0.0904 0.2642 1.1019
(Male)

HTN 0.038 0.3043 1.0388 0.125 0.9005 0.5722 1.8859
DM 0.5138 0.2998 1.6717 1.7138 0.0866 0.9289 3.0086
DL -0.0163 | 0.303 0.9838 -0.0537 | 0.9571 0.5432 1.7818
Smoking | 0.6245 0.3009 1.8673 2.0757 0.0379 1.0354 3.3675
CKD 1.222 0.3056 3.394 3.9991 0.0001 1.8647 6.1774
PAD 1.2209 0.3213 3.3903 3.7995 0.0001 1.806 6.3643
CHF 1.0856 0.5046 2.9612 2.1515 0.0314 1.1015 7.9608
PRE_MI | 0.701 0.4946 2.0158 1.4174 0.1564 0.7646 5.3143
PRE_CVA | 1.5107 0.3349 4.5299 4.5105 0.0 2.3496 8.7334




Genspark for Data

Genspark
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| High-Risk Profile: Patients with previous CVA and PAD show strongest association

with MACE events
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& 48 ojnix (18) Comorbidity Effect: Clear dose-response relationship between number of conditions
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| ! and MACE risk
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Al &2jo|E . b . Kidney Function: Lower GFR correlates with higher MACE risk, highlighting
2 = . s d :
‘ ‘ a5 l ‘ ‘ m . I cardiovascular-renal connection
B ! - . Age Factor: Increasing age moderately predicts MACE, but less than specific
Al AE i Y Y

cardiovascular conditions

Follow-up: Good follow-up duration averaging 2.4 years provides robust event
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DE of|0|HE : ul ! ([ _ Data Outputs Generated

JSON Datasets (for downstream processing):

Al E2lo|E It e e Input Dataset - Original 700 patient records
Analysis Summary - Key findings and metrics

Lt CSV Files:
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‘ ‘l‘\ . =\ § Final Analysis Dataset - With computed variables
‘ ’“] ' ke Summary Statistics - Descriptive statistics

1 .

\

Correlation Matrix - Complete correlation analysis
nped e np Outlier Analysis - Outlier detection results
2025. 6. 13. 2% 2025. 6 1! S}()::’a 6.13. 2% Normality Tests - Distribution analysis
This comprehensive analysis provides a solid foundation for understanding cardiovascular
EQC . . . . . . I
AINE 2E risk factors and can inform clinical decision-making, risk stratification models, and further

3 AUE FRE WY research directions. The strong association between previous cardiovascular events and

8 xiz 87 x| future MACE risk highlights the importance of secondary prevention strategies.
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Title Generation from Provided File Content £

B Tablel_... B tablel_baseline_...
Characteristic | Total (n=700) |
Age, years 64.0 £ 111
Male sex 502 (71.7)
BMI, kg/m? 246 +29
Hemoglobin, g/dL 13.5+1.8
GFR, mL/min/1.73m? 76.4 £ 26.1
Comorbidities
Hypertension 439 (62.7)
Dyslipidemia 469 (67.0)
Smoking 183 (26.1)
Chronic kidney disease 162 (23.1)
Peripheral artery disease 89 (12.7)
Congestive heart failure 52 (7.4)
Previous myocardial infarction 43 (6.1)
Previous cerebrovascular accident 58 (8.3)

Major adverse cardiovascular events 51 (7.3)

@ ug w32

@ Alzst

B H.

N AH-3 v

Non-diabetic (n=439) |

63.4 £10.8
315 (71.8)
24.5 £ 3.0
13.5+18

76.5% 25.9

277 (63.)
303 (69.0)
104 (23.7)
101 (23.0)
49 (1.2)
34 (7.7)
24 (5.5)
40 (9.1)

21(4.8)

(2 &7| % =L

" Diabetic (n=2

651 11.5
187 (71.6)
24929
13.5:+1.8

76.2 + 26.6

162 (62.1)
166 (63.6)
79 (30.3)
61(23.4)
40 (15.3)
18 (6.9)
19 (7.3)
18 (6.9)

30 (11.5)
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Data Visualization
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Fig. 1. Representative Coronary Computed Tomography (CCT) Images of Epicardial Adipose Tissue (A) and Coronary Artery Plaque (B) Quantification. Panel B
shows on the left a straight MPR reconstruction of the mid-RCA artery; on the right a plaque characterization showing lumen (in blue) with a 55 % diameter stenosis,
and high burden of both noncalcified plaque (in red) and low-attenuation plaque (in orange). MPR, multiplanar reconstruction; RCA, right coronary artery.

3
A. Filtz et al. American Journal of Preventive Cardiology 19 (2024) 100711
Table 1 was independently associated with the presence of coronary artery
Baseline population characteristics, according to the presence of CAD. disease (OR: 3.22; 95 %CI: 1.47-7.04), (Central Illustration). Analysis of
Overill CAD No GAD demographics, laboratory values, and CT findings per the EAT cut-off
N =712 N=127 N =585 P Value value (i.e., 76 mL) are reported in Table 2 and Supplemental Table 6.
Age,y 39 = 4.83 40.5 + 44 387 £ 49 <0.001 ) : _ . | o
Male 325 (45.6) 83 (65.4) 242 (41.4) <0.001 3.4. Epicardial adipose tissue, pl%:que extent, and quantitative plaque
Race/ethnicity* analysis
Hispanic 318 (44.7) 50 (39.4) 268 (45.8) 0.221
Non-Hispanic Asian 28 (3.9) 8(6.3) 20 (3.4) 0.207 The li " al led iti iati b
Non-Hispanic Black 153 (21.5)  28(22.0)  125(21.4)  0.960 8 FORAT [EEFOSNNL AUSINSS [EVRRMG. & DONLIYE BROGARE. De-
Non-Hispanic White 33 (4.6) 13 (10.2) 20 (3.4) 0.002 tween EAT and CAC. Moreover, EAT and CAC were positively correlated
Cardiovascular risk with LAP (P < 0.001, R2=0.10; P < 0.0001, R2=0.26, respectively)
factors _ (Supplemental Fig. 2). Analyzing the relationship between EAT volume
Pac: fodt :lég?' = gségl = :19:;6 = i and CAC; higher EAT volume was associated with higher LAP volume in
Diabetes Mellitus 81(11.6)  21(167)  60(10.5)  0.070 those with CAC >0 (P = 0.008) (Supplemental Fig. 3).
Hypertension 229 (32.8) 56 (44.4) 173 (30.2)  0.003 When using the previously determined EAT volume threshold of 76

Hypﬂlipi_demia 186 (26.6) 53 (42.1) 133 (23.2) <0.001 mL, a higher EAT volume had a higher CAC score and SIS compared with

_eman AR raa AL A ram e e T g 4
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Data visualization: matplotlib SeRMaE oen

matp’ t,ib Plot types User guide Tutorials Examples Reference Contribute Releases Q

4L P4

Section Navigation

BEEEE

Lines, bars and markers v PPrrrorrresiPrrreren - ’ A~
Images, contours and fields v i . . )
Fill Between and Filling the area Fill Betweenx Demo Hatch-filled
Subplots, axes and figures v Alpha between lines histograms
Statistics v
Pie and polar charts v e s e sty
Text, labels and annotations v . : o e e e N N N
F omnen: [ .
. = = » Qumtens 90 degree h h h
Color v Y EF e — - e L o
sh d llecti o » J ) :::- —— - o
apes and collections | e . R
Style sheets Y Bar chart with Hat graph Discrete distribution JoinStyle
Module - pyplot v gradients as horizontal bar
Module - axes_grid1 v chart
Module - axisartist v
Showcase v I e marers
Animation v :
Event handling v - . S
Miscellaneous v o
3D plotting v Customizing Lines with a ticked Linestyles Marker reference
Scales v dashed line styles patheffect

Specialty plots v



Data visualization: Seaborn

/_'\
@Seaborn Installing Gallery Tutorial API Releases Citing FAQ

seaborn: statistical data visualization

1955

’\,,__,_/\

o 2N\

QaOsy

Seaborn is a Python data visualization library based on matplotlib. It provides a high-level

interface for drawing attractive and informative statistical graphics.

For a brief introduction to the ideas behind the library, you can read the introductory notes or
the paper. Visit the installation page to see how you can download the package and get
started with it. You can browse the example gallery to see some of the things that you can do
with seaborn, and then check out the tutorials or API reference to find out how.

To see the code or report a bug, please visit the GitHub repository. General support questions
are most at home on stackoverflow, which has a dedicated channel for seaborn.

Contents
Installing
Gallery
Tutorial
API
Releases
Citing

FAQ

Features

([0 Objects: API | Tutorial
Relational plots: API | Tutorial
Distribution plots: API | Tutorial
Categorical plots: API | Tutorial
Regression plots: API | Tutorial
Multi-plot grids: API | Tutorial
Figure theming: API | Tutorial
Color palettes: AP| | Tutorial

@ seaborn

Example gallery

Installing Gallery Tutorial API

Releases Citing FAQ
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BUNDANG HOSPITAL
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Data visualization: Google Colab

Google Colab(Colaboratory)
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Data visualization: Google Colab
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Data visualization: Google Colab
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Data visualization: Google Colab
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Data visualization: Google Colab
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Data visualization: Google Colab
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Data visualization: Google
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Data visualization: Google Colab
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Data visualization: Google Colab
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Data visualization: Google Colab
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OPEN Al-enabled ECG index for predicting
left ventricular dysfunction
in patients with ST-segment
elevation myocardial infarction

Ki-Hyun Jeon**, Hak Seung Lee?3**!, Sora Kang®?, Jong-Hwan Jang??, Yong-Yeon Jo??,

Jeong Min Son??, Min Sung Lee’?, Joon-myoung Kwon??, Ju-Seung Kwun', Statistica I an alysis
Hyoung-Won Cho?, Si-Hyuck Kang?, Wonjae Lee!, Chang-Hwan Yoon?, Jung-Won Suh?,
TaeimYoun” & fn-Ho Chae Continuous variables are presented as mean (+ standard deviation) and were compared using the unpaired and
Electrocardiogram (ECG) changes after primary p coronary i ion (PCI)in . > . . . .
ST segment elevation myocardal infaction (STEMI) patients are ssociated with prognoss Ths paired Student’s t-test or Mann-Whitney U test. Means of tertile groups were compared by analysis of variance
study investigated the feasibility of predicting left ventricular (LV) dysfunction in STEMI patients using . . . .
anaricl eaRgence A swbledECG gt dvopad o hgnose STEML Sl s from (ANOVA). Categorical variables are expressed as frequencies and percentages and were compared using the
e . e e Pt e b PO et post POl G hpost PO 201 Pearson v * test or Fisher’s exact test when the Cochran rule was not met. For the analysis of probability index
p,e,,:‘:ti‘,:'u:,:d:,“ﬁ:‘n':i,‘,;’%hh"g:',’{,':zd“acd%’a;t::{::;:}'i;l’l::;,zpéz.ea,:;,;:’e;":bslmd values obtained at different time points, we used the median value and the statistical significance of differences in
quantifie ECG changes past $Cland srves a  digtalbiomarker capable of predicing post STEMI these median values across various time points was evaluated using the non-parametric Kruskal-Wallis H-test.
LV dysfunction, heart failure, and mortality. These findings suggest that Al-enabled ECG analysis . . . . . . . . . .
conbe ol he o e gk s, sl s e Univariate and multivariate logistic regression analyses were performed to identify the proportional hazard
risk for LV dysfunction in patients with STEMI after primary PCI, which were adjusted for known potential
Abprobabilty Index predicting STEMI confounders (age, sex, body mass index, systolic blood pressure, diastolic blood pressure, pulse rate, Killip
i 3 I class > 3, hypertension, diabetes mellitus, end stage renal disease, multiple vessel coronary artery disease, and
=== Median value of Al-probai ndex | . . . . . . .
% = e infarct-related artery). Statistical significance was set at P-value <0.05. All statistical analyses were performed
J using IBM/SPSSv24.0 (IBM/SPSS, Chicago, IL, USA), RStudio (Integrated Development Environment for R.
s - — 7 RStudio, PBC, Boston, MA, USA), and Python (Python Software Foundation, Wilmington, DE, USA).
= re-
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Figure 1. Distribution of the probability index predicting STEMI. STEMI, ST elevated myocardial infarction.
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