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_ PM2.5, WHO guideline :
PM2.5 oC E EC:DI-'I:I'-_,I'_S§I-AI-DOI--E - 10 ug/m* / annual mean
- 25 ug/m* /24-hour mean

PM2.5 €A 55 /130 ™A (2016, SAHH)
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Nursing Research
Random Error / Systematic Error

Bias
Hek(fRm) Ho|(m{E)
FlEgd® H=FEE XH



Categories of statistical

procedures used to assess the statistical content in the articles

tE 84

AN S 2 A

o231, AT, A2ZAEY

oln

No statistical method or Descriptive study

Sensitivity, Specificity, ROC curve

Paired t-test,  Wilcoxon signed rank test*

t-testt Wilcoxon rank sum test*, = Mann-Whitney U test*

SEHHU M O3& o|4 | (= ZHH| ) ANOVA (with multiple comparison), Kruskal-Wallis test*
=olof Cist 33| o|4 HIE=HXIgo| TAH| 0 Repeated measures of ANOVA,  Friedman test*
F A8 E= M 35 O|d gk HW Chi-squared test*,  Fisher's exact test*

McNemar's test*

Pearson’s correlation, = Spearman’s rho*

Tl ol SEES,2 SHHFO A 4 Simple linear regression, Multiple (logistic) regression
dEE FE, dES Hn Life table, Kaplan-Meier method
dEL ARl 2|24 Log-rank test, Cox's proportional hazard model (HR)

Incidence, Prevalence, Risk ratio (RR), Odds ratio (OR)

Source: Emerson JD, Colditz GA. Use of Statistical Analysis in The New England Journal of Medicine. N Engl/J Med 1983; 309: 709-713.




Percent of Research Articles Using a Particular Analysis
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Power analysis

Survival methods

Contingency tables
Epidemiologic statistics

Multiple regression

Nonparametric tests
t-tests

Multiway tables
Analysis of variance

Multiple comparisons
Transformation
Adjustment and standardization

No statistical methods

i Simple linear regression
_~>& Nonparametric correlation
. Pearson’s correlation

1. Emerson JD, Colditz GA. Use of statistical analysis in The New

1978-1979
(N=332)

1989
(N=115)

2004—2005
(N=311)

I England Journal of Medicine. NEJM 1983; 309: 709-13.
2015 2. Emerson JD, Colditz GA. Use of statistical analysis in the New

(N =238) England Journal of Medicine. In: Bailar JC Ill, Mosteller F, eds.
Medical uses of statistics. 2nd ed. Waltham, MA: NEJM Books,
1992: 45-57.

3. Horton NJ, Switzer SS. Statistical methods in the Journal. NEJM
2005; 353: 1977-9.

4. Sato Y, Gosho M. Statistical Methods in the Journal - An Update.
NEJM 2017; 376: 1086-7.




Study Designs

~~ Observational study

Descriptive study

j Hypothesis ?

Ecological study (Correlation study)

Analytical study

Cross—sectional study (Prevalence study)

Randomization ?  Case-control study (Case-reference study)
PR

Intervention : Cohort study (Follow—up study, Prospective study)

Hybrid designs : Nested case—control design, Case—cohort design
Case-crossover design, Case-time—control design

. Experimental study, Quasi—experimental study
Experiment
Randomized controlled trials (Clinical study)
Field trials

Community trials (Community intervention study)




Statistical Methods for Causal Inference

Covariates

» confounders variables
e unmeasured/unknown
confounders
« stratification variables
* intermediate variables
* cffect modifier
/ interaction effect

Propensity Score Matching Multiple Regression
Coarsened Exact Matching \ / Adjustment
,'/ (l \\\ \‘1 = Multiple Regression Analysis
! et —I'#/*:::f" . » Logistic Regression Analysis
/N :’J,'i e \\‘. \ » Poisson Regression Analysis
{ >I e = Cox’s PHM
\\‘,4/ h ‘;;JI:,\'_(C b 5\' - X“ » Linear Mixed Model (LMM)
L .'I ' :' \‘. ,'I » Generalized Estimating
NN A Competing Risks Equation (GEE)

Mendelian Randomization Analysis



Table 3. Selected Baseline and Exercise Characteristics According to Aspirin

Figure 1. Kaplan-Meier Curve Relating Aspirin Use to Time to Death Among
Propensity-Matched Patients

L

1300
1248

1.0
Aspirin Users
0.8 Agpirin Monussrs
)
=
£
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@
0.8
b~
;/
Q T v T T T T T 1
4] 2 4 ]
: - Year After Stress Test
Ma. at Risk RN
Agpirin Lse 1351 1\ 1338 1328 12314 1308 1305 1304 1303
Mo Aspirn Uses \\13‘51 U 1312 1282 1280 1268 1260 1254 1262

Table 4. Cox Proportional Hazards Analyses
of Aspirin Use and Mortality Among
Propensity-Matched Patients (n = 2702)*

Hazard
Ratio P
Model (95% CI) Value
Unadpsted 0.53 (0.38-0.74) 002
Adjusted for propensity 0.53 (0.38-0.74) -<.001
Adjusted for propensity  0.59 (0.42-0.83) 002
and selected
variablest
Adiusted for propensity  0.56 (0.40-0.78) -=.001

and all covariates}

Use in Propensity-Matched Patients® »~ 2310 3864 =y
Mo
Aspirin Aspirin P
Variable {n =1351) (n=1351) Value
Demographics
Age, mean (SO, v 60 (11] 61 (11) A6
Man, MNo. {%%) 251 (70 974 (72} 33
Clinical histony
Diabetes, Mo. (%) 203 (15) 207 (15) .83
Hypertension, Mo, (9] 679 (50) B98 (52 B
Tobacco use, MNo. (%54} 161 (12) 162 (12) a5
Cardiac vanables
Prior coronary arery diseass, Mo, (%) 552 (48) 659 (49 79
Prior coronary artery bypass graft, Ma. (%) 251 19) 23517} Az
Pricr percutansous coronary intervention, Mo, (%) 166 (12) 147 (11) 25
Pricr Q-wave M1, No., (%) 194 (14) 206 (15) 52
Atrial fibrilation, Mo, {2 21 (2) o4 (2) 65
Congestive heart failure, Mo, (Y&} 79 [6) 89 (V) A3
Medication use
Digoxin use, Mo (3] 115 (9) 114 (9) a4
B-Blocker use, Mo (%] 352 (26) 358 (26) .7a
Diltlazemsverapamil usea, Mo, (%% 223117 223 (17 =.99
Mifedipine usea, No. (%) 127 9) 144 (11) 28
Lipid-lowering therapy, Mo, (%) 281 (21) 271 [20) a3
ACE inhibitor use, No. (%) 209 (15) 214 (186) 79
Cardiovascular assessment and exercise capacity
Body mass index, mean (SD), kg/m? 29 (B) 29 (6) 83
Ejaction fraction, mean (S0}, % 51 (B) 51 (9) 63
Resting heart rate, mean (SD}, beats/min 77 (13) 76 (14) 13
Resting blood pressure, mean (30), mm Hg
Systolic 141 {21) 141 (21} B8
Diastolic B5(11) 86 (11) 57
Purpose of test to evaluate chest pain, No. (95) 153 (11) 159 (12) g2
Mayo Risk Index =1, Mo. (%)t 1108 [82) 1110 (B2} 82
Peak exercise capacity, mean (S0}, METs
Mean B.7 (2.5] B.3 (2.5} .
Women 6.5 2.0 6.7 (2.0] 13
Heart rate recovery, maan (5D}, beats/min 28 (12 28 (11) a8z
Ischemic ECG changes with stress, No. (¥} 231 (22) 223 (21) 64
Echocardiographic left ventricular ejection fraction 147 (11] 156 (12) 50
=40%, No. [36)
Stress-induced ischemia on echocardiography, 239 (18] 258 (19) 32
Mo, (%%
Fair or poor physical fitness 445 {33) 459 (34} BT

for age and sex,"® No. (¥

CLLELEELELEL TN

FMI indicates myocardial infarction; ACE, angiotensin-converting enzyme; MET, metabalic equivalent task; and ECG,

electrocardiogram.

FThe Mayo Risk Index iz described in the "Methods"” section,

*ZI indicates confidence interval.

tSelected varables included prior coronary artery dis-
aasa. prior corcnary artary bypass grafting., priar pear-
cutanaous intarvention, and ejection fraction =40%:.

FFor a list of covarsates, see Table 2 footnote (1.

*

Gum et al., JAMA 2001;286(10):1187-1194

asunnnnnnnns®

4NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NSNS EENENNNNSEEEEEsEsEssssssmEmnmnnns®



Propensity Score Computational Statistical Packages

« Matchlt in R (Ho, Imai, King, and Stuart, 2007)
« PSMATCH?2 algorithm in STATA (Leuven & Sianesi, 2004)

« %PSMatching “GREEDY” Macro in SAS (D’Agostino, 1998)

Matchlt: Nonparametric Preprocessing for
Parametric Causal Inference

Daniel E. Ho Kosuke Imai
Stanford Law School Princeton University
Gary King Elizabeth A. Stuart
Harvard University Johns Hopkins University

Journal of Statistical Software May 2011, Volume 42, Issue 8. http://www.jstatsoft.org/



 PuwCAD © Covariate Balance for Aspirin Study

Prﬂl:rr:lmg - d 5 o (Love, 2004)

pi ©

C‘E’sk
: C L X/ (C)

Betafi

,lﬂI"a'iE'ﬂ.

Suﬁslscﬂ:tg
PriorOMI
Diltiazem

ypertension

Ischemic
Diabetes
R.SVSBP =

cﬁ‘nh

Digoxin
CongestHF

stPain
AtrialFib
‘itness
ohacco

=>» greater than 10 percent
Represents meaningful imbalance

O Before Match
0 After Match

for continuous variables

1 OO ° (xtreatment — Xcontrol )

RDiasBF d =
EMI
ERRecow
PeakHxMen
PeakExWom
RestHitRate
EjectionFrac

(s’ +s° )/2
J

treatment control

for categorical variables
g“]iéf'l":TI'E'K's.'ii"ﬁ'i}iii'd'é'r'ii'i'é'éﬁ'ﬁiﬁﬁ’éﬁ&'&"E"i,?.'j""; g 100-(p, — p.)
\/(pT(l —pr)tpc(1=p.))/2

Some ways of assessing balance (Rubin, 2001) :
- The standardized difference in the mean propensity score in the two groups should be near zero (d <.25)
- The ratio of the variance of the propensity score in the two groups should be near 1 one, (preferably between 0.80 and 1.25)



VWarning

Mo warnings in estimation or matching procedure

Sample Sizes

Control Treated
All Q27 244
Matched 244 244
Linmatched 583 0
Discarded 0 0

Owverall balance test (Hansen & Bowers,

2010)
chisquare af povalue
Cwverall 2.58498 G.000 8ar

€ HluFat CfZ=0|

ZtZ} 24422 1:1 BIEE

Relative multivariate imbalance L1 {lacus, King, & Porro,

2010)

Hansen & Bowers (2010), d?
A/t a7 7He| et Ql E+4d IS
ZEESH HO|CH SHTFN SHIF| MHP A0

o o |__ _ L O =
A Z0| = unbalance otX| & "Il A2 HE
Ct ZtO| R &RTtL FAL

7t20| 7| HE|X| GEe® = &
oto] ofdol & =tk o =

2 EA2ES JhH| NZO| DIZSICH ALK Qo5 N

=
=7t HF HOlM 725 LteX| Es sk e
D=2 OE SAZS 2 =06t 228 S o

Of otLf.

EBefore matching

After matching

Multivariate imbalance
measure L1

AQ3

250

lacus, King, Porro (2010), L1
O & ™0 CH$t Multivariate Imbalance

<

Summary of unbalanced
covariates (|d| = .25)

Mo covariate exhibits a large
imhbhalance {|d] = .25).

MeasureO|C}. O] X|E2| s

o0 7ItEe+8 F o2 2 & #¥0| TS5
sotdl, 10| 7Pte+E 88 =090l 2

ghelChn g == QALY




LI Aveles

OOOOOC Polygenes
v

D D <:> Q Subclinical phenotypes

**** Risk factors
i

Cardiovascular disease

Hierarchy in genetics of cardiovascular disease
Source: Harrap et al., Lancet 2003;361:2149-51.



Number of Publication Using MR approach (2003~ 2015)

fi A
..
= H I
150 4 Epidemiology | MENDELIAN
— Tt | RANDOMIZATION
) o Methods for Using
E Genetic Variants
o in Causal Estimation
a. 100 - '
Y Stephen Burgess
o Simon G. Thompson
-
Q
£
s 50-
=
U .

2003 2005 2007 2009 2011 2013 2015

GROWTH OF THE NUMBER OR MR STUDIES AS ESTIMATED BY A PUBMED SEARCH OF “MENDELIAN RANDOMISATION"” OR
“MENDELIAN RANDOMIZATION” ON THE 7™ OF DECEMBER 2015 (US NATIONAL LIBRARY OF MEDICINE 2015.)



Y=08+BX+BC+es,
X=0,+02Z+0,C+¢,

Stage 1 : regress of the X on the Z

X=2(Z2)'ZX =P,X, P,=Z(ZZ2)"'Z and P!=P,

Stage 2 : regress of Y on the fitted X-values from stage 1.
l.e. only the variation in X that is explained by Z is used in stage 2.

By =UBX)(B,X)](P,X)Y
=(X'PPLX)'X'PY
=(X'PLX)'X'PY

[*%x% |\/ analysis in SAS xx*x/

proc syslin data=in 25LS;
endogenous X,
instruments z;
model y = X,

run,

/* 2SLS can be replaced by
LIML or FIML as appropriates =/




Variation in PCSK9 and HMGCR and Risk of Cardiovascular Disease and Diabetes

PCSK9 LDL-C score

O

y

Below Median
(reference)

y

p—

naturally randomi

Y

HMGCR LDL-C score

)

A 4

Ay

naturally randomized

v

Above Median
{Lower LDL-C)

y

HMGCR LDL-C score

)

p—

naturally randomized

h 4

A 4

Ference et al.,

N Engl J Med 2016;375:2144-53.

Below Median Above Median Below Median Above Median
(reference) (Lower LDL-C) (reference) {Lower LDL-C)
Reference Lower LDL-C Lower LDL-C Lower LDL-C via
via HMGCR via PCSK9 HMGCR & PCSK9 Confounders
Statin PSK9 inhibitor PCSK9 inhibitor/Statin

Placebo |
\

I L

Lifetime Risk of cardiovascular events and diabetes

a AY
/s \
Y2 \
, AY
4

Multiple Genetic Variants

plasma LDL
cholesterol

14,120 CVD

polymorphisms in the 10,635 DM

’I

1 \
1 Y
1 \
1 \
1 1
1 1
1 1
1 1
1 1
1 ]
1 1
1 ]
[} 1
[} 1
Y

\

Y

7 PCSK9 /6 HMGCR gene level
\,  instruments to randomly /’I

\
\

. assign 112,772 participants,”
ﬁom 14 prospectlve cohért

~ -
___________



3X2AM: Mendelian randomization analysis

2XF=2M: Multivariate logistic regression

sex, age, family history, smoking status
drinking status, BMI, salt intake, ...

4 / \ N
» LDL » Hypertension
- /

1XH2M: Simple logistic regression

Instrumental
Variable

KoGES (AIE chip, K-chip) :
rs10903129, rs11206510, rs2479409, rs505151, rs12130333, rs629301, rs599839, rs174547, rs174570,
157953249, 152259816, 154942486, rs9989419, 15314253, rs10401969, 1rs16996148, rs753381

% Affy 6.0, lllumina Omni, Exome chip0l 38X 22 U= SNP 5, GLGC (Global Lipids Genetics Consortium)0| = 2 MH



KoGES ¥ulQl IS E 7|8tXALH2001-) SSXt2 +7d

SHAQILS M Aot x AM}.:. (Korean Genome and Epidemiology Study)

» ADE CfAXI+E El?‘ll*}'I
ZEQ0I9| HO| &S HT

2t Hayoko| AEd A380
Hrot 2 4388 §<*7II§.*

SE/|HIZE

(28,338%) » =X El IS EQ| 7|HEZ AL X}
BE S SSCE "*hi_' d53
SHo 2 Ee7|&ES njAstof
E S+ E 017H
Si=0l D= DIMEE KRN H18 SH=0l
- gi=ol phM A S KM 2ol FHE st ‘SHFOIRAIYY WA g2k -
o = Mg 4 | 5
"17.01 KCHIP data Release v1 8,000 8,000
"17.09 KCHIP data Release v2 27,000 35,000
'18.07(0i1F) KCHIP data Release v3 39,000 74,000
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ANOVA
Repeated Measures ANOVA

(37h O] &)

750
4r
B

Linear Mixed Model

General LM / LMM

2| =4

o
S

X
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160
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B
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HGLM / GEE

Generalized Estimating Equations

EX|AE @
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Genderd

1 age°lMel

SBP Descriptive statistics

SBP
GENDER  age N hean | Std. Deviglion | Minimum | Maximum
1 13 252 | 11183 11.168 B4 144
14 4| 11620 11.302 02 158
15 206 | 12083 12125 a8 180
18 206 | 118.81 11.831 43 164
Total 05 | 11661 12023 B4 180
z 13 956 | 11773 11.521 02 153
14 253 | 11766 10.831 a7 156
13 140 | 11442 11.752 a0 154
16 35 | 13T 11.140 83 155
Total a4 | 116,08 11437 ik 156
Total 13 03 | 11486 11.701 B4 153
14 494 | 11695 11.076 02 158
15 ME | 11756 12.269 Bo 180
16 411 11612 11727 83 169
Total 1889 | 116.34 11.721 83 180

Mean SBP

180

1605

140

120

100

801

180

1605

140

1205

100

8071

age

d3dnN3Io
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HEE| 90420 05/4=00125
by Bonferroni's method

A& 271 E7iE= 6714
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Time=

Groupl (n=7) Group2 (n=7) |
-value
Estimated Mean(SE) Estimated Mean(SE) o

HEE

A=y -—r

=

monthO 58.286(0.240) 57.286(0.240)
monthl 52.184(0.558) 52.963(0.603) group: <0.001 £ ™
time: <0.001 i
month3 43.948(0.453) 39.516(0.453) group#time: <0.001
monthé 31.959(0.621) 21.571(0.591)

- LMM2ZE &4

- Al2He S &0 et & 2
- 1 =0l ’ioh 28 =0l
- Sol3IMNEMRH & =28 K01 ==cHE.

time

27 orCl: +-2 S0

Group (x4) Time (x6) GroupxTime (x6)
post-hoc p-value post-hoc p-value post-hoc p-value

Group | vs.2 Group=| Group=2 Group | vs.2
mo0 0.012 mo0 vs.mol <0.001 <0.001 mo0 vs.mol 0.801
moll 0.367 mo0 vs. mo3 <0.001 <0.001 mo0 vs.mo3 <0.001
mo3 <0.001 mo0 vs. mob <0.001 <0.001 mo0 vs.mob <0.001
mob <0.001 mo0 vs.mol <0.001 <0.001 mol vs.mo3 0.001
mo0 vs. mo3 <0.001 <0.001 mo| vs.mob <0.001
mo0 vs. mob <0.001 <0.001 mo3 vs.mob 0.001

ADI2 DF

X B 4=& O 2 = Bonferroni correction= ?| ol LI 2 p-valuelil Bl W& =Bt2 =i S
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Table & Figure -Al2tel S0l M2t & 2ol H5t HEOl (S8 ¢ 4
US.
_ B(SE) 201 20 815 191 201 102 N G2t 5= &=
O 1.998 O X}é% ¢ AS.
intercept 57.600(0.363) <0.001 -5, 18 Z0l bloh 28 201 O 248E 2 = /US.
EX>
group o]
I -1.617(0.427) 0.001 =57.600-
1.617x[group=1]+0x[group=2]+0.592x[sex=]+0x[sex=2]-
2 Ref(0) 6.057xtime+1.998x[group=1][time]+0x[group=2]xtime
Sex e pNAINiI group=| ol =zr M
=57.600 -1.617+6.057xtime+| 998xt|me
™M) i ) e =(57.600-1.617)+(-6.057+1.998)xtime
2(F) Ref(0)
- XY [ group=22| ST & B
Time -6.057(0.077) <0.001 =57.600 -6.057xtime
group=1| x time 1.998(0.111) <0.001 > group=2 HOf = |74 X|Ltofl [t} 6.057212 B5
_ . L BTt 24 A5= B, group=1 2 IOl = 170 & X[E
group=2 x time Ref(0) of 2t 4.0592H8 ST = 7t 4. F 7|=7(2 A0

7} 1.9982 p-value<0.001 2 | QIOFXPOIW =X

el
ggggg :1
o

Slope(SE) Slope(SE) P-value |
score -4.059(0.080) -6.057(0.077) <0.001 i,




(RatioJ|Et) GEE Z1}

: 4 ',._//-- -
GEE &AM
A|Zto] S 20 Mmat £ 2o W} mjjElo| CrES
oF A o|o
= _I_ M 2

B 20 I=||°H 2tH 0] A[Zto] X|'EHof 2} =
ME 715/40| =3.
=95| M ZA|Hof H|s 67HE AlZHA group10il
H|S group27t 2 E 7}5490] 15.683H| =7
LIE}E.

I I

intercept

group
I

2

Sex

(M)

2(F)
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- Mean+SD (bar graph)

- Median (min, max) or
Median (Q1, Q3)

- Box plot

Demographic
Graph

- Independent two sample t-test, ANOVA
1:12] &4 - Mann-Whitney U test, Kruskal-Wallis test
- Chi-square test (Fisher’s exact test)

1:N°| ZHA| - tmG_ar. regression
- Logistic regression

Predictive ability - ROC curve, AUC

- Kaplan-Meier method
(1958)

- Log-rank test
(Mantel-Haenszel, 1959)

- Cox's PH regression
(1972)

- Harrell's C, tdAUC, iAUC




Cox Proportional Hazards Model (1972)
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Basic concept - competing risks

Subdistribution for an event of typei (i=1, 2, ..., p)
F@)=P(T <t, C=1i)

Hubnecers P(t<T<t+5t, C=i | T >t
hl-(t):nm{ U<T=t+or, C=7 | '}:

St—0 Ot

Hazard of the subdistribution

7/1‘(1‘):;}%{ 5-‘; ------------------------- J

= the probability of observing the event of interest, type i, at the time ¢
while knowing that either the event of interest did not happen until then
or that the competing risks event was observed.




Model

« Cox’s proportional hazard model, Cox (1972)

Partial likelihood

L(ﬂpﬂz,...,ﬂm) — ﬁ Zexp{ﬂlxlj +-..+ﬂmxmj}

o, XPUBX, +ot X,
J

« Model forthe hazard of CIF, Fine & Gray (1999)

LBy Brsees B) = H S Tw,

N,
‘‘‘‘‘‘

G(¢;) s . .
Wi = = G(:) : K-M estimate of the survivor
G(min(z;, t,)) function
of the censoring distribution

1

R@t) = 1{i;T>t O (T <t and the subject experienced a competing risk event)}
J » i =



Cause-specific Hazard: In Discrete Time
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Figure 1. Cause-specific hazard schematic. The risk set starts with 30 individuals (solid circles).
Over time, individuals have either event 1 (square) or event 2 (triangle). As individuals have either event, they are
removed from the remaining risk sets.  The calculation for the cause-specific hazard is given at the bottom of the figure.



Subdistribution Hazard: In Discrete Time
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Figure 2. Subdistribution hazard(SDH) schematic. The risk set starts with 30 individuals (solid circles). Over time, individuals
have either event 1 (square) or event 2 (triangle). As individuals have the competing event (event 2, triangle), they are maintained
in the risk set as triangles. Thus, over time, a greater proportion of the risk set becomes full of triangles that are individuals who
have had the competing event prior to that time. The SDH for event 1 is given near the bottom of the figure along with the
cause-specific hazard (CSH) for event 1 for comparison. Note that, because individuals are maintained in the risk set, the SDH
tends to be lower than the CSH.



New-onset atrial fibrillation predicts long-term newly developed

atrial fibrillation after coronary artery bypass graft
Am Heart / 2014;167(4):593-600.e1.

Therefore, we set a competing risk of death without long-term AF recurrence
and compared the cumulative incidence(CIF) curves by Gray's method with
a 1-KM method. Competing risk regression by Fine and Gray's model was
also performed. Finally, we assessed the 2 HRs of Cox proportional hazard
regression and competing risk regression using death as a competing event.

Ref. Fine JP, Gray RJ. A proportional hazards model for the subdistribution of a competing risk. J Am Stat Assoc 1999;94:496-509.

Table Ill. Competing risk and Cox proportional hazard models of
time to long-term AF of POAF group compared with no-POAF group

Long-term AF

Regression models’ HR (95% Cl) P

Cox proportional hazard regression 5251 75 15.77) .003
Competing risk regression 4.99 (1.68-14.84) .004

* Adjusted for age, sex, covariates, and propensity score.



4 Major Bigdata in Bio-Healthcare
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One-size-fit-all Stratified Medicine Precision Medicine
Medicine

Patlﬂnts are grouped by: Individual patient level: . 4]
Disease Sublypes Genomics and Omics

* Risk Profiles Lifestyle

= Demaographics Freferences

= Socio-economic Heailth History

Medical Records

Compliance {) é

Exogenous Factors
Companion Diagnostic (CDx)

» Clinical Fealures
«  Biomarker
* Molecular sub-populations
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l Biomarker
Therapy Precision medicine ensures delivery " I“;".”E i
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Frost & Sullivan (Mar 8, 2017)
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Five Trends Shaping Care Delivery
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Topol EJ, Cell 2014;157(1):241-53.
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@PLOS | mebicine November 2018 Advancing the beneficial use of machine learning
i in healthcare and medicine

% Deep learning for lung cancer prognostication A retrospective multi-cohort radiomics study
% Characterising risk of in-hospital mortality following cardiac arrest using machine leaming A retrospective international registry study
_ NanayakKara et al., Survivors (n =21,547) + Non-survivors (n = 18,019) / Australian and New Zealand Intensive Care Society (ANZICS)
~ Mobile detection of autism through machine learning on home video A development and prospective validation study
% Enhancing the prediction of acute kidney injury risk after percutaneous coronary intervention using machine learning techniques A retrospective cohort study
% Development and validation of machine learning models to identify high-risk surgical patients using automatically curated electronic health record data (Pythia) A
% Deep-learning-assisted diagnosis for knee magnetic resonance imaging Development and retrospective validation of MRNet
= Predicting the risk of emergency admission with machine learning Development and validation using linked electronic health records
% Machine learning to identify pairwise interactions between specific IgE antibodies and their association with asthma A crosssectional analysis within a population-t
% Deep learning for chest radiograph diagnosis A retrospective comparison of the CheXNeXt algorithm to practicing radiologists
% Variable generalization performance of a deep learning model to detect pneumonia in chest radiographs A cross-sectional study
% Prediction of myopia development among Chinese school-aged children using refraction data from electronic medical records A retrospective, multicentre mach
= Machine learning in population health Opportunities and threats
% Deep learning and artificial intelligence in radiology Current applications and future directions
% The use of machine leaming to understand the relationship between IgE to specific allergens and asthma
% Transforming health policy through machine learning
= Machine learning in medicine Addressing ethical challenges
% Machine learning assessment of myocardial ischemia using angiography Development and retrospective validation
% Advancing the beneficial use of machine learning in health care and medicine Toward a community understanding

% Automated detection of moderate and large pneumothorax on frontal chest X-rays using deep convolutional neural networks A retrospective study
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CENTRAL ILLUSTRATION Study Overview

‘== In-hospital death

+

Single center
2004-2013

All-cause death
at 180 Days

14,349
Percutaneous
coronary

CV death
at 180 days

interventions

)

HF death
at 180 Days

=

HF readmission
at 30 days

Leveraging Machine Learning Techniques to Forecast Patient

Prognosis After Percutaneous Coronary Intervention (PCl)
Mayo Clinic, PCI registry, Zack, C.J. etal., JACC (J Am Coll Cardiol Intv) 2019

This study sought to determine whether machine learning can be
used to better identify patients at risk for death or congestive
heart failure (CHF) re—hospitalization after PCI

Sensitivity

Sensitivity

AUC =0.923 4

Predicjlon"of In—Hospital Mortality
f/"

- P=0
. o Imszls:n.:l
-~ ~— Machine Learning (ML)
B el — Logistic Regression (LR)
i 20 40 60 80 100
1 - Specificity

I P =0.02
//’ AUC =0.812 (LR)

P — Machine Learning (ML)
P — Logistic Regression (LR)

20 40 60 80 100
1 - Specificity

-~ P =0.003)
20+ ~
L [AUC =0.846 (LR)
’I
P — Machine Learnin,
e — Logistic Reguu?o(r(‘l-.)m
0 20 40 60 80 100

1 - Specificity



MPre

M 4> Ao o

ExNmure

Possibility of Connection for Korea's Healthcare Bigdata
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