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Y=p+7r+ (X -X
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Response end point (Y)

Covariate (X)

Figure 11.4.1 Adjustment for covariate in estimation of treatment effect.
Case I: Common slope.
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Figure 11.4.2 Adjustment for covariate in estimation of treatment effect.
Case I: Different slope, different magnitude, same direction
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Figure 1 1.4.3 Adjustment for covariate in estimation of treatment effect.
Case IlI:Different slopes, different direction with different magnitude.
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Different Types of Regression
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Linear Model v.s. Non-Linear (Smooth) Model
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Body mass index at baseline directly
predicts new-onset diabetes and to a lesser
extent incident cardio-cerebrovascular events,
but has a J-shaped relationship to all-cause
mortality
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Table 2 Cox-proportional hazards regression model for the incidence of diabetes, cardio-cerebrovascular diseases, or all-cause
mortality according to body mass index category

Underweight Normal Overweight Grade 1 Obesity Grade 2 Obesity Grade 2 Obesity
(BMI<18.5kg/m?)| (18.5-<23kg/ | (23-<25kg/m?) (25-<30kg/m?) (30-<35kg/m?) (>35kg/m?)
m?)
Primary Outcomes® Men 1.293 1 1.101 1.320 1.789 2376
(1.224-1.365) (1.073-1.129) (1.288-1.353) (1.689-1.897) (2.019-2.857)
Women 1.084 1 1.150 1.385 1.865 2472
(1.010-1.163) (1.116-1.185) (1.346-1.425) (1.725-2.019) (2.025-3.028)
Diabetes Men 0.843 1 1603 2431 4784 5.592
(0.717-0.990) (1.524-1.685) (2.321-2.546) (4.371-5.237) (3.845-6.624)
Women 0.744 1 1624 2567 4372 4808
(0.607-0.917) (1.528-1.725) (243-2712) (3.991-4.788) (3.624-6.378)
CCVDs Men 0.974 1 1.109 1.200 1.351 1.002
(0.894-1.060) (1.073-1.146) (1.162-1.241) (1.226-1.489) (0.551-1.821)
Women 0907 1 1099 1.169 1.264 1.462
(0.827-0.995) (1.060-1.140) (1.128-1.211) (1.158-1.380) (1.101-2.215)
All-cause mortality Men 1.710 1 0.780 0.730 0.948 1.029
(1.596-1.832) (0.744-0.817) (0.694-0.767) (0.807-1.114) (0.613-1.863)
Women 1698 1 0.801 0830 1.123 1.368
(1.524-1.893) (0.744-0.862) (0.773-0.891) (0.949-1.331) (0.869-2.306)

Adjusted for age, systolic blood pressure, glucose, total cholesterol, tobacco smoking, alcohol intake, physical activity, and economic status

Abbreviation: CCVDs Cardio-cerebrovascular diseases

# Primary outcomes include diabetes mellitus, cardio-cerebrovascular diseases, or all-cause mortality

Bae et al. BMC Endocrine Disorders (2022) 22:123




Table 1 Easeline characteristics according to sex

Bae et al. BMC Endocrine Disorders

(2022) 22:123

Men Women

Mumber (M) 167,500 143916
Age, years 50486 51490
Body mass index, kg/m? 238128 235+29
Systolic blood pressure, mmHg 12534156 1205163
Glucose, mag/fdL 91.3+£129 895+£119
Total cholesterol, mg/dL 1970361 198.1 £ 365
Body mass index category, N (%)

Underweight (< 185 kg/m?) 4137 (25) 3861 (2.7)

Normal (18.5-<23kg/m?)

Overweight (23-<25kg/m?)

Grade 1 Obesity (25-< 30kg/m?)

Grade 2 obesity (30—< 35 kg/m?)

Grade 3 obesity (>35kg/m?)
Smoking status, N (%)

Mever smiokers

Ever smokers
Drinking status, M (%)
Rare
Sometimes
Often
Physical activity, N (%)
Rare
Sometimes
Regular
Economic status, M (%)
Low
Middle
High

61,916 (37.0)
47 585 (28.4)
51,220 (308)
2531(15)
111 {0.07)

66,415 (39.7)
101,085 (0.3)

55,825 (33.3)
79,507 [47.5)
32168 (19.2)

83,575 (49.9)
69,568 [415)
14,357 (8.6)

27488 (16.4)
55,054 (329
84,958 (50.7)

61,708 (42.9)
37,763 (26.2)
37,137 (258)
3220(22)
227 [0.18)

138671 (96.4)
5245 (3.6}

116,005 (80.7)
25,058 (17.4)
2763 (1.9)

95,767 (66.5)
36,091 (25.1)
12,058 (8.4)

39624 (275)
46,155 (32.1)
58,137 (40.4)
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Fig. 2 Cox-proportional hazards regression models for the primary outcomes (diabetes mellitus, cardio-cerebrovascular diseases, or all-cause
mortality) according to body mass index. Adjusted for age, systolic blood pressure, glucose, total cholesterol, tobacco smoking, alcohol intake,

physical activity, and economic status

]

Np:" #
T (KgmY)

>

LA



Yuan et al. Journal of Translational Medicine (2022) 20:417 J
ournal of

https://doi.org/10.1186/512967-022-03621-2 . e
Translational Medicine

RESEARCH Open Access
™

Body mass index, genetic susceptibility, i
and Alzheimer’s disease: a longitudinal study
based on 475,813 participants from the UK

Biobank

Shigi Yuan'", Wentao Wu?", Wen Ma“", Xiaxuan Huang', Tao Huang®, Min Peng', Anding Xu'" and Jun Lyu**



Yuan et al. Journal of Translational Medicine

EFHRCSFE

(2022) 20:417

HR (95%Cl)

B

Age(y)=37-73

Age(y)=37-59

RCS

P for non-linear<0.001

201

151

HR (95%Cl)

P for non-linear=0.717

2'0 3'0 4'0 5'0 6'0
BMi(kg/m2)

2'0 3'0 4'0 5'0 6'0
BMI(kg/m2)

C

RCS

Age(y)=60-73

P for non-linear<0.001

201

-
wm

HR (95%Cl)

2'0 3'0 4'0 5'0 6'0
BMI(kg/m2)

Fig. 2 The restricted cubic splines (RCS) for analysis of the relationship between BMI and incidence of AD. A: 37-73 (years), B: 37-59 (years), C:
60-73 (years). Adjusted for age, TDI, sex, smoking, ethnicity, education level, alcohol use, hypertension, stroke, myocardial infarction, and diabetes
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Examining the BMI-mortality relationship using
fractional polynomials
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Figure 1 Comparison of the main fractional polynomial model with BMI categorized into narrow bins (top row), the fractional

polynomial model excluding extreme BMI values (middle row) and the fractional polynomial model excluding early deaths (bottom
row). Shaded regions denote 95% confidence interval for the fractional polynomial model.
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RCS Curves for A Linear Regression Model

P for overall < 0.001
P for nonlinear < 0.001

80

install.packages('plotRCS")
install.packages(‘rms")
install.packages('ggplot2’)
install.packages('readx!”)

library (plotRCS)
library (rms)

library(ggplot2)

data(cancer)
head(cancer)

# RCS curves for a linear regression model
rcsplot(data = cancer,

oufcome = "size",

exposure = "age",

covariates = c("sex", "race", "metastasis’))



[—
-
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P for overall < 0.001
P for nonlinear = 0.058

o)) oo
| |

n
|

Odds ratio (95% CI)

age

library (readxl)

=Y IEAR MRS R -Amelia/cancer.xisx")

Cancerl <-read_excel('D:/BIf R E /T LB EB-E 48/ )48/
ERHAEREREN-20220¢t/113EEFFIZ AR E/20240618-1F

RCS Curves for A Logistic Regression Model

library (plotRCS)
library (rms)

library(ggplot2)

data(cancer)
head(cancer)

# RCS curves for a logistic regression model
rcsplot(data = cancer,

outcome = "status",

exposure = "age",

covariates = c("'sex", "race", "size", "metastasis’))

# RCS curves for a logistic regression model
rcsplot(data = Cancerl,

outcome = "status”,

exposure = "age",

covariates = c('sex"”, "race", "size", "metastasis’),
positive = “Dead”))



Cox Regression: Crude Effect

07 P for overall < 0.001 I!brory(plo’rRCS)
library (rms)

7 5- P for nonlinear = 0.013 library (ggplot2)

data(cancer)
head(cancer)

# Cox regression: Unadjusted covariates
rcsplot(data = cancer,

0.5 outcome = "status”,

time ="fime",

0.0 | | | | | exposure = "age")

Hazard ratio (95% CI)

age



Cox Regression: Adjusted Effect

3.57
P for overall < 0.001 .
~ 3.04 P for nonlinear = 0.141 I!brory(plo’rRCS)
O library (rms)
° 2.5 library (ggplot2)
y
220+ data(cancer)
&)
= head(cancer)
S 1.5
?g 10- . # RCS curves for adjusted Cox regression model
5 rcsplot(data = cancer,
= 0.5 oufcome = "status",
time = "time",
0.0 | . | | |

exposure = "age’,
covariates = c("'sex”, "race", "size", "metastasis’))

%)
-
N
=)
h
)
N
)
-
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-

age



Cox Regression: Adjusted Effect (by group)

'S

library (plotRCS)

= P for overall < 0.001 library (rms)
~3.01P for nonlinear = 0.141 library (ggplot?)
O
X 2.5
X 504 sex data(cancer)
.% ' Female head(cancer)
- 157 — Male # By group
‘ﬁ‘ 1.0- rcsplot(data = cancer,
E‘ outcome = "status”,
0.5 fime = "time",
0.0 | | | | | exposure = "age’,
30 40 50 60 70 80 covariates = c('sex’, ‘race", "size",
"metastasis"),

1=° group = "sex’)




Cox Regression: Adjusted Effect (by K nots)

3.5 .
> 1P for overall < 0.001 library (plotRCS)
~ 3.0 P for nonlinear = 0.283 library (rms)
G library (ggplot2)
g\i 2.5" data(cancer)
% 2 .0- head(cancer)
E 1.5- # Set 5 knots from ‘knot' function
. rcsplot(data = cancer,
S 1.0 outcome = "status",
- fime = "time",
0.5 exposure = "age",
covariates = c('sex", "race", "size",
0.0 ' | ' ' ' "metastasis’),
30 40 50 60 70 80 knots = knot(5))

age




Cox Regression: Adjusted Effect (by K nots)

304 library (plotRCS)

“"" | P for overall <0.001 library (rms)
5 » 5| P for nonlinear = 0.283 library(ggplot2)
x
- 2. data(cancer)
% head(cancer)
-g l.
B 1.0- # Set the second knot as the reference value
3 rcsplot(data = cancer,
T 0.5 outcome = "status”,

0.0 time = "fime",

"3 40 50 60 70 g SXposure=-age, - -,
age covariates = c("'sex", "race", "size", "metastasis’),

knots = knot(5), ref.value = "k2")



= (CERAVIEAR T4 B 1%

» Restricted cubic spline (RCS, RETEEA)

» Cubic spline 25 EARIMNEIRZE - KB ]IS =RFHHIE %
fEFA RCS IS - A "k - 1, EEEHERT ( FEIZ&IEIE ) - k [EWHE
EZ{E RCS IFB|EMFTARMIR X KUK k-2{E 73 E& piecewise cubic#]la
REREMYEIE : F—2EMNHE  F_SERMNUE

BRI EAEE HEIRREAHAHG - BERAER) (B140 <100 ) RIZZRIN=Fh
BRGNS - BERABIRK (HlUNETF - B ) SRS IZEE A EE

ARZHRERER N EE R EZESE

EiAMIE - EASAEALRARERNIRAIERRA - flE I MRS E A B
BEHIFTAIRE (<90, 91-120, 121-140, 141-160, >160 mmHg ) - AT AZEAVER IR
R ERRER - Bt —mRRm LM E == ) &

FEARGAVAIE o ¥ RCS AARMFELER) - RMZE "EHRNRE  NEFEIEREE

Number of knots Knot locations expressed in quantiles of the x variable
K

0.1 0.5 0.9
005 0.35 065 0.95
005 0.275 05 0725 0.9

005 02 041 059 077 09 fEF R EREEHY rms E4-HYFESETRE
0.025 0.1833 0.3417 05 0.6583 0.8167 0.975 EFAE Sy (o B B

Table 2. Location of knots. From Harrell (2001), Regression Modeling Strategies.

EHRFHTE © hitps://support.sas.com/resources/papers/proceedingsi6/5621-2016.pdf)



Cox proportional hazards models were used to estimate hazard ratios for
cardiovascular and mortality events.

Restricted cubic splines (RCS) under a Cox regression were applied when
analyzing time to event data with continuous exposures to "smooth” continuous
measurements with a specific outcome.

All analyses were performed using R (version 3.6.3)

H{hSmooth ModelfE [E £ %

#LZ KBRS
install.packages(“survival’)
install.packages("haven”)
install.packages(‘readxl")

library(survival)
library(haven)
library (readxl)




Non-AF: Model 0 .
HR_HF_nonAF <- read_excel("'D:/work/Project 60/HR_vs_HF_nonAF.xlIsx")

All deaths
o @ # 1l Cox regressionf restricted cube smooth model
g1 ' library(survival)
g o ) mfit0 <- coxph(Surv(yrs_all_death, death_all) ~
A e pspline( hr_change , df=3) , data=HR_HF_nonAF)
[ [ [ [
100 500 >0 termplot(mfit0, term=1, se=TRUE, col.term=2, col.se=4, xlab="Heart rate changes",
Heart rate changes ylab="Log hazard ratio”)

J:%#E Log (hazard ratio): ref=0

FHEREIRERN Hazard ratio: ref=1  ORIINe(h=0)

5 ptemp <- termplof(mfit0, se=TRUE, plot=FALSE)

0 Cuteoff point ~=10 attributes(ptemp)
2 . HR_base <- ptemp$hr_change # this will be a data fram
5 o . SWoffpoint ~=-10 l center <- with(HR_base, y[x==0]) #log scale with HR 100 as the reference
5 . ytemp <- HR_base$y + outer(HR_base$se, c(0, -1.96, 1.96), '*)
T - T matplot(HR_base$x, exp(ytemp - center), log="y/,

o | - type="', lty=c(1,2,2), col=c(2,4,4),

° | | | | xlab="Heart rate changes", ylab="Hazard raftio")

100  -50 0 50 abline(h=T)
Heart rate changes #termEBeF L EEENE

\\ #colse =2 EHEEENERRAE




HR_HF_nonAF <- read_excel("'D:/work/Project 60/HR_vs_HF_nonAF.xlsx")

Non-AF: Model 0 # 1 Cox regressionfd restricted cube smooth model

Urgent HF visit library (survival)

mMfit0 <- coxph(Surv(yrs_urgent_hf_visit, urgent_hf_er_visit) ~
pspline( hr_change , df=3) , data=HR_HF_nonAF)

termplot(mfit0, term=1, se=TRUE, col.term=2, col.se=4, xlab="Heart
rate changes”, ylab="Log hazard ratio")

Log hazard ratio

: | | | | obline(h=0)

-100 -50 0 50
Heart rate changes ptemp <- termplot(mfit0, se=TRUE, plot=FALSE)
/ attributes(ptemp)
6 7 Cutoff point —=-10 HR_base <- ptemp$hr_change # this will be a data fram
I l center <- with(HR_base, y[x==0]) #log scale with HR 100 as the
B e — A . reference
T o9 — ‘ ytemp <- HR_base$y + outer(HR_base$se, c(0, -1.96, 1.9¢), ™)
g © Reference =0 matplot(HR_base$x, exp(ytemp - center), log='y',
= type="', Ity=c(1,2,2), col=c(2,4,4),
| | | | xlab="Heart rate changes", ylab="Hazard ratio")

A0 50 0 0 abline(h=1) Herm B IS B A4S HE

Heart rate changes o - =
\\ ; #colse =2 ERBBMEERAE
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