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Predictive models have recently become increasingly important across various fields. In particular, in clinical research, the main purpose is to build a
model that can find risk factors and predict a specific disease. Predictive models can help clinicians make fast and accurate decisions by capturing rela-
tionships between multiple factors related dependent variables. Accordingly, this paper describes a predictive model construction method and visualiza-
tion that can be useful in clinical research. As dependent variables can be divided into continuous, categorical, and survival variables, the concepts and
principles of linear, logistic, and cox regression analyses for building predictive models are explained in this paper. In addition, we investigated how to
select variables to create an optimal model and how to evaluate the discrimination and calibration of the model. A visualization method that can help

interpret according to each regression analysis model is also described. This paper will provide basic knowledge for clinical researchers to more easily

build predictive models and evaluate them for practical use.
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Hazards ratio = exp(f;) (7)

Rcode> fit3 <-coxph (Surv (time, status)~sex+obstruct+perfor+

adhere+tsurg, data =data2); summary (fit3)
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Rcode>#24]:
enter <-glm (status~sex-+obstruct+perfor+adhere+surg,
family =binomial, data=data2); summary (enter)
s sl

null<-glm (status~I, data=data2, family ="binomial )

Sfull <-glm (status~sex+obstruct+perfor+adhere+surg,
data=data2, family ="“binomial”’)

forward<-step (null,scope =list (lower=null,

upper =enter), direction="forward”, data=data?2,

Sfamily ="binomial”’); summary (forward)
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Figure 1. Visualization of the regression model.
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R code> library(rms); ddist<-datadist(data2); Options (datadist=
‘ddist)
mod<-lrm (status~sex+obstruct+perfor+adhere+surg,
data=data2, x=TRUE, y=TRUE)
nom<-nomogram (fit2, Ip =TRUE,
Sfun=function(x)1/(1+exp(-x)), funlabel =“probability”);
plot (nom)
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R code>library (rms); attach (data2);
ddist<-datadist (sex, obstruct, perfor, adhere, surg);
options (datadist = ‘ddist’)
gl <-cph (Surv (time,status)~sex-+obstructtperfor+
adhere+surg, surv=T, time.inc =365, dxy=T,
method="“breslow”, x=TRUE, y =TRUE, data=data2);
med = Quantile(gl); surv=_Survival (gl)
nom<-nomogram (gl, fun=list (function(x) surv (365, x),
function(x) surv(730, x)), funlabel=c (“‘I-year Survival
Probability”, “2-year Survival Probability”))
plot (nom, cexvar=1, cex.axis =1, xfrac=.5, main=

“Nomogram”)
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Figure 2. ROC curve and Calibration plot using logistic regression model.
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Rcode> library(pROC);
rocl <-roc(data2$status~predict(fit2,type = "response”,
ci=T)); rocl
plot(rocl, legacy.axes =T)

2A]AE 5|91 do]| 4] Calibration Calibration plot2r &3] €21
s = Qeh30,31). ol S 2HEat A SHES x5 yH O 2 slo] 455k A
ol 717151 w3do] 2 RHSOI ATk Bekehel(32) Figure 200 A=
Apparent, Biased-corrected®]] | g5]i= Alo] LLi= 455 A} 7[7ke-1
2 sasjo] 4 gt RS2 Bhelat 4 A
R code> cal=calibrate (mod, B=200);
plot (cal, xlab="Predicted Probablity”)
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Table 2. Interpretation of AUC

o, 059 7Pk AR = o SRl s AIgHH34).
R code>summary (fit3)

Time dependent ROC+= Kaplan Meier A<= S=74Jwf} wjo]=

ol &2 of8sto] = Aol Al sensmwty spec1f1c1ty—‘§_7 Lato] ghel

k<= QATH3s). 7

SESHAE A]@tﬂi ROC Mu 11oFo] qg 740] E ot} AUCE x
25 A, y3=& A o 9] ROC curve?] o2l HA91 AUC ZHS
o] F% AIE 2mIRhH36,37].

R code> #Time dependent ROC:
library (survivalROC); cox.lp <-predict (fit3,type="Ip”)
tROC < -survivalROC (data2$time, data2$status, cox.Ip,
method="KM", predict.time=365); plot (tROCSFP,
tROCSTP, type="1", xlab="I1-Specificity”,
ylab = “Sensitivity”)
#AUC:
library (risksetROC); maxtime <-max (time)
tmax<-max (data28time [data2$status = =1], na.rm=T)
etal <-fitl$linear.predictors
AUC2 < -risksetAUC (Stime =time, status =status,
marker =etal, method=“Cox”, tmax=tmax, plot=
fype="1")
plot (AUC2$utimes, AUC28AUC, type="1", xlim=c(0,
3500), ylim=c(0.45, 1), xlab = “Follow-up Time (years)”,
ylab="AUC”, cex=1, main="“Time dependent AUC

Area Under the Curve (AUQ) Interpretation
09<AUC Excellent graph’); abline(0.5, 0, lty=3)
0.8<AUC<0.9 Good

5 =2 H 0o i i Z| A~ElT A4S, ibra-
07 <AUC<08 Fair S, S| HEA19] calibration = 2 A AE I} 7 FA) 2 calibra
0.6<AUC<0.7 Poor tion plot—é— O]%—B‘]—Oﬁ _§_‘]—0l13E]— s C}U\E]— Oq] Q—g“,]— /U,{ﬂ IES =, y
05<AUC<0.6 Fail 20 & 3lo] 451 Ao|| 7l7ke- o] 2k nkEojxtar skt
Table 3. Characteristic of regression model
Outcome Continuous Categorical Survival
Predictive model Linear Logistic Cox

h(t
Model formula Y= a+pix; + Poxy + - f = a + Py + foxy + 20 = Prxy + Boxp + o
p NG
Interpretation Linear change Odds ratio (OR) Hazard ratio (HR)
Variable selection Enter, Forward, Backward, Stepwise
Visualization Scatter plot Nomogram Nomogram
Discrimination R-square ROC curve, AUC Harrell's c index, Time dependent ROC
curve, Integrated AUC

Calibration Residual plot Calibration plot Calibration plot
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R code>newSpred<-predict (fit2, new, type="response”)
ROC3<-roc (new $status~ new $pred); ROC3; plot
(ROC3, legacy.axes =T)
d<-datadist (new); options(datadist="d’)
val.prob (new$pred, newS$status, statloc =FALSE)
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