getwd()  查看工作目录
setwd(dir="h:/R word document/") 更改工作目录

内置数据集：
help(package="datasets") 查看数据集
data(iris) 提取数据集
iris 打开数据集
my_data<-iris 保存数据集


install.packages("ggpubr") 下载分析包
ggdensity(my_data$Sepal.Length) 密度图
ggqqplot(my_data$Sepal.Length) QQ图（分数位图）
解读：散点趋近直线，服从正态分布，直线的截距代表均值，斜率代表标准差
shapiro.test(my_data$Sepal.Length) 检验，Pvalue小于0.05则非正态，但样本量大于30，查看ggdensity和ggqqplot不存在不均匀，可以认为符合正态分布，可以不做转换

正太分布的数据进行（单样本）t检验
help(package="datasets")
> data("chickwts")
> my_data<-chickwts
> test<-t.test(my_data$weight,mu=300)
> test
然后看p-value=8.426e-05    0.00008426
  t=??是检验的自由度 df=??

If the P value was >0.25, the parameter was not considered 

数据清洗 
is.na(工作簿1) 判断是否是空缺
Rate<-function(x){sum(is.na(x))/length(x)*100}
apply(工作簿1,2,Rate)  查看空缺数据百分比

 


多重插补法填补空缺值，使用逻辑森林法，进行1024次插补
df<-mice(data,m=4,method="rf",seed=1024)
df$imp$PSA
result1<-complete(df,action=4)#选第4次



单因素回归模型构建：ADE
modelADE<-glm(PD~ADE,data=result1,family=binomial(link="logit"))
summary(modelADE)#p =2e-16,小于0.05
exp(cbind("OR"=coef(modelADE),confint(modelADE))) 查看OR值

插补后的数据卡方检验和U检验（插补前后对比，P 要＞0.05 才没差异）
result_man<-wilcox.test(data$PSA,result1$PSA)#连续变量

x2data1<-rbind(x2data[14,],x2data[15,])
x2chisq<-chisq.test(x2data1)#二分类变量用卡方检验

psa_iqr2<-quantile(result1$PSA,type=1,na.rm = TRUE)#查看四分位间距

训练集和验证集对比P值
查看两个集的比例（二分类变量）：

t.test(training_set$SV,validation_set$SV,var.equal = TRUE)
table(result1$SV)
table_var<-table(result1$SV)
prop_var<-prop.table(table_var)
prop_var#二分类变量 会得出一个p 和阴阳比例

t.test(training_set$PSA,validation_set$PSA,var.equal = TRUE)#连续变量只跑第一行







7:3分组
set.seed(1234)
training_index<-sample(x=1:1593,size=1593*0.7,replace=F)
validation_index<-c<-c(1:1593)[-training_index]

training_set<-result1[training_index,]
validation_set<-result1[validation_index,]

总的单变量回归
logit<-function(x,y,z){
  require(broom)
  require(tableone)
  xx<-c(NA,NA,NA,NA,NA,NA,NA)
  xx<-matrix(xx,1,7)
  table<-data.frame(xx)
  names(table)<-c("term","estimate","std.error","statistic",
                  "p.value","exp(doef)[confint]","p")
  table<-table[-1,]
  for(i in 1:length(x)){
    glm.log<-glm(substitute(y~x,list(x=as.name(x[i]),y=as.name(y))),
                 family=binomial(link="logit"),data=z)
    table11<-ShowRegTable(glm.log,exp=TRUE,digits=3,pDigits = 3,
                          printToggle=TRUE,quote = FALSE,ciFun = confint)
    table12<-tidy(glm.log)
    table2<-cbind(table12,table11)
    table<-rbind(table2,table)
    table<-table[-1,]
  }
  return(table)
}

x<-c("age","PSA","ADE","PV","border","shape","LEA","SV")
y<-c("PD")
z<-training_set

xx<-logit(x,y,z)




write_xlsx(xx,path="xx.xlsx") #下载数据


sign.x<-xx$term[xx$p.value<0.05] 提取p小于0.05变量
(form<-as.formula(paste0('PD~',paste0(sign.x,collapse='+')))) 提取完成后让左右自变量相加
multi.model<-glm(form,data=training_set,family=binomial) 用训练集做多因素logitic回归模型
model.backward<-step(multi.model,direction="backward",trace=0)
summary(model.backward)#向后法#向后法逐步回归
modelX<-glm(PD~1,data=training_set,family=binomial)
model.forward<-step(modelX,scope=list(upper=~SV + LEA + shape + border + ADE + PSA + age,
                                      lower=~1),data=trainging_set,family=binomial,direction="forward",
                    trace=0)
summary(model.forward)# 向前法逐步回归

model.both<-step(multi.model,direction="both",trace=0)
summary(model.both)#向前向后法逐步回归

AIC(multi.model,model.forward,model.backward,model.both)#比较四种模型的AIC值（赤池信息量准则），取AIC最小的
df      AIC
multi.model     8 956.2289
model.forward   7 955.0332
model.backward  7 955.0332
model.both      7 955.0332

summary(model.backward)#最后选择向后法
Estimate Std. Error z value Pr(>|z|)    
(Intercept) -2.582798   0.160437 -16.099  < 2e-16 ***
SV           0.986652   0.312027   3.162 0.001567 ** 
LEA          0.667802   0.170602   3.914 9.06e-05 ***
shape        0.351862   0.208341   1.689 0.091243 .  
border       0.643317   0.183117   3.513 0.000443 ***
ADE          1.134392   0.179913   6.305 2.88e-10 ***
PSA          0.042770   0.003579  11.951  < 2e-16 ***
exp(cbind("OR"=coef(model.backward),confint(model.backward)))#查看OR值
OR      2.5 %    97.5 %
(Intercept) 0.07556227 0.05467255 0.1026083
SV          2.68223866 1.46977699 5.0131274
LEA         1.94994599 1.39601300 2.7253241
shape       1.42171223 0.94383621 2.1380091
border      1.90278200 1.32742905 2.7231631
ADE         3.10928343 2.18784491 4.4318379
PSA         1.04369735 1.03667917 1.0513480

数据打包
require(rms)
ddist<-datadist(training_set)
options(datadist='ddist')

model.step2<-lrm(pathological_diagnosis ~ the_result_of_DRE + PSA + shape + border + hypoechoic_area + seminal_vesicle,data=training_set1,x=TRUE,y=TRUE)#用training_set1 的规范数据来做
制作nomo
nomo<-nomogram(model.step2,
               maxscale = 10,
               lp=TRUE,
               fun=function(x)1/(1+exp(-x)),
               fun.at=seq(0.2,1,by=0.3),
               funlabel="Risk")
plot(nomo,
     lplabel="Linear Predictor",
     points.label = 'Points',
     xfrac=.15,
     total.points.label = 'Total Points')#nomogram图



model.backward$formula#查看向后法逐步回归的公式,把公式复制到下面
model.backward<-glm(PD ~ SV + LEA + shape + border + ADE + PSA,
                    data=training_set,
                    family=binomial(logit))# 向后法逐步回归建立模型

training_set$pred.back<-predict(model.backward,
                                newdata=training_set,
                                type="response")
validation_set$pred.back<-predict(model.backward,
                                newdata=validation_set,
                                type="response")#分别在训练集和验证集中计算预测概率
内部验证是使用建模集的预测概率验证，外部验证时使用验证集里的预测概率验证，就是这个区别，方法实现和代码书写完全相同

做图：library(pROC)#加载包

roc.training.backward<-roc(training_set$PD,training_set$pred.back)
auc(roc.training.backward)
ci(auc(roc.training.backward))
plot(roc.training.backward,     
legacy.axes=TRUE,
     print.auc=TRUE,
     auc.polygon=FALSE,
     lwd=1,
     max.auc.polygon=TRUE,
     print.thres=TRUE)#绘制训练集的roc曲线
roc.validation.backward<-roc(validation_set$PD,validation_set$pred.back)
auc(roc.validation.backward)
ci(auc(roc.validation.backward))
plot(roc.validation.backward,
     legacy.axes=TRUE,
     print.auc=TRUE,
     auc.polygon=FALSE,
     lwd=1,
     max.auc.polygon=TRUE,
     print.thres=TRUE) #绘制验证的roc曲线
[bookmark: _Hlk150503223]注意：验证集roc的截断点是没有意义的，因为要把训练集的截断点带入验证集的才行, 0.7<=AUC<0.9：预测诊断价值高

ROC.results<-coords(roc.training.backward,"best",ret="all",transpose=FALSE)
as.matrix(ROC.results)#查看训练集敏感性，特异性

[image: ]
Specificity 特异度 sencitivity灵敏度 accuracy 准确率 npv阴性预测值 ppv阳性预测值

ROC.results<-coords(roc.validation.backward,0.4765533,ret="all",transpose=FALSE)
as.matrix(ROC.results)#查看完训练集以后，看验证集，注意！验证集代码的“best”替换成训练集的threshold值
[image: ]

校准度分析：library(rms)#加载包
val.prob(training_set$pred.back,training_set$PD)
val.prob(validation_set$pred.back,validation_set$PD)

针对二分类的因变量，c指数就是曲线下面积，z值是拟合优度，p大于0.05说明拟合优度结果好

Hosmer and Lemeshow goodness of fit (GOF) test，也是拟合优度检验
library(ResourceSelection)#加载包
hoslem.test(training_set$PD,training_set$pred.back,g=10)
####
data:  training_set$PD, training_set$pred.back
X-squared = 6.0753, df = 8, p-value = 0.6388
####
hoslem.test(validation_set$PD,validation_set$pred.back,g=10)
###
data:  validation_set$PD, validation_set$pred.back
X-squared = 6.3719, df = 8, p-value = 0.6056
####
p值大于0.05，则说明通过HL检验

临床决策曲线，DCA曲线
library(rmda)#加载包
dca.training_set<-decision_curve(PD~pred.back,
                                         data=training_set,
                                         family=binomial(logit),
                                         thresholds=seq(0.1,by=0.01),
                                         confidence.intervals = 0.95,
                                         study.design = 'cohort')
plot_decision_curve(dca.training_set,curve.names = c('training_model'),
                    xlim=c(0,0.8),
                    cost.benefit.axis = FALSE,
                    col=c('red'),
                    confidence.intervals = FALSE,
                    standardize = FALSE)#训练集

dca.validation_set<-decision_curve(PD~pred.back,
                                 data=validation_set,
                                 family=binomial(logit),
                                 thresholds=seq(0.1,by=0.01),
                                 confidence.intervals = 0.95,
                                 study.design = 'cohort')
plot_decision_curve(dca.validation_set,curve.names = c('validation_model'),
                    xlim=c(0,0.8),
                    cost.benefit.axis = FALSE,
                    col=c('red'),
                    confidence.intervals = FALSE,
                    standardize = FALSE)#验证集
画出来右两条无效线，

临床影响曲线：
plot_clinical_impact(dca.training_set, population.size = 1000,cost.benefit.axis = T,
                     n.cost.benefits = 8,col = c('red','blue'),
                     confidence.intervals = F)  #用的是上面DCA 的模型集（dca.training_set）



此外，为了证明三个合在一起比三个分开有用，还要单独绘制三个的
ADE:
modelADE<-glm(PD~ADE,data=training_set,family=binomial(link="logit"))
training_set$pred.back.ADE<-predict(modelADE,
+                                     newdata=training_set,
+                                     type="response")

roc.ADE<-roc(training_set_ADE$PD,training_set_ADE$pred.back)
                    auc(roc.ADE)
                    ci(auc(roc.ADE))
                    plot(roc.ADE,     
                         legacy.axes=TRUE,
                         print.auc=TRUE,
                         auc.polygon=FALSE,
                         lwd=1,
                         max.auc.polygon=TRUE,
                         print.thres=TRUE)

超声：
multi.model.US<-glm(PD~border+shape+LEA+SV,data=training_set,family=binomial)
training_set$pred.back.US<-predict(multi.model.US,
    newdata=training_set,
    type="response")
roc.US<-roc(training_set_US$PD,training_set_US$pred.back)
                    auc(roc.US)
                    ci(auc(roc.US))
                    plot(roc.US,     
                         legacy.axes=TRUE,
                         print.auc=TRUE,
                         auc.polygon=FALSE,
                         lwd=1,
                         max.auc.polygon=TRUE,
                         print.thres=TRUE)
PSA：
modelPSA<-glm(PD~PSA,data=training_set_PSA,family=binomial(link="logit"))
training_set_PSA$pred.back<-predict(modelPSA,
                                     newdata=training_set_PSA,
type="response")
roc.PSA<-roc(training_set_PSA$PD,training_set_PSA$pred.back)
                    auc(roc.PSA)
                    ci(auc(roc.PSA))
                    plot(roc.PSA,     
                         legacy.axes=TRUE,
                         print.auc=TRUE,
                         auc.polygon=FALSE,
                         lwd=1,
                         max.auc.polygon=TRUE,
重要：4个模型合并在一起
plot.roc(training_set$PD,
         training_set$pred.back,
         main="ROC",
         percent=FALSE,
         col="1")
lines.roc(training_set$PD,
         training_set$pred.back.ADE,
         main="ROC",
         percent=FALSE,
         col="2")
lines.roc(training_set$PD,
         training_set$pred.back.US,
         main="ROC",
         percent=FALSE,
         col="3")
lines.roc(training_set$PD,
         training_set$pred.back.PSA,
         main="ROC",
         percent=FALSE,
         col="4")
legend("bottomright",
       legend=c("prediction model","ADE model","TRUS model","PSA model"),
       col=c("1","2","3","4"),
       lwd=2)
                         print.thres=TRUE)
model.backward1<-glm(pathological_diagnosis ~ the_result_of_DRE + PSA + shape + border + hypoechoic_area + seminal_vesicle,
                    data=training_set1,
                    family=binomial(logit))#重新写model 用规范名称
library(DynNom)
DNbuilder(model.backward1,
         covariate="numeric")#制作成滑块形式
library(rsconnect)

rsconnect::setAccountInfo(name='jiwentong0',
			  token='4FDE92369508AA0C9144FCC681411AAB',
			  secret='mTduF/1FoOwSfXsoU65yEIdDF+PQDOg9+5Gj3mT7')#运行账号
dir<-getwd()
path<-paste0(dir,"/DynNomapp",collapse="")#设置路径
path#显示路径
rsconnect::deployApp("H:/R word document/DynNomapp")
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