Supplementary R Script for Data Processing and
Model Comparison

Your Name *

December 7, 2024

1 Introduction

This supplementary document contains the R script used for comparing multiple machine
learning algorithms using parallel computation. The script includes libraries for parallel
computing, data preprocessing, and model evaluation.

2 R Script

The following R script demonstrates how to load libraries, set up parallel computation,
read data, preprocess it, and apply various machine learning algorithms:

#1.
library (tidymodels)

s library (bonsai)

setwd("D:/R work")

silibrary (doParallel)

cl <- makePSOCKcluster (12)
registerDoParallel(cl)

#2.

slrawdata <- readr::read_csv(file.choose())

colnames (rawdata)

sifor(i in ¢ (2:9)){ rawdatal[[i]] <- factor(rawdatal[[i]])}
| skimr : : skim(rawdata)

#3.
yourpositivelevel <- "Yes"
yournegativelevel <- "No"

*Your Institution, Your Department, Your Country. Email: your.email@example.com.




levels (rawdata$Survival .months)
table(rawdata$Survival .months)

Jlrawdata$Survival .months <- factor(

rawdata$Survival .months,

levels = c(yournegativelevel, yourpositivelevel)

)
levels (rawdata$Survival .months)
table (rawdata$Survival .months)

35 #4.

set.seed (2023)

datasplit <- initial_split(rawdata, prop =
Survival.months)

traindata <- training(datasplit)

testdata <- testing(datasplit)

5| #5.

set.seed (2023)

5/ folds <- vfold_cv(traindata, v =10, strata

folds

0.7, strata =

= Survival .months)

new_dummy_names <- function (var, 1lvl, ordinal = FALSE) {
args <- vctrs::vec_recycle_common(var, 1lvl)

var <- args[[1]]
1vl <- args[[2]]

nms <- paste(var, 1lvl, sep = "_")
nms

}

#6.

datarecipe_dt <- recipe(formula = Survival.

+ Age + M + Radiation + Chemotherapy +
Income + Surg, traindata)
sidatarecipe_rf <- recipe(formula = Survival.

+ Age + M + Radiation + Chemotherapy +
Income + Surg, traindata)

months = PSA.level
Marital.status +

months =~ PSA.level
Marital.status +




69

datarecipe_xgboost <- recipe(Survival.months ~ PSA.level +

Age + M + Radiation + Chemotherapy + Marital.status +
Income + Surg, traindata) %>%

step_dummy (all_nominal _predictors (), naming = new_dummy_

names)

datarecipe_lightgbm <- recipe(Survival.months ~ PSA.level
Age + M + Radiation + Chemotherapy + Marital.status +
Income + Surg, traindata) %>%

step_dummy (all_nominal _predictors (), naming = new_dummy_
names)
s|datarecipe_enet <- recipe(formula = Survival.months ~ PSA.

level + Age + M + Radiation + Chemotherapy + Marital.
status + Income + Surg, traindata) %>%

step_dummy (all_nominal_predictors (), naming = new_dummy_

names) %>%
step_normalize (all_predictors())

datarecipe_svm <- recipe(formula = Survival.months ~ PSA.
level + Age + M + Radiation + Chemotherapy + Marital.
status + Income + Surg, traindata) %>%
step_dummy (all_nominal_predictors (), naming = new_dummy_
names) %>%
step_normalize (all_predictors())

s)datarecipe_mlp <- recipe(formula = Survival.months ~ PSA.

level + Age + M + Radiation + Chemotherapy + Marital.

status + Income + Surg, traindata) %>%

step_dummy (all_nominal_predictors (), naming = new_dummy_
names) %>%

step_range (all_predictors())

datarecipe_knn <- recipe(formula = Survival.months ~ PSA.
level + Age + M + Radiation + Chemotherapy + Marital.
status + Income + Surg, traindata) %>%
step_dummy (all_nominal_predictors (), naming = new_dummy_
names) %>%
step_normalize (all_predictors())

sidatarecipe_logistic <- recipe(formula = Survival.months

+

PSA




.level + Age + M + Radiation + Chemotherapy + Marital.

status + Income + Surg, traindata)

#7.

model_dt <- decision_tree(
mode = "classification",
engine = "rpart",
tree_depth = tune(),
min_n = tune(),
cost_complexity = tune ()

) %>%h
set_args (model=TRUE)

model _dt

model _rf <- rand_forest(

mode = "classification",
engine = "randomForest", # ranger
mtry = tune(),
trees = tune (),
min_n = tune ()
1) %%
set_args (importance = T)

model _rf

;slmodel _xgboost <- boost_tree(

mode = "classification",
engine = "xgboost",

mtry = tune(),

trees = 1000,

min_n = tune(),
tree_depth = tune(),

learn_rate tune (),
loss_reduction = tune(),
sample_size = tune(),
stop_iter = 25
) h>h
set_args(validation = 0.2,
event_level = "second")
model _xgboost




3imodel _lightgbm <- boost_tree(

144 mode = "classification",
145 engine = "lightgbm",

5|  tree_depth = tune(),

147 trees = tune(),

148 learn_rate = tune(),

149 mtry = tune(),

50/ min_n = tune(),

151 loss_reduction = tune ()

152 )
is5)model _lightgbm

ssimodel _enet <- logistic_reg(

159 mode = "classification",
160 engine = "glmnet",
161 mixture = tune(),

2|  penalty = tune()
163 )

s model _enet

wo/model _mlp <- mlp(

170 mode = "classification",
171 engine = '"nnet",

72| hidden_units = tune(),
75| penalty = tune (),

174 epochs = tune ()

175 )

irsjmodel _mlp

somodel _svm <- svm_rbf (

181 mode = "classification',
182 engine = "kermnlab",

183 cost = tune(),

1|  rbf_sigma = tune()

185 )

izs|model _svm




205 )

jjmodel _logistic

model _knn <- nearest_neighbor(
mode = "classification",
engine = "kknn",
neighbors = tune(),
weight _func = tune(),
dist_power = 2

)

model _knn

s2lmodel_logistic <- logistic_reg(

mode = "classification",
engine = "glm"

| #8.

wk_dt <-
workflow () %>%
add_recipe (datarecipe_dt) %>%
add_model (model_dt)

wk_dt

wk_rf <-
workflow () %>%
add_recipe(datarecipe_rf) %>%
add_model (model _rf)

slwk_rf

wk_xgboost <-
workflow () %>%
add_recipe(datarecipe_xgboost) %>%
add _model (model _xgboost)
wk_xgboost

wk_lightgbm <-
workflow () %>Y%
add_recipe(datarecipe_lightgbm) %>%
add _model (model_lightgbm)




wk_lightgbm

wk_enet <-
workflow () %>%
add_recipe(datarecipe_enet) %>%
add_model (model _enet)

wk_enet

26| Wk_mlp <-

workflow () %>%
add_recipe(datarecipe_mlp) %>%
add _model (model _mlp)

wk_mlp

253l Wk_svm <-

workflow () %>%
add_recipe (datarecipe_svm) %>%
add_model (model_svm)

s7lwk_svm

olwk_knn <-

workflow () %>%
add_recipe(datarecipe_knn) %>%
add_model (model _knn)

263 Wk _knn

s|wk_logistic <-

workflow () %>%

add_recipe(datarecipe_logistic) %>%

add_model (model_logistic)
wk_logistic

#9.

set.seed (2023)

hpgrid_dt <- parameters(
tree_depth(range = c(3, 7)),
min_n(range = c(5, 10)),
cost_complexity(range = c(-6, -3))

) h>h

grid_random(size = 20)

255 hpgrid_dt




| logl0 (hpgrid_dt$cost_complexity)

set.seed (2023)

ool hpgrid_rf <- parameters(

mtry (range = c(2, 10)),
trees (range = c (200, 500)),
min_n(range c (20, 50))

206 ) %>%

grid_random(size = 20) #
hpgrid_rf

set.seed (2023)

slhpgrid_xgboost <- parameters(

mtry (range = c(2, 8)),
min_n(range = c(5, 20)),
tree_depth(range = c(1, 3)),
learn_rate (range c(0.01, 0.3)),
loss_reduction(range = c(-3, 0)),
sample_prop(range = c(0.8, 1))
) h>%
grid_random(size = 20) #
hpgrid_xgboost

set.seed (2023)

olhpgrid_lightgbm <- parameters(

tree_depth(range = c(1, 3)),
trees(range = c (100, 500)),

learn_rate(range = c(-3, -1)),

mtry (range = c(2, 8)),

min_n(range = c(5, 10)),

loss_reduction(range = c(-3, 0))
60 ) h>h

grid_random(size = 20) #
hpgrid_lightgbm

333 set .seed (2023)




hpgrid_enet <- parameters(
mixture (),
penalty(range = c(-5, 0))

1) w>%h
grid_regular (levels = c(5, 20))

hpgrid_enet

5| set . seed (2023)
hpgrid_mlp <- parameters (
hidden_units (range = c (15, 24)),

penalty(range = c(-3, 0)),

epochs (range = c (50, 150))
) h>%

grid_regular(levels = 3) #

s2lhpgrid_mlp

set.seed (2023)
hpgrid_svm <- parameters (
cost(range = c(-5, 5)),
rbf _sigma(range = c(-4, -1))
) h>%

grid_random(size = 20) #

| hpgrid_svm

set.seed (2023)

s hpgrid_knn <- parameters (

neighbors(range = c(3, 11)),
weight _func ()
) h>%
grid_random(size = 20) #
hpgrid_knn




390

391

set.seed (2023)
tune_dt <- wk_dt %>%
tune_grid(
resamples = folds,
grid = hpgrid_dt,

metrics = metric_set(yardstick::accuracy,
yardstick::roc_auc,
yardstick::pr_auc),

10

control = control_grid(save_pred = T,
verbose = T,
event_level = "second",
parallel _over = "everything",
save_workflow = T)
)
set.seed (2023)
s tune_rf <- wk_rf %>Y%
tune_grid(
resamples = folds,
grid = hpgrid_rf,
metrics = metric_set(yardstick::accuracy,
yardstick::roc_auc,
yardstick::pr_auc),
control = control_grid(save_pred =T,
verbose = T,
event_level = "second",
parallel _over = "everything",
save_workflow = T)
)
set.seed (2023)
tune_xgboost <- wk_xgboost %>%
tune_grid(
resamples = folds,
grid = hpgrid_xgboost,
metrics = metric_set(yardstick::accuracy,
yardstick::roc_auc,
yardstick::pr_auc),
control = control_grid(save_pred = T,
verbose = T,
event_level = "second",
parallel _over = "everything",




139

save_workflow =

set.seed (2023)

s/ tune_lightgbm <- wk_lightgbm %>%

tune_grid(

T)

resamples = folds,
grid = hpgrid_lightgbm,
metrics = metric_set(yardstick::accuracy,
yardstick::roc_auc,
yardstick::pr_auc),
control = control_grid(save_pred T,
verbose = T,
event_level = "second",
parallel _over = "everything",
save_workflow = T)
)
set.seed (2023)
tune_enet <- wk_enet %>%
tune_grid(
resamples = folds,
grid = hpgrid_enet,
metrics = metric_set(yardstick::accuracy,
yardstick::roc_auc,
yardstick::pr_auc),
control = control_grid(save_pred T,
verbose = T,
event_level = "second",
parallel _over = "everything",
save_workflow = T)
)
set.seed (2023)
tune_mlp <- wk_mlp %>%
tune_grid(
resamples = folds,
grid = hpgrid_mlp,
metrics = metric_set(yardstick::accuracy,
yardstick::roc_auc,
yardstick::pr_auc),
control = control_grid(save_pred T,
verbose = T,
event_level = "second",
parallel _over = "everything",
save_workflow = T)

11




set.seed (2023)

ol tune _svm <- wk_svm %>%

tune_grid(

resamples = folds,
grid = hpgrid_svm,
metrics = metric_set(yardstick::accuracy,
yardstick::roc_auc,
yardstick::pr_auc),
control = control_grid(save_pred = T,
verbose = T,
event_level = "second",
parallel _over = "everything",
save_workflow = T)
)
| set.seed (2023)
tune_knn <- wk_knn %>Y%
tune_grid(
resamples = folds,
grid = hpgrid_knn,
metrics = metric_set(yardstick::accuracy,
yardstick::roc_auc,
yardstick::pr_auc),
control = control_grid(save_pred = T,
verbose = T,
event_level = "second",
parallel _over = "everything",
save_workflow = T)
)
| #11.
sl eval _tune_dt <- tune_dt %>Y%
collect_metrics ()
7leval _tune_dt
hpbest_dt <- tune_dt %>%
select_by_one_std_err(metric = "roc_auc", desc(cost_
complexity))
hpbest_dt

s3]l eval _tune_rf <- tune_rf %>Y%

collect_metrics ()

12




55| eval _tune_rf

;20 hpbest _rf <- tune_rf %>%

527 select_by_one_std_err(metric = "roc_auc", desc(min_n))
s2s) hpbest _rf

;a1 eval _tune_xgboost <- tune_xgboost %>%

532 collect_metrics ()

5335 eval _tune_xgboost

;31 hpbest _xgboost <- tune_xgboost %>%

5551 select_by_one_std_err(metric = "roc_auc", desc(min_n))
s36) hpbest _xgboost

;0| eval _tune_lightgbm <- tune_lightgbm %>%

540 collect_metrics ()

siieval _tune_lightgbm

;2 hpbest _lightgbm <- tune_lightgbm %>%

;i3 select_by_one_std_err(metric = "roc_auc", desc(min_n))
54| hpbest _lightgbm

si7leval _tune_enet <- tune_enet %>%

55| collect_metrics ()

si0| eval _tune_enet

0/ hpbest _enet <- tune_enet %>%

551 select_by_one_std_err(metric = "roc_auc", desc(penalty))
552 hpbest _enet

5| eval_tune_mlp <- tune_mlp %>%

556 collect_metrics ()

5571 eval _tune_mlp

s« hpbest _mlp <- tune_mlp %>%

559 select_by_one_std_err(metric = "roc_auc", desc(penalty))
sco hpbest _mlp

561
562
503 eval _tune_svm <- tune_svm %>%

51| collect_metrics ()

ses eval _tune_svm

5ol hpbest _svm <- tune_svm %>%

567 select_best(metric = "roc_auc"
sesl hpbest _svm

s71leval _tune_knn <- tune_knn %>%
572 collect_metrics ()

13




s3l eval _tune_knn

hpbest_knn <- tune_knn %>%
select_by_one_std_err(metric = "roc_auc",
hpbest _knn

#12.

|set.seed (2023)
|final_dt <- wk_dt %>%

finalize_workflow (hpbest_dt) %>%
fit(traindata)
final_dt

set.seed (2023)

final_rf <- wk_rf %>%
finalize_workflow (hpbest_rf) %>%
fit(traindata)

;) final _rf

|set.seed (2023)

final _xgboost <- wk_xgboost %>%
finalize_workflow (hpbest_xgboost) %>%
fit(traindata)

final_xgboost

03| set . seed (2023)

final_lightgbm <- wk_lightgbm %>%
finalize_workflow (hpbest_lightgbm) %>%
fit(traindata)

//final _lightgbm

set.seed (2023)

final_enet <- wk_enet %>%
finalize_workflow(hpbest_enet) %>%
fit(traindata)

513 final _enet

15| set .seed (2023)
|final_mlp <- wk_mlp %>%

finalize_workflow (hpbest_mlp) %>%
fit(traindata)

14

desc (neighbors))
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645

646

647

648

649

650

651

664

665

666

final_mlp

set.seed (2023)

final_svm <- wk_svm %>Y%
finalize_workflow (hpbest_svm) %>%
fit(traindata)

final_svm

set.seed (2023)

final _knn <- wk_knn %>%
finalize_workflow (hpbest_knn) %>%
fit(traindata)

final _knn

final_logistic <- wk_logistic %>%
fit(traindata)

5)final_logistic

#13

slevalcv_dt <- bestcvidcls2(

wkflow = wk_dt,

tuneresult = tune_dt,

hpbest = hpbest_dt,

yname = "Survival.months",

modelname = "DT",

v = 10,

positivelevel = yourpositivelevel
)

evalcv_dt$cvroc

slevalcv_dt$cvpr

evalcv_dt$evalcv

evalcv_rf <- bestcvédcls2(

wkflow = wk_rf,

tuneresult = tune_rf,

hpbest = hpbest_rf,

yname = "Survival.months",

modelname = "rf",

v = 10,

positivelevel = yourpositivelevel
)

evalcv_rf$cvroc

15
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670

679

680

681

682

684

685

686

688

689

690

691

692

693

694

695

696

697

698

699

700

evalcv_rf$cvpr
evalcv_rf$evalcv

evalcv_xgboost <- bestcv4cls2(
wkflow = wk_xgboost,
tuneresult = tune_xgboost,
hpbest = hpbest_xgboost,
yname = "Survival.months",
modelname = "xgboost",
v = 10,

positivelevel = yourpositivelevel

)
evalcv_xgboost$cvroc
evalcv_xgboost$cvpr
evalcv_xgboost$evalcv

evalcv_lightgbm <- bestcv4cls2(
wkflow = wk_lightgbm,
tuneresult = tune_lightgbm,
hpbest = hpbest_lightgbm,
yname = "Survival.months",
modelname = "lightgbm",
v = 10,

positivelevel = yourpositivelevel

)
evalcv_lightgbm$cvroc
evalcv_lightgbm$cvpr
evalcv_lightgbm$evalcv

evalcv_enet <- bestcvdcls2(

wkflow = wk_enet,

tuneresult = tune_enet,

hpbest = hpbest_enet,

yname = "Survival.months",
modelname = "enet",

v = 10,

positivelevel = yourpositivelevel

evalcv_enet$cvroc
evalcv_enet$cvpr
evalcv_enet$evalcv

16




)1

1)

evalcv_mlp <- bestcvidcls2(
wkflow = wk_mlp,
tuneresult = tune_mlp,
hpbest = hpbest_mlp,
yname = "Survival.months",
modelname = "mlp",
v = 10,
positivelevel = yourpositivelevel

evalcv_mlp$cvroc

mslevalcv_mlp$cvpr

evalcv_mlp$evalcv

evalcv_svm <- bestcvi4cls2(

wkflow = wk_svm,

tuneresult = tune_svm,

hpbest = hpbest_svm,

yname = "Survival.months",
modelname = "svm",

v = 10,

positivelevel = yourpositivelevel

evalcv_svm$cvroc
evalcv_svm$cvpr

|evalcv_svm$evalcv

evalcv_knn <- bestcv4dcls2(
wkflow = wk_knn,
tuneresult = tune_knn,
hpbest = hpbest_knn,
yname = "Survival.months",
modelname = "knn",
v = 10,
positivelevel = yourpositivelevel

)

slevalcv_knn$cvroc

evalcv_knn$cvpr
evalcv_knn$evalcv

cv_logistic <-
wk_logistic %>%
fit_resamples(
folds,
metrics = metric_set(yardstick:

17

.accuracy,




yardstick::roc_auc,
yardstick::pr_auc),

control = control_resamples(save_pred = T,
verbose = T,
event_level = "second",
parallel _over = "everything",

save_workflow T)

)

cv_logistic

evalcv_logistic <- 1list()

metrictemp <- metric_set(yardstick::roc_auc, yardstick::pr_
auc)

/levalcv_logistic$evalcv <-

collect _predictions(cv_logistic) %>%
group_by (id) %>%
metrictemp (Survival .months, .pred_Yes, event_level = "
second") %>%
group_by (.metric) %>%
mutate (model = "logistic",
mean = mean(.estimate),
sd = sd(.estimate)/sqrt(length(folds$splits)))

slevalcv_logistic$evalcy

evalcv_logistic$cvroc <-
collect_predictions(cv_logistic) %>%
group_by (id) %>%
roc_curve (Survival .months, .pred_Yes, event_level = "second
") %>h
ungroup () %>%

left_join(evalcv_logistic$evalcv %>% filter (.metric == "roc
_auc"),
by = "id") %>%
mutate (1dAUC = paste(id, " ROCAUC:", round(.estimate, 4)),

idAUC = forcats::as_factor (idAUC)) ¥%>%
ggplot (aes(x = 1-specificity, y = sensitivity, color =

idAUC)) +
geom_path(linewidth = 1) +
geom_abline(linetype = "dashed") +
scale_x_continuous (expand = c(0,0)) +
scale_y_continuous (expand = c(0,0)) +
labs (color = "") +

theme_bw () +
theme (legend.position = c(1,0),

18




legend. justification = c(1,0),
legend.background = element_blank (),
legend.key = element_blank())

slevalcv_logistic$cvroc

evalcv_logistic$cvpr <-
collect _predictions(cv_logistic) %>%
group_by (id) %>%

pr_curve (Survival .months, .pred_Yes, event_level = "second"

) h>%h
ungroup () %>%

left_join(evalcv_logistic$evalcv %>% filter (.metric == "pr_

auc") ,
by = "id") %>%
mutate (1dAUC = paste(id, " PRAUC:", round(.estimate, 4)),
idAUC = forcats::as_factor (idAUC)) %>%

ggplot (aes(x = recall, y = precision, color = idAUC)) +

geom_path(linewidth = 1) +

geom_abline (linetype = "dashed", intercept = 1, slope = -1)
+

scale_x_continuous (expand = c(0,0)) +

scale_y_continuous (expand = c(0,0), limits = c(0, 1)) +

labs(color = "") +
theme_bw () +
theme (legend.position = ¢(0,0),
legend. justification = c(0,0),
legend.background = element_blank (),
legend.key = element_blank())
evalcv_logistic$cvpr

#14.

slpredtrain_dt <- valuateBinaryClassificationModel(

model = final_dt,

dataset = traindata,

yname = "Survival.months",
modelname = "DT",

datasetname = "traindata",

cutoff = "yueden",

positivelevel = yourpositivelevel,

19
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861

862

863

864

865

866

867

1)
sslpredtrain_dt$prediction

1)

negativelevel = yournegativelevel

predtrain_dt$rocresult

ss) predtrain_dt$rocplot
o) predtrain_dt$prresult

predtrain_dt$prplot
predtrain_dt$cmresult

o] predtrain_dt$cmplot

predtrain_dt$metrics
predtrain_dt$diycutoff
predtrain_dt$ksplot
predtrain_dt$dcaplot

pROC: :auc(predtrain_dt$proc)
pROC::ci.auc(predtrain_dt$proc)

predtest_dt <- valuateBinaryClassificationModel(
model = final_dt,
dataset = testdata,
yname = "Survival.months",
modelname = "DT",
datasetname = "testdata',
cutoff = predtrain_dt$diycutoff,
positivelevel = yourpositivelevel,
negativelevel = yournegativelevel

predtest_dt$prediction
predtest_dt$rocresult
predtest_dt$rocplot
predtest_dt$prresult

| predtest_dt$prplot

predtest_dt$cmresult

slpredtest _dt$cmplot
| predtest_dt$metrics

predtest_dt$diycutoff

s|predtest _dt$ksplot

predtest_dt$dcaplot

pROC: :auc(predtest_dt$proc)
pROC::ci.auc(predtest_dt$proc)

ss|predtrain_dt$rocresult %>%

bind_rows (predtest_dt$rocresult) %>%

mutate (dataAUC = paste(data, " ROCAUC:", round(ROCAUC,

dataAUC = forcats::as_factor (dataAUC))

20

h>%h

4)),




s0] ggplot(aes(x = 1l-specificity,
900 y sensitivity,

901 color = dataAUC)) +
02l geom_path(linewidth = 1) +

o5/ geom_abline(linetype = "dashed") +

904 scale_x_continuous (expand = c(0,0)) +
o5 scale_y_continuous (expand = c(0,0)) +
906 labs(color = "") +

907 theme_bw () +

o5 theme(legend.position = c(1,0),

909 legend. justification = c(1,0),

910 legend.background = element_blank (),
011 legend.key = element_blank())

o5y predtrain_dt$prresult %>%
911/  bind_rows (predtest_dt$prresult) %>%

915 mutate (dataAUC = paste(data, " PRAUC:", round(PRAUC, 4)),

916 dataAUC = forcats::as_factor (dataAUC)) %>%
o7l ggplot (aes(x recall,

918 y precision,

919 color = dataAUC)) +

0200 geom_path(linewidth = 1) +

921 geom_abline(linetype = "dashed", slope = -1, intercept =
+

92| scale_x_continuous (expand = c(0,0)) +

025/  scale_y_continuous (expand = c(0,0), limits = c(0, 1)) +

924 labs(color = "") +

925 theme_bw() +

926 theme (legend.position = ¢(0,0),

027 legend. justification = c(0,0),

028 legend.background = element_blank (),
929 legend.key = element_blank())

o35 predtrain_rf <- valuateBinaryClassificationModel (
936 model = final_rf,

937 dataset = traindata,

938 yname = "Survival.months",

939 modelname = "rf",

940 datasetname = "traindata',

941 cutoff = "yueden',

942 positivelevel = yourpositivelevel,

943 negativelevel = yournegativelevel

MI)

o5 predtrain_rf$prediction

21
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967

968

969

979

980

981

982

983

984

985

987

988

989

990

991

992

993

predtrain_rf$rocresult
predtrain_rf$rocplot
predtrain_rf$prresult
predtrain_rf$prplot
predtrain_rf$cmresult
predtrain_rf$cmplot
predtrain_rf$metrics

ss) predtrain_rf$diycutoff

predtrain_rf$ksplot

oss) predtrain_rf$dcaplot

7|pROC: :auc(predtrain_rf$proc)

pROC::ci.auc(predtrain_rf$proc)

predtest_rf <- valuateBinaryClassificationModel(
model = final_rf,
dataset = testdata,
yname = "Survival.months",
modelname = "rf",
datasetname = "testdata'",
cutoff = predtrain_rf$diycutoff,
positivelevel = yourpositivelevel,
negativelevel = yournegativelevel
)
predtest_rf$prediction
predtest_rf$rocresult

| predtest_rf$rocplot

predtest_rf$prresult

s|predtest _rf$prplot

predtest_rf$cmresult

/| predtest _rf$cmplot
s|predtest_rf$metrics

predtest_rf$diycutoff
predtest_rf$ksplot
predtest_rf$dcaplot

pROC: :auc(predtest_rf$proc)
pROC::ci.auc(predtest_rf$proc)

predtrain_rf$rocresult %>%
bind_rows (predtest_rf$rocresult) %>%

mutate (dataAUC = paste(data, " ROCAUC:", round(ROCAUC,
dataAUC = forcats::as_factor(dataAUC))
ggplot (aes(x = 1-specificity,
y = sensitivity,
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994 color = dataAUC)) +
95| geom_path(linewidth = 1) +

95| geom_abline(linetype = "dashed") +

07|  scale_x_continuous (expand = c(0,0)) +
os| scale_y_continuous (expand = c(0,0)) +
90| labs(color = "") +

1000 theme_bW() +

1001 theme (legend.position = ¢ (1,0),

1002 legend. justification = c(1,0),

1003 legend.background = element_blank (),
1004 legend.key = element_blank())

1005
wos| predtrain_rf$prresult %>%

w7l  bind_rows (predtest_rf$prresult) %>%

wos|  mutate(dataAUC = paste(data, " PRAUC:", round(PRAUC, 4)),
1009 dataAUC = forcats::as_factor(dataAUC)) %>%

o] ggplot (aes(x recall,

1011 y precision,

1012 color = dataAUC)) +

13  geom_path(linewidth = 1) +

1014 geom_abline (linetype = "dashed", slope = -1, intercept =
+

c(0,0)) +
c(0,0), limits = c(0, 1)) +

1015 scale_x_continuous (expand
1016 scale_y_continuous (expand
7/ labs(color = "") +

05| theme_bw () +

o]  theme(legend.position = c(0,0),

1020 legend. justification = c(0,0),

1021 legend.background = element_blank (),
1022 legend.key = element_blank())

2s) predtrain_xgboost <- valuateBinaryClassificationModel(
1029 model = final_xgboost,

1030 dataset = traindata,

1031 yname = "Survival.months",

1032 modelname = "xgboost",

1033 datasetname = "traindata',

1034 cutoff = "yueden",

1035 positivelevel = yourpositivelevel,

1036 negativelevel = yournegativelevel

1037 )
35| predtrain_xgboost$prediction
| predtrain_xgboost$rocresult
| predtrain_xgboost$rocplot
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1041

1042

1043

1044

1045

1046

1047

1048

1049

1050

1051

1052

1053

1054

1055

1056

1057

1058

1059

1060

1061

1062

1063

1064

1065

1066

1067

1068

1069

1070

1078

1079

1080

1081

1082

1083

1084

1085

1086

1087

1088

predtrain_xgboost$prresult
predtrain_xgboost$prplot
predtrain_xgboost$cmresult
predtrain_xgboost$cmplot
predtrain_xgboost$metrics
predtrain_xgboost$diycutoff
predtrain_xgboost$ksplot
predtrain_xgboost$dcaplot

pROC: :auc(predtrain_xgboost$proc)
pROC::ci.auc(predtrain_xgboost$proc)

#
predtest_xgboost <- valuateBinaryClassificationModel (

model = final_xgboost,

dataset = testdata,

yname = "Survival.months",

modelname = "xgboost",

datasetname = "testdata',

cutoff = predtrain_xgboost$diycutoff,

positivelevel = yourpositivelevel,

negativelevel = yournegativelevel
)
predtest_xgboost$prediction
predtest_xgboost$rocresult
predtest_xgboost$rocplot
predtest_xgboost$prresult
predtest_xgboost$prplot
predtest_xgboost$cmresult
predtest_xgboost$cmplot
predtest_xgboost$metrics
predtest_xgboost$diycutoff
predtest_xgboost$ksplot
predtest_xgboost$dcaplot

pROC: :auc(predtest_xgboost$proc)

//pROC: :ci.auc(predtest_xgboost$proc)

#
predtrain_xgboost$rocresult %>%
bind_rows (predtest_xgboost$rocresult) %>%

mutate (dataAUC = paste(data, " ROCAUC:", round(ROCAUC,

dataAUC forcats::as_factor (dataAUC)) %>%
ggplot (aes(x = 1-specificity,
y sensitivity,
color = dataAUC)) +
geom_path(linewidth = 1) +
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0| geom_abline(linetype = "dashed") +

1090 scale_x_continuous (expand = c(0,0)) +
01|  scale_y_continuous (expand = c(0,0)) +
1092 labs(color = "") +

o3| theme_bw () +

01| theme(legend.position = c(1,0),

1095 legend. justification = c(1,0),

1096 legend.background = element_blank(),
1097 legend.key = element_blank())

1098
wo| predtrain_xgboost$prresult %>%

ol bind_rows (predtest_xgboost$prresult) %>%

1101 mutate (dataAUC = paste(data, " PRAUC:", round(PRAUC, 4)),

1102 dataAUC = forcats::as_factor (dataAUC)) %>’

03| ggplot (aes(x = recall,

1104 y precision,

1105 color = dataAUC)) +

os|  geom_path(linewidth = 1) +

1107 geom_abline(linetype = "dashed", slope = -1, intercept =
+

c(0,0)) +
c(0,0), limits = c(0, 1)) +

1108 scale_x_continuous (expand
1109 scale_y_continuous (expand
0| labs(color = "") +

1111 theme_bw () +

12| theme(legend.position = c¢(0,0),

1113 legend. justification = c(0,0),

1114 legend.background = element_blank (),
1115 legend.key = element_blank())

1119
2ol predtrain_lightgbm <- valuateBinaryClassificationModel (
1121 model = final_lightgbm,

1122 dataset = traindata,

1123 yname = "Survival.months",

1124 modelname = "lightgbm",

1125 datasetname = "traindata',

1126 cutoff = "yueden',

1127 positivelevel = yourpositivelevel,

1128 negativelevel = yournegativelevel

1129 )
s predtrain_lightgbm$prediction
51| predtrain_lightgbm$rocresult
52| predtrain_lightgbm$rocplot

53 predtrain_lightgbm$prresult
s predtrain_lightgbm$prplot

s predtrain_lightgbm$cmresult
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1158

1159

1160

1161

1162

| predtest_lightgbm$prediction
/predtest_lightgbm$rocresult

| predtrain_lightgbm$cmplot
//predtrain_lightgbm$metrics
ss)predtrain_lightgbm$diycutoff

predtrain_lightgbm$ksplot

|predtrain_lightgbm$dcaplot

| pROC : : auc (predtrain_lightgbm$proc)
spROC::ci.auc(predtrain_lightgbm$proc)

5| #

predtest_lightgbm <- valuateBinaryClassificationModel (
model = final_lightgbm,
dataset = testdata,
yname = "Survival.months",
modelname = "lightgbm",
datasetname = "testdata",
cutoff = predtrain_lightgbm$diycutoff,
positivelevel = yourpositivelevel,
negativelevel = yournegativelevel

predtest_lightgbm$rocplot
predtest_lightgbm$prresult
predtest_lightgbm$prplot
predtest_lightgbm$cmresult
predtest_lightgbm$cmplot

s|predtest_lightgbm$metrics

predtest_lightgbm$diycutoff

sipredtest_lightgbm$ksplot
| predtest_lightgbm$dcaplot

pROC: :auc(predtest_lightgbm$proc)
pROC::ci.auc(predtest_lightgbm$proc)

2| #
| predtrain_lightgbm$rocresult %>%

bind_rows (predtest_lightgbm$rocresult) %>%
mutate (dataAUC
dataAUC forcats::as_factor (dataAUC)) %>%

ggplot (aes(x = 1-specificity,

y = sensitivity,

color = dataAUC)) +
geom_path(linewidth = 1) +
geom_abline (linetype = "dashed") +
scale_x_continuous (expand c(0,0)) +
scale_y_continuous (expand c(0,0)) +

26

paste (data, " ROCAUC:", round(ROCAUC,

4)),




labs(color = "") +

theme_bw () +

theme (legend.position = ¢ (1,0),
legend. justification = c(1,0),
legend.background = element_blank (),
legend.key = element_blank())

predtrain_lightgbm$prresult %>%
bind_rows (predtest_lightgbm$prresult) %>%

mutate (dataAUC = paste(data, " PRAUC:", round(PRAUC, 4)),
dataAUC = forcats::as_factor (dataAUC)) %>%
ggplot (aes(x = recall,
y = precision,
color = dataAUC)) +
geom_path(linewidth = 1) +
geom_abline(linetype = "dashed", slope = -1, intercept =
+
scale_x_continuous (expand = c(0,0)) +
scale_y_continuous (expand = c(0,0), limits = c(0, 1)) +

labs(color = "") +

theme_bw () +

theme (legend.position = ¢ (0,0),
legend. justification = c(0,0),
legend.background = element_blank(),
legend.key = element_blank())

slpredtrain_enet <- valuateBinaryClassificationModel (

model = final_enet,

dataset = traindata,

yname = "Survival.months",
modelname = "enet",

datasetname = "traindata",

cutoff = "yueden",

positivelevel yourpositivelevel,
negativelevel yournegativelevel

)

5| predtrain_enet$prediction

predtrain_enet$rocresult
predtrain_enet$rocplot

26 predtrain_enet$prresult
7l predtrain_enet$prplot
w5 predtrain_enet$cmresult
2ol predtrain_enet$cmplot

predtrain_enet$metrics
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o)

predtrain_enet$diycutoff

o/ predtrain_enet$ksplot
s predtrain_enet$dcaplot

pROC: :auc(predtrain_enet$proc)

| pROC::ci.auc(predtrain_enet$proc)
7| #

dataset = testdata,

yname = "Survival.months",
modelname = "enet",

datasetname = "testdata",

cutoff = predtrain_enet$diycutoff,
positivelevel = yourpositivelevel,
negativelevel = yournegativelevel

predtest_enet$prediction

/| predtest _enet$rocresult

predtest_enet$rocplot
predtest_enet$prresult
predtest_enet$prplot
predtest_enet$cmresult
predtest_enet$cmplot

sl predtest _enet$metrics

predtest_enet$diycutoff

ss|predtest _enet$ksplot

predtest_enet$dcaplot

s/ pROC: : auc (predtest _enet$proc)

pROC::ci.auc(predtest_enet$proc)

#

slpredtrain_enet$rocresult %>%

bind_rows (predtest_enet$rocresult) %>’

mutate (dataAUC = paste(data, " ROCAUC:", round(ROCAUC,
dataAUC = forcats::as_factor (dataAUC)) %>%
ggplot (aes(x = 1-specificity,
y = sensitivity,

color = dataAUC)) +
geom_path(linewidth = 1) +

geom_abline(linetype = "dashed") +
scale_x_continuous (expand = c(0,0)) +
scale_y_continuous (expand = c(0,0)) +
labs(color = "") +

theme _bw () +

theme (legend.position = c(1,0),
legend. justification = c(1,0),
legend.background = element_blank (),
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1279

1280

legend.key = element_blank())

predtrain_enet$prresult %>%
bind_rows (predtest_enet$prresult) %>%
mutate (dataAUC = paste(data, " PRAUC:", round(PRAUC, 4)),
dataAUC = forcats::as_factor(dataAUC)) %>%
ggplot (aes (x recall,
y precision,
color = dataAUC)) +
geom_path(linewidth = 1) +
geom_abline(linetype = "dashed", slope = -1, intercept =
+

c(0,0)) +
c(0,0), limits = c(0, 1)) +

scale_x_continuous (expand
scale_y_continuous (expand
labs(color = "") +
theme_bw () +
theme (legend.position = ¢ (0,0),
legend. justification = c(0,0),
legend.background = element_blank (),
legend.key = element_blank())

sipredtrain_mlp <- valuateBinaryClassificationModel(

model = final_mlp,

dataset = traindata,

yname = "Survival.months",
modelname = "mlp",

datasetname = "traindata",

cutoff = "yueden",

positivelevel = yourpositivelevel,
negativelevel yournegativelevel

)

sipredtrain_mlp$prediction

predtrain_mlp$rocresult

sipredtrain_mlp$rocplot
| predtrain_mlp$prresult
/| predtrain_mlp$prplot
sipredtrain_mlp$cmresult
ol predtrain_mlp$cmplot

predtrain_mlp$metrics
predtrain_mlp$diycutoff

»|predtrain_mlp$ksplot
s|predtrain_mlp$dcaplot

25| pPROC : : auc (predtrain_mlp$proc)
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)
o predtest_mlp$prediction
| predtest_mlp$rocresult

| pROC: :ci.auc(predtrain_mlp$proc)

28| #
o/ predtest_mlp <- valuateBinaryClassificationModel (

model = final_mlp,

dataset = testdata,

yname = "Survival.months",
modelname = "mlp",

datasetname = "testdata",

cutoff = predtrain_mlp$diycutoff,
positivelevel = yourpositivelevel,
negativelevel = yournegativelevel

predtest_mlp$rocplot
predtest_mlp$prresult

predtest _mlp$prplot

predtest_mlp$cmresult

sipredtest _mlp$cmplot
| predtest_mlp$metrics
//predtest_mlp$diycutoff
s predtest _mlp$ksplot

predtest_mlp$dcaplot

pROC: :auc(predtest_mlp$proc)
pROC::ci.auc(predtest_mlp$proc)

55| #
o) predtrain_mlp$rocresult %>%

bind_rows (predtest_mlp$rocresult) %>%
mutate (dataAUC
dataAUC

forcats::as_factor (dataAUC)) %>%
ggplot (aes (x 1-specificity,

y sensitivity,

color = dataAUC)) +
geom_path(linewidth = 1) +

geom_abline(linetype = "dashed") +
scale_x_continuous (expand = c(0,0)) +
scale_y_continuous (expand = c(0,0)) +
labs(color = "") +

theme_bw () +

theme (legend.position = c(1,0),
legend. justification = c(1,0),
legend.background = element_blank (),
legend.key = element_blank())
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paste (data, " ROCAUC:", round(ROCAUC,

4)),




i predtrain_mlp$prresult 7%>%
35| bind_rows (predtest_mlp$prresult) %>%

1376 mutate (dataAUC = paste(data, " PRAUC:", round(PRAUC, 4)),

1377 dataAUC = forcats::as_factor(dataAUC)) %>%

] ggplot (aes(x = recall,

1379 y = precision,

1380 color = dataAUC)) +

1381 geom_path(linewidth = 1) +

1382 geom_abline(linetype = "dashed", slope = -1, intercept = 1)
+

s3] scale_x_continuous (expand = c(0,0)) +

1384 scale_y_continuous (expand = c(0,0), limits = c(0, 1)) +

1385 labs(color = "") +

6| theme_bw () +

3571 theme (legend.position = c(0,0),

1388 legend. justification = c(0,0),

1389 legend.background = element_blank (),
1390 legend.key = element_blank())

1391
1392
1393
1394
1305 predtrain_svm <- valuateBinaryClassificationModel (
1396 model = final_svm,

1397 dataset = traindata,

1308 yname = "Survival.months",

1399 modelname = "svm",

1400 datasetname = "traindata',

1401 cutoff = "yueden",

1402 positivelevel = yourpositivelevel,

1403 negativelevel = yournegativelevel

1404 )
05| predtrain_svm$prediction
oo predtrain_svm$rocresult
o7 predtrain_svm$rocplot
mos| predtrain_svm$prresult
o] predtrain_svm$prplot

o] predtrain_svm$cmresult
| predtrain_svm$cmplot

12 predtrain_svm$metrics

s predtrain_svm$diycutoff
| predtrain_svm$ksplot
wis|predtrain_svm$dcaplot

1117/ pROC : : auc (predtrain_svm$proc)
15| pROC: : ci.auc(predtrain_svm$proc)

1420 #

31




)

predtest_svm <- valuateBinaryClassificationModel (

model = final_svm,

dataset = testdata,

yname = "Survival.months",

modelname = "svm",

datasetname = "testdata",

cutoff = predtrain_svm$diycutoff,

positivelevel = yourpositivelevel,
negativelevel = yournegativelevel

predtest_svm$prediction
predtest_svm$rocresult

3| predtest_svm$rocplot

predtest_svm$prresult

slpredtest _svm$prplot

predtest_svm$cmresult

/I predtest_svm$cmplot
;s predtest_svm$metrics

predtest_svm$diycutoff
predtest_svm$ksplot
predtest_svm$dcaplot

;| pROC: : auc (predtest _svm$proc)

pROC::ci.auc(predtest_svm$proc)

o #
| predtrain_svm$rocresult %>%

bind_rows (predtest_svm$rocresult) %>%
mutate (dataAUC = paste(data, " ROCAUC:", round(ROCAUC
dataAUC = forcats::as_factor (dataAuUC)) %>%
ggplot (aes(x = 1-specificity,
y sensitivity,
color = dataAUC)) +
geom_path(linewidth = 1) +

geom_abline (linetype = "dashed") +
scale_x_continuous (expand = c(0,0)) +
scale_y_continuous (expand = c(0,0)) +
labs (color = "") +

theme_bw () +

theme (legend.position = c(1,0),
legend. justification = c(1,0),
legend.background = element_blank (),
legend.key = element_blank())

|predtrain_svm$prresult %>%

bind_rows (predtest_svm$prresult) %>%
mutate (dataAUC = paste(data, " PRAUC:", round (PRAUC,
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1496

1497

1498

1499

1500

1501

1504

1505

1506

1509

1510

1511

1512

95| )

dataAUC = forcats::as_factor (dataAUC))

ggplot (aes (x recall,
y precision,
color = dataAUC)) +
geom_path(linewidth = 1) +

geom_abline(linetype = "dashed", slope = -1,

+

c(0,0)) +
c(0,0), limits

scale_x_continuous (expand
scale_y_continuous (expand
labs(color = "") +
theme_bw () +
theme (legend.position = ¢ (0,0),
legend. justification = c(0,0),
legend.background = element_blank (),
legend.key = element_blank())

5>%h

intercept

c(0o,

predtrain_knn <- valuateBinaryClassificationModel(

model = final_knn,

dataset = traindata,

yname = "Survival.months",
modelname = "knn'",

datasetname = "traindata',

cutoff = "yueden",

positivelevel = yourpositivelevel,
negativelevel = yournegativelevel

predtrain_knn$prediction
predtrain_knn$rocresult
predtrain_knn$rocplot
predtrain_knn$prresult
predtrain_knn$prplot
predtrain_knn$cmresult

olpredtrain_knn$cmplot
503y predtrain_knn$metrics

predtrain_knn$diycutoff
predtrain_knn$ksplot
predtrain_knn$dcaplot

pROC: :auc(predtrain_knn$proc)
pROC::ci.auc(predtrain_knn$proc)

# waluateBinaryClasstificationModel (
model = final_knn,
dataset = testdata,
yname = "Survival.months",
modelname = "knn",
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1554

datasetname = "testdata",

cutoff = predtrain_knn$diycutoff,
positivelevel yourpositivelevel,
negativelevel yournegativelevel

)
predtest_knn$prediction
predtest_knn$rocresult

o3l predtest_knn$rocplot

predtest_knn$prresult

o5 predtest _knn$prplot
| predtest_knn$cmresult
//predtest _knn$cmplot

predtest_knn$metrics
predtest_knn$diycutoff
predtest_knn$ksplot
predtest_knn$dcaplot

553l pPROC : : auc (predtest_knn$proc)

pROC::ci.auc(predtest_knn$proc)

#

s/ predtrain_knn$rocresult %>%

bind_rows (predtest_knn$rocresult) %>%

mutate (dataAUC = paste(data, " ROCAUC:", round(ROCAUC, 4)),

dataAUC = forcats::as_factor (dataAUC)) %>%
ggplot (aes(x = 1-specificity,
y sensitivity,
color = dataAUC)) +
geom_path(linewidth = 1) +

geom_abline (linetype = "dashed") +
scale_x_continuous (expand = c(0,0)) +
scale_y_continuous (expand = c(0,0)) +
labs (color = "") +

theme_bw () +

theme (legend.position = c(1,0),
legend. justification = c(1,0),
legend.background = element_blank (),
legend.key = element_blank())

predtrain_knn$prresult %>%
bind_rows (predtest_knn$prresult) %>%
mutate (dataAUC = paste(data, " PRAUC:", round (PRAUC,
dataAUC = forcats::as_factor (dataAUC)) %>%
ggplot (aes(x = recall,
y precision,
color = dataAUC)) +
geom_path(linewidth = 1) +
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1564

1565

1566

1568

1569

1570

1598

1599

1600

1601

1602

1603

1604

1608

1609

1610

geom_abline(linetype = "dashed", slope = -1, intercept
+

scale_x_continuous (expand c(0,0)) +
scale_y_continuous (expand
labs(color = "") +
theme_bw () +
theme (legend.position = ¢ (0,0),
legend. justification = c(0,0),
legend.background = element_blank (),

legend.key = element_blank())

predtrain_logistic <- valuateBinaryClassificationModel(

model = final_logistic,

dataset = traindata,

yname = "Survival.months",

modelname = "Logistic",

datasetname = "traindata',

cutoff = "yueden',

positivelevel = yourpositivelevel,

negativelevel = yournegativelevel
)
predtrain_logistic$prediction
predtrain_logistic$predprobplot
predtrain_logistic$rocresult
predtrain_logistic$rocplot
predtrain_logistic$prresult
predtrain_logistic$prplot

slpredtrain_logistic$cmresult

predtrain_logistic$cmplot
predtrain_logistic$metrics
predtrain_logistic$diycutoff
predtrain_logistic$ksplot

//predtrain_logistic$dcaplot

pROC: :auc(predtrain_logistic$proc)
pROC::ci.auc(predtrain_logistic$proc)

#
predtest_logistic <- valuateBinaryClassificationModel (
model = final_logistic,
dataset = testdata,
yname = "Survival.months",
modelname = "Logistic",
datasetname = "testdata'",
cutoff = predtrain_logistic$diycutoff,
positivelevel = yourpositivelevel,
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c(0,0), limits = c(0, 1)) +

1)




negativelevel = yournegativelevel

)

| predtest _logistic$prediction

predtest_logistic$predprobplot

;) predtest_logistic$rocresult

predtest_logistic$rocplot
predtest_logistic$prresult
predtest_logistic$prplot
predtest_logistic$cmresult
predtest_logistic$cmplot
predtest_logistic$metrics
predtest_logistic$diycutoff
predtest_logistic$ksplot
predtest_logistic$dcaplot

pROC: :auc(predtest_logistic$proc)

//pROC::ci.auc(predtest_logistic$proc)

pROC::roc.test(predtrain_logistic$proc, predtest_logistic$
proc)

| #

predtrain_logistic$rocresult %>%
bind_rows (predtest_logistic$rocresult) %>%

mutate (dataAUC = paste(data, " ROCAUC:", round (ROCAUC, 4)),

dataAUC = forcats::as_factor(dataAUC)) %>%
ggplot (aes(x = 1-specificity,
y sensitivity,
color = dataAUC)) +
geom_path(linewidth = 1) +

geom_abline(linetype = "dashed") +
scale_x_continuous (expand = c(0,0)) +
scale_y_continuous (expand = c(0,0)) +
labs(color = "") +

theme _bw () +

theme (legend.position = ¢ (1,0),
legend. justification = c(1,0),
legend.background = element_blank (),
legend.key = element_blank())

predtrain_logistic$prresult %>%
bind_rows (predtest_logistic$prresult) %>%
mutate (dataAUC = paste(data, " PRAUC:", round(PRAUC, 4)),
dataAUC = forcats::as_factor (dataAUC)) %>%
ggplot (aes(x = recall,
y precision,
color = dataAUC)) +
geom_path(linewidth = 1) +
geom_abline(linetype = "dashed", slope = -1, intercept =
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1658

1659

1660

1661

1662

1663

1664

1665

1666

1667

1668

1669

1670

1671

1672

1676

1677

1678

1679

1680

1681

1682

1683

1684

1685

1686

1687

1688

1689

1690

1691

1692

1693

1694

1695

1696

1697

1698

1699

1700

+

c(0,0)) +
c(0,0), limits = c(0

scale_x_continuous (expand
scale_y_continuous (expand
labs(color = "") +
theme_bw () +
theme (legend.position = ¢ (0,0),
legend. justification = c(0,0),
legend.background = element_blank(),
legend.key = element_blank())

#

predtrain_logistic$metrics %>%
bind_rows (predtest_logistic$metrics) %>%
dplyr::select(-.estimator) %>%

pivot_wider (names_from = .metric, values_from =
#15
save (datarecipe_dt,
model _dt,
wk_dt,
hpgrid_dt,
tune_dt,

predtrain_dt,

predtest_dt,

evalcv_dt,

file = " .\\MLresult\\MLdt.RData")

save (datarecipe_rf,
model_rf,
wk_rf,
hpgrid_rf,
tune_rf,
predtrain_rf,
predtest_rf,
evalcv_rf,
file = ".\\MLresult\\MLrf.RData")

save (datarecipe_xgboost,
model _xgboost,
wk_xgboost,
hpgrid_xgboost,
tune_xgboost,
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.estimate)




predtrain_xgboost,

predtest_xgboost,

evalcv_xgboost,

file = ".\\MLresult\\MLxgboost.RData")

save (datarecipe_enet,
model _enet,
wk_enet,
hpgrid_enet,
tune_enet,
predtrain_enet,
predtest_enet,
evalcv_enet,
file = ".\\MLresult\\MLenet.RData")

save (datarecipe_svm,
model _svm,
wk_svm,
hpgrid_svm,
tune_svnm,
predtrain_svm,
predtest_svm,
evalcv_svm,
file = ".\\MLresult\\MLsvm.RData")

s save (datarecipe_mlp,

model _mlp,

wk_mlp,

hpgrid_mlp,

tune_mlp,

predtrain_mlp,

predtest_mlp,

evalcv_mlp,

file = ".\\MLresult\\MLmlp.RData")

15| save (datarecipe_lightgbm,

model _lightgbm,
wk_lightgbm,
hpgrid_lightgbm,
tune_lightgbm,
predtrain_lightgbm,
predtest_lightgbm,
evalcv_lightgbm,
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1753 file = ".\\MLresult\\MLlightgbm.RData")

1757 save (datarecipe _knn,

1758 model _knn,

1759 wk_knn,

1760 hpgrid_knn,

1761 tune_knn,

1762 predtrain_knn,

1763 predtest_knn,
1764 evalcv_knn,
1765 file = " .\\MLresult\\MLknn.RData")

i76s| save (datarecipe_logistic,
1769 model _logistic,

1770 wk_logistic,

1771 CV_lOgiStiC,

1772 predtrain_logistic,
1773 predtest_logistic,
1774 evalcv_logistic,
1775 file = " .\\MLresult\\MLlogistic.RData")
1776

1777

1778

1779

1780

1781

1782

1783

1784

1785

1786

1787

1788

1789

1790

1791

1792

1703| #16

1794 #

7os| evalfiles <- list.files(".\\MLresult\\", full.names = T)
76| lapply (evalfiles, load, .GlobalEnv)

1798 #
70| nmodels <- 9
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1801 #

02| colsd4model <- c("#E41A1C", #

1803 "#377TEB8", #

1804 "#4DAF4A", #

1805 "#984EA3", #

1806 "#FF7FOO", #

1807 "#FFFF33", #

1808 "#A65628", #

1809 "#F781BF", #

1810 "#999999") #

1811

1812

1813 #

s predtest _dt$metrics

5150 eval <- bind_rows(

1816 lapply(list(predtest_logistic, predtest_dt, predtest_enet,
1817 predtest_knn, predtest_lightgbm, predtest_rf,

1818 predtest_xgboost, predtest_svm, predtest_mlp),
1819 "LL",

1820 ”metrics”)

21| ) h>%

1522  mutate (model = forcats::as_factor (model))

23] eval

1824

1825 #

sl eval2 <- eval %>%

1827 dplyr::select (-.estimator) %>%

1828 pivot_wider (names_from = .metric, values_from = .estimate)
1820l eval2

1830

1831 #

52| predtest <- bind_rows(

1833 lapply(list (predtest_logistic, predtest_dt, predtest_enet,
1834 predtest_knn, predtest_lightgbm, predtest_rf,

1835 predtest_xgboost, predtest_svm, predtest_mlp),
1836 "CC",

1837 "prediction")

was| ) h>h

w30 mutate(model = forcats::as_factor (model))

0| predtest

1841

s2| # ROC

sl predtest %>%

| group_by(model) %>%

1845 roc_curve (.obs, .pred_Yes, event_level = "second") %>%

1846 left_join(eval2[, c("model", "roc_auc")]) %>%

1847 mutate (modelauc = pasteO(model,

1848 " ROCAUC=", round(roc_auc, 4)),
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1849 modelauc = forcats::as_factor (modelauc)) %>%

w50 ggplot(aes(x = 1l-specificity, y = sensitivity, color =
modelauc)) +

1851 geom_path(linewidth = 1) +

1552 geom_abline(linetype = "dashed") +

1853 scale_color_manual(values = cols4model) +

1854 scale_x_continuous(limits = c(0, 1), expand = c(0, 0)) +

1855 scale_y_continuous(limits = c(0, 1), expand = c(0, 0)) +

1856 labs(color = "", title = paste0O("ROCs on testdata")) +

1857 theme_bw () +

s5s)  theme (legend.position = c(1,0),

1859 legend. justification = c(1,0),

1860 legend.background = element_blank(),

1861 legend.key = element_blank())

1862

63| # PRAUC

woi| predtest %>%

5| group_by(model) %>%

1866 pr_curve (.obs, .pred_Yes, event_level = "second") %>%

7| left_join(eval2[, c("model", "pr_auc")1l) %>%

s6s]  mutate(modelauc = pasteO(model,

1869 ", PRAUC=", round(pr_auc, 4)),

1870 modelauc = forcats::as_factor (modelauc)) %>%

1871 ggplot (aes(x = recall, y = precision, color = modelauc)) +

52| geom_path(linewidth = 1) +

s3]  geom_abline(linetype = "dashed", slope = -1, intercept = 1)
+

1874 scale_color_manual(values = cols4model) +

1875 scale_x_continuous(limits = c(0, 1), expand = c(0, 0)) +

wo|  scale_y_continuous (limits = c(0, 1), expand = c(0, 0)) +

1877 labs(color = "", title = paste0O("PRs on testdata")) +

1s7s]  theme_bw () +

1879 theme (legend.position = ¢ (0,0),

1880 legend. justification = c(0,0),

1881 legend.background = element_blank(),

1882 legend.key = element_blank())

188

55| RHRHBHARABABABHABHABARHBHRHRHBHBH BB AR A RABABHABABHABARARHRR AR AR RRH

188

1886 | #

ss7| predtest2 <- predtest %>%

wss|  dplyr::select (-.pred_No) %>%

s0]  mutate(id = rep(l:nrow(predtest_logistic$prediction),

1890 length (unique (predtest$model)))) %>%

wo1|  pivot_wider (id_cols = c(id, .obs),

1892 names_from = model,

1893 values_from = .pred_Yes) %>%

1894 dplyr::select(id, .obs, sort(unique(predtest$model)))
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1895

1896

1897

1898

1899

1900

1901

1902

predtest?2

HURBBHRBARRBRRBRBRBRBABHABHBHBABABHRRARRRBRBRBRBRBRBRBRBRBRRR R

#
library (probably)

03| #

1909

1910

1911

predtest %>%
cal_plot_breaks (.obs, .pred_Yes, event_level = "second",
num_breaks = 5, .by = model) +
scale_color_manual (values = cols4model) +
theme_bw () +
theme (legend.position = "none"
#
predtest %>%
cal_plot_windowed (.obs, .pred_Yes, event_level = "second",
window_size = 0.5, .by = model) +
scale_color_manual (values = cols4model) +
theme_bw () +
theme (legend.position = "none"

| #
015 bs <- predtest %>%

group_by (model) %>%

yardstick::brier_class(.obs, .pred_No) %>%

mutate (meanpred = 0.8, meanobs = 0.25, text = pasteO("BS: "
, round(.estimate, 3)))

5| #

predtest %>%

cal_plot_windowed (.obs, .pred_Yes, event_level = "second",
window_size = 0.5, .by = model) +

geom_text (bs, mapping = aes(x = meanpred, y = meanobs,
label = text)) +

scale_color_manual (values = cols4model) +

theme_bw () +

theme (legend.position = "none")

3| # DCA

dca_obj <- dcurves::dca(as.formula(
paste0(".obs ~ ",
paste (colnames (predtest2) [3:ncol (predtest2)],
collapse = " + "))
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1939

1940

1941

1942

1944

1946

1947

1948

1949

1959

1960

1961

1963

1964

1965

1966

1967

1968

1969

1970

),
data = predtest2,

thresholds = seq(0, 1, by = 0.01)

)
plot (dca_obj, smooth = T, span = 0.5) +
scale_color_manual(values = c("black", "grey", cols4model))
+
labs(title = "DCA on testdata")

HAHRABRRBARBABRAGHRBRBRARRRBRRBRBRABRRBRBRARRARRRBRRRARRA R H

#
evalcv <- bind_rows(
lapply(list(evalcv_logistic, evalcv_dt, evalcv_enet,
evalcv_knn, evalcv_lightgbm, evalcv_rf,
evalcv_xgboost, evalcv_svm, evalcv_mlp),

L,
"evalcv")
550) %>h
mutate (
model = forcats::as_factor (model),
modelperf = pasteO(model, "(", round(mean, 2)," ",
round (sd,2), ")")
)
evalcv
# ROC
evalcvroc_max <- evalcv %>%
filter (.metric == "roc_auc") %>%

group_by (id) %>%
slice_max(.estimate)
evalcvroc_min <- evalcv %>%
filter (.metric == "roc_auc") %>%
group_by (id) %>%
slice_min(.estimate)

ool evalcecv %>%

filter (.metric == "roc_auc") %>%
ggplot (aes(x = id, y = .estimate,
group = modelperf, color = modelperf)) +

geom_point () +
geom_line () +
ggrepel ::geom_text_repel (evalcvroc_max,

mapping = aes(label = model),
nudge_y = 0.01,
show.legend = F) +
ggrepel ::geom_text_repel (evalcvroc_min,
mapping = aes(label = model),

nudge_y = -0.01,
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1985 show.legend = F) +

wss|  scale_y_continuous(limits = c (0.5, 1)) +
1987 scale_color_manual (values = cols4model) +
1988 labs(x = "", y = "ROCAUC", color = "Model") +

1989 theme_bw ()

1990

1991 # PR
092l evalcvpr_max <- evalcv %>%
wos|  filter (.metric == "pr_auc") %>%

wo1|  group_by(id) %>%

1995 slice_max(.estimate)

wos| evalcvpr _min <- evalcv %>%

1997 filter (.metric == "pr_auc") %>%
wos|  group_by (id) %>%

1999 slice_min(.estimate)

2000 evalcv %>%

2001 filter (.metric == "pr_auc") %>%
22| ggplot(aes(x = id, y = .estimate,
2003 group = modelperf, color = modelperf)) +

s01|  geom_point () +
200s)  geom_line () +
2006 ggrepel ::geom_text_repel (evalcvpr_max,

2007 mapping = aes(label = model),
2008 nudge_y = 0.01,

2009 show.legend = F) +

2010 ggrepel ::geom_text_repel (evalcvpr_min,

2011 mapping = aes(label = model),
2012 nudge_y = —0.01,

2013 show.legend = F) +

2014 scale_y_continuous(limits = c(0.5, 1)) +

25| scale_color_manual (values = cols4model) +

o6 labs(x = "", y = "prAUC", color = "Model") +

2017 theme_bw ()

2018

2019 #

2020 # RUC

c21levalev %>

20| filter (.metric == "roc_auc") %>%

2025 group_by (model) %>%

204  sample_n(size = 1) %>%

2005  ungroup () %>%

2026|  ggplot(aes(x = model, y = mean, color = model)) +
227 geom_point(size = 2, show.legend = F) +

s8] # geom_line(group = 1) +

20|  geom_errorbar (aes (ymin mean-sd,
2030 ymax = mean+sd),
2031 width = 0.1,

2032 linewidth = 1.2,
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2035

2036

2037

2038

2039

2040

2041

2043

2044

2045

2046

2047

2048

2049

2050

2051

2053

2054

2056

2057

2058

2059

2060

2061

2062

2063

2064

2065

2066

2067

2068

2069

2070

F) +
c(0.7, 1)) +
cols4model) +

show.legend
scale_y_continuous(limits
scale_color_manual (values
labs(y = "cv roc_auc") +
theme _bw ()

source ("shap.R")

colnames (traindata)

sltraindatax <- traindata %>

dplyr::select(-Survival .months)

colnames (traindatax)

catvars <- colnames (traindatax) [sapply(traindatax,
]

catvars

convars <- setdiff (colnames(traindatax), catvars)

convars

shapresult <- generateShapVisualizations(

finalmodel = final_xgboost,
predfunc = function(model, newdata) {
predict (model, newdata, type = "prob") %>%

dplyr::select(ends_with(yourpositivelevel))
pull ()

1,

datax = traindatax,

datay = traindata$Survival.months,
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is.factor)

%>%




2080

2081

2082

2084

yname = "Survival.months",

flname = catvars,
lxname = convars
)
2085 | # SHAP
shapresult$shapvip

2087| #

2088

2089

2090

2091

2092

2093

2094

2095 )

2096

2097

2098

2099

2100

2101

shapresult$shapvipplot

#
shapvtzSHAP

shapley <- shapviz::shapviz(
shapresult$shapley, # S H A P

X = traindatax, #
baseline = mean(predtrain_xgboost$prediction$.pred_Yes) #
Yes
# Iforce
shapviz::sv_force(shapley, row_id = 1)
# lwaterfall
shapviz::sv_waterfall (shapley, row_id = 1)
# SHAP

shapresult$shapplotd_facet

03] shapresult$shapplotd_one

2105| # SHAP

| shapresult$shapplotc_facet

shapresult$shapplotc_one
shapresult$shapplotc_one2

Listing 1: R Script for Model Comparison and Parallel Computation

3 Conclusion

This document provides an R script suitable for comparing multiple machine learning
models with parallel computation. The code is ready to be used for model evaluation
and preprocessing tasks.
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