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library(tidyverse)

library(mlr)

library(wavelets)

library(caret)

## dlol8] =293 3 KX

train_sctype <- read_table("./data/ScreenType/ScreenType_TRAIN.txt", col_names
FALSE) # 3} slU7} B&x]

> test_sctype <- read_table("./data/ScreenType/ScreenType_TEST.txt", col_names =
FALSE)

> train_sctype <- train_sctype %>%

vV V V V V V

+ mutate(type = factor(type, levels = c¢(1, 2, 3)))
> test_sctype <- test_sctype %>%
+ mutate(type = factor(type, levels = c(1, 2, 3)))

## wavelet transform AlA]
train?_sctype <- train_sctype %>%
select(-type)

vV + V Vv

test2_sctype <- test_sctype %>%

+

select(-type)
train_wt <- NULL
test_wt <- NULL
for(i in l:nrow(train2_sctype)){

+ VvV VvV V

train <- t(train2_sctypeli, ])

+  test <- t(test2_sctypeli, ])

+ wtl <- dwt(train, filter = "haar", boundary = "periodic")

+  wt2 <- dwt(test, filter = "haar", boundary = "periodic")

+ train_wt <- bind_rows(train_wt, unlist(list(W = wtl@W$W1, V = wtl@V$Vl)))
+ test_wt <- bind_rows(test_wt, unlist(list(W = wt2@W$W1, V = wt2@V$V1)))
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Haar function® mother function(y)d} father function(g)of sigstct.

-1 1/2<t<1,
'ﬁlf’Haar(t) =11 0 S t< 1/2
0 otherwise.
o) 1 O<t<l,
OH aar = i
= 0 otherwise.

ZA] : < Time Series Classification with Discrete Wavelet Transformed Data : Insights from an Emplrical Study
- Daoyuan Li >)

> train_wt <- bind_cols(train_sctype %>% select(type), train_wt)
> test_wt <- bind_cols(test_sctype %>% select(type), test_wt)

## B3 A3F : Random forest, knn o] &

train_Task <- makeClassifTask(data = train2_wt, target = "type")

>
>
> # define parameters for tuning
> rg_ps <- makeParamSet(

+

makelntegerParam('num.trees”, lower = 100, upper = 200), # 13& tree & 7N
+ makelntegerParam("mtry", lower = 50, upper = 100), # ZF =& B3A| 1185l= ¥

20 A%

+ makelntegerParam("min.node.size", lower = 50, upper = 100) # = Ctof Z3r=E £ A
HE APol=.

+)

> knn_ps <- makeParamSet(

+

makelntegerLearnerParam('k", lower = 50, upper = 120)

+)

# define search function

rancontrol <- makeTuneControlRandom(maxit = 50L) # do 50 interations
# set 5 fold cross validation

>
>
>
> set_cv <- makeResampleDesc("CV", iters = 5L)
> # tune parameters

> set.seed(124)

> rg_tune <- tuneParams(learner = rg, resampling = set_cv, task = train_Task,
+ par.set = rg_ps, control = rancontrol, measures = acc)

[Tune] Started tuning learner classif.ranger for parameter set:



Type len Def Constr Req Tunable Trafo

num.trees integer - - 100 to 200 - TRUE -
mtry integer - - 50 to 100 - TRUE -
min.node.size integer - - 50 to 100 - TRUE -

With control class: TuneControlRandom

Imputation value: -0

[Tune-x] 1: num.trees=133; mtry=85; min.node.size=84
[Tune-y] 1: acc.test.mean=0.4666667: time: 0.0 min

[Tune-x] 50: num.trees=142; mtry=98; min.node.size=80
[Tune-y] 50: acc.test.mean=0.4560000: time: 0.0 min
[Tune] Result: num.trees=194; mtry=87; min.node.size=70 : acc.test.mean=0.5066667

> knn_tune <- tuneParams(learner = knn, resampling = set_cv, task = train_Task,
+ par.set = knn_ps, control = rancontrol, measures = acc)
[Tune] Started tuning learner classif.knn for parameter set:
Type len Def Constr Req Tunable Trafo
k integer - - 50 to 120 - TRUE -
With control class: TuneControlRandom
Imputation value: -0
[Tune-x] 1: k=73
[Tune-y] 1: acc.test.mean=0.3573333; time: 0.0 min
[Tune-x] 50: k=74
[Tune-y] 50: acc.test.mean=0.3626667; time: 0.0 min
[Tune] Result: k=89 : acc.test.mean=0.3840000
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# using hyperparameters for modeling

\

rg_best <- setHyperPars(rg, par.vals = rg_tune$x)

\

knn_best <- setHyperPars(knn, par.vals = knn_tune$x)
# train a model

>
> mod_rg <- mlr:train(rg_best, train_Task)
> mod_knn <- mlr::train(knn_best, train_Task)
> getLearnerModel(mod_rg)

Ranger result

Call:

ranger::ranger(formula = NULL, dependent.variable = tn, data = getTaskData(.task,
.subset), probability = (.learner$predict.type == "prob"), case.weights =

.weights, ...)



Type: Classification

Number of trees: 194
Sample size: 375
Number of independent variables: 716
Mtry: 87
Target node size: 70
Variable importance mode: none
Splitrule: gini

OOB prediction error: 54.40 %

> getLearnerModel(mod_knn)$k
[1] 89

> # make predictions

> pred_test <- predict(mod_rg, newdata = test2_wt)

> confusionMatrix(pred_test$data$response, pred_test$data$truth)
Confusion Matrix and Statistics

Reference
Prediction 1 2 3
1 66 54 53
240 39 24
3 19 32 48

Overall Statistics
Accuracy : 0.408
95% CI : (0.3578, 0.4596)
No Information Rate : 0.3333
P-Value [Acc > NIR] : 0.0014867

Kappa : 0.112
Mcnemar's Test P-Value : 0.0002389

Statistics by Class:

Class: 1 Class: 2 Class: 3

Sensitivity 0.5280 0.3120 0.3840
Specificity 0.5720 0.7440 0.7960
Pos Pred Value 0.3815 0.3786 0.4848

Neg Pred Value 0.7079 0.6838 0.7210



Prevalence 0.3333  0.3333 0.3333

Detection Rate 0.1760 0.1040 0.1280
Detection Prevalence 0.4613 0.2747 0.2640
Balanced Accuracy 0.5500 0.5280 0.5900

> pred_test <- predict(mod_knn, newdata = test2_wt)
> confusionMatrix(pred_test$data$response, pred_test$data$truth)
Confusion Matrix and Statistics

Reference
Prediction 1 2 3
17579 78
249 40 34
31 613

Overall Statistics
Accuracy : 0.3413
95% CI : (0.2934, 0.3918)
No Information Rate : 0.3333
P-Value [Acc > NIR] : 0.39
Kappa : 0.012
Mcnemar's Test P-Value : <2e-16

Statistics by Class:

Class: 1 Class: 2 Class: 3

Sensitivity 0.6000 0.3200 0.10400
Specificity 0.3720 0.6680 0.97200
Pos Pred Value 0.3233  0.3252 0.65000
Neg Pred Value 0.6503 0.6627 0.68451
Prevalence 0.3333 0.3333 0.33333
Detection Rate 0.2000 0.1067 0.03467

Detection Prevalence 0.6187 0.3280 0.05333
Balanced Accuracy 0.4860 0.4940 0.53800
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(4) Statistics by Class
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@ Sensitivty = Pr[Pred=Y|Ref=Y]
@ Specificity = Pr[Pred=N|Ref=N]
® Pos Pred Value(PPV) = Pr[Ref=Y|Pred=Y]
@ Neg Pred Value(NPV) = Pr{Ref=N|Pred=N]
TP+ FN

® Prevalence = Actual Yes/Total = TP+ FPLFNT TN

. ) TP
® Detection Rate = TP Y FP+FNT TN

. ) . TP+ FP
@ Detection Prevalence = Pred Yes/Total = TP+ FP+FNTIN

@

Balanced Accuracy = (Sensitivity + Speci ficity)/2



