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Template for the final exam 2023-01-11
Machine Learning ST5401, 7.5 credits
Your anonymous code

Loading packages
suppressMessages(library(caret))
suppressMessages(library(glmnet))

# Set your path below. In Windows, \\ is required instead of \.

# Example "C:/Users/bayes/workingfolder"
setwd("C:/Users/sawe8218/Downloads")

set.seed(1234) # set the seed for reproducibility

load("C:/Users/sawe8218/Downloads/Rdata/cancer_data_test.RData")
load("C:/Users/sawe8218/Downloads/Rdata/cancer_data_training.RData")

load("C:/Users/sawe8218/Downloads/Rdata/iris_fully_labelled.RData")

load("C:/Users/sawe8218/Downloads/Rdata/iris_no_labels.RData")
load("C:/Users/sawe8218/Downloads/Rdata/penguins.RData")

library(caret)
library(MLeval)

library(pracma)

## 

## Attaching package: 'pracma'

## The following objects are masked from 'package:Matrix':

## 

##     expm, lu, tril, triu

library(imagine)

library(grid)
library(reshape)

## 
## Attaching package: 'reshape'

## The following object is masked from 'package:Matrix':

## 
##     expand

library(reshape2)

## 

## Attaching package: 'reshape2'

## The following objects are masked from 'package:reshape':

## 
##     colsplit, melt, recast

library(MASS)

library(ggplot2)
library(glmnet)

library(caret)
library("RColorBrewer") 

library(mvtnorm)

Problem 1

a)
The choice of the K hyper-parmeter is important effect on the prediction made by K-nn,Thus k=1 implies by construction, be correctly predicted and
the model adapted to the exact x and 𝑦 values of the training. This means that we will have low bias and high variation. higher value of K provide
smoother behavior, which provide lower variation and high bias.

b)
Some text and eventually formulas.

c)
Some text and eventually formulas.

d)
Since we often used a complex model that have a high variation, the purpose of boosting the model to lower the variation with out increasing bias.
The bootstrap is a method for artificially creating multiple datasets (of size 𝑛).

e)
Early stopping is used in an optimization algorithm, so that we can stop the training before reaching the minimum, The purpose is to avoid
overfitting.

Problem 2
The code block.

load("C:/Users/sawe8218/Downloads/Rdata/penguins.RData")

library(MASS)

Sq_Kernel <- function(x, x2, l, sigma_k){

mat <- matrix(0, ncol=length(x2), nrow=length(x))

for(i in 1:length(x)){
for(j in 1:length(x2)) {

mat[i,j] <- sigma_k^2*exp(abs(x[i]-x2[j])^2/(-2*l^2))

}
}

return(mat)
}

sd_f<-10000

sigma_k<-150
l<-0.6

x<-penguins[6,2]
x2<-penguins[7,2]

cov <-Sq_Kernel(x2, x2, l, sigma_k) - Sq_Kernel(x2, x, l, sigma_k) %*% solve(Sq_Kernel(x, x, l, sigma_k) + sd_f^2 
* diag(1, length(x))) %*% Sq_Kernel(x, x2, l, sigma_k)

sigm1<-Sq_Kernel(x, x, l, sigma_k)

sigm2<-Sq_Kernel(x2, x2, l, sigma_k)

cor<-cov/sqrt(sigm1*sigm2)

hourGrid <- seq(0, 1, length = 1000)
kernel_eval <- function(x, x2, y, sigma_k, l, sd_f){

  
  star_bar <- Sq_Kernel(x2, x, l, sigma_k) %*% solve(Sq_Kernel(x, x, l, sigma_k) + sd_f^2 * diag(1, length(x))) %

*% y

  finalcov <- Sq_Kernel(x2, x2, l, sigma_k) - Sq_Kernel(x2, x, l, sigma_k) %*% solve(Sq_Kernel(x, x, l, sigma_k) 
+ sd_f^2 * diag(1, length(x))) %*%

    Sq_Kernel(x, x2, l, sigma_k)
  

  NYDF_mean <- data.frame(x = x2, y = star_bar, lower_limit = star_bar - 1.96 * sqrt(diag(finalcov)), upper_limit 
= star_bar + 1.96 *

                            sqrt(diag(finalcov)))
  

  sim_mul <- mvrnorm(1, star_bar, finalcov)

  NYDF <- data.frame(x = x2, sim_mul)
  

  NYDF <- melt(NYDF, id = "x")
  df2 <- data.frame(x = x, y = y)

  
  ggplot() + geom_line(data = NYDF, aes(x = x, y = value, color = variable), colour = "red", size = 3) + 

    geom_ribbon(data = NYDF_mean, aes(x = x, ymin = lower_limit, ymax = upper_limit), colour = "green", size = 0.

9) +
    geom_point(data = df2, aes(x = x, y = y), colour = "black")

  
}

a)
.

The parameter ℓ is used as hyper-parameter enable to adjust the different between y-axis, the larger the parameter the more different or variation
between y- axis, if the parameter equal to zero then we obtain a const value of y, there is no different between the y-axis, The bias-variance trade
of is that if we use hyper-parameter so that is suit very well, implies that low bias and high variation or if the parameter does not suit well the we
low variation and high bias.

b)
Eventually some text and formulas.

message("The correaltion between x and x2 is ", cor)

## The correaltion between x and x2 is 1

c)
The plot is down below

kernel_eval(penguins$duration, hourGrid, penguins$dive_heart_rate, sigma_k, l, sd_f)

## Warning: Using `size` aesthetic for lines was deprecated in ggplot2 3.4.0.

## i Please use `linewidth` instead.

d)
Eventually some text and formulas.

Problem 3
The code block.

load("C:/Users/sawe8218/Downloads/Rdata/cancer_data_test.RData")

load("C:/Users/sawe8218/Downloads/Rdata/cancer_data_training.RData")

cancer_data_training<-cancer_data_training[, 1:31]
X_training<-cancer_data_training[,-c(1)]

Y_training<-cancer_data_training[, 1]
Y_training

##   [1] 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
##  [38] 1 0 0 0 0 0 0 0 0 1 0 1 1 1 1 1 0 0 1 0 0 1 1 1 1 0 1 0 0 1 1 1 1 0 1 0 0

##  [75] 1 0 1 0 0 1 1 1 0 0 1 0 0 0 1 1 1 0 1 1 0 0 1 1 1 0 0 1 1 1 1 0 1 1 0 1 1

## [112] 1 1 1 1 1 1 0 0 0 1 0 0 1 1 1 0 0 1 0 1 0 0 1 0 0 1 1 0 1 1 0 1 1 1 1 0 1
## [149] 1 1 1 1 1 1 1 1 0 1 1 1 1 0 0 1 0 1 1 0 0 1 1 0 0 1 1 1 1 0 1 1 0 0 0 1 0

## [186] 1 0 1 1 1 0 1 1 0 0 1 0 0 0 0 1 0 0 0 1 0 1 0 1 1 0 1 0 0 0 0 1 1 0 0 1 1
## [223] 1 0 1 1 1 1 1 0 0 1 1 0 1 1 0 0 1 0 1 1 1 1 0 1 1 1 1 1 0 1 0 0 0 0 0 0 0

## [260] 0 0 0 0 0 0 0 1 1 1 1 1 1 0 1 0 1 1 0 1 1 0 1 0 0 1 1 1 1 1 1 1 1 1 1 1 1
## [297] 1 0 1 1 0 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0 1 0 1 1 1 1 0 0 0 1 1

## [334] 1 1 0 1 0 1 0 1 1 1 0 1 1 1 1 1 1 1 0 0 0 1 1 1 1 1 1 1 1 1 1 1 0 0 1 0 0

## [371] 0 1 0 0 1 1 1 1 1 0 1 1 1 1 1 0 1 1 1 0 1 1 0 0 1 1 1 1 1 1

X<-scale(X_training)

X_training_with_intercept<-cbind(1, X)

cancer_data_test<-cancer_data_test[, 1:31]

X_test<-cancer_data_test[,-c(1)]
Y_test<-cancer_data_test[, 1]

X_t<-scale(X_test)

X_test_with_intercept<-cbind(1, X_t)
Y_test<-cancer_data_test[, 1]

Y_test<-as.factor(Y_test)
levels(Y_test) <- c(0,1)

regCV <- cv.glmnet(x = X_training_with_intercept,Y_training, alpha = 0, nfolds=4)

opitmalLambda<-regCV$lambda.min
LGreg<-glmnet(x=X_training_with_intercept, y=Y_training, family = binomial, lambda = opitmalLambda)

yProbs<-predict(LGreg, newx =X_test_with_intercept, type = "response")
threshold <- 0.5

yPreds <- as.factor(yProbs>threshold)
levels(yPreds) <- c(0,1)

con_mat<-confusionMatrix(yPreds, Y_test, positive="1")$table

Recall1<-(con_mat[2, 2] / (con_mat[2, 2] + con_mat[1, 2]))

Precision1<-(con_mat[2, 2] / (con_mat[2, 2] + con_mat[2, 1]))

a)
Eventually some text and formulas.

message(paste("The optimal lamda is",opitmalLambda ))

## The optimal lamda is 0.0395867241041606

b)
Eventually some text and formulas.

message(paste("The recall is:", Recall1, " and the precision is ", Precision1 ))

## The recall is: 0.876923076923077  and the precision is  1

c)
Eventually some text and formulas.

The recall describe among all that have actually malign (diagnosis=1) breast cancer, the proportion that are classified malign (diagnosis=1). i.e.
Recall= the model that classified malign (diagnosis=1)/among all that have actually malign (diagnosis=1) breast cancer.

The precision describe among all that are classified malign (diagnosis=1) breast cancer, the proportion that have actually have malign
(diagnosis=1). i.e

Precision= the model that classified malign (diagnosis=1) given that they actually have malign/the model all classified malign (diagnosis=1)

The main goal should be preferred that both recall and precision at highest, but can be fulfill if we have large data. Given that we don’t have a large
data or we can use another model. This only be done by adjust the threshold, but there is bias-variance trade of. If we want decrease that are
classified as benign((diagnosis=0)) given that they actually are malign. By decreasing the threshold we can obtain a higher recall, in this case
recall is preferred. But if we want decrease that are classified as malign((diagnosis=1)) given that they actually are benign, then precision is
preferred.

Problem 4
The code block.

load("C:/Users/sawe8218/Downloads/Rdata/iris_fully_labelled.RData")
load("C:/Users/sawe8218/Downloads/Rdata/iris_no_labels.RData")

iris_fully_labelled

Petal.Length
<dbl>

Petal.Width
<dbl>

Species
<fct>

1.4 0.2 setosa

1.4 0.2 setosa

1.3 0.2 setosa

1.5 0.2 setosa

1.4 0.2 setosa

1.7 0.4 setosa

1.4 0.3 setosa

1.5 0.2 setosa

1.4 0.2 setosa

1.5 0.1 setosa

1-10 of 150 rows

load("C:/Users/sawe8218/Downloads/Rdata/penguins.RData")

iris_mat <- as.matrix(iris_fully_labelled[, 1:2])

setosa <- iris_fully_labelled[iris_fully_labelled$Species=="setosa",]
versicolor <- iris_fully_labelled[iris_fully_labelled$Species=="versicolor",]

virginica <- iris_fully_labelled[iris_fully_labelled$Species=="virginica",]
setosa_mean <- colMeans(setosa[,1:2])

versicolor_mean <- colMeans(versicolor[,1:2])
virginica_mean <- colMeans(virginica[,1:2])

Overall_mean <- colMeans(iris_fully_labelled[,1:2])

p_setosa <- nrow(setosa) / nrow(iris_fully_labelled)

p_versicolor  <- nrow(versicolor) / nrow(iris_fully_labelled)
p_virginica <- nrow(virginica) / nrow(iris_fully_labelled)

setosa_cov <- cov(setosa[, 1:2])

versicolor_cov <- cov(versicolor[, 1:2])

virginica_cov <- cov(virginica[, 1:2])

x_values<-c(1.7, 0.35)

QDA_setosa <- log(p_setosa) + log(mvtnorm::dmvnorm(x_values, setosa_mean, setosa_cov))
QDA_versicolor <- log(p_versicolor) + log(mvtnorm::dmvnorm(x_values, versicolor_mean, versicolor_cov))

QDA_virginica <- log(p_virginica) + log(mvtnorm::dmvnorm(x_values,virginica_mean, virginica_cov))

only code 4c)
Eventually some text and formulas.

mixtureMultiGaussianEM <- function(data, M, initMu, initSigma, initPi, tol){
# data is a n x p matrix with n observations on p variables.

# initMu is an p x M matrix with initial values for the component means
# initSigma is an p x p x M 3D array with initial values for the component covariance matrices

# initPi is a M-dim vector with initial values for the component probabilities
# Preliminaries

count <- 0
n <- dim(data)[1]

nHat <- rep(0,M)

W <- matrix(0,n,M) # n x m matrix with weights for all observations and all components.
Mu <- initMu

Sigma <- initSigma
Pi <- initPi

unitVect <- rep(1,n) # Just a vector of ones that we need later for efficiency
LogLOld <- 10^10

LogLDiff <- 10^10

while (LogLDiff > tol){
count <- count + 1

# E-step
11

for (m in 1:M){
W[,m] <- Pi[m]*dmvnorm(data, Mu[,m], Sigma[,,m])

}
sum_w <- rowSums(W)

for (m in 1:M){

W[,m] = W[,m]/sum_w
}

pred <- W
# M-step

for (m in 1:M){
nHat[m] <- sum(W[,m])

Mu[,m] <- (1/nHat[m])*crossprod(W[,m],data)

Res <- data - tcrossprod(unitVect,Mu[,m])
Sigma[,,m] <- (1/nHat[m])*t(Res)%*%diag(W[,m])%*%Res # Matrix version of the estimate in the slides

Pi[m] <- nHat[m]/n
}

# Log-Likelihood computation - to check convergence
for (m in 1:M){

W[,m] <- Pi[m]*dmvnorm(data, Mu[,m], Sigma[,,m])
}

LogL <- sum(log(rowSums(W)))

LogLDiff <- abs(LogL - LogLOld)
LogLOld <- LogL

}
return(list(Mu = Mu, Sigma = Sigma, Pi = Pi, LogL = LogL, nIter = count, pred=pred))

}

# Generate some data for testing

n = 100
data <- rbind(rmvnorm(n/2, c(0,0), 0.2*diag(2)), rmvnorm(n/2, c(1,1), 1*diag(2)))

initMu = matrix(rnorm(2*2),2,2)
initSigma = array(NA,c(2,2,2))

initSigma[,,1] = 1*diag(2)
initSigma[,,2] = 1*diag(2)

initPi = c(0.5,0.5)

# Run the EM

versicolor_mean <- colMeans(versicolor[,1:2])
virginica_mean <- colMeans(virginica[,1:2])

Overall_mean <- colMeans(iris_fully_labelled[,1:2])

initMu <- matrix(c(1.4, 0.2, 4, 1, 5, 2), ncol = 3, nrow = 2)
initSigma <- array(NA, c(2, 2, 3))

initSigma[,,1] <- 1 * diag(2)
initSigma[,,2] <- 1 * diag(2)

initSigma[,,3] <- 1 * diag(2)
initPi <- c(1/3, 1/3, 1/3)

iris_GMM_Mat <- as.matrix(iris_no_labels[,1:2])

U_GMM <- mixtureMultiGaussianEM(iris_GMM_Mat , 3, initMu, initSigma, initPi, tol = 0.0000001)

pred<-data.matrix(U_GMM$pred)

i=1

Classified_as <- c()
for(i in 1:length(pred[,1])){

if(pred[i,1] >pred[i,2] & pred[i,1] > pred[i,3]){
Classified_as[i] <- "setosa"

}
else if(pred[i,2] > pred[i,1] & pred[i, 2] > pred[i,3]){

Classified_as[i] <- "versicolor"
}

else{

Classified_as[i] <- "virginica"

}
}

iris_fully_labelled$Classified <- Classified_as

yP <- factor(iris_fully_labelled$Classified)
yT <- factor(iris_fully_labelled$Species)

con_mat_iris<-confusionMatrix(yP, yT)

a)
"The means of petal length and petal width given that species is setosa:"

## [1] "The means of petal length and petal width given that species is setosa:"

setosa_mean

## Petal.Length  Petal.Width 

##        1.462        0.246

"The means of petal length and petal width given that species is versicolor:" 

## [1] "The means of petal length and petal width given that species is versicolor:"

versicolor_mean

## Petal.Length  Petal.Width 

##        4.260        1.326

"The means of petal length and petal width given that species is virginica "

## [1] "The means of petal length and petal width given that species is virginica "

virginica_mean

## Petal.Length  Petal.Width 

##        5.552        2.026

message(paste("The probablity belong to setoso is",  p_setosa, ", the probablity belong to versicolor is", p_vers

icolor, " and the probablity belong to virginica", p_virginica ))

## The probablity belong to setoso is 0.333333333333333 , the probablity belong to versicolor is 0.33333333333333

3  and the probablity belong to virginica 0.333333333333333

"The che covariance of of petal length and petal width given that species is setosa :"

## [1] "The che covariance of of petal length and petal width given that species is setosa :"

setosa_cov

##              Petal.Length Petal.Width

## Petal.Length  0.030159184 0.006069388
## Petal.Width   0.006069388 0.011106122

"The covariance of of petal length and petal width given that species is  versicolor:"

## [1] "The covariance of of petal length and petal width given that species is  versicolor:"

 versicolor_cov

##              Petal.Length Petal.Width
## Petal.Length   0.22081633  0.07310204

## Petal.Width    0.07310204  0.03910612

"The covariance of petal length and petal width given that species is  virginica:"

## [1] "The covariance of petal length and petal width given that species is  virginica:"

 virginica_cov

##              Petal.Length Petal.Width
## Petal.Length   0.30458776  0.04882449

## Petal.Width    0.04882449  0.07543265

b)
Eventually some text and formulas.

message(paste("QDA values of setosa: ", QDA_setosa, ", QDA values of versicolor: ", QDA_versicolor,
              " and QDA values of virginica ", QDA_virginica))

## QDA values of setosa:  0.0242269286098056 , QDA values of versicolor:  -15.4716693317664  and QDA values of vi
rginica  -33.6393666179222

I as we can see from the output above the qda values of setosa is greater compared to the other, hence i come to conclude that iris flower probably
belong to setosa.

c)
con_mat_iris

## Confusion Matrix and Statistics

## 

##             Reference
## Prediction   setosa versicolor virginica

##   setosa         50          0         0
##   versicolor      0         49         2

##   virginica       0          1        48
## 

## Overall Statistics
##                                           

##                Accuracy : 0.98            

##                  95% CI : (0.9427, 0.9959)
##     No Information Rate : 0.3333          

##     P-Value [Acc > NIR] : < 2.2e-16       
##                                           

##                   Kappa : 0.97            
##                                           

##  Mcnemar's Test P-Value : NA              

## 
## Statistics by Class:

## 
##                      Class: setosa Class: versicolor Class: virginica

## Sensitivity                 1.0000            0.9800           0.9600
## Specificity                 1.0000            0.9800           0.9900

## Pos Pred Value              1.0000            0.9608           0.9796
## Neg Pred Value              1.0000            0.9899           0.9802

## Prevalence                  0.3333            0.3333           0.3333

## Detection Rate              0.3333            0.3267           0.3200
## Detection Prevalence        0.3333            0.3400           0.3267

## Balanced Accuracy           1.0000            0.9800           0.9750

con_mat_iris$table

##             Reference
## Prediction   setosa versicolor virginica

##   setosa         50          0         0

##   versicolor      0         49         2
##   virginica       0          1        48

As we can see from the confusion matrix above, we obtain high accuracy, that is 0.97, we can see from the table that the model predicted all
setosa correctly and, and versicolar classified 49 of 50 correct and virginca classified 48 of 50 correct.


