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Question 1 

1. Pre-processing tasks (2 marks for scaling and 3 marks for outliers removal) 
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2. Define the number of cluster centres by showing all necessary steps/methods via  

manual & automated tools (2 marks for each one of these automated tools)  

 
 



4 

 

3. K-means analysis for each k attempt (2 marks for each k attempt) (all attributed used)  

 

K-2 

 

K-3 
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4. Evaluation of the produced outputs against 12th column  

(1 mark for the “CM” table, 6 marks for calculation of these requested indices)  

(READ COMMENTS BELOW OR IN ATTACHED CODE FOR DISCUSSION) 

1 Mark for CM Matrix Table 

 

6 marks for calculation of these requested indices 
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5. Define the final “winner” cluster case and provide brief explanation of evaluation indices 

(READ COMMENTS BELOW OR IN ATTACHED CODE FOR DISCUSSION) 

 

6. Apply a PCA for this white wine dataset (2 marks). Create a new dataset with  

those PCs with a cumulative score > 96%, as attributes (2 marks).  
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7. Apply kmeans on this new “PCA-based” dataset 

 
8. Discuss the performance for this “PCA-based” dataset though the calculation of WSS,  

BSS, BSS/TSS indices (3 marks) and compare them against the ones produced from 

the previous “winner” model utilising all attributes (3 marks).  

(READ COMMENTS BELOW OR IN ATTACHED CODE FOR DISCUSSION) 
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Question 2 

1. Brief discussion of the various methods used for defining the input vector in electricity load 

forecasting problems  

The process of defining the input vector is used to identify the most useful inputs from a larger set of input 

variables/data. 

There are various methods to do this: 

- The Autoregressive (AR) method defines the forecasted electric load, in terms of the previous loads 

and a random noise signal. 

- The Moving-Average (MA) method defines the forecasted electric load in terms of the current and 

previous random noise signals. The noise series is constructed from the previous forecast errors  

- The Autoregressive Moving-Average (ARMA) method defines the forecasted load combining the AR 

and MA methods. 

 

Reference 

Taylor, Eric Lynn, "Short-term Electrical Load Forecasting for an Institutional/Industrial Power System Using 

an Artificial Neural Network. " Master's Thesis, University of Tennessee, 2013. 

https://trace.tennessee.edu/utk_gradthes/2468  

 

2. Evidence of various adopted input vectors and the related input/output matrices for both 

AR (5 marks) and NARX (4 marks) based approaches  

 

3. Evidence of correct normalisation (3 marks) and brief discussion of its necessity (3 marks) 

Data is normalised so that the model to be more specific. It is only required when features have different 

ranges. For example, consider a data set with 2 features – age (0-100) and Savings (0-10000000). The 

Savings range is far greater than the age range thus we need to normalize and transform the data to the 

range of [0, 1]. In this case Normalisation is a necessity as the data follows a non-normal distribution, so 

then normalization to a 0-1 range is appropriate. 
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4. Discussion of the meaning of these stat. indices 

-errors measures indices such as above mentioned are used for evincing the degree of spreading of data. 

-RMSE = Root Mean Squared Error. This gives more weight to the highest outliers, which means it is more 

sensitive to outliers.  

-MAE = refers to Mean Absolute Error. This gives less weight to outliers, which means it is more robust to 

outliers. 

-MAPE = refers to Mean Absolute Percentage Error. Similar to MAE, but normalized by true observation. 

towardsdatascience. 2019. Forecast KPI: RMSE, MAE, MAPE & Bias. [online] Available at: 

<https://towardsdatascience.com/forecast-kpi-rmse-mae-mape-bias-cdc5703d242d> [Accessed 28 April 

2022]. 
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CODE –  

Q1 code – (Ends Page 21) 

##### W1775197 - JOHN-ALEX YANNOULIAS ##### 

library(factoextra) 

library(ggplot2) 

library(cluster) 

library(NbClust) 

set.seed(123)# the k-means algorithm uses a random set of initial points to  

# arrive at the final classification 

 

library(readxl) 

#ENTER YOUR PATHNAME BELOW WHEN MARKING 

W<- read_excel("/Users/john-alexyannoulias/Documents/University/YEAR 2/YEAR 2 SEM 2/Machine 

Learning/COURSEWORK/Whitewine_v2.xlsx") 

W<-as.data.frame(W) 

names(W) 

head(W) 

summary(W) 

str(W) 

 

# 1- Pre-processing tasks (2 marks for scaling and 3 marks for outliers removal) 

#...........................Checking for missing values 

sum(is.na(W)) 

#...........................Function to find outliers 

outliers <- function(x) { 

   

  Q1 <- quantile(x, probs=.10) 

  Q3 <- quantile(x, probs=.90) 

  iqr = Q3-Q1 

   

  upper_limit = Q3 + (iqr*1.5) 

  lower_limit = Q1 - (iqr*1.5) 

   

  x > upper_limit | x < lower_limit 
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} 

 

#.........................Function to remove outliers 

remove_outliers <- function(df, cols = names(df)) { 

  for (col in cols) { 

    df <- df[!outliers(df[[col]]),] 

  } 

  df 

} 

 

#.......................Function for scale 

min_max <- function(x) { 

  return ((x - min(x)) / (max(x) - min(x))) 

} 

 

# Removing outliers from all columns except the last (quality) 

W_clean <- remove_outliers(W[1:12]) 

 

#......................Splitting the data 

quality <- W_clean$quality 

x <- W_clean[,-12] 

#........................Scaling the data 

x <- as.data.frame(lapply(x, min_max)) 

 

View(x) 

 

 

# 2- Define the number of cluster centres by showing all necessary  

# steps/methods via manual & automated tools  

#......................Elbow Method.............................. 

#......................Manual Method............................. 

wss <- 0 

# For 1 to 15 cluster centers 

for (i in 1:15) { 
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  km.out <- kmeans(x, centers = i) 

  wss[i] <- km.out$tot.withinss 

} 

wss 

plot(1:15, wss, type = "b",xlab = "Number of Clusters", 

     ylab = "Within groups sum of squares") 

#............Automated Method 

# For the automated Elbow method, no needs to program the Elbow Method, has  

# been implemented already in R.(wss= within-cluster sum of square) 

fviz_nbclust(x, kmeans, method = "wss") 

 

#...................Average Silhouette.................... 

#......................Manual Method...................... 

# function to compute average silhouette for k clusters 

Average_Silhouette <- function(k) { 

  km.res <- kmeans(x, centers = k, nstart = 100) 

  ss <- silhouette(km.res$cluster, dist(x)) 

  mean(ss[, 3]) 

} 

# Compute and plot wss for k = 2 to k = 15 

k.values <- 2:15 

 

# extract avg silhouette for 2-15 clusters 

library(purrr) 

avg_sil_values <- map_dbl(k.values, Average_Silhouette) 

# plot 

plot(k.values, avg_sil_values, 

     type = "b", pch = 19, frame = FALSE,  

     xlab = "Number of clusters K", 

     ylab = "Average Silhouettes") 

#..................Automated Method 

fviz_nbclust(x, kmeans, method = 'silhouette')+ 

  labs(subtitle = "Silhouette method") #Seems to suggest 2 

# which suggests 2 clusters as the optimal number of clusters. 
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#.......................Gap-Statistic Method..................... 

#.......................Manual Method............................ 

# To compute the gap statistic method we can use the clusGap function  

# which provides the gap statistic and standard error for an output 

 

# compute Gap-statistic 

set.seed(123)# the k-means algorithm uses a random set of initial points to  

# arrive at the final classification 

gap_stat <- clusGap(x, FUN = kmeans, nstart = 100, 

                    K.max = 10, B = 50) 

# Print the result 

print(gap_stat, method = "firstmax") 

# visualize the results with fviz_gap_stat 

fviz_gap_stat(gap_stat) 

# The Manual Method suggests 3 clusters as the optimal number of clusters. 

#.....................Automated Method 

fviz_nbclust(x, kmeans, method = 'gap_stat')+  

  labs(subtitle = "Gap-Statistics") #Seems to suggest 3 

# The Automated Method also suggests 3 clusters as the optimal number of clusters. 

 

 

# .........................Consensus-based algorithm 

# Because no method is clearly better, a fourth alternative is to run many methods  

# and take the number of clusters that is the most agreed upon 

library(parameters) 

n_clust <- n_clusters(x, 

                      package = c("easystats", "NbClust", "mclust"), 

                      nbclust_method = "kmeans",n_max=5,standardize = FALSE) 

n_clust 

# The optimal number of clusters to retain can also be visualized: 

plot(n_clust) 

# The winning Model is the one with k=3, based on the previous analysis 

################################################################# 
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################################################################# 

 

 

 

# 3- K-means analysis for each k attempt (2 marks for each k attempt) 

#Notes: 

# Because each cluster becomes smaller and tighter, the overall WSS  

# decreases as the number of clusters grows. The hope is that once k exceeds  

# the ideal number of clusters, the rate at which the WSS drops would slow down. 

 

### .............For K=2 

# The "nstart" argument in the kmeans() function allows to run the algorithm  

# several times with different initial centers, in order to obtain a  

# potentially better partition 

kc2 <- kmeans(x,2, nstart = 100) 

# displays the class determined by the model for all observations: 

kc2$cluster # The output kc2$cluster specifies the group (k=2)  

# to which each observation belongs to. 

 

#The cluster for each observation can be stored directly in the dataset  

# as a column: 

 

kc_cluster <- data.frame(x,cluster = as.factor(kc2$cluster)) 

head(x) 

 

 

kc2$centers 

# how many Observations are in each Cluster 

kc2$size  

wss_k2 = kc2$tot.withinss 

wss_k2 

bss_k2 = kc2$betweenss # the between sum of squares BSS(k) 

bss_k2 

# Where the BSS(k) = TSS - WSS(k) 
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tss_k2 = wss_k2 + bss_k2 # the total sum of squares 

score_k2 = bss_k2 / tss_k2 

score_k2 

# CM table 

cm_k2 = table(quality, kc2$cluster) 

cm_k2 

 

 

 

 

###.........For K3 

kc3 <- kmeans(quality,3, nstart = 100) 

kc3 

kc3$centers 

# how many Observations are in each Cluster 

kc3$size # Generally, a good clustering will be well-balanced 

# CM table 

cm_k3 = table(quality, kc3$cluster) 

cm_k3 

wss_k3 = kc3$tot.withinss 

wss_k3 

bss_k3 = kc3$betweenss 

bss_k3 

tss_k3 = wss_k3 + bss_k3 

score_k3 = bss_k3 / tss_k3 

score_k3 

# The winning Model is the one with k=3, based on the previous indices 

########################################################### 

 

 

 

# 4-Evaluation of the produced outputs against 12th column  

# a- (1 mark for the "CM" table) 

# Evaluation of the produced outputs against 12th column (quality variable)  
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# Confusion Matrix "CM" table 

cm_k2 = table(quality, kc2$cluster) 

cm_k2 

cm_k3 = table(quality, kc3$cluster) 

cm_k3 

 

# The quality of a k-means partition is found by calculating the percentage  

# of the TSS "explained" by the partition using the following formula: 

#             (BSS/TSS)*100 

 

# The higher the percentage, the better the score (and thus the quality)  

# because it means that BSS is large and/or WSS is small. 

# BSS and TSS are extracted from the model and stored 

 

bss_k2 = kc2$betweenss # the between sum of squares BSS(k) 

bss_k2 

TSS_k2 <- kc2$totss 

TSS_k2 

# calculate the quality of the partition 

bss_k2 / TSS_k2 * 100 

# The quality of the partition is 29.61%. This value has no real  

# interpretation in absolute terms except that a higher quality means a higher  

# explained percentage.  

 

 

bss_k3 = kc3$betweenss # the between sum of squares BSS(k) 

bss_k3 

TSS_k3 <- kc3$totss 

TSS_k3 

# calculate the quality of the partition 

bss_k3 / TSS_k3 * 100 

# The quality of the partition is 95.11%. This value has no real  

# interpretation in absolute terms except that a higher quality means a higher  

# explained percentage.  
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#Conclusion: As can be seen, classifying the data into three sections provides for a larger explained  

# percentage and improved quality. 

# We conclude that the K=3 is the optimal clustering strategy 

 

 

 

# b- (6 marks for calculation of these requested indices)  

library("cluster") 

#Structure of each K 

str(kc2) 

 

# # b- (6 marks for calculation of these requested indices)  

# k=2 

kc2 <- kmeans(x,2, nstart = 50) 

# The output of kmeans is a list with several bits of information 

kc2$cluster # indicating the cluster to which each point is allocated. 

kc2$centers # A matrix of cluster centers. 

kc2$totss # The total sum of squares. 

kc2$withinss # Vector of within-cluster sum of squares, one component per cluster. 

kc2$tot.withinss 

kc2$betweenss # The between-cluster sum of squares, i.e. $totss-tot.withinss$. 

kc2$size # The number of points in each cluster. 

table(kc2$cluster) #Give a count of data points in each cluster 

tss_k2 = wss_k2 + bss_k2 

score_k2 = bss_k2 / tss_k2 

score_k2 

 

 

# k=3 

kc3 <- kmeans(x,3, nstart = 50) 

kc3$cluster 

kc3$centers  

kc3$totss  
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kc3$withinss 

kc3$betweenss  

kc3$size  

table(kc3$cluster) 

tss_k3 = wss_k3 + bss_k3 

score_k3 = bss_k3 / tss_k3 

score_k3 

 

 

 

 

# Model Evaluation using the visualization method 

# How the clustring comparing to the real data observations 

# K=2: Plot 1 

fviz_cluster(list(data = x, cluster = kc2$cluster), 

             ellipse.type = "norm", geom = "point", stand = FALSE, 

             palette = "jco", ggtheme = theme_classic()) 

 

# k=3: Plot 2. 

fviz_cluster(list(data = x, cluster = kc3$cluster), 

             ellipse.type = "norm", geom = "point", stand = FALSE, 

             palette = "jco", ggtheme = theme_classic()) 

 

# Plot 3:  comparing to the real data observations (quality variable) 

fviz_cluster(list(data = x, cluster = quality), 

             ellipse.type = "norm", geom = "point", stand = FALSE, 

             palette = "jco", ggtheme = theme_classic()) 

 

# By comparing plots 1 and 2 with the plot 3, we see clearly that  

# the k=3 is the optimal for clustering strategy. 
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# 4- Define the final "winner" cluster case and provide brief  

# explanation of evaluation indices  

# plots to compare 

p2 <- fviz_cluster(kc2, geom = "point", data = x) + ggtitle("k = 2") 

p3 <- fviz_cluster(kc3, geom = "point",  data = x) + ggtitle("k = 3") 

library(gridExtra) 

grid.arrange(p2, p3, nrow = 2) 

 

# Although this visual assessment tells us where true dilineations occur  

# (or do not occur) between clusters.  

# However, it does not tell us what the optimal number of clusters is. 

 

 

 

# 6- Apply a PCA for this white wine dataset (2 marks). Create a new  

# dataset with those PCs with a cumulative score > 96%, as attributes (2 marks). 

 

PC<-princomp(x, cor=T) 

 

pc.comp <- PC$scores 

head(PC$scores) 

# To compute the proportion of variance explained (PVE) by each principal component, 

# The variance explained by each principal component is obtained by squaring values: 

# simply divide the variance explained by each principal component by the total  

# variance explained by all four principal components: 

 

 

PVE<-cumsum(PC$sdev^2 / sum(PC$sdev^2)) 

# Observe the cumulative scores, the cumulative scores above 0.96 (96%) will be accepted  

round(PVE, 2) 

# Comp9, Comp10, Comp11 have the the cumulative scores above 0.96 (96%) 
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# will be set as attributes 

 

 

# Create a new dataset with  

# those PCs with a cumulative score > 96%, as attributes 

pc.comp9 <- -1*pc.comp[,9] # principal component 9 has a score>96% 

pc.comp10 <- -1*pc.comp[,10] # principal component 10 has a score>96% 

pc.comp11 <- -1*pc.comp[,10] # principal component 11 has a score>96% 

PC_DataFrame <- cbind(pc.comp9, pc.comp10,pc.comp11) 

 

 

# 7- Apply kmeans on this new "PCA-based" dataset 

# set the k=3 as the previous Winner model  

PCs <- kmeans(PC_DataFrame,3, nstart = 100) 

PCs$cluster 

plot(PC_DataFrame, col=PCs$cluster) 

points(PCs$centers, pch=20) 

 

# According to the plot the PCs clustering is similar to the one  

# with k=3, meaning that the pca succeeded to capture the right clustred data. 

 

 

 

# 8- Discuss the performance for this "PCA-based" dataset though the  

# calculation of WSS, BSS, BSS/TSS indices (3 marks)  

# and compare them against the ones produced from the previous "winner" model utilising all  

# attributes (3 marks).  

PCs$cluster 

PCs$centers  

PCs$totss  

PCs$withinss 

PCs$betweenss 

#  Clusters size indice 

PCs$size  
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# According to the clustring size the results between the k=3, and PCs  

# are closely similar  

 

# Cluster 

table(PCs$cluster) 

# Also the Cluster table are similar to the one with k=3 

 

wss_PCs = PCs$tot.withinss 

bss_PCs = PCs$betweenss 

 

cm_PCs = table(quality, PCs$cluster) 

cm_PCs 

 

wss_PCs = PCs$tot.withinss 

wss_PCs 

bss_PCs = PCs$betweenss 

bss_PCs 

tss_PCs = wss_PCs + bss_PCs 

# The quality of the partition deifined by the following indice 

score_PCs = bss_PCs / tss_PCs 

score_PCs 

 

# According to the the quality of the partition there is a drop in the  

# proportion from 95.11 to 53.59, however, both models are significantly similar 
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Q2 code – (Ends Page 25) 

##### W1775197 - JOHN-ALEX YANNOULIAS ##### 

library("ggplot2") 

library("gridExtra") 

library("grid") 

library("MASS") 

library("neuralnet") 

library("MLmetrics") 

library("neuralnet")  

library("readxl") 

library("tidyr") 

 

#.....Function Declaration for use 

#..norm func 

normalize<- function(x) { 

  return((x - min(x)) / (max(x) - min(x))) 

} 

#..UNnorm FUNC 

unnormalize <- function(x, min, max) {  

  return( (max - min)*x + min ) 

} 

#..RMSE func 

RMSEtest<- function(error) 

{ 

  dataSquared<- error^2 

  dataMean = mean(dataSquared) 

  dataSqrt = sqrt(dataMean) 

  return(dataSqrt) 

} 

#..MAPE func 

MAPEtest<- function(error, load_test_original_tomorrow) 

{ 

  newData<- error/ load_test_original_tomorrow 

  dataAbs<- abs(newData) 
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  dataMean<- sum(dataAbs) / length(dataAbs) 

  return(dataMean) 

} 

#..MAE func 

MAEtest<- function(error) 

{ 

  dataAbs<- abs(error) 

  dataMean<- mean(dataAbs) 

  return(dataMean) 

} 

########## END OF FUNC ########## 

 

#.....Load this data (ENTER YOUR PATHNAME WHEN MARKING) 

DS<- read_excel('/Users/john-alexyannoulias/Documents/University/YEAR 2/YEAR 2 SEM 2/Machine 

Learning/COURSEWORK/UoW_load.xlsx') 

 

names(DS) 

str(DS) 

summary(DS) 

 

#.....Checking for missing values 

sum(is.na(DS)) 

 

#.....Deleting rows with missing values (none in this case) 

DS_NMV<- DS %>% drop_na() 

head(DS_NMV) 

 

#.....Splitting the 9th and 10th features 

DS_clean<- DS_NMV[,c(-1,-2,-3)] 

colnames(DS_clean)[1] <- "T" 

 

str(DS_clean) 

summary(DS_clean) 

boxplot(DS_clean) 
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#.....Normalizing 

DS_norm<- as.data.frame(lapply(DS_clean, normalize)) 

summary(DS_norm) 

str(DS_norm) 

boxplot(DS_norm) 

 

#.....Train And Test ratio split as stated in brief 

train<- DS_norm[1:430,] 

test<-DS_norm[431:500,] 

 

predict<- test 

 

#..........Neural Network attempts 

 

set.seed(12345) 

 

#.....ATTEMPT 1 - 1 layer , 2 nodes 

#...This part is broken I couldn't get the input vector file in the correct time series vector format using the 

lag function. 

nnplot1 <- neuralnet(T.1.1 ~ T + T.1 + T.2 , data = train, hidden = 2) 

plot(nnplot1) 

nnplot1_results <- compute(nnplot1, test[1:3]) 

nnplot1_predicted_output <- nnplot1_results$net.result 

nnplot1_cor <- cor(nnplot1_predicted_output, predict) 

error1 <- (predict - nnplot1_predicted_output) 

 

#..STATISTICAL INDICES MAE RMSE 

MAE1 <- MAEtest(error1) 

RMSE1 <- RMSEtest(error1) 

 

set.seed(12345) 

nnplot2 <- neuralnet(T.1.1 ~ T + T.1 + T.2 , data = train, hidden = 2, linear.output=FALSE) 

plot(nnplot2) 

nnplot2_results <- compute(nnplot2, test[1:3]) 

nnplot2_predicted_output <- nnplot2_results$net.result 
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nnplot2_cor <- cor(nnplot2_predicted_output, predict) 

error2 <- (predict - nnplot2_predicted_output) 

 

#..STATISTICAL INDICES MAE RMSE 

MAE2 <- MAEtest(error2) 

RMSE2 <- RMSEtest(error2) 

 

comparison1 <- cbind(nnplot1_cor, nnplot2_cor, MAE1, MAE2, RMSE1, RMSE2) 

colnames(comparison1) <- c("M2","M3","MAE1","MAE2","RMSE1", "RMSE2") 
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