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Question 1

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

- eee2s 1775197 - JOHN-ALEX YANNOULIAS #esss
1ibrary(factoextra)
Library(ggplot2.
library(cluster)

1
2 > We<-as.data. trome(W)
3

4

5 library(MbClust

6

7

8

> names(W)
[1] “fixed acidity”
6] "free sulfur dioxide”
[11] “alcohol”
> head(W)
fixed acidity volatile acidity citric acid residual sugar chlorides free sulfur dioxide total sulfur dioxide density
8. 0.27 0.41 1.45 0.033 1 63 0.99%08

“chlorides"
“sulphates”

“volatile acidity"  “citric acid"
“total sulfur dioxide” "density"
quality”

“residual sugor”
"oH"

set.seed(123)¢ the tial points to

# arrive at the

means algorithm uses a random set
classificotion

9 library(readxl) 5 %
10 #ENTER YOUR PATHIAVE BELON WHEN MARKING : b i e T Bea 5 ot
11 W< reod_excel("/Users/john-alexyonnoul ias/Documents/University/YEAR 2/YEAR 3 7.9 0.18 0.37 1.20 0.040 16 75 0.9920
Q4 #o-os-dota.frase() 4 8.3 0.42 0.62 19.25 0.4 4 172 1.0002
13 names(w) s - g ; i .

14 heod(W s 6.5 0.31 0.14 7.50  0.044 3 133 0.9955
15 summary(W) 6 7.6 0.67 0.14 1.5  0.074 2 168 0.9937
7 et PH sulphates alcohol quality

- 129 0.5 ) s

TH b 1- dro-pracessing tasies G2 marks for scaling ood 3 moiks foc'anlisrsiromd 304, B33 97 8

19 2 Checking for missing 3318 063 108 s

20 sun(is.nach)) 4298  0.67 9.7 5

a s Function to find outlisrs 532 0.5 9.5 s

22+ outliers < function(x) { 63.05 051 9.3 B

3 > summary(W)

2 QU< quontile(x, probs-.10) fixed acidity  volatile acidity citric acid  residual sugar  chlorides free sulfur dioxide

25 Q3 < quantile(x, probs-.99) Min, :3.800 Min. :0.0800 Min. :0.0000 Min. : 0.600 p Min. : 2.00

% iar - @3Q1 15t Qu.:0.2100 1st Qu 15t Qu.: 1.700 15t Qu.: 24.00

z Medion Median : 5.300 Median : 34.00

28 upper_limit - Q3 + (igr*1.5) Mean  : 6.455 Mean : 35.65

29 lower_limit « Q1 - (igr*1.5) 3rd Qu.:10.000 3rd Qu.: 46.00

» Max.  :65.800 Max. :131.00

31 x> upper_limit | x < lomer_limit iphotes

2 . viliees Ist Qu.:0.9917 1st Qu 1st Qu.

35+ remove_outliers < function(df, cols = names(df)) { Nedion:9:9937; :Madian pathan

36+ for (col in cols) { Yeon 9940 Mvon Hem 8

37 df < dffloutliers(dfllcol]),] 50 04,5090 6 (. Brd 5. 195508 g

. Max. :1.039%0 Max. Mox, il Mox.  :8.000

B o

- 4710 obs. of 12 varicbles

a e Function for sca $ fixed acidity irum 8.18.67.98.36.57.65.87.3657.3 ...

2 $ volatile acidity  : num 0.27 0.23 0.18 0.42 0.31 0,67 ©,27 0.28 0.39 0.24

43+ minnox <- function( $ citric acid :num 0.41 0.4 0.37 0.62 0.14 0.14 0.2 0.43 0.23 0.39 ..

44 return ((x - min(x) / (mox(x) - min(x)) $ residual sugor Dum 1.454.21.219.257.5 ...

45- $ chlorides i num 0.033 0.035 0.04 0.04 0,044 0,074 0.044 0.08 0.051 0.057 ...

% $ free sulfur dioxide : num 1117 16 41 34 25 22 21 25 45 ...

47 # Removing outliers from all columns except the last (quality) § total sulfur dioxide: num 63 109 75 172 133 168 179 123 149 149 ...

@ $ density :num 0.991 0.995 0.992 1 0.996 ...

49 W.clean < remove_outliers(W[1:12]) $ pH :num 2,99 3.14 3.18 2.98 3.22 3.5 3,37 3.19 3.24 3.21 ...

s $ sulphates :num 0.560.53 0.63 0.67 0.5 0.51 0.37 0.42 0.35 0.36 ...

s1o# Splitting the dota $ alconol Dum 129.7 10.89.7 9.5 9.3 10.2 12,8 10 8.6 ...

52 quality < W.cleonsquality § quality inum 5555555555 ..

53 x < W.cleanl,-12) ) > sunCis.na(W))

S4 2 Scaling the data ne

S5 x < os.data. frane(lopplyCx, minmax) ke

5
&1 [ WI775197 - JOHN-ALEX YANNOULMAS = > outliers <- function(x) {

Data

ow

@ W_clean

O x

Values
quality

Functions

4710 obs. of 12 variables
4578 obs. of 12 variables
4578 obs. of 11 variables

num [1:4578] 5555555555 ...

min_max
outliers
remove_outliers

function (x)
function (x)
function (df, cols

= names(df))



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)

59
60
61
62
63
64
65+
66
67
68~

0.84

Gap statistic (k)
I
2

o
o5
&

Average Sihouettes:
020 025

015

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

# steps/methods via monual & automated toofspelicheck!
...Elbow Method. .. -

..Monual Method. .

# For 1 to 15 cluster centers
for (i in 1:15) {

km.out <- kmeans(x, centers = i)

wss[i] <- km.outStot.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")

P ..Average Silhouette,.......

Average_Silhouette <- function(k) {
km.res <- kmeans(x, centers - k, nstart - 100)
ss <~ silhouette(km.resScluster, dist(x))
mean(ss[, 31)

}

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

k.volues <- 2:15

# extract avg silhouette for 2-15 clusters
library(purrr)
avg_sil_values <
# plot
plot(k
t

Total Within Sum of Square

map_dbl(k.values, Average_Silhouette)

.values, avg_sil_values,
ype = “b", pch - 19, frame - FALSE,
xlab = “Number of clusters K",
ylab « "Average Silhouettes™)
#oiiiiiiiiain.. . 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

| TP Gap-Statistic Method

| e . . Manual Method ceves can

# To compute the gop statistic method we con use the clusGap function
# which provides the gap statistic and standard error for an output

# compute Gop-statistic
set.seed(123)# the k-means algorithm uses a random set of initial points to
# arrive at the final classification
gop_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.
#o... vevivee.. 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.

¥ sossuseseaspmivisey Consensus-based algortthm
# Because no method is cleorly 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)

1200

g

Optimal number of clusters

g

7

4 5 [
Number of clusters k

Optimal number of clusters
Sithouette method

02

Average sihcuetie width

n_clust
# The optimal number of clusters to retoin can also be visuolized:
plot(n_clust)
# The winning Model is the one with k=3, based on the previous analysis
0.0
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Number of clustars k
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Phornbror of clisbors b Number of Clusters
Data
© km.out List of 9
i ow 4710 obs. of 12 variables
O W_clean 4578 obs. of 12 variables
O x 4578 obs. of 11 variables
Values
i 15L
. quality num [1:4578] 5555555555 ...
\. WSS num [1:15] 1176 827 733 690 654 ...
\ Functions
e L N min_max function (x)
— - : :
; ‘ - : e outliers function (x)
2 4 6 8 0 12 “ remove_outliers function (df, cols = names(df))

Number of clusters K



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

K-2

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

#Notes:

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

# decreases os the number of clusters groms. The hope is that once k exceeds

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

Ll . .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 portition

ke2 <- kmeans(x,2, nstart - 100) Bata

# displays the class determined by the model for all observations: 0 gap_stat
ke2Scluster # The output kc2Scluster specifies the group (k=2) O ke_cluster
# to which each observation belongs to O ke2
O km.out
#The cluster for eoch observation can be stored directly in the dataset O n_clust
# as a colum: on
Ow_clean
ke.cluster < data. frame(x,cluster - as.factor(kc2scluster)) ox
x) Values
arug_st L_values
bss_k2
ke25centers k2
# how many Observations are in each Cluster '
ke2ssize ke.values
wss_k2 « kc2Stot.withinss auality
wss_| seore_k2
bss_k2 = ke2Sbetweenss # the between sum of squares BSS(K) Helo
k2 =
# Where the BSS(K) = TSS - WSS(K) LT3
tss_k2 = wss_k2 + bss.k2 # the total sum of squares R
score_k2 - bss_k2 / tss_k2 PECApL I than
score_k2 sinme
# (M table outliers
k2 - table(quality, ke2Scluster) Tweows intiter
cm_k2
tota
© gop_seot
O ke_cluster
© ke
O kel
O jon_out
© nclust
o
O ncleon
e ox
178 ##R.. ....For K3 -
179 kc3 < kmeans(quality,3, nstart - 100) 2L mlues
180 ke3
181 ke3scenters -
182 # how many Observations ore in each Cluster i
183 kc3Ssize # Generally, a good clustering will be well-balanced i
184 # (M toble k.walues
185 cmk3 - table(quality, kc3icluster) astity
186 emk sore
187 wss_k3 - ke3Stot.withinss iy
188 wss.| [T
189 bss_k3 - kc3ibetweenss -
198 bss_k3 s k2
191 tss k3 - wss_k3 « bss k3 nssd
192 scorek3 = bss.K3 / tss k3 mctinns
193  score k3 Avacape; i omette
194 # The winning Model is the one with ke3, based on the previous indices :‘“ﬂs
195~ remove_autliers
1%

List of &
4578 obs. of 12 varicbles
List of 9
List of 9
29 obs. of 4 varicbles
4716 obs. of 12 varisbles
4578 obs. of 12 varidbles

4578 obs. of 11 waricbles

rum [1:14] 9,266 0.176 8.156 8.127 0.128 ...
348, 113566480182

“table” int [1:4, 1:2] 791 826 155 26 602 1310 721 147

5L

int [1:4] 234567891011 ...
mum [1:4578] 5555555555
9.296115482920878
1175,60069283233

mum [1:15] 1176 827 733 690 654 ...
827 487125952209

function (k)
function (x)
function (x)

function (¢f, cols = msiuii

List of 6

4578 cbs. of 12 varicbles
Listof 9

Listof 9

Listof 3

29 obs. of 4 variables
4710 cbs. of 12 variables
4578 b5 of 12 varicoles
4578 cbx. of 11 variables

e [1:14]1 9,266 0.176 9,156 0.127 9.328 ...
13sEasR182

1:2] 791 826 155 26 682 1310 721 147

it 4123456789011
e [14578] 5555355555
9.206115482920878

954 g11297SL
s [1:15] 1176 827 733 630 654

function (k)
function (x)
function ()
function (df, cols = nmes(d))

1:3] @8 476 173 1393 09 0@ 213 ...

» KCcluster < dons. frameCx, cluster = o5, focten(hzSclusten))

» heosn)

Fined.ocigity volatile acidity Citric.octd resioml supir Chiorides froe, sl fur. dioride total wolfur. oxion
1 e oommn e P Wi
H o575
3 PRy
. Sansan
s o
. s.are209

ers

Fined ocidnty volatile acidity citric ectd resibl supor hlorides froe. wifur. dloride tatsl sulfur. dionide
0 asama [ 03800405

Pt

174795 . 4500
o321 0 1700

» ka2ssize

o] 17 a7

> MK < Re2Stot wiimmy

» st

01 27.an

> BSSAL = Ne2Sbetmenss & the between sum of squsres $55C0)
ey

1) da 1

» 8 Were the BSSCK) « TS5 - WSSON)

USSR < mSAZ + bt b2 the totel e of Sares
» scoreid « WA / tes b2

mithin cluster s of sauares by clusters
1] 184468 o0
Chrtneen 55 / total 5 = 35.1%)

Available companents:

e

[0 “cluster™  Ccemters”  “totsa® “withinas®  hob.mithinss® “betmeenss’  Csize”
18 “irer ault*
ers

mary Gbservatians are in ewch Cluster
» kelfsize # Generslly, @ gosd clustering will be mell-balenced
[1] 1048 1393 218
>0 bl
> onkd = tableCautity, ReScluster)
3

maality 1
s e

1] 2010144
> tonkd = sk o bss k)
> acore k3 = bua b3 / taa k3
| > seoreis

| 07 0,050

| » # The wirming odel ix the ome with k=¥, based on the previcus indices




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

198 quality 1 2
199 # 4-Evaluation of the produced outputs ogainst 12th column 5 71 602
200 # a- (1 mark for the "(M" table) 6 826 1310
201 # Evaluation of the produced outputs against 12th column (quality variable) 7155 721
202 # Confusion Matrix "(M" table B
203 cm_k2 - table(quality, ke2scluster) Ll Bl
204 > om k3
205 cm_k3 - table(quality, kc3icluster) quality 1 2 3
206 cm.k3 5 01393 @
207 6 0 @213
208 # The quality of a k-means partition is found by colculating the percentoge 7 8% e @
209 # of the TSS "explained” by the partition using the following formula: 813 o @
210 # (BS5/755)*100 >
211 > # The quality of a k-means partition is found by calculating the percentage
212 # The higher the percentage, the better the score (and thus the quality) > # of the TS5 “explained” by the portition using the following formula:
213 # becouse it means that BSS is large and/or WSS is small : 2 (BSS/T55)*100
g:; %1500 You ere entadc oo hemodel nd stored » # The higher the percentage, the better the score (ond thus the quality)
I b2 - et th btven im of sres 55 i o e S R ey i s
- >
218 TSS.kZ <- ke2stotss > bss_k2 = kcZShetmeenss # the between sum of Squares BSSCK)
219 TSS_k2 5 hes &
220 # calculate the quality of the partition [1] 348.1136
221 bss_k2 / TSS_k2 * 100 > TSS_k2 <- ke2Stotss
222 # The quality of the partition is 29.61%. This value has no real > TsS_k2
223 # interpretation in absolute terms except that a higher quality means a higher [1] 1175.681
224 # explained percentage. > # calculate the quality of the partition
225 > bss_k2 / TSS_k2 * 100
220, [11 f':ju;i't f the partition is 29.61%. This value ha: !
> # The quality of the partition is 29.61X. This value has no rea
227 bss_k3 = kc3Sbetmeenss # the betmeen sum of -squares BSSCK) > mllrpr:tn:ion in obsolute terms except that a higher gquality means a higher
228 bss k3 > # explained percentage.
229 TSS_k3 <- kc3Stotss >
230 TSS_k3 i
231 # calculate the quality of the partition > bss_k3 = kc3Sbetweenss # the between sum of squares BSS(k)
232 bss_k3 / TSS_k3 * 100 » bss_k3
233 # The quality of the partition is 95.11%. This value has no real [1] 2810.144
234 # interpretation in absolute terms except that a higher quality means a higher > TSS_K3 <= ke3Stotss
235 # explained percentage. > TS5_k3
236 [1] 2954.613
237 #Conclusion: As can be seen, classifying the data into three sections provides for a larger explained > # calculate the quality of the partition
238 # percentage and improved quality. ’1"‘;;":1;;;55*’ M-
2: # We conclude that the K=3 is the optimal clustering strategy E 1 m; quality of the partition is 95.11%. This value has no real

6 marks for calculation of these requested indices

242
243 # b- (6 marks for calculation of these requested indices)
244 library("cluster™)
245 #Structure of each K
246 str(kc2)
247
248 # # b- (6 marks for calculation of these requested indices)
249 # k=2
250 k2 <- kmeans(x,2, nstart - 50)
251 # The output of kmeans is a list with several bits of information
252 kc2Scluster # indicating the cluster to which each point is allocated.
253 kc2Scenters # A matrix of cluster centers.
254 kc2stotss # The total sum of squares.
255 kc2Swithinss # Vector of within-cluster sum of squares, one component per cluster.
256  kc2Stot.withinss
257 kc2sbetweenss # The between-cluster sum of squares, i.e. Stotss-tot.withinsss$.
258 kc2$size # The number of points in each cluster
259 table(kc2$cluster) #Give a count of data points in each cluster
260 tss_k2 - wss_k2 + bss_k2
261 score_k2 = bss_k2 / tss_k2
262 score_k2
263
264
265 # k=3
266 kc3 <- kmeans(x,3, nstart - 50)
267 kc3scluster
268 kc3scenters
269 kc3stotss
270  kc3swithinss
271  kc3sbetweenss
272 kc3ssize
273  table(kc3scluster)
274 tss_k3 = wss_k3 « bss k3
275 score_k3 = bss_k3 / tss k3
276 score_k3
Data
0 gap_stat List of &
© ke_cluster 4578 obs. of 12 varigbles
O ke2 List of 9
Okc3 List of 9
© km.out List of 9
O n_clust 29 obs. of 4 voricbles

4718 obs. of 12 voriables
4578 obs. of 12 varigbles
4578 obs. of 11 voricbles

Values
avg_sil_values num [1:14] 0.266 ©.176 2.156 ©.127 0.128 ...
bss_k2 348.113566880182
bss_k3 2810. 14369486272
cm k2 “table’ int [1:4, 1:2] 791 826 155 26 602 1310 721 147
cm k3 "table’ int [1:4, 1:3] 2@ 876 173 1393 0 0 0 @ 2136 ...
i 15t
k. values fnt [1:14] 234567891011 ...
auality num [1:4578] 5555555555 ..
score k2 9.296115482920878
score_k3 B390695943
tss_k2 3239
TS5 k2 1175. 60069283239
tss k3 2954, 61271297521
TS5.k3 2954, 61271297521

wss num [1:15] 1176 827 733 €99 654 ...

wss_k2 827 487125952209

was_k3 144, 469018112488
Functions

Average_Silhouette function (k)

min_max Function (x)

outliers Function (x)

remove_outliers function (df, cols = nomes(df))

5

» # 8 b (6 morks for colculation of these requested indices)

> 8k
> Ke2 < kmeons(x,2, nstart
> # The autput of kncans is

» ke2Scluster # indicating the cluster ta which soch paint is allocated.
112

[z
(58] 1

1 H
1 1
H 2
2 2
1 H
1 z
2z 1
1 2
1 1
1 2
z 4
1 1
1 1
2 2
1 2
1 1
A E
z

R R

1111
1221
2121
1112
2112
1221
2112
1212
1212
1122
1111
2112
1121
1211
2111
tzad
1222

21

[ reached getfption("mox.print”) -- omits

> kc2Scenters # A matrix of

- 50)
a list with several bits of information

11222

21
12
22
11
22
21
22
22
21
21
11
12
21
12
22
zz
22

T T P T R e

1
z
2
2
1
z
2
2z
1
1
1
1
1
1
1
1
z
1

[ A S S,

1 1
11111 1
21222 z
21221 1
11111 1
11221 2z
22111 2
22222 1
21212 F3
11122 1
11122 2
11111 1
11112 1
11111 1
21211 1
21212 1
12122 2
zz122 z

cluster centors.

fixed.acidity volatile.acidity ci d residual. sugar chlorides free,sulfur,dioxide total ,sul fur. dioxide

1 U519 04372636 0.4174295 0.4509609 o3 0.4740076

2 0.2006297  0.3998291 0.1094621 03437050 2531884 0.3208024
density P sulphotes  alcahol

1 0,6236840 04009961 0.3261693 0. 2465104
2 03119707 04446566 ©.3200026 B. 5164934
» kciStotss @ The totol sum of squares.

[1] 1175. 601

> ke2Swithings ® Vector of within-cluster sus of squores, one component per cluster.

(1] 317.8368 509.6512
» kc2Stot.withinss
[1] 27,4671

> ke2Sbetnesnss # The between-cluster sus of squares,

[1] 348.1136

€. Stotss-tot.withinsss.

> ke28size # The musber of paints in each cluster,

[1] 1798 2

780
> table(keZicluster) #Give o count of date points in each cluster

1,
1798 2780
» 155 k2 = wss k2 + bsskd

» score_k? = bss k2 / tss k2

» score_kZ
[1] 0.2961155

> k=3

> ked <- kmeans(x, 3, mstert = 58)

> kedfcluster

2
1
3
Fl
1
1
Fl
1
1
3
Fl
1
1
2
1
1
1

2232211211221111111112111111212231111121¢212111
$111111221121122111212112122121211111222222213
1212232211211222312111111111211112222322311211
3313311111111132111122111222222112221221111132
$211111122101112312123131311211221122222221111
3212212121121222212232133211221122111321221212
1221112232212222122121111223221221221122122221
23222222211111222112223131322222220022221022221
22222212211212111102211223221221121111221232212
1111222111211112211211111222111123211121111122
1111222222331212322222121113311212222222222212
221111212111231132181211111111122212112212111221
11111211112211111812321212121112211112131212211
$111111121221111122211222211222111212112111211
3222111212221111311322111111222121121122121111
1312222331111111111112321211123212331122231211
2121222232233221221323311111132213312123231213
23223223312212131111

nt") -~ omitted 3STH entries ]

Fixed.acidity volatile acidity citric.ocid residual sugor chlorides free sulfur dioxide total .sul fur.dioxide
. 4619577 7728 @. 43 @,3993485 0.4835762

0.3161358  6.44777

3 0.2407165 §.4250003 0.2988893 0.6528673

» keftotas
[1] 1175601
» ke3fwithins:

[1] 248.8021 275.2417 209.1353

> keIthetmeenss

{1] #42.4016

> ke3ssize

(1] 1521 1670 1387
» tobleCkeIeluster)

12 3
1521 167% 1387
» tss k3 = wes k3 + bsz k3
» score k3 = bas k3 / tsekd

> score_kd
[1] @.951103



5. Define the final “winner” cluster case and provide brief explanation of evaluation indices

(READ COMMENTS BELOW OR IN ATTACHED CODE FOR DISCUSSION)

# 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 15

Dim2 (14.3%)

3 cluster
«

< 1

~ 2

z s

0
Dim1 (31.5%)

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).

21 # 6- Apply a PCA for this white wine dataset (2 marks). Create a new

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

23

24 PC<-princomp(x, cor=T)

25

26 pc.comp <- PCSscores

27 head(PCSscores)

28 # To compute the proportion of variance explained (PVE) by each principal component,
29 # The variance explained by each principal component is obtained by squaring values:
30 # simply divide the variance explained by each principal component by the total

31 # variance explained by all four principal components:

32

33

34 PVE<-cumsum(PC$sdev”2 / sum(PCSsdev”~2))

35 # Observe the cumulative scores, the cumulative scores above 0.96 (96%) will be accepted
36 round(PVE, 2)

37 # Comp9, Compl®, Compll have the the cumulative scores above 0.96 (96%)

38 # will be set as attributes

39

40

41 # Create a new dataset with

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

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

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

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

46 PC_DataFrame <- cbind(pc.comp9, pc.compl®,pc.compll)

> # 6- Apply @ PCA for this white wine dataset (2 marks). C(reate o new Dote

> # dataset with those P(s with o cumulative score > 96%, os attributes (2 marks). © gap_stot List of 6 a
> O ke_cluster AS7E cbs. of 12 variables

> PCe-princomp(x, corsT) Ot Listof 9 a
of i O kel List of 8 a
> pe.comp <- PCSscores s e S :
> heod(P($scores) U::l‘:k ;";s‘ of 4 vorigbles :

Comp.1 Conp.2 Comp.3 Comp. 4  Comp.S Comp.6 Comp.7 Comp.8 Comp.9  Comp.10 Opz List of 8 Y

[1,] -2.4134434 2.745799 0.5493323 -0.2420975 10500507 -0.3732729 0.4331744 -0.12729467 0.09704293 0.2516618 7 S 5
[2,) -9.1470334 21318533 0.7021910 -0.8441022 0.6067261 -0.4650888 ©.1885694 1.23830305 -0.65472016 0.2987566 71 Los 3
(3,] -1.5049264 1.4028084 1.4730492 -1.3020505 0.8022722 -0.2369277 0.6057766 ©.39497375 -0.02983306 0.4262875 e — e R T
[4,] 3.5684978 2.1566413 0.4253989 1.4662884 2.0820450 -2.0877433 -0.7722490 -0.37203788 ©.24122872 0.2349325 : : : 2
[5.] ©.3537640 -1.0395570 -1.2112925 -0.7067451 0.1295306 -0.2007067 ©.9304714 ©.32979184 -0.37945021 0.2894737 #e.conp S G SR, LI} £ BT LS
6, ©.9103847 -9.2151164 -3.3216366 -0.2505572 3.7838295 2.7109786 ©.1075647 -0.07505554 -9.36509576 0.5563338 L 1] AT s uF L kot
Comp.1 O W clean 4578 obs. of 12 vericbles
(1,1 -0.02425662 ox 4578 obs. of 11 variobles
(2] 0.16483866 Volues
(3. 0.15960922 avg sil_values rum (1514] 8,266 8.176 9,156 9,127 0.128 ...
[4,] 0.05251203 e
[5.] -0.03967170 ]
6.1 0.13855377 o 426 155 26 oAz 1310 721 147
> # To compute the proportion of variance explained (PVE) by each principal component, LS LB LLELE

> # The voriance explained by each principal component is obtained by squoring values: L

> # simply divide the variance explained by each principal component by the total K. volues int [1:14) 23456789
> # variance explained by all four principal components: pe.conpld  [1:4576) -0.252 -0.299
> P compll
> pe.congd
> PVE<-cumsun(PCSsdevi2 / sum(PCSsdeva2)) ne
> # Observe the cunulative scores, the cumulative scores above 9.96 (96¥) will be accepted aquolity e (1:4576) 55 5.
> round(PVE, 2) score k2 0. 296115482920478
Comp.1 Comp.2 Comp.3 Comp.4 Comp.S (omp.6 Comp.7 Comp.§ Comp.9 Comp,10 Comp.1l soore.k3 9.95110306605043

0.31 0.46 057 066 0.75 0.82 0.8 0.9 0.9 100 1.0 ;;;: ::: ""ﬂ"!"z
> # Compd, Conpl0, Compll have the the cunulotive scores above 9.96 (96X) : ST
> # will be set as attributes teikd 354 6LIT1ZTSIL
3 Tssk 354 suzTzTS2L
> L o [1:15] 1176 827 “
> # Create a new dataset with SELRE 7 A
> # those PCs with o cunulative score > 96X, as attributes F“:‘“r“ 1S4 AGPRIRLLEXRY
> pe.conpd <- -1%pc.conp[,9] # principal corponent 9 hos @ score>96% b R S
> pc.compld <- -1%pc.conp(,10) # principal component 10 has o score>96x SowrageSY ] fonctim L;

- .19 min_nax ton

> pe.compll <- -1%pc.conp[,10] # principal component 11 has @ score>96% famm festim )

> PC_DatoFrame <- cbind(pc.compd, pe.compld,pc.compll)

: remove_outliers function (¢f, cols = rames(df))



7. Apply kmeans on this new “PCA-based” dataset

349 # 7- Apply kmeans on this new "PCA-based" dataset

350 # set the k=3 as the previous Winner model

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

352 PCsicluster

353 plot(PC_DataFrame, col=PCs$cluster)

354 points(PCsicenters, pch=2@)

355

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

357 # with k=3, meaning that the pca successed to capture the right clustred data.
358
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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.

ilal B Function Declaration for use

13  #..norm func

14 ~ normalize<- function(x) {

5 return((x - min(x)) / (max(x) - min(x)))
16~ t

17 #..UNnorm FUNC

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

19 return( (max - min)*x + min )
20~ }

or

68 #..... Normalizing

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

71 str(DS_norm)

72  boxplot(DS_norm)



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].



CODE -
Q1 code — (Ends Page 21)

HitH### W1775197 - JOHN-ALEX YANNOULIAS ####H#

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)
H#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.xIsx")

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)

: SOUUURSTRTR Checking for missing values

R Function to find outliers

outliers <- function(x) {

Q1 <- quantile(x, probs=.10)
Q3 <- quantile(x, probs=.90)
igr=Q3-Q1

upper_limit = Q3 + (iqr*1.5)
lower_limit =Q1 - (iqr*1.5)

x > upper_limit | x < lower_limit

10



U Function to remove outliers
remove_outliers <- function(df, cols = names(df)) {
for (col in cols) {

df <- df[loutliers(df[[col]]),]

}
df

SR 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])

Horereerieeen, Splitting the data
quality <- W_cleanSquality

x <- W_clean[,-12]
 SUUUUUU 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

T Elbow Method.......cc.cccovvunveennnnnnnn.
Manual Method.........ccoeevvevneereennn..
wss <- 0

# For 1 to 15 cluster centers

for (iin 1:15) {

11



km.out <- kmeans(x, centers = i)

wss|i] <- km.outStot.withinss
}
WSS
plot(1:15, wss, type = "b",xlab = "Number of Clusters",

ylab = "Within groups sum of squares")

o 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"

# function to compute average silhouette for k clusters
Average_Silhouette <- function(k) {
km.res <- kmeans(x, centers =k, nstart = 100)
ss <- silhouette(km.resScluster, dist(x))
mean(ss|, 3])
}
# Compute and plot wss fork =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")
o 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.

12



# 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.
o 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.

S 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

HHARHAHHHEH A A AR AR A H AR R AR AR AR S S R A A
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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.

# 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:
kc2Scluster # The output kc2Scluster 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(kc2Scluster))

head(x)

kc2Scenters

# how many Observations are in each Cluster

kc2Ssize

wss_k2 = kc2Stot.withinss

wss_k2

bss_k2 = kc2Sbetweenss # the between sum of squares BSS(k)
bss_k2

# Where the BSS(k) = TSS - WSS(k)

14



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, kc2Scluster)

cm_k2

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

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

ke3

kc3Scenters

# how many Observations are in each Cluster

kc3Ssize # Generally, a good clustering will be well-balanced
# CM table

cm_k3 = table(quality, kc3Scluster)

cm_k3

wss_k3 = kc3Stot.withinss

wss_k3

bss_k3 = kc3Sbetweenss

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

HHA B AU HEH A AR AR A AR A AR AR R SRR A

# 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)

15



# Confusion Matrix "CM" table
cm_k2 = table(quality, kc2Scluster)
cm_k2

cm_k3 = table(quality, kc3Scluster)

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 = kc2Sbetweenss # the between sum of squares BSS(k)

bss_k2

TSS_k2 <- kc2Stotss

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 = kc3Sbetweenss # the between sum of squares BSS(k)

bss_k3

TSS_k3 <- kc3Stotss

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.

16



#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

kc2Scluster # indicating the cluster to which each point is allocated.
kc2Scenters # A matrix of cluster centers.

kc2Stotss # The total sum of squares.

kc2Swithinss # Vector of within-cluster sum of squares, one component per cluster.
kc2Stot.withinss

kc2Sbetweenss # The between-cluster sum of squares, i.e. Stotss-tot.withinssS.
kc2Ssize # The number of points in each cluster.

table(kc2Scluster) #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)
kc3Scluster

kc3Scenters

kc3Stotss

17



kc3Swithinss
kc3Sbetweenss

kc3Ssize
table(kc3Scluster)

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 = kc2Scluster),
ellipse.type = "norm", geom = "point", stand = FALSE,

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

# k=3: Plot 2.
fviz_cluster(list(data = x, cluster = kc3Scluster),
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.

18



# 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 <- PCSscores

head(PCSscores)

# 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(PCSsdev”2 / sum(PCSsdev?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.compl0 <- -1*pc.comp(,10] # principal component 10 has a score>96%
pc.compll <- -1*pc.compl,10] # principal component 11 has a score>96%

PC_DataFrame <- chind(pc.comp9, pc.comp10,pc.compll)

# 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)
PCsScluster

plot(PC_DataFrame, col=PCsScluster)

points(PCsScenters, 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).

PCsScluster

PCsScenters

PCsStotss

PCsSwithinss

PCsSbetweenss

# Clusters size indice

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

# are closely similar

# Cluster
table(PCsScluster)

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

wss_PCs = PCsStot.withinss

bss_PCs = PCsSbetweenss

cm_PCs = table(quality, PCsScluster)

cm_PCs

wss_PCs = PCsStot.withinss

wss_PCs

bss_PCs = PCsSbetweenss

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)

HitHH# W1775197 - JOHN-ALEX YANNOULIAS #it###

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)
dataSqgrt = 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)

}
H#A###HHH#E END OF FUNC #H###HHHHHH

#.....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.xIsx')

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

Ho...... Neural Network attempts

set.seed(12345)

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

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

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

nnplotl_results <- compute(nnplotl, test[1:3])
nnplotl_predicted_output <- nnplotl_resultsSnet.result
nnplotl_cor <- cor(nnplotl_predicted_output, predict)

errorl <- (predict - nnplotl_predicted_output)

#..STATISTICAL INDICES MAE RMSE
MAE1 <- MAEtest(errorl)
RMSE1 <- RMSEtest(errorl)

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_resultsSnet.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)

comparisonl <- cbind(nnplotl_cor, nnplot2_cor, MAE1, MAE2, RMSE1, RMSE2)
colnames(comparisonl) <- c("M2","M3","MAE1","MAE2","RMSE1", "RMSE2")

25



	Machine Learning Coursework – John-Alex Yannoulias – w1775197 5DATA002W
	Question 1 Discussion, Output, Etc.   Pages 2 – 7
	Question 1
	Question 2


